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Introduction on periodontitis 

Periodontitis is a bacteria driven chronic inflammatory destructive disease of 

the tissues surrounding and supporting the dental root. If the disease is left untreated, 

it results in gradual destruction of periodontal ligament fibers and supporting alveolar 

bone and ultimately to tooth loss. Recent epidemiological studies suggest that 

periodontitis can affect almost half of the population above the age of 30 years, with 

15% of adults in USA estimated to have ≥1 site with attachment loss (AL) ≥7 mm or 

8.5% having ≥2 interproximal sites with AL ≥6 mm [Eke et al., 2012]. The currently 

accepted classification scheme proposes two major clinical entities of periodontitis, 

the aggressive (AgP) and the chronic type (CP) [Armitage, 1999].  

 

The above classification scheme, although not solely based on the rate of 

progression, still causes confusion in the absence of parameters that could be of 

assistance in establishing accurate diagnosis. There does not seem to be a single test 

to discriminate AgP from CP; not microbiology on its own, nor histopathology, nor 

do genetic variations or unfavorable life style factor [Smith et al., 2010; Buduneli and 

Kinane, 2011]. It does not appear possible to draw a clear line between the more 

susceptible and the less susceptible periodontitis patient by clinical terms alone, as is 

the case with almost all medical complex decision problems. Periodontitis is a 

complex disease, where multiple causal factors simultaneously and interactively play 

a role in a non-linear fashion; a small event may have large consequences. There are 

five main clusters of causal risk factors (Figures 1 and 2), i.e. the environment, which 

is the subgingival microbiota (the bacterial biofilm), individual (epi)genetic variations, 

life style and behavior, systemic disease factors and others (including iatrogenic 

causes, occlusal disturbances and unknown factors) [Loos et al., 2015].  
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Figure 1. Periodontitis is a complex disease; multiple causal risk factors act 

simultaneously in the onset and progression of the disease. Several clusters of causal 
risk factors play a role, i.e. environment, (epi)genetics, life style, systemic diseases 

and others.  
 

 
Figure 2. Pie chart presenting a generic multicausality model for periodontitis, in 

which the 5 clusters of causal factors (see Figure 1) are playing a role simultaneously, 
environmental factors (bacterial biofilms) (yellow), genetic factors (light blue), 

lifestyle factors (red), systemic disease (orange), other (unknown) factors (dark blue). 
For the individual patient with periodontitis, the relative contribution of each of the 
causal factors varies and needs to be estimated by the clinician (personalized risk 

profile). 

 

Introduction on peri-implantitis 

 Peri-implantitis is a periodontitis-like inflammatory lesion around a dental 

implant, defined as a pathological condition by apparent marginal alveolar bone loss 

and bleeding on probing (i.e. inflammation) between the implant surface and the 

surrounding soft tissues after initially successful osseo-integration and functional 

loading [Zitzmann and Berglundh, 2008]. Peri-implantitis is generally considered to 

share common characteristics and risk factors with periodontitis [Heitz-Mayfield and 

Lang, 2010]. Inadequate plaque control has been proposed to be associated with peri-
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implantitis [Serino and Ström, 2009]. Peri-implant Mucositis, defined as the 

inflammation of soft peri-implant tissues without loss of peri-implant supporting bone, 

might be considered the precursor of peri-implantitis [Lang and Berglundh, 2011]. 

However, it seems that beyond the presence of bacterial biofilms, occlusal 

overloading and certain implant designs can be also important factors for marginal 

bone loss around oral implants [Qian et al., 2012]. 

It has already been recognized that peri-implantitis is also a multi-causal and 

complex condition with several risk factors playing their role simultaneously [Moy et 

al., 2005]. Again like for periodontitis, there are clusters of causal factors; namely (i) 

the bacterial biofilm, (ii) genetic predisposition, (iii) life style factors, (iv) systemic 

diseases, (v) occlusal or others (unknown) and (vi) a cluster not found in periodontitis: 

materials and procedures (Figures 3 and 4). An example of the last cluster is a rough 

implant surface, which initially was thought to enhance osseointegration (the bone 

healing process) [Lang and Jespen, 2009]. However, experiments in the dog have 

showed that a rough implant surface is associated with more advanced peri-implant 

lesions [Carcuac et al., 2013]. There is no recognized genetic or immune profile for 

peri-implantitis susceptibility [Van Dyke, 2012] and there is no evidence concerning 

the existence of one, two or several types of clinical peri-implantitis.  

 

 
Figure 3. Peri-implantitis is a complex disease; multiple causal risk factors act 

simultaneously in the onset and progression of the disease. Several clusters of causal 
risk factors play a role, i.e. environment, (epi)genetics, life style, systemic diseases, 

materials and procedures, and others.  
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Figure 4. Pie chart presenting a generic multicausality model for peri-implantitis, in 

which the 6 clusters of causal factors (see Figure 3) are playing a role simultaneously, 
environmental factors (bacterial biofilms) (yellow), genetic factors (light blue), 

lifestyle factors (red), systemic disease (orange),materials and procedures (green) 
and other (unknown) factors (dark blue). For the individual patient with peri-

implantitis, the relative contribution of each of the causal factors varies and needs to 
be estimated by the clinician (personalized risk profile). 

 

Various forms of periodontitis and pathophysiology 

Clinical identification of AgP cases is based on rapid attachment loss and bone 

destruction, the absence of systemic factors to explain this progression rate and 

familial aggregation [Armitage 1999; Tonetti and Mombelli, 2008]. Any age upper 

limit in discriminating AgP from CP is arbitrary. Nevertheless, given the same 

amount of periodontal destruction individuals with AgP are found considerably 

younger than CP patients. The age of 35 has been used as a cut-off point to 

discriminate between AgP and CP [Armitage and Cullinan, 2010]. It is realized that it 

is difficult to distinguish between the two phenotypes at the first visit of a patient with 

periodontitis, thus preventing proper early clinical management of AgP, which is 

generally found more demanding. 

 

The early attempts to explain the different clinical behavior of AgP and CP 

were made on the microbiological level. Despite an initial enthusiasm [Bragd et al., 

1987], it was finally obvious that the microbiological profile of periodontitis patients 

could not explain their clinical differences [Mombelli et al., 2002; Kebschull and 

Papapanou, 2011]. It is commonly accepted that the bacterial biofilm that forms on 

the dental enamel initially and extends later on to the root surface, is the driving force 

of the inflammatory process in periodontal tissues; it is described in the literature as 

reaching a state of stable equilibrium which is called the maximum climax pathogenic 
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community [Socransky and Haffajee, 2005]. On the other hand, it is widely believed 

that the host immune inflammatory response to the bacterial challenge is the major 

determinant of the onset and progression of periodontitis [Preshaw and Taylor, 2011]. 

It is now accepted that the periodontal ligament fiber (PDLF) destruction is the 

consequence of the paradoxical fact that the immune inflammatory response, 

supposed to be protective, is also responsible for the induction of destructive enzymes 

that decompose the PDLF. It is now even being suggested that the early immune 

inflammatory response in gingivitis is responsible for the development and 

progression of periodontitis, and that multiple and non-specific bacteria are 

considered pathogenic for the disease onset and progression, despite that some well 

known periodontal species have their virulence properties [Bartold and van Dyke, 

2013]. In fact, it seems that an abberant inflammatory reaction non specific against 

many dental plaque components and/or bacteria, is setting the stage. The abberant 

host immune response may favor outgrowth of many assacharolytic bacteria 

commonly found in established periodontal lesions. 

 

The geometry of periodontitis and peri-implantitis propagation 

The histological findings for periodontitis made by Waerhaug [1977] are still 

valid today. He observed that the advancing front of the bacterial biofilm lies at a 

distance of 2-3 mm from the alveolar bone crest. The inflammatory infiltrate does not 

exceed a confinement of 1-2 mm from it and not by any case penetrates deep into the 

alveolar bone. He actually identified the dental root surface as the attractor of 

periodontitis, since an attractor by definition is the set of points on which the motion 

of a natural/biological phenomenon eventually settles on [Schuster and Just, 2005]. 

These points are most likely PDLF which are responsible for anchoring the tooth root 

to the alveolar bone [Bosshardt and Selvig, 1997], and it is these that are destroyed to 

make space for an inflammatory infiltrate. 

 

In general, in nature four types of attractors are encountered: on the one hand, 

there are three types of attractors which correspond to regular and predictable 

dynamics (fixed points, limited cycles and quasi-periodic tori), while on the other 

hand there are “strange attractors” which are associated with complex, chaotic 

(aperiodic) and therefore unpredictable behavior of systems [Schuster and Just, 2005]. 

Strange attractors are fractals; a fractal is a shape showing self-similarity [Feder, 
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1989]. The geometry of a fractal is quantified by its fractal dimension (FD), which is 

a noninteger number. Jaw bone has also been described as a fractal object with a FD 

in the range 1.36-1.65 [Yasar and Akgünlü, 2005]. Comparing pathological lesions 

around teeth and implants, in periodontitis and peri-implantitis respectively, it was 

hypothesized that the different dynamics in their progression was due to the absence 

of periodontal ligament around implants [Berglundh et al., 2004]. Non-linearity 

relates to the scale invariant space (the result of self similarity) provided by strange 

attractors and unfolds in an exponential manner [Schuster and Just, 2005]. Peri-

implantitis can advance rapidly and unexpectedly in a short period of time, a fact that 

indicates non-linearity in its progression [Fransson et al., 2009].  

 

“Personalized dental care” 

 The concept of “personalized medicine”, which refers to the prevention and 

treatment strategies that take individual variability into account, has emerged as a 

desirable yet feasible task, considering the late advances in basic science [Collins and 

Vermus, 2015]. The idea is to create diagnostic, prognostic, and therapeutic strategies 

precisely tailored to each patient’s requirements — hence the term “personalized 

medicine.” The starting point is to gain the ability to accurately classify individuals 

into subpopulations that differ in their susceptibility to a particular disease. Extending 

the concept to dentistry, the term “personalized dentistry” can be brought up. The 

challenge remains in how the complexity found in human diseases, is modelled 

[Barabási et al., 2010; Brackley et al., 2010]. It is a well recognized fact by the 

current theory of complexity that the whole matters more than the parts [Nicolis and 

Nicolis, 2012]. This complexity is considered to be present in periodontitis and peri-

implantitis.  

 Recently Loos et al. [2015], while addressing periodontitis pathogenesis, 

described a very important property of complex systems: self-organization (SO) in a 

space of scale invariance, provided by strange attractors. SO is an evolutionary 

process of a complex system without any external factor imposed. As SO is engaged, 

all involved parameters are tied up without being possible to isolate one of them in the 

description of the system. In other words, there is no mono-causality in the SO of 

complex systems, such as the progression rate of complex diseases. On the other hand, 

an emergent global behavior as a result of SO offers the ground for predictability out 

of the system’s chaotic (aperiodic, sensitive to initial conditions and therefore 
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unpredictable) behavior. Finding emerging properties require statistical methods. A 

statistical analysis reconciles unpredictability with a global regularity. “Complexity 

methods” is a broad term that encompasses data mining techniques used for risk 

factors identification or clustering patients into subgroups, feature reduction methods 

combined with statistical learning models and network analysis for mapping variable 

interactions, all aiming at revealing complex patterns in data and offering ways of 

predicting global regularity behavior.  

 

Mathematical modelling 

Statistical learning models receive data (observations) as inputs and output 

features (classification) or future data (regression) regarding the behavior of a 

complex system. There are two types of learning methods: supervised and 

unsupervised learning [Hastie et al., 2009]. When the outcome is known a priori, the 

method is called supervised; it is learning by example. By design the predictive 

models of this kind aim to overcome the exponential growth of complexity in a high 

number of input variables [Hastie et al., 2009]. Predicting a future event (e.g. 

periodontal attachment loss or peri-implant bone loss) is based on learned patterns by 

training the models with datasets, which patterns are then used in unseen new cases. 

Unfortunately it is not feasible to know in advance which model is the best performer 

for a given situation. Taking for instance the decision tree regression model [Breiman, 

2001], it is considered the “off-the-shelf” prediction method handling nicely missing 

values and outliers; it deals conveniently with irrelevant features (it performs internal 

feature selection), but in general gives poor predictions [Hastie et al., 2009]. Its 

procedures and results are easily interpretable and for that it is called “white box” in 

contrast to other models like artificial neural networks (ANNs) and support vector 

machines (SVMs) that are called “black boxes” as their internal data handling is not 

easily explainable. 

 
 Network analysis is a particularly keen method in revealing hidden structures 

in data as different factors are engaged in a complex system interacting unpredictably 

[Barabási et al. 2010]. Network analysis measures and maps the relationships between 

connected information entities. It investigates networked structures in terms 

of nodes (individuals, things or variables within the network) and the ties or edges 

(relationships or interactions) that connect them. Biological systems seem to follow 
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basic organizing rules rather than being random. Network analysis can also explore 

vulnerability or resistance to perturbations of complex systems [Barabási et al. 2010]. 

 

A series of studies was conducted using complexity methods and aiming at 

clustering periodontitis and peri-implantitis patients and identifying predictors of the 

level of susceptibility to periodontitis and peri-implantitis.  In particular: 

1) In the study of chapter 2, the aim was to evaluate a series of immunologic 

parameters as predictors of AgP and CP, by implementing recursive 

partitioning analysis (RPA). Furthermore, it was investigated on an 

information-theoretic basis, the ability of the combinations of these 

parameters, as revealed by RPA, to rule in or rule out AgP. 

2) In the study of chapter 3, the aim was first to estimate the probability 

density functions (pdfs) of a set of observed clinical and immunologic data 

in periodontitis patients. Secondly the fit of the data to various probability 

distribution models was investigated. Based on these findings ANNs were 

developed with the aim to classify periodontitis patients belonging to 

either one of the two different clinical phenotypes, AgP or CP.  

3) In the study of chapter 4, the aims were (i) to explore by data mining 

methods the non-linear characteristics of peri-implantitis using clinical and 

radiographic data, retrospectively retrieved from a group of implant-

treated dental patients in a private periodontal practice and (ii) to search 

for the existence of possible clinical clusters of implant-treated patients 

and possible predictors of peri-implantitis occurrence and its level of 

severity.  

4) In the study of chapter 5, the aims were (i) to explore the existence of 

possible clusters (clinical variants or “phenotypes”) of implants in a new 

sample of patients of a private practice, (ii) to get insights into the complex 

structure of a dataset of clinical and radiographic variables collected from 

this sample by studying their interactions and interconnectedness related to 

peri-implantitis occurrence and individual implant bone levels among 

clusters of implants and (iii) to find predictors of individual implant bone 

levels.  

5) In chapter 6 a General Discussion is presented recapturing the results in 

order to put them in a frame of reference to the pathogenesis of 
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periodontitis and peri-implantitis and describe a “personalized” care 

approach for periodontitis and peri-implantitis patients, based on finding 

subgroups of patients with different susceptibility level to these two 

diseases. 
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Abstract 

Background: The present study aims to extend recent findings of a nonlinear model 

of the progression of periodontitis, supporting the notion that aggressive periodontitis 

(AgP) and chronic periodontitis (CP) are distinct clinical entities. Our approach is 

based on the implementation of recursive partitioning analysis (RPA) to evaluate a 

series of immunologic parameters, acting as predictors of AgP and CP. 

Methods: RPA was applied to three population samples retrieved from previous 

studies using 17 immunologic parameters. The mean level of the parameters in 

control subjects was used as the cut-off point. Leave-one-out-cross-validation 

(LOOCV) prediction errors were estimated as well as the Kullback-Leibler 

divergence (DKL) of the distribution of positive results in AgP compared to CP and 

negative results in CP compared to AgP, in the proposed models.  

Results: We derived 7 classification trees showing that the relationship of IL-4 with 

IL-1 and IL-2 has the highest potential to rule out or rule in AgP. On the other hand, 

IgA, IgM used to rule out AgP and CD4/CD8, CD20 used to rule in AgP showed the 

least LOOCV cost. Penalizing DKL with LOOCV cost promoted the IL-4, IL-1, IL-2 

model for ruling out AgP, while the single CD4/CD8 ratio with lowered 

discrimination cut-off point was used to rule in AgP. 

Conclusions: While it is unlikely to have a test with both high sensitivity and high 

specificity, the use of immunologic parameters in the right model can complement 

efficiently a clinical examination for ruling out or ruling in AgP. 
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Introduction 

 The classification system for periodontal diseases proposed in 1999 and still 

in use today [Armitage, 1999], replaced the term “adult periodontitis” with chronic 

periodontitis (CP) and the term “early-onset periodontitis” with aggressive 

periodontitis (AgP). Although not solely based on the rate of progression, the system 

still causes confusion in the absence of parameters that could be of assistance in 

establishing accurate diagnosis and therefore guide therapy, prognosis and 

maintenance schemes for periodontitis patients.  

 

Periodontitis is the bacterial driven inflammatory disease that leads to the 

destruction of the periodontal ligament fibers (PDLF) anchoring the tooth to the 

alveolar bone [Ishikawa, 2007]. The paradoxical fact is that the elicited immune 

inflammatory response supposed to be protective, is also responsible for much of the 

periodontal tissues destruction [Preshaw and Taylor, 2011]. Most published studies 

regarding the immunologic profile of periodontitis patients created the “linear” 

expectation that the more advanced and extensive the disease is, the higher the 

inflammatory response level to be found [Gemmel et al., 2004; Bergundh et al., 2007; 

Graves, 2008].  However, the majority of such studies [Loos and Tjoa, 2005; 

Gustafsson et al., 2006; Liu et al., 2010] only included a limited number of variables.  

 

Recently, we challenged this expectation by modelling periodontitis 

propagation and found the disease process to exhibit nonlinear dynamics 

[Papantonopoulos et al., 2013]. The model was built using a chaotic map produced by 

the iteration of a particular equation, which was based on the hypothesis that the host 

immune response level determines the rate of periodontitis progression. Two 

overlapping zones of host immune response level were identified, corresponding to a 

fast and a slow progressing zone. The conclusion was that the model could fit the 

existing clinical classification system that accepts the distinction of two types of 

periodontitis [Armitage, 1999] and that the immune-inflammatory response level 

could serve as a basis for attempting to discriminate AgP from CP periodontitis 

patients [Papantonopoulos et al., 2013]. 

 

Recursive partitioning analysis (RPA) is a simple nonparametric data mining 

tool that handles multiple diagnostic variables by constructing classification or 
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regression decision trees, with the aim of classifying members of a population into 

homogeneous groups [Breiman, 2001]. Decision tree methods are well suited for 

situations where little is known a priori about which variables are related and how. 

Simple relationships between just a few variables can be revealed, that could have 

been missed using other techniques [Su et al., 2010]. 

 

Regarding diagnostic testing in general, sensitivity and specificity are 

important measures of the diagnostic accuracy, but they have limited clinical 

usefulness since they cannot be used directly to estimate the probability a person 

shows to have a disease [Akonberg, 2006]. However, their usefulness is exploited on 

the basis of the rule out and rule in principle [Lee, 1999]. A highly sensitive test will 

catch all diseased persons as such, therefore ruling out the disease for those not caught 

by the test. A highly specific test will declare free of disease all those truly not having 

the disease, therefore ruling in the disease for those not declared free of the disease. 

 

We hypothesized that the difference in the overall level of the host immune 

response could discriminate CP from AgP patients [Papantonopoulos et al., 2013]. 

However, which particular immunologic parameters, single or combined, could offer 

a high level of discrimination is a clinical relevant question. The current study aimed 

to evaluate a series of immunologic parameters as predictors of AgP and CP, by 

implementing RPA. Furthermore, we investigated the ability of the combinations of 

these parameters revealed by RPA to rule in or rule out AgP. 
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Materials & Methods 

Study population 

We employed RPA to classify periodontitis patients in homogeneous groups 

of AgP and CP on the basis of a series of immunologic parameters. The target 

populations were retrieved from three previous studies [Loos et al., 2000; Takahashi 

et al., 2001; Graswinckel et al., 2004]. From the Loos et al. [2000] study we 

investigated the discriminative ability of total number of monocytes, basophiles, 

neutrophils and eosinophils in peripheral blood. From the Takahashi et al. [2001] 

dataset we incorporated in the RPA the IL-1, IL-2, IL-4, IL-6, TNF-α and INF-γ 

production of peripheral blood mononuclear cells, as well as the proportions of CD3, 

CD4, CD8, CD20 cells and the CD4/CD8 ratio. From the Graswinckel et al. [2004] 

study we used the plasma levels of IgG, IgA and IgM antibodies. Mean values and 

standard deviations (SD) for all parameters, numbers of individuals and ratio of 

means are presented in Table 1.  

 

The undefined periodontitis patients from the studies of Loos et al. [2000] and 

Graswinckel et al. [2004] were reclassified as follows: those with an age at the time of 

diagnosis >35 years were classified as CP, while patients ≤35 years were classified as 

having AgP. Patients in the Takahashi et al. [2001] study were recruited as they 

presented at the Okayama University Dental Hospital over a period of 10 years. Those 

with localized early onset periodontitis (EOP) and generalized EOP were pooled and 

classified as AgP; the patients with an original diagnosis of adult periodontitis were 

classified as having CP. From the Takahashi et al. study [2001] we also derived a 

distinct group of 51 unlabeled periodontitis patients “suspected for AgP” that could 

not entirely meet the criteria to fit into the AgP group; they had severe periodontitis 

and a disease history that suggested EOP but were >35 years at the first examination 

and with no family members diagnosed with EOP. This group of patients was not 

included in our target populations, but was used as a separate sample for a clinical 

validation.  

 

Recursive partitioning analysis 

The four basic steps of RPA [Breiman, 2001] were followed: 
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Step 1: determination of prediction accuracy criteria. We related the 

prediction accuracy with the cost of misclassifying AgP or CP cases, assuming that 

the two types of misclassification are equal.  

Step 2: selection of the splits on the predictor variables. We used binary splits 

on all immunologic parameters, for all parent and child nodes. If k is the number of 

parameters being available, then k(k-1)/2 pairs can be formed or 2k-1 of any 

combinations [Zaykin and Young, 2005]. In constructing binary classification trees, 

the target response was “aggressiveness” of periodontitis on the basis of the clinical 

diagnosis explained in the previous subsection. We investigated the ability of 

immunologic parameters to classify periodontitis patients using the mean values of 

the parameters in healthy control subjects (HS) as the cut-off point (Table 1). More 

explicitly, we declared a result positive when it was ≤ the level of that found in HS 

and negative when it was found > the level of HS. Therefore, the results of the binary 

classification were presented as % of true AgP positive and true AgP negative ratios, 

defined as positive and negative predictive values respectively (Weinstein et al., 

2005]. We were also interested in calculating the sensitivity and specificity of the 

proposed models. Therefore, sensitivity of a model (test) in this study is defined as the 

probability of a positive finding (≤ the level of that found in HS) or combinations of 

positive findings for this model to detect an AgP patient. Specificity is defined as the 

probability of a negative finding (> the level found in HS) or combinations of 

negative findings to detect a CP patient. Unlike predictive values, sensitivity and 

specificity are not considered to be influenced by prior probabilities [Lalkhen and 

McCluskey, 2008]. 

 

Rather than creating trees automatically, we proceeded interactively [Su et al., 

2010]. To build up trees we started with the split that produced the lowest p-value of 

the chi-square test of the resulting predictive values among the evaluated parameters 

for AgP and CP [Rokach and Maimon, 2005]. Additionally, we computed the entropy 

of each node and guided the interactive process by choosing the node with the least 

weighted entropy of its child nodes (Table 1) [Chen et al., 2007]. The formula for 

computing the entropy i(t) of a node t is 

                                    )1log()1(log)( tttt ppppti                                       (1) 

and the weighted entropy i (tR+L) of the two child nodes tR and tL is given by  
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                                    )()()( )()( LtRtLR tiptipti
LR

                                                 (2), 

where pt is the proportion of AgP patients at a node t and )( Rt
p and )( Lt

p the proportion 

of subjects allocated by the split to the right and left child node respectively. 

Step 3: decision on the minimum number of cases when to stop splitting. We 

stopped the splitting process when groups of 5 subjects were reached or when high 

predictive values were achieved rendering further splitting meaningless.  

Step 4: Pruning the classification trees. Cutting down the size of trees is 

necessary to avoid an over-fitted model which will describe noise or error instead of 

disclosing the true relationship of the classifying parameters to the targeted disease. 

Over-fitting is particularly likely when the size of the data is small or the number of 

parameters is large [Hastie et al., 2009]. 
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Table 1. Means ± standard deviations for host response parameters for healthy control subjects 

and patients with chronic periodontitis (CP) or aggressive periodontitis (AgP). For the host 

response parameters, the ratio of the presented mean of CP or AgP over the mean of the healthy 

controls, is presented in square brackets; the average of these ratios (with 95% confidence 

interval), i.e. the “ratio of means”, represents an overall estimation of the host response of 

periodontitis patients.  

  Target patient populations  

Parameter 

Healthy 

controls 

 

Chronic 

periodontitis (CP) 

Aggressive 

periodontitis 

(AgP) 

Entropyǁ 

Leukocytes (from Loos et al. [2000])  

  Number of individuals 43 53 23  

   Neutrophils (109/L) 2.94 ± 0.75 3.88 ± 1.43 [1.32] 3.83 ± 1.75 [1.30] 0.2692 

   Basophils (109/L) 0.06 ± 0.02 0.06 ± 0.02 [1.00] 0.05 ± 0.02 [0.83] 0.2668 

   Eosinophils (109/L) 0.18 ± 0.11 0.16 ± 0.08 [0.89] 0.11 ± 0.08 [0.61] 0.2558 

   Monocytes (109/L) 0.48 ± 0.13 0.47 ± 0.16 [0.98] 0.41 ± 0.14 [0.85] 0.3031 

Lymphocytes (from Takahashi et al. [2001]) 

   Number of individuals 36 43 68  

    CD3 (%)*  72.29 ± 7.77 61.03 ± 9.70 [0.84] 65.09 ± 12.05 [0.90] 0.2159 

    CD4 (%)  41.38 ± 11.24 41.63 ± 7.51 [1.01] 37.28 ± 10.98 [0.90] 0.2215 

    CD4/CD8 ratio 1.59 ± 0.89 2.38 ± 0.86 [1.50] 1.92 ± 2.13 [1.21] 0.1929 

    CD20 (%) 12.53 ± 5.67 16.38 ± 9.33 [1.31] 9.28 ± 5.22 [0.74] 0.1964 

Host response molecules (from Takahashi et al. [2001]) 

  Number of individuals 36 43 68  

   IL-1 (pg/ml)† 118.4 ± 104.6 189.4 ± 147.3 [1.60] 141.6 ± 163.8 [1.20] 0.2916 

   IL-2 (U/ml) 3.42 ± 1.59  5.13 ± 2.34 [1.50] 3.56 ± 1.94 [1.04] 0.2683 

   IL-4 (pg/ml) 11.41 ± 6.01 14.88 ± 8.88 [1.30] 9.01 ± 6.70 [0.79] 0.2627 

   IL-6 (pg/ml) 293.3 ± 461.4 503.2 ± 616.8 [1.72] 218.8 ± 395.9 [0.75] 0.2849 

   TNF-α (pg/ml) 448.9 ± 237.8 628.2 ± 380.7 [1.40] 358.2 ± 383.6 [0.80] 0.2432 
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   IFN-γ (U/ml) 42.92 ± 54.48 54.32 ± 68.91 [1.27] 72.39 ± 84.98 [1.69] 0.2657 

Immunoglobulins ( from Graswinckel et al. [2004]) 

  Number of individuals 55 62 18  

   IgG (g/L)‡ 9.57 ± 2.02 10.03 ± 2.39 [1.05] 10.59 ± 2.59 [1.11] 0.2701 

   IgA (g/L) 2.12 ± 0.96 2.23 ± 1.96 [1.05] 1.70 ± 0.75 [0.80] 0.2175 

   IgM (g/L) 1.32 ± 0.59 1.49 ± 0.66 [1.13] 1.76 ± 1.19 [1.33] 0.2294 

“Ratio of means”  

   (95% CI§) 
 

1.23 

(0.94 - 1.56) 

0.99 

(0.72 - 1.27) 
 

* CD=cluster of differentiation 
† IL=interleukin  
‡ Ig=immunoglobulin 
§ CI=confidence interval. “Ratio of means” is not significantly different between CP and AgP. 
ǁ The parameter with the least entropy is promoted (entropy value in bold). 
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Figure 1. Results of recursive partitioning analysis (RPA) on the target population from Loos et al. 
[2000] using four parameters; we derived one tree with two levels. Numbers on the left pies represent 
the % of aggressive periodontitis patients (AgP) of the positive results and indicate the positive 
predictive value of the test (PPV), while numbers on the right pies represent the % of chronic 
periodontitis patients of the negative results and indicate the negative predictive value (NPV).  
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Figure 2. Recursive partitioning analysis (RPA) on the target population from Takahashi et al. [2001] 
using six parameters; we derived three trees with three levels. TNF-α, IL-6 is also a tree that was 
evaluated, but not shown on the figure for reasons of space economy. Numbers on the left pies 
represent the % of aggressive periodontitis patients (AgP) of the positive results and indicate the 
positive predictive value of the test (PPV), while numbers on the right pies represent the % of chronic 
periodontitis patients of the negative results and indicate the negative predictive value (NPV). 
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Figure 3. Recursive partitioning analysis (RPA) on the target population from Takahashi et al. [2001] 
using four parameters; we derived one tree with two levels. Numbers on the left pies represent the % of 
aggressive periodontitis patients (AgP) of the positive results and indicate the positive predictive value 
of the test (PPV), while numbers on the right pies represent the % of chronic periodontitis patients of 
the negative results and indicate the negative predictive value (NPV). 
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Figure 4. Recursive partitioning analysis (RPA) on the target population from Graswinckel et al. 
[2004] using three parameters; we derived one tree with two levels. The tree shows the least leave-one-
out-cross-validation prediction error of all trees evaluated in the study. Numbers on the left pies 
represent the % of aggressive periodontitis patients (AgP) of the positive results and indicate the 
positive predictive value of the test (PPV), while numbers on the right pies represent the % of chronic 
periodontitis patients (CP) of the negative results and indicate the negative predictive value (NPV). 
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Information-theoretic analysis 

Prediction errors for the classification trees should be reported as they indicate 

how we can generalize their application on independent population samples. In the 

absence of an independent sample for cross validation (CV), prediction errors can be 

calculated performing v-fold CV [Efron, 2004]. The method entails the construction 

of v sub-samples of the target population of equal size and computation of the 

classification trees v times, leaving each time one sub-sample outside to be used as the 

test sample for CV with the “training” sample comprising of the rest v-1 sub-samples 

[Celisse and Robin, 2008]. The CV costs of the v steps, measured as the proportion of 

misclassified cases, are averaged to give an overall v-fold estimate of the prediction 

error. An extreme v-fold CV is the technique of leave-one-out-cross-validation 

(LOOCV), in which the test sub-sample consists of just one observation at a time. 

LOOCV performs very well compared to other resampling methods [Molinaro et al., 

2005]. Root mean squared errors (RMSE) of LOOCV values for all classification 

trees are presented.  

 

Since a tree (model or test) is unlikely to exhibit simultaneously high 

sensitivity and specificity, we investigated how the trees in our analysis could be used 

to rule in and rule out AgP diagnosis. To rule in AgP we need a highly specific test, 

while to rule out the diagnosis of AgP we need a highly sensitive test [Akonberg, 

2006]. The potential of the parameters described in Table 1 to rule in and rule out 

AgP and combined in a tree (model or test), was evaluated as follows. We computed 

the Kullback-Leibler divergence (DKL) of the model’s distribution of positive results 

in AgP from that in CP (DKLin), and of the model’s distribution of negative results in 

CP from that in AgP (DKLout) [Cover and Thomas, 2006]. DKL quantifies the 

proximity of two probability distributions. It is non-negative, non-symmetric, thus not 

a metric of the proximity. It is zero if the distributions are identical. We used the 

formulas 

                                  

                       
k

KLKL CPp
AgPpAgPpCPAgPDinD

)(
)(log)()]()[(                  (3) 

                        
k

KLKL AgPp
CPpCPpAgPCPDoutD

)(
)(log)()]()[(                     (4), 
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where p(AgP+), p(AgP–) and p(CP+), p(CP–) are the proportions of AgP and CP 

patients in the positive and negative results of the model under consideration 

respectively and k the number of parameters in the model. When p(CP+) or p(AgP–) is 

found 0 in the denominator, we accepted by convention a minimum proportion of 

0.05 to avoid the unwanted fact that DKL goes to infinity. The higher the DKLin score 

is, the less likely it is for CP patients to be in the positive results segment as false 

positive. The higher the DKLout is found, the less likely it is for AgP patients to be in 

the negative results segment as false negative. Like sensitivity and specificity of a test 

[Weinstein et al., 2005], DKLin and DKLout are independent from prior probabilities. 

We were able to directly compare the ability of the promoted models to rule in and 

rule out AgP by comparing their DKLin and DKLout values, which provide a measure 

of the potential of the model to rule in or out AgP [Lee, 1999]. We also explored how 

a change of the discrimination cut-off point from 1 to 0.8 or 1.2 times the mean in HS, 

influenced DKLin and DKLout in selected trees [Stobl and Augustin, 2009]. 

 

Based on the results of RPA we investigated how k parameters combined can 

be used in parallel as suitable models for ruling in or out AgP. Model selection was 

based on penalized [Fromont, 2007] DKL scores [pen(DKL)] using the formula 

                               )]log(1[ error
k

DpenD KLKL                                                 (5). 

An intuitive understanding of the formula arises if we consider DKL as the negative 

logarithm of the average likelihood [Shlens et al., 2006] 

                                      L
k

DKL log1                                                                     (6), 

where average likelihood is the probability that one observes in an experiment a set of 

data, given that a particular model were true.  

 

We were interested to select among the models proposed by RPA, the one 

maximizing DKL. DKL has been described in information theory as the “coding cost” 

associated with selecting a distribution to approximate a “true” distribution [Cover & 

Thomas, 2006]. We were looking for a data-driven quantity that could be used to 

penalize DKL and therefore guard against over-fitting the models. We have already 

described above the estimation of prediction error by LOOCV. To penalize DKL we 
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added to its estimation the LOOCV “coding cost” ]log1[ error
k

 with error = RMSE 

of LOOCV values, which guards against over-fitting. Accepting the above as a voting 

scheme [Boucheron et al., 2005], we selected the one with the highest pen(DKL). The 

above methodology is considered valid for both nested and non-nested models 

[Burnham and Anderson, 2002]. 

 

Finally, for a clinical validation test, we applied the ruling in models on the 

group of “suspected for AgP” patients (N=51) from the Takahashi et al. [2001] study.  
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Table 2. Evaluation of classification trees: Prediction errors by leave-one-out-cross-

validation (LOOCV) and Kullback-Leibler divergence (DKL) of the model’s positive 

results distribution in AgP from that in CP (DKLin) and of the model’s negative results 

distribution in CP from that in AgP (DKLout). 

Classification tree 
LOOCV 

(RMSE)§ 
DKLin DKLout 

Eosinophils, 

monocytes 
0.0008 0.3551 0.5553 

CD4/CD8, CD20* 0.0012 1.0489 0.8382 

IL-4, IL-1, IL-2† 0.0030 2.1576 2.4404 

IL-6, IL-4, IL-2 0.0030 2.0200 2.3187 

TNF-α, IL-4, IL-1 0.0020 0.8352 1.1129 

TNF-α, IL-6 0.0034 1.4323 1.7468 

IgA, IgM‡ 0.0007 0.4881 0.6534 

* CD=cluster of differentiation 
† IL=interleukin 
‡ Ig=immunoglobulin 
§ RMSE=root mean squared error  
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Results 

Using RPA, we have built classification trees aiming to group periodontitis 

patients in classes that are as homogeneous as possible. We explored 17 immunologic 

parameters in total in three target populations and the mean value in HS for each of 

these parameters was used as the cut-off point for calling a case AgP or CP. Thus, as 

described in step 2 of our RPA process, AgP was identified when a given 

immunologic parameter was ≤ the mean in HS, while CP was declared when the 

parameter value was > the mean in HS.  

 

We then proceeded interactively and chose, as a first step, parameters based on 

least entropy and highest chi-square values. The chi square test was significant with 

α=0.05 for eosinophils, monocytes, IL-4, TNF-α, CD20, CD4/CD8 and IgA (see 

Figures 1 to 4). After a Bonferroni correction (α=0.05/number of tests), only CD20, 

CD4/CD8 and IgA remained significant. Using formulas (1) and (2) we computed 

i(tR+L) for all parameters (see Table 1). For the target population samples investigated, 

the least entropy criterion promoted eosinophils, TNF-α, CD4/CD8 and IgA. 

 

Next, we looked for combinations of immunologic parameters that could offer 

the highest positive and negative predictive values. The results are readily identified 

on leafs of classification trees as positive and negative predictive values (Figures 1 to 

4). In total 7 trees were created (Figures 1 to 4). The trees were built on 2 or 3 levels, 

to avoid over-fitting the models. The high positive predictive values for parameters 

from the Takahashi et al. [2001] study come as no surprise due to the presence of a 

high prior probability of AgP (Figures 2, 3).  

 

It would be highly interesting to generalize these models to other independent 

population samples, where the LOOCV error scores indicate that the IgA, IgM tree 

shows the least RMSE for that purpose (see Table 2). The abilities of the proposed 

combination of parameters (models) to rule in and rule out AgP before penalizing DKL 

scores are also presented in Table 2. The model of IL-4, IL-1 and IL-2 showed the 

highest DKL scores in ruling in as well as ruling out AgP.  

 

The impact of the cut-off choice on DKL scores was exemplified on two 

classification trees. Changing the cut-off point to either 0.8 or 1.2 times the mean of 
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HS resulted in deterioration of the DKLin score for the CD4/CD8, CD20 model, 

proving that the selection of 1.0 times the mean in HS yields the best ruling in 

behaviour of this model out of the three points (Figure 5). On the other hand, 

increasing the discrimination cut-off point to 1.2 times the mean in HS resulted in a 

clear improvement of the DKLout score for the TNF-α, IL-4, and IL-1 model. It might, 

therefore, look as a useful strategy to increase the cut-off point to 1.2 when one tries a 

test to rule out AgP, but a parallel increase in prediction error is also expected. 

 

Based on the relationships of parameters derived through RPA, we then 

investigated how these parameters can be used, combined in parallel, as tests to rule in 

or out AgP (Table 3). We looked only for tests that could reach 100% sensitivity to 

rule out AgP, or 100% specificity to rule in AgP. To achieve 100% specificity for the 

CD4/CD8 ratio and the CD20 model, we lowered the cut-off point from 1 to 0.8 times 

the mean in HS. This rendered CD20 superfluous, while the CD4/CD8 ratio could 

stand by itself albeit with a lowered DKLin (Table 3). Similarly, we raised the cut-off 

point to 1.1 times the mean in HS to achieve 100% sensitivity for the models of IgA, 

IgM and eosinophils, monocytes. To select the best test in the trade-off between 

approximation and estimation error [Boucheron et al., 2005], we selected the one that 

maximizes the penDKL score using formula (5). IL-4 combined with IL-1 and IL-2 

stands out as the best model in ruling out AgP, while for ruling in the winner is the 

single CD4/CD8 ratio (Table 3). 

 

Applying the ruling in tests on the unlabeled but “suspected for AgP” group 

from Takahashi’s et al. [2001] study we derive 30.7% of the patients as AgP by the 

CD4/CD8 ratio, 31.3% by IL-4, IL-1, IL-2 and 25% as such by IL-6, IL-4, IL-2. To 

compare the validation modelling technique with clinical reality, we note that in the 

sample of Loos et al. [2000] study the initial clinical diagnosis of AgP was given to 

30.3% (23/76) of the patients (Table 1), while in Graswinckel’s et al. [2004] study the 

AgP patients were 22.5% (18/80). For these two studies we had an exclusion of 20% 

of the initially recruited patients for various reasons that could affect their 

immunologic profile (chronic medical disorder, pregnancy, trauma, recent tooth 

extraction, etc). On the other hand the Takahashi et al. [2001] study was biased 

towards the selection of AgP patients since it aimed for an extensive immunologic 

examination of this type of patients. If we accept that 16 of the 51 patients suspected 
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for AgP are true AgP then we have 51.8% of the total sample’s number of patients 

with AgP [(68+16)/162]. 
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Table 3. Parameters that can rule in or rule out aggressive periodontitis (AgP) when used 

in parallel. We penalize DKL to guard against over-fitting the models (see Materials & 

Methods). We select the model with the highest Pen(DKL).  

Tests for ruling in AgP sensitivity specificity Pen(DKL)in 

CD4/CD8* 

With 0.8 cut-off point 
36% 100% 3.2828§ 

IL-4, IL-1, IL-2† 

At least one – → test  – 

All + → test + 

24% 100% 2.9976 

IL-6, IL-4, IL-2 

At least one – → test  – 

All + → test + 

41% 100% 2.8600 

Tests for ruling out AgP   Pen(DKL)out 

IL-4, IL-1, IL-2 

At least one + →test + 

All – → test  – 

100% 46% 3.2804 

IL-6, IL-4, IL-1 

At least one + →test + 

All – → test  – 

100% 23% 3.1587 

TNF-α, IL-4, IL-1 

At least one + →test + 

All – → test  – 

100% 38% 2.6493 

IL-4, IL-1 

At least one + →test + 

Both – → test  – 

100% 46% 2.4008 

TNF-α, IL-6 

At least one + →test + 

Both – → test  – 

100% 23% 2.3503 

IL-6, IL-4 

At least one + →test + 

Both – → test  – 

100% 23% 2.2792 

IgA, IgM‡ 

At least one + →test + 

Both – → test  – 

With 1.1 cut-off point 

100% 27% 2.0442 
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Eosinophils, monocytes 

At least one + →test + 

Both – → test  – 

With 1.1 cut-off point 

100% 28% 1.8162 

* CD=cluster of differentiation 
† IL=interleukin 
‡ Ig=immunoglobulin 
§ In bold we present the promoted models. 
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DKLout

DKLin

1.0
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TNFα, IL4, IL1

CD4/CD8,CD20

DKLscore

 
Figure 5. When we increase the discrimination cut-off point to 1.2 times the mean in healthy subjects 
(HS) or decrease it to 0.8 we get deteriorating scores for DKLin of the tree CD4/CD8, CD20. By 
increasing the cut-off point to 1.2 times the mean in HS we get a higher score for DKLout of the tree 
TNF-α, IL-4 and IL-1.  
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Discussion 

The current study aimed to build further on the findings of a nonlinear model 

of the progression of periodontitis and support the indications of the model that AgP 

and CP are distinct clinical entities. Our basic question was, as a proof of concept, 

whether it is possible to identify predictors of AgP and CP on the basis of some 

parameters that quantified host immune response.  

 

As is well-known, RPA has been successfully used in identifying predictors of 

survival time in cancer patients and in revealing relationships of genetic variations to 

the susceptibility of various diseases or to drug efficacy [Zaykin and Young, 2005; 

Chen et al., 2007; Hastie et al., 2009]. The current study presents for the first time 

RPA to predict the classification of periodontitis patients into one of the two types of 

periodontitis. In general, dental practitioners know from clinical experience that there 

are periodontitis patients, who are more susceptible than the expected average patient 

[Armitage, 1999]. However, it does not appear possible to draw a clear line between 

the more susceptible and the less susceptible periodontitis patient by clinical terms 

alone, as is the case with almost all medical decision problems. Thus, the correct 

clinical classification of periodontitis patients has been an inherent weakness in a 

number of earlier studies [Loos et al., 2000; Takahashi et al., 2001; Graswinckel et al., 

2004]. By contrast, the work presented here constitutes an improvement in this 

direction, as it underlines the rightful use of laboratory tests in the proper clinical 

setting.  

 

Ordering a test presupposes a diagnostic uncertainty. Naturally, the starting 

point of each test has to be the consideration of all priors (i.e. prior probabilities). 

However, in each subsequent step priors change, e.g. they increase or decrease by 

simply learning the patient’s age. Similarly, priors are revised if we probe deep 

periodontal lesions in multiple sites (rather than just a few) and thus, as we proceed in 

the clinical diagnostic process, priors change accordingly. In the end, if we suspect 

that a patient is in the AgP class, we would like to rule in AgP by ordering a highly 

specific test. If a 100% specific test fails to identify a case as CP, then the case is very 

likely of the AgP type. By the same reasoning, if we suspect a patient to be in the CP 

class, we would like to rule out AgP by ordering a highly sensitive test [Akonberg, 

2006; Lee, 1999]. 
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Given the above, theoretical evaluations of priors arising from statistical 

models are most helpful in a clinical diagnostic effort. However, it has been 

postulated that there is no such a thing as “real prior distribution” [Grünwald et al., 

2005]. Estimations of priors from epidemiological studies depend heavily on disease 

definition and vary accordingly [Albandar and Tinoco, 2002]. In the current study we 

applied for the first time theoretical modelling to a group of 51 unlabeled patients but 

“suspected for AgP”. When we applied the best ruling in test (CD4/CD8 ratio, Figure 

3) on the unlabeled group, we could declare 30.7% of these patients to suffer from 

AgP. This kind of information can clearly be used in clinical practice for treatment 

planning, as the clinical management of AgP patients is more demanding.  

 

Some might argue that there are clusters of patients of “low” and “high” 

responders [Nussbaum and Shapira, 2011] that might complicate the task of the 

presented models. We assumed for RPA a homogeneous group of patients and we 

based this assumption on the property of scale invariance introduced by the CA model. 

Nevertheless, the presence of “high” responders in particular parameters may have 

influenced the performance of these parameters in the current study’s RPA. For 

example, in Takahashi’s et al. study [2001] we found 3 AgP and 5 CP patients as 

“high” responders for IL-6, and 2 AgP and 1 CP as “high” responders for IL-1. “Low” 

responders for TNF-α and IL-2 were all AgP patients and therefore did not affect the 

results of RPA. 

 

The Kullback-Leibler divergence is a very important concept in information 

theory with multiple applications. For instance it is used in fingerprint identification 

and face recognition [Tuv et al., 2009]. The rationale behind its use as DKLout and 

DKLin lies in the fact that to rule out AgP effectively, it must be highly unlikely to find 

AgP patients among the negative results of a test, while to rule in AgP effectively it 

must be highly unlikely to find CP patients among the positive results. An alternative 

way to assess the rule out and rule in ability of a test is to use the positive and 

negative likelihood ratio (LR) respectively [Florkowski, 2008]. Both LRs and DKL are 

independent from prior probabilities. However, the DKL scores provide a convenient 

assessment of how a test will behave in ruling out or ruling in a condition. More 

importantly, on an information theoretic basis, it can be combined with the LOOCV 
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cost to create the platform for the final model selection even among non-nested 

models [Hastie et al., 2009; Burnham and Anderson, 2002]. 

 

In medical diagnostic procedures, it is highly unlikely that a single test can 

offer high sensitivity and specificity at the same time. This study shows that some 

immunologic parameters in the right model can complement a clinical examination by 

ruling out or ruling in AgP. More studies are certainly needed on larger target 

population groups with a more extensive array of parameters, in order to further 

validate the current proof of concept as well as to explore new diagnostic possibilities.  
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CHAPTER 3 

 

Artificial neural networks for the diagnosis of aggressive 

periodontitis 
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Abstract 

Background: There is neither a single clinical, microbiological, histopathological or 

genetic test, nor combinations of them, to discriminate aggressive periodontitis (AgP) 

from chronic periodontitis (CP) patients. We aimed to estimate probability density 

functions of clinical and immunologic datasets derived from periodontitis patients and 

construct artificial neural networks (ANNs) to correctly classify patients into AgP or 

CP class. 

Methods: The fit of probability distributions on the datasets was tested by the Akaike 

information criterion (AIC). ANNs were trained by cross entropy (CE) values 

estimated between probabilities of showing certain levels of immunologic parameters 

and a reference mode probability proposed by kernel density estimation (KDE). The 

weight decay regularization parameter of the ANNs was determined by 10-fold cross-

validation. 

Results: Possible evidence for 2 clusters of patients on cross-sectional and 

longitudinal bone loss measurements were revealed by KDE. Two to 7 clusters were 

shown on datasets of CD4/CD8 ratio, CD3, monocyte, eosinophil, neutrophil and 

lymphocyte counts, IL-1, IL-2, IL-4, INF-γ and TNF-α level from monocytes, 

antibody levels against A. actinomycetemcomitans (A.a.) and P.gingivalis (P.g.). 

ANNs gave 90%-98% accuracy in classifying patients into either AgP or CP. The best 

overall prediction was given by an ANN with CE of monocyte, eosinophil, neutrophil 

counts and CD4/CD8 ratio as inputs.  

Conclusions: ANNs can be powerful in classifying periodontitis patients into AgP or 

CP, when fed by CE values based on KDE. Therefore ANNs can be employed for 

accurate diagnosis of AgP or CP by using relatively simple and conveniently obtained 

parameters, like leukocyte counts in peripheral blood. This will allow clinicians to 

better adapt specific treatment protocols for their AgP and CP patients. 
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Introduction 

Periodontitis is a bacterial-driven chronic inflammatory destructive disease of 

the tissues surrounding and supporting the dental root [Kinane et al., 2008]. Severe 

periodontitis affects around 8.5% of the general population, while a moderate form of 

the disease is present in 30% and a mild form in 9% of adults aged 30 and older [Eke 

et al., 2012]. 

 

Periodontitis is a complex disease, where multiple causal factors 

simultaneously and interactively play a role. There are four main causal risk factors, 

i.e. the subgingival microbiota (the bacterial biofilm), individual genetic variations, 

life style and systemic factors [Laine et al., 2012]. It is a well-known fact that the 

behaviour of a complex system cannot be explained by isolating its components 

[Nicolis and Nicolis, 2012]. Currently two clinical types of periodontitis are 

recognized; the aggressive (AgP) and the chronic (CP) form [Armitage, 1999]. Due to 

the complexity of the pathogenesis of the disease, there is no single clinical, 

microbiological, histopathological, genetic test or combinations of them to 

discriminate AgP from CP patients [Armitage, 2013].  

 

Clinical identification of AgP cases is based on rapid attachment loss and bone 

destruction, the absence of systemic factors to explain this progression rate and 

familial aggregation [Tonetti and Mombelli, 2008]. Any age upper limit in 

discriminating AgP from CP is arbitrary. Nevertheless, given the same amount of 

periodontal destruction individuals with AgP are found considerably younger than CP 

patients. The age of 35 has been used as a cut-off point to discriminate between AgP 

and CP [Armitage and Cullinan, 2010]. It is realized that is difficult to distinguish 

between the two phenotypes at the initial stages of periodontitis, thus preventing 

proper early clinical management of AgP, which is generally found more demanding. 

 

Complexity is understood through modeling and simulation [Nicolis and 

Nicolis, 2012]. In a recent study [Papantonopoulos et al., 2013] a chaotic map was 

analyzed, expressed by a particular equation, which accurately models periodontitis 

progression in connection to the variation of the host immune response level. By 

renormalization arguments, two zones of disease activity were identified, a fast and a 

slow progressing zone, corresponding to AgP and CP respectively. Based on the 
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above, we may now pose the hypothesis that different entropy rates might indeed 

reflect the presence of distinct patient clusters in immunologic and clinical datasets. 

 

Histograms are the oldest probability density estimators [Silverman, 1986], 

but suffer from certain important drawbacks; they are discontinuous and hardly 

appropriate for representing bivariate or trivariate data. Nonparametric kernel density 

estimation (KDE) methods on the other hand, reveal structure in datasets, such as 

skewness and multimodality that might be missed by classical parametric methods 

[Simonoff, 1996]. KDE is an unsupervised learning procedure that can be used for 

nonparametric classification tasks [Sheather, 2004]. In general, when a desired 

outcome is known, a learning process is called supervised, otherwise it is 

unsupervised learning. 

 

Artificial neural networks (ANNs) are considered powerful nonlinear 

statistical tools to model complex relationships between inputs and outputs. Therefore, 

they appear appropriate in searching for parameters that could achieve an accurate 

diagnosis of AgP or CP. ANNs consist of a set of simple units called neurons by 

analogy with the biological neurons [Abdi, 2003]. Neurons are linked to each other by 

a weighted connection which is called synapsis, and are organized in layers: 

Information is fed to neurons of the input layer, and then processed in the hidden layer 

and finally exits to the neurons of the output layer. ANNs can be adaptive to external 

or internal changes and “learn” from the data entered into them. For instance, one type 

of ANN is the multilayer perceptron (MLP); this is a feedforward ANN trained by the 

backwards propagation of the error found in the outcome layer. It can be used for 

supervised learning classification procedures. 

 

The first aim of this study was to estimate the probability density functions of 

a set of observed clinical and immunologic data in periodontitis patients. Secondly we 

investigated the fit of the data to various probability distribution models. Based on 

these findings we developed ANNs able to classify periodontitis patients belonging to 

either one of the two different clinical forms, aggressive or chronic form.  
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Materials & Methods 

Study population  

Data were retrieved from previous studies that provided 4 distinct patient 

samples. From one study [Papantonopoulos, 2004], we obtained 29 periodontitis 

patients with severely advanced disease as evidenced by clinical and radiographic 

examination, which were clinically followed and maintained for 5 to 8 years (we 

designate this as sample-1). At baseline examination, they had ≥14 teeth present and 

at least 50% of their teeth showed bone loss of ≥50% of their root length. We used 

data on baseline radiographic mean bone loss and on longitudinal mean radiographic 

bone loss level change. From Loos et al. [2000,2004] studies from 76 periodontitis 

patients (the same group for both studies to which we will refer as sample-2) we 

derived datasets of total number of monocytes, lymphocytes, basophils, neutrophils 

and eosinophils in peripheral blood, as well as the total number of CD3, CD4, CD19 

cells and the CD4/CD8 ratio. For sample-2 radiographic bone loss measurements 

were also available (% of teeth with bone loss of ≥50% of the tooth root length). From 

Graswinckel et al. [2004] we used the datasets for IgA, IgM and IgG from 80 

periodontitis patients (sample-3). From Takahashi et al. [2001] (sample-4) we derived 

data of serum antibody levels in 162 periodontitis patients against Aggregatibacter 

actinomycetemcomitans (A.a.) (Y4 antigen), A.a. (ATCC 29523), A.a. (SUNY67), 

Porphyromonas gingivalis (P.g.) (FDC381), P.g. (SU63), Eikenella corrodens (E.c.) 

(ATCC 23834), Prevotella intermedia (P.i.) (ATCC 25611), Prevotella nigrescens 

(P.i.) (ATCC 33563), Capnocytophaga ochracea (C.o.) (S3), Wolinella succinogens 

(ATCC 29543), Treponema Denticola (T.d.) (ATCC 35405) and Fusobacterium 

nucleatum (F.n.) (ATCC 25586). In addition we derived data of IL-1, IL-2, IL-4, IL-6, 

TNF-α and INF-γ levels produced by mononuclear cells from peripheral blood. 

 

The undefined periodontitis patients, those with adult periodontitis (AP) or 

those with localized (L) or generalized (G) early onset periodontitis (EOP) from the 

studies from which data were retrieved [Loos et al., 2000; Loos et al., 2004; 

Graswinckel et al., 2004] were reclassified as previously described [Papantonopoulos 

et al., 2013]. Those with an age at the time of diagnosis >35 years or originally having 

AP, were reclassified as CP; patients ≤35 years were classified as AgP; those with L- 

or G-EOP were all classified as AgP. EOP (a term used in the 1989 world workshop 
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in clinical periodontics, preserved in the 1996 modification and changed to AgP in 

1999) is considered to have its onset from puberty until 35 years [Kinane, 2001]. 

 

 Therefore from sample-2 we derived 23 AgP and 53 CP cases; from sample-3 

18 AgP and 62 CP cases.  For these two samples we had an exclusion of 20% of the 

initially recruited patients for various reasons that could affect their immunologic 

profile (like chronic medical disorder, pregnancy, trauma, recent tooth extraction, etc). 

From sample-4 we obtained 68 AgP and 43 CP cases. A group of 51 patients 

“suspected for EOP”, was declared suspected for AgP with no definitive criteria for a 

final diagnosis; they had severe periodontitis and a disease history that suggested EOP, 

but were >35 years at the first examination and with no family members diagnosed 

with EOP.  Patients in sample-4 were recruited as they presented at the Okayama 

University Dental Hospital over a period of 10 years. 

 

Kernel density estimation 

For the estimation of univariate or bivariate probability densities of the data 

distribution of the various parameters, an appropriate kernel function is needed [Hall 

and Kang, 2005]. The process of choosing a kernel function is described in text S1.  

 

Fit of the data distributions to probability models 

The fit of the available data distributions was tested in five well known 

probability models for continuous variables: the Normal, the Exponential, the Weibull, 

the Pareto and the Gamma models. They all have been extensively used and applied 

on biological systems [Vose, 2008]. A first visual appreciation of the fit was judged 

by quantile to quantile (Q-Q) plots. Subsequently, comparisons between models were 

based on the Akaike information criterion (AIC) [Sakamoto et al., 1986; Myung, 

2003], which safe-guards against overfitted models [Burnham and Anderson, 2004]. 

 

Construction of artificial neural networks 

We built MLP ANNs to classify periodontitis patients. A diagram of the MLP 

ANN applied in this study is presented in Figure 1. It depicts the three types of layers, 

the input, the hidden and the output layer along with the interweaving of their neurons. 

We trained ANNs using cross entropy values (CE) [de Boer et al., 2005] of 
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immunological parameters of periodontitis patients in reference to a target probability 

value revealed by KDE.  

 

The first step in the construction process was to calculate the probability p(x) 

of demonstrating a certain level of an immunological parameter (x) in an individual 

patient. We used for that the cumulative probability function (cpf) of the 

corresponding probability model. At a second step, we computed cross entropy (CE) 

values [de Boer et al., 2005] for each patient between the previously described 

probability p(x) for selected immunologic parameters and a reference probability 

value, the target probability ti(CP). We used the formula                                                  

                                             )(ln)( iCPii xptCE                                                           

where i = 1, 2, …N and N is the number of the immunological parameters (x) 

inserted into the ANN. CE is a nonsymmetric measure of the difference between two 

probability distributions. The target probability distribution ti(CP) was estimated by 

direct application of the appropriate cpf; we used the mode value of x with the highest 

density probability of the immunologic data distribution (indicated by KDE) as the 

reference point. We assumed that the highest density modes represent clusters 

inhabited mostly by the CP patients.  

 

Our pruning strategy in feature selection at the input layer was based on 

automatic relevance determination (ARD) [Neal and Zhang, 2006]. According to the 

method, features whose posterior weight distributions show low variance are 

discarded. The weight decay regularization parameter was determined by a 10-fold 

cross-validation process [Hastie et al., 2009] (see text S1). If 10-fold cross validation 

is used for the determination of the weight decay regularization parameter, usually 

there is no need to use cross validation to determine the number of the hidden units 

[Hastie et al., 2009]. We determined the number of hidden units and the maximum 

number of epochs by experimentation (we stopped increasing iterations when the sum 

of squares error stopped improving). Finally, since the results of the networks are 

sensitive to the initial weight values, we tried 10 random initial weight configurations 

and we computed the mean prediction rates [Hastie et al., 2009]. We report the 

technical features of the ANNs, such as maximum number of epochs (iterations) and 
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learning methods applied, as well as sensitivity, specificity and overall accuracy of the 

ANNs against the original clinical diagnosis. 
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Figure 1. Multilayer perceptron feedforward neural network with error backpropagation: The 
information (CE values of immunological parameters for each patient) is inserted in the input neurons. 
At the hidden layer, here with 6 neurons, we sum the information and transfer it (through the sigmoid 
function) to the outcome layer, where the sigmoid function again exits an AgP or CP verdict. Bias 
neurons have a constant value and help the network to learn patterns. They are independent from other 
neurons and can shift the curve of the sigmoid function to the left or to the right. The classification 
error found at the outcome layer backpropagates in the network and synaptic weights are adapted 
accordingly as the network learns from its error and tries to minimize it. 
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Results 

From 4 distinct samples we derived clinical and immunologic data and 

performed KDE. From sample-1 on baseline and longitudinal bone loss data KDE 

revealed possible evidence of two clusters of patients (Figure 2A, B). On sample-2 for 

the dataset of % of teeth with bone loss ≥50% of their root length, possible evidence 

of two main clusters was also found (Figure 2C). KDE on sample-2 revealed three to 

seven clusters for monocytes, basophils, neutrophils, eosinophils and lymphocytes 

counts (Figure 2Q, R, S, T & X) and two clusters for CD3 (Figure 2L). From sample-

3, IgA and IgM data showed one mode (Figure 2V & W) while IgG data (Figure 2U) 

showed two clusters. From sample-4, KDE gave possible evidence of two main 

clusters for IL-2, IL-4, IL-6, TNF-α, INF-γ, (Figure 2D, E, F, H, J & K), and of 2 to 3 

modes for antibody IgG titers against the 12 examined bacteria (graphs are shown for 

three of them) (Figure 2M, N & O). 

 

Some bivariate KDE were generated. Using longitudinal bone loss data in 

relation to age (sample-1), we identified two clusters of patients (Figure 3A). The 

majority of patients clustered around the mode of 0.2 mm of longitudinal bone loss 

over the follow up period, while a small cluster of patients showed a mode with an 

almost 5 times higher value for this parameter. In the bivariate KDE of the CD4/CD8 

ratio in relation to age (sample-2) (Figure 3B) or in relation to % of teeth with bone 

loss ≥50% of their root length (Figure 3C), two clusters at modes x = 1.5 and x = 1.9 

are found. 

 

We found the baseline and longitudinal bone loss measurements to fit to the 

Normal model (Table S1). Most of the immunologic data fitted to the Gamma model 

(Figure S1, Table S1). We built three ANNs with three kinds of immunologic 

parameters as inputs: leukocytes (ANN1) (from sample-2), interleukins (ANN2) and 

IgG antibody titers (ANN3) (from sample-4). We didn’t mix parameters from the two 

samples. The results of ARD on feature selection are presented in Table S2. ANN1 

showed high accuracy (98.1%) followed close by ANN2 (95.6%), while ANN3 was 

left behind in overall accuracy (90%) (Table 1). For comparison to the ANNs 

performance, we conducted canonical discriminant analysis and binary logistic 

regression using the above selected inputs. They both displayed inferior results 

compared to the ANNs (Table S3).  
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Table 1. Characteristics of three artificial neural networks (ANN) built on 

immunological parameters.  

Input neurons Network’s description Resultse 

ANN1 

 

 

CEa values of 

1 . CD4/CD8b 

2. Neutrophils 

3. Monocytes 

4. Eosinophils 

 

 

# of hidden layers = 1, 

# of neurons in hidden layer = 9, 

max. # of epochs = 900, 

weight decay regularization 

parameterc = 0.0001, 

learning method = batchd, gradient 

descent. 

 

 

 

Sensitivity = 98,6%, 

Specificity = 97.9% 

Accuracy = 98.1% 

 

 

 

ANN2 

 

CE values of 

1. IL-1f 

2. IL-4 

3. IFN-γg 

4. TNF-αh 

# of hidden layers = 1,  

# of neurons in hidden layer = 10, 

max. # of epochs = 800, 

weight decay regularization 

parameter = 0.0005, 

learning method = batch, gradient 

descent. 

 

 

 

 

Sensitivity = 92.3%, 

Specificity = 96.9% 

Accuracy = 95.6% 
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ANN3 

CE values of 

1. A.a. i titers 

2. P.g.k titers 

3. C.o.l titers 

4. F.n. m titers 

     

# of hidden layers = 1, 

# of neurons in hidden layer = 10, 

max. # of epochs = 1000, 

weight decay regularization 

parameter = 0.005, 

learning method = batch, gradient 

descent. 

 

Sensitivity = 91.1%, 

Specificity = 89.4% 

Accuracy = 90.0% 

 

a CE = Cross entropy. Feature selection by automatic relevance determination 
b CD = cluster of differentiation 
c determined by 10-fold cross validation 
d Batch training passes all input data before updating the synaptic weights 
e  The mean values of 10 random configurations of initial weights are reported 
f IL= interleukin 

g INF = interferon 
h TNF = tumor necrosis factor 

i A.a. = Aggregatibacter actinomycetemcomitans(Y4 antigen) 
k P.g. = Porphyromonas gingivalis(FDC381) 
l C.o. = Capnocytophaga ochracea 
m F.n. = Fusobacterium nucleatum 
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Figure 2. Panels A to C. Univariate kernel density estimation (KDE) for radiographic bone loss 
measurements and immunologic data: modes (single, bimodal or multimodal) are defined as the values 
that appear more frequent. Graphs A & B from sample-1. In graph C (sample-2) we log transformed 
the confined data to find support in the interval (-∞, +∞) (see Supplemental file). 
 
Panels D to X. Univariate KDE for immunologic data: possible evidence of multimodality for the 
CD4/CD8 ratio, CD3, lymphocytes, monocytes, eosinophils, basophils and neutrophils counts (sample-
2), IgG levels (sample-3), IL-2, IL-4, IL-6, INF-γ, TNF-α, IgG A.a. titers and IgG C.o. titers (sample-4). 
Mini clusters close to each other are detected for IL-1 and IgG P.g titers (sample-4). 
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Figure 3. Contour plots for bivariate KDE for some selected parameters.  
 Panel A. The bivariate density estimation for longitudinal radiographic bone loss level in relation to 
age: this topographical-like plot shows a main cluster with 0.2 mm longitudinal bone loss and a small 
cluster with almost five times greater bone loss.  
Panel B. Contour plot for bivariate KDE: By estimating probability density for CD4/CD8 ratio by age, 
we see two clusters although not separated distinctly, at modes of 1.5 and 1.9. 
Panel C. Contour plot for bivariate KDE: By estimating probability density for CD4/CD8 ratio by 
disease severity (% of teeth with bone loss ≥ of 50% of their root length), we reveal two distinct 
clusters of patients, with modes at x values of 1.5 and 1.9.  
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Discussion 

We found by KDE techniques possible evidence of two modes in radiographic 

bone loss and selected immunologic data. We also fitted probability models to our 

datasets. In training ANNs we used CE values instead of original data. This might 

seem an unnecessary complication, but the ANNs were trained far better providing 

higher prediction accuracy. We can only speculate on the reason for that. It might 

have been that the smoothing parameter in KDE fine-tuned the complexity of ANNs 

via a shrinking effect on weights; increasing complexity directly relates to an 

increasing variance of ANNs test error and poorer prediction outcome [Zhang, 2000]. 

The nonsymmetric nature of CE might also have facilitated the learning process.  

 

ANNs have been used in monitoring medical conditions, where a complex 

combination of changes in multiple variables is associated with the onset of a disease 

[Mazurowski et al., 2008]. ANNs simulate the tabula rasa or clean-slate learning we 

find associated with biological processes [Abdi, 2003]. ANNs using the softmax 

transfer function and the CE error function are equivalent to linear logistic regression 

in the hidden units [Hastie et al., 2009]. However, a growing number of studies in 

various scientific fields indicate that ANNs provide higher prediction accuracy than 

multiple regression models in solving classification problems [Shi et al., 2012]. This 

was also shown by our results (Table S3). We must note however, that the 

performance of an ANN is variable, depending on the learning method used. In fact, 

ANNs in supervised machine learning methodology are found to approximate any 

function with arbitrary accuracy. However, they are susceptible to the overfitting 

problem [Zhang, 2000]. Our results indicate that ANNs can be helpful in the 

diagnosis of AgP in a periodontal practice, while they appear unsuitable for 

monitoring the general population where a test with almost 100% specificity is 

required.  

 

Clustering periodontal patients to gain insight into the pathogenesis of 

periodontitis is not a new idea. Among the vast literature, we can distinguish a study 

that analysed differences among 5 groups of patients [Offenbacher et al., 2007]; 

grouping was based on pocket depth (PD) and bleeding on probing scores (BOP). 

Using logistic regression C. rectus antibody titers was the best single predictor among 

all IgG titers of one of the 5 phenotypes and P. gingivalis titers found the best single 
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predictor of other three phenotypes. The study supported the microbial specificity of 

periodontitis pathogenesis. However, the discontinuity of the grouping method used in 

the study, like in the use of histograms, translates into inefficient use of the data and 

causes huge difficulties when derivatives of the estimates are required. The situation 

can be perplexed by the combination of two parameters (PD and BOP). In contrast, 

KDE when used as intermediate component of another method, like in the current 

study, is particularly justified as an alternative to histograms. 

 

The main body of the periodontal literature relevant to cluster analysis is based 

on similarities of subgingival microbiota, followed by investigation of clinical and 

immunologic differences among clusters. For example, hierarchical cluster analysis 

identified 5 groups of AgP patients of similar subgingival microbiota [Teles et al. 

2010]; IL-1β/IL-10 ratio in gingival crevicular fluid (GCF) was significantly different 

among groups. A recent review underscored the fact that although bacteria initiate 

periodontitis, disease progression is multidimensional and poorly understood 

[Razzouk and Termechi, 2013]. Our unsupervised grouping method on immunologic 

parameters from peripheral blood determined clusters by local maxima of the overall 

density function. However, one can question the validity of the in vitro interleukin 

evaluation tests. Using parameters from GCF or saliva [Loos and Tjoa, 2005] is an 

alternative that may enhance the prediction or generalization ability of ANNs. Our 

hypothesis that the host immune response level is the determinant of periodontitis 

disease rate [Papantonopoulos et al., 2013], agrees with the recently proposed 

paradigm for periodontitis pathogenesis [Bartold and Van Dyke, 2013]; it is suggested 

that even the immune response level mounted at the early stage of gingivitis is the 

determinant factor of periodontitis progression and not the presence of specific 

bacteria known for their virulent properties. On this basis it becomes meaningful to 

use immunologic parameters by nonlinear methods to discriminate AgP from CP.  

 

It is currently understood that for the behavior of a complex disease many 

components intricately and dynamically interact; the emergence of the behavior of a 

complex system cannot be explained by considering its contributing parts separately 

(the whole does not equal the sum of the parts) [Nicolis and Nicolis, 2012]. The 

biological relevance of our results can be evaluated through the above realization. A 

complex system is not static: it undergoes continuous scale transformations. At one 
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scale some factors compete to each other and at another scale below or above they act 

in synergy. That makes it difficult to find significant differences between AgP and CP 

when simple comparisons are made, for example by mean values of immunologic 

parameters. On the other hand, ANNs start nearly linear (with weights near zero) and 

become nonlinear as the weights increase [Hastie et al., 2009]. As they grow they 

learn the nonlinear patterns of the data through the backpropagation of their 

misclassification error. However, the problem with ANNs remains their 

generalization ability and overfitting is always a concern [Zhang, 2000]. 

 

The limitations of the methodology used in this study should be addressed. 

First of all, there are no rules for determining how large a sample should be for 

justifying the application of ANNs. However, having larger samples would allow us 

to leave a portion of the patients entirely out of the training process to finally evaluate 

upon this portion the general performance of the models. This seems to be an 

objective way to test the generalization ability of the models. Secondly, regarding the 

ANNs design, it is better to have too many hidden units than too few. The number of 

hidden units varies in relation to the number of inputs and the size of the training 

sample, usually being in the range of 5 to 100 [Hastie et al., 2009]. With too few 

hidden units, the model might not have enough flexibility to capture the nonlinearities 

in the data; with too many hidden units the model will suffer from overfitting. 

Overfitting is avoided by early stopping or regularization. A common technique of 

regularization is to add a penalty in the error function, as we actually did (see text S1). 

By early stopping or by regularization we want to stop training well before we 

approach the global minimum, where neural networks with too many weights 

generally overfit the data. Third, not removing irrelevant input features would affect 

the classification accuracy of the network. Feature pruning typically increases the 

generalization ability of classifiers [Zhang, 2000]. It is realized, however, that a 

variable, even though useless by itself, can be useful in combination with others 

[Guyon and Elisseeff, 2003]. Therefore, a limited set of candidate features may miss a 

potent combination of features. On the other hand, the variance-bias trade-off problem 

calls for our attention when we increase the complexity of the model. Too many 

features will decrease the training error by overfitting and at the same time will 

increase the test (generalization) error [Hastie et al., 2009]. 
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The diagnostic criteria for AgP and CP were different among the 4 patient 

groups used for this study. One sample [Papantonopoulos, 2004] was selected on the 

basis of the presence of severe periodontitis with no discrimination of AgP or CP. The 

sole criterion of disease severity was obviously inadequate to predict the future 

behaviour of all patients. A small subgroup of patients showed a 5 times higher rate of 

longitudinal bone loss than the main cluster of patients (Figure 3A). This is definitely 

a group of patients with aggressive disease behaviour. Takahashi’s group [2001] used 

the current classification scheme [Armitage, 1999]; however, discrimination of AgP 

and CP was as much as possible precise, resulting in a group of “suspected” for AgP 

patients, which contributed to KDE but was not used in ANNs. The other two samples 

used in this study suffered of a crude method in designating patients into the AgP or 

CP group. Obviously one can argue why we should concern ourselves for a 

complicated method while by taking the age of 35 as a cutoff point, one has a 

classification [Van der Velden, 2005]. However we demonstrated that even in “noisy” 

samples (some AgP cases are declared CP and vice versa) a host immune classifier 

can work with arbitrary accuracy. We assume this kind of noise is present even with 

the established criteria for AgP diagnosis [Armitage, 1999]. Recently a study using a 

transcriptome classifier with four supervised learning methods reported good 

prediction results by one of the four; AgP or CP diagnosis was strictly made by the 

established criteria [Kebschull et al., 2013]. The authors suggested possible 

heterogeneity within the AgP and CP classes based on the variability of the results of 

the four methods. The combined use of unsupervised with supervised learning 

methods can be an attempt to reduce true misclassification error [Hastie et al., 2009].  

We realize that the AgP diagnostic criteria for the patients of sample-2 limit the 

generalization ability of the ANN results based on it. 

 

In conclusion, we demonstrated by KDE methods possible evidence of two 

clusters on clinical and most immunological data from periodontitis patients. By the 

use of ANNs we can effectively classify periodontitis patients by their immune 

response profile into the AgP or CP class. We anticipate that future work on bigger 

samples extending the results of the present study and employing a wider array of 

parameters can turn personalized treatment of periodontitis from concept to reality. 
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Supporting Information 

 

Text S1 in File S1 Selection of a kernel function; Fitting clinical datasets to 

probability models; Constructing multilayer perceptron neural networks. 

 

Table S1 in File S1 The fit of probability distribution models to clinical and 

immunological data. 

 

Table S2 in File S1 Input feature selection by automatic relevance determination. 

 

Table S3 in File S1 Comparison of two multivariate analyses to artificial neural 

networks. 

 

Figure S1 An example of quantile to quantile plots. 
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Supporting Information  

Text S1 

Selection of a kernel function 

Given a sample of n observations X1, X2…Xn we define the density estimator 

[Silverman, 1986] as   

                                       
1

1ˆ ( ; ) ( )
n

i

i

x Xf x h K
nh h

                                  (A.1), 

where h is the bandwidth or smoothing parameter and K a kernel function. The choice 

of K and h determines the amount of smoothing of the data [Hall and Kang, 2005]. 

The choice of K is less important than the choice of h. We would like to have a value 

of h that minimizes the distance between the real and the estimated density. The 

optimal selection of h is the one that minimizes the mean integrated squared error 

(MISE) [Sheather, 2004] given by the expression 

                             2( ( )) { ( ; ) ( )}MISE f x E f x h f x dx                           (A.2), 

with E standing for expected. 

To estimate h we follow Silverman’s rule-of-thumb formula which is 

                                  )12/(1)( v
v nkCh                                                   (A.3), 

where is the standard deviation of the mean of the sample, v the order of the kernel 

and Cv(k) a constant of proportionality specific for the chosen kernel. The order v of a 

kernel is the first non-zero moment of it. 

 

For this study, we select the Epanechnikov kernel [Hall and Kang, 2005] given 

by the expression 

                        
23 1(1 ) / 5 5

( ) 4 5
0

u if u
K u

otherwise
                            (A.4). 

Since K(u) is non-negative and integrates to 1, it can serve as a probability density 

function (pdf). As a symmetric pdf it is also of second order (v = 2). Thus, for the 

Epanechnikov kernel the constant in (A.3) is estimated as Cv(k) = 2.34 for v = 2. The 

Epanechnikov kernel is often called the optimal kernel, since with optimal bandwidth 

it yields the lowest MISE [Sheather, 2004]. 
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For multivariate joint density estimation the density estimator (A.1) becomes 

                   )()....()(
....
1)(

21 121 D

ii
n

i

i

D h
XxK

h
XxK

h
XxK

hhnh
xf         (A.5) 

and the rule-of-thumb bandwidth hD gives 

                                 )2/(1),( qv
vDD nqkCh                                            (A.6) 

with q is the number of variables. For the Epanechnikov kernel and for q = 2 and v = 

2 we have Cv(k,q) = 2.20.  

 

Since we are interested in bivariate joint KDE, instead of taking the product of 

two univariate Epanechnikov kernels as in equation (A.5) we opted for the bivariate 

Epanechnikov kernel given by the expression  

               
1 2 2 2 2

1 2 1 2
1 2

(2 ) (1 )  1,
( , )            

0  
u u if u u

K u u
otherwise

  (A.7).                       

The reason for the above choice is that Formula (A.5) assumes some kind of 

independence between the variables Xi, while (A.7) does not. Therefore, the bivariate 

Epanechnikov kernel assigns equal weight to two points that are equidistant from the 

reference point. 

 

When a dataset was found to have a bounded support as for instance over an 

interval (α, β), we needed to transform the data in values extending over the full 

interval (-∞, +∞) [Simonoff, 1996]. To this end we employ the transformation                

                                            
x

xxg log)(                                          (A.8), 

and the kernel function assumes the form        

                                        )11())(log()(
xxx

xfxt                              (A.9). 

 

 

Fitting clinical datasets to probability models  

A parametric approach assumes a known distribution model, while the 

objective of fitting distribution models to data is to find the most appropriate type of 

model and parameter values (mean, variance, etc) that give the highest probability of 

producing the observed data. Investigating the fit of clinical and immunologic data to 
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probability distribution models, we first used Q-Q plots to visually identify competing 

candidate models (an example is shown in Figure S1), which we subsequently 

evaluated by their AIC scores [Burnham and Anderson, 2004] (Table S1).  

 

The so–called Akaike information criterion (AIC) [Sakamoto et al., 1986] is 

given by the following expression 

                              )ln(2)
1
22( maxL

kn
knAIC                                     (B.1), 

where n is the number of observations in a dataset, k the number of parameters 

involved in the probability density function (pdf) of the model and Lmax the maximum 

joint probability density for the observed data defined, for instance for  k = 2, as  

                               
i

ixfxL ),,(),,(max                                        (B.2),                               

where ,  are the maximum likelihood estimation (MLE) values of these 

parameters and f(x,λ,θ) the corresponding pdf of the model under consideration 

[Myung, 2003]. 

 

In general, the model with the least AIC value is promoted. However, the 

differences by AIC between two models were tested for statistical significance using 

the χ2 test based on the following expression [Burnham and Anderson, 2004]  

                                     22i i j jAIC AIC                                          (B.3), 

where i is the degrees of freedom of the first model (number of parameters involved 

in the pdf of the model) and j the difference in the degrees of freedom between the 

two models.  

 

The pdfs of the five models under consideration are given by the well known 

formulas [Vose, 2008]: 

The Exponential model )exp()( xxf  for x ≥ 0, (otherwise f(x) = 0)            (B.4),                               

The Weibull model )/(exp)()( 1 xxxf for x ≥ 0, (otherwise f(x) = 0)  (B.5), 

The Pareto model 1
min)(

x
xxf  for x ≥ xmin with xmin = λ                                    (B.6),                               
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The Gamma model 
)(

)/exp()(
1 xxxf  with )!1()(                          (B.7),                               

where λ is a scale factor and θ is a shape factor in the above functions.  

Finally the Normal model is given by )
2

)(exp(
2
1)( 2

2

2

xxf               (B.8), 

with μ the mean and σ2 the variance of the sample’s distribution. 

 

To derive a value for Lmax from equation B.2 we need the MLE 

estimates and . Estimating and by the MLE method is not always an easy task. 

Among various techniques we may try to solve the equation  

                                              0
)(xL

                                                              (B.9). 

Often, but not always,  is a solution of (B.9). Nevertheless, from the literature [19], 

we may use the formulas, 

min
1

/ ( )
n

i
i

n x x , for pdf (B.4), while for equation (B.5) we know that  can be 

obtained iteratively from 1

1 1 1

1( ln ) / ln 0
n n n

i i i i
i i i

x x x x
n

 to yield 

1

1 n

i
i

x
n

. For pdf (B.6) we have  minix  and n

i
ix

n

1
)/log(

,  for (B.7)   is 

determined iteratively from 
n

i
i

n

i
i x

n
x

n 11

ln1)1ln(
)(
)(ln , where 

)(
)( is the 

digamma function, yielding
n

i
ix

n 1

1  and for (B.8) we have 
n

i
ixn 1

1 and 

2

1

2 )(1 n

i
ixn

. 

 

The Cumulative Probability Functions (cpfs) are given by the following 

formulas [Vose, 2008]: 

For the Exponential model: )exp(1);( xxF for x≥0   (0 if x<0)              (B.10), 

For the Weibull model:  ])/(exp[1),;( xxF                                       (B.11), 
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For the Pareto model:    )(1),;(
x
xxxF m

m for x≥xm   (0 if x< xm)                (B.12), 

For the Gamma model:   
)(
)/;(),;( xxF                                                 (B.13), 

where γ is the lower incomplete gamma function. 

For the Normal model:     )]
2

(1[
2
1),;( 2 xerfxF                                  (B.14), 

 where erf is the Error function. 
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Constructing multilayer perceptron neural networks 

At the hidden layer the network computes the activation of CE values by 

summing all values using arbitrary weights (wi) to initiate the network as 

                                                    
N

t
iiCEwA

1

                                                      (C.1). 

The sum is transferred to the outcome layer by the sigmoid logistic function, given by  

                                              
)exp(1

1
A

Outcome                                            (C.2), 

where the final result of the network exits as AgP or CP class through again the 

sigmoid logistic function [Abdi, 2003]. Function (C.2) gives 1 (if outcome is close to 

1) or 0 (if outcome is close to 0).  

 

Synaptic weights in the network are adjusted to the classification error of the 

outcome produced by the network itself. Positive weights in the synapses of the 

network are considered excitatory and negative ones inhibitory. The error of the 

classification is estimated as  

                                                        
N

i
iytE

1

2)(
2
1                                             (C.3), 

where t is the target (desired) outcome set to a “reachable” value 0.9 or 0.1 by the 

network (and not 1 or 0) and y the outcome of the network.  

 

The error signal (C.3) propagates backwards and trains the ANN by iteratively 

reducing weights (wi) by a factor  

                                                        
i

new w
E                                                  (C.4).  

η is an arbitrarily chosen number from the domain [0,1] called the learning rate. To 

regularize weight decay we can apply a penalty to the error function (C.3) and then 

C.4 becomes 

                                             i
i

new w
w
E                                                  (C.5) 

where λ is a regularization parameter. The old weights in the iterative procedure 

described above are multiplied by a momentum coefficient (m) from the domain [0,1] 

which reduces rapid fluctuations and aids to convergence. 
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 Using (C.1) and (C.2) with y = outcome and CEi = xi and differentiating (C.3) with 

respect to wi we obtain the backpropagation logarithm called gradient descent  

                                   ( ) (1 )i
i i i

i i i

yE E y t y y x
w y w

                                        (C.6). 

 

By the iterative procedure described above (each iteration is called epoch) we 

perform supervised learning till we minimize the error of the network to the 

maximum extent. A software package (SPSS v 17.0 programme, IBM, Chicago) was 

used for running the networks.  

 

10-fold cross validation for the determination of the weight decay 

regularization parameter λ entailed random partitioning of the sample to 10 equally 

sized groups. We trained the subsample of the 9-groups with the classifier and 

estimated the error of the network on the “left out” 10th group. In training the 9-

groups subsamples we activated the automatic relevance determination for input 

feature selection for each step of the cross validation. In this way input features were 

not fixed for all steps and the “left out” group remained unknown to the training 

process. We iterated the processes until all subgroups were used as “left out” group 

and we aggregated the error. We repeated the process for 12 values in the range from 

0.1 to 0.00005 and selected the value producing the least 10-fold validation score.  

 

Cases with missing values were excluded from the ANNs analysis. While 

there were very few missing values in samples 2, 3 and sample-4 for IgG titers, they 

were quite apparent in data for interleukins (sample-4). The size of the sample in the 

latter case was reduced by 30%. 
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Table S1. The fit of probability distribution models to clinical and immunological 

data from previous studies.a,b,c,d,e The promoted model by the least Akaike 

information criterion (AIC) value is highlighted in bold. Symbol λ is a scale and θ a 

shape parameter in the models’ probability density functions (pdfs), computed by the 

maximum likelihood estimation (MLE) method. Symbol σ is the standard deviation 

and x the mean value for the normal model.  

Parameter 
Competing 

models 

MLE estimation 

of  pdf 

parameters 

AIC-value 
p-value 

by the x2 test 

Radiographic bone loss levela 

 

Baseline  

mean radiographic 

bone loss level 

Gamma (G) 

vs 

Normal (N) 

 

G(λ) = 0.292 

G(θ) = 24.191 

N (σ) = 1.439 

N )(x = 7.079 

 

G = 216.60 

 

N = 103.38 

<10-5 

 

Longitudinal mean 

radiographic bone 

loss level change 

Gamma (G) 

vs 

Normal (N) 

 

G (λ) = 0.272 

G (θ) = 1.093 

N (σ) = 0.285 

N )(x = 0.298 

 

G = 28.02 

 

N = 9.42 

<10-5 

Lymphocytesb 

Total lymphocytes 

Gamma (G) 

vs 

Normal (N) 

 

G (λ) = 0.153 

G (θ) = 12.852 

G = 149.51 

 

N = 131.99 

<10-5 
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N (σ) = 0.547 

N )(x = 1.961 

CD4/CD8f ratio 

Gamma (G) 

vs 

Weibull (W) 

 

G (λ) = 0.342 

G (θ) = 5.904 

W (λ) = 1.091 

W (θ) = 0.137 

 

G = 174.97 

 

W = 550.37 

<10-5 

CD3 

Gamma (G) 

vs 

Exponential (E) 

G (λ) = 0.128 

G (θ) = 11.390 

E (λ) = 1.162 

G = 85.10 

 

E = 236.14 

<10-5 

CD19g Weibull (W) 
W (λ) = 0.704 

W (θ) = 0.266 
  

Leukocytesc 

Monocytes 

Gamma (G) 

vs 

Normal (N) 

 

G (λ) = 0.048 

G (θ) = 9.204 

N (σ) = 0.146 

N )(x = 0.444 

 

G = -78.27 

 

N = -73.47 

0.009 

Eosinophiles 

Gamma (G) 

vs 

Normal (N) 

G (λ) = 0.051 

G (θ) = 3.109 

N (σ) = 0.089 

N )(x = 0.158 

G = -144.79 

 

N = -143.34 

0.063 (NS) 

Neutrophils 

Gamma (G) 

vs 

Weibull (W) 

 

G (λ) = 0.661 

G (θ) = 5.776 

G = 265.43 

 

W = 402.49 

<10-5 
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W (λ) = 10.290 

W (θ) = 1.672 

 

Basophilsg Normal (N) 
N (σ) = 0.025 

N )(x = 0.056 

 
 

Immunoglobulinsd 

IgGh 

Gamma (G) 

vs 

Normal (N) 

 

G (λ) = 0.584 

G (θ) = 17.398 

N (σ) = 2.434 

N )(x = 10.153 

 

G = 362.65 

 

N = 369.36 

0.0032 

IgA 

Gamma (G) 

vs 

Weibull (W) 

 

G (λ) = 0.419 

G (θ) = 5.049 

W (λ) = 1.289 

W (θ) = 0.369 

 

G = 205.65 

 

W = 428.54 

<10-5 

IgM 

Gamma (G) 

vs 

Weibull (W) 

G (λ) = 0.539 

G (θ) = 3.024 

W (λ) = 1.172 

W (θ) = 0.389 

G = 185.07 

 

W = 372.79 

<10-5 

Host response moleculese 

IL-1i 

Gamma (G) 

vs 

Weibull (W) 

G (λ) = 418.58 

G (θ) = 0.534 

W (λ) = 233.09 

G = 583.02 

 

W = 578.52 

0.011 
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W (θ) = 1.006 

IL-2 

Gamma (G) 

vs 

Weibull (W) 

G (λ) = 4.196 

G (θ) = 1.082 

W (λ) = 1.251 

W (θ) = 0.168 

G = 284.34 

 

W = 469.18 

<10-5 

IL-4 

Gamma (G) 

vs 

Exponential (E) 

G (λ) = 4.876 

G (θ) = 2.235 

E (λ) = 0.092 

G = 294.44 

 

E = 312.74 

<10-5 

IL-6 

Gamma (G) 

vs 

Weibull (W) 

G (λ) = 374.55 

G (θ) = 0.550 

W (λ) = 17.11 

W (θ) = 0.564 

G = 458.33 

 

W = 549.77 

<10-5 

TNF-αj 

Gamma (G) 

vs 

Exponential (E) 

G (λ) = 359.94 

G (θ) = 1.322 

E (λ) = 0.002 

G = 843.66 

 

E = 816.96 

<10-5 

INF-γk 

Gamma (G) 

vs 

Weibull (W) 

G (λ) = 96.016 

G (θ) = 0.541 

W (λ) = 1.229 

W (θ) = 0.063 

G = 539.26 

 

W = 757.87 

<10-5 

IgG antibody titers  

A.a.l titers 

Gamma (G) 

vs 

Exponential (E) 

G (λ) = 12.229 

G (θ) = 0.132 

E (λ) = 0.493 

G = 453.14 

 

E = 398.11 

<10-5 

P.g.m titers 

Gamma (G) 

vs 

Exponential (E) 

G (λ) = 26.205 

G (θ) = 0.273 

E (λ) = 0.131 

G = 846.57 

 

E = 839.60 

0.0027 
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C.o.n titers 

Normal (N) 

vs 

Exponential (E) 

N (σ) = -0.073 

N )(x = 0.607 

E (λ) = 0.901 

N = -8.08 

 

      E = -9.09 

0.083 (NS) 

a (Papantonopoulos, 2004) 
b (Loos et al., 2004) 
c (Loos et al., 2000) 
d (Graswinckel et al., 2004) 
e (Takahashi et al., 2001) 
f CD = cluster of differentiation 
g no second competing model was indicated by Q-Q plots 
h Ig = immunoglobulin 
i IL= interleukin 
j TNF-α = tumor necrosis factor 
k INF-γ = interferon 
l A.a. = Aggregatibacter actinomycetemcomitans(Y4 antigen) 
m P.g. = Porphyromonas gingivalis(FDC381 antigen) 
n C.o. = Capnocytophaga ochracea 
  
 

 



 

91 
 

 

Table S2. Input feature selection by automatic relevance determination (ARD). 

Features showing low posterior weight distribution variance are excluded (in bold the 

selected features). These results are generated using the whole samples from which 

parameters originate. During 10-fold cross validation for determining the weight decay 

regularization parameter of neural networks, ARD is repeated at each step, but each 

time with a “left out” subgroup not included. 

Parameter Posterior weight distribution variance  

ANN1 

CD4/CD8a 

CD3 

CD19 

Lymphocytes 

Neutrophils 

Monocytes 

Eosinophils 

Basophils 

3.026 

0.592 

1.340 

1.663 

2.477 

2.438 

2.999 

0.000 

ANN2 

IL-1b 

IL-2 

IL-4 

IL-6 

TNF-αc 

IFN-γd 

10.363 

5.537 

12.425 

5.459 

9.985 

18.678 

ANN3 
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A.a.(Y4) titerse 

A.a. (ATCC 29523) titers 

A.a. (SUNY67) titers  

C.o. (S3) titers f 

E.c. (ATCC 23834) titers g 

F.n. (ATCC 25586) titers h 

P.i. (ATCC 25611) titers i 

P.n. (ATCC 33563) titers k 

P.g.  (FDC381) titers l 

P.g. (SU63) titers 

T.d. (ATCC 35405) titers m 

W.s. (ATCC 29543) titers n 

 

 

11.207 

0.757 

1.727 

4.666 

0.829 

4.269 

3.032 

2.298 

5.019 

3.076 

0.359 

3.296 

 

 

a CD = cluster of differentiation 
b IL= interleukin 

c TNF-α = tumor necrosis factor 
d INF-γ = interferon 
e A.a. = Aggregatibacter actinomycetemcomitans 
f C.o. = Capnocytophaga ochracea 
g E.c. = Eikenella corrodens 
h F.n. = Fusobacterium nucleatum 
i P.i. = Prevotella intermedia 
k P.n. = Prevotella nigrescens 
l P.g. = Porphyromonas gingivalis 
m T.d. = Treponema denticola 
n W.s. =Wolinella succinogens 
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Table S3. Two multivariate analyses that produce inferior results compared to 

artificial neural networks (ANNs) reported in Table 1. Input features are the same as 

with ANNs selected for them (in bold) by automatic relevance determination (ARD). 

Input features 

Canonical discriminant 

analysis 

  Sens.                    Spec. 

Binary logistic regression 

 

  Sens.                    Spec. 

ANN1 

CD4/CD8a 

CD3 

CD19 

Lymphocytes 

Neutrophils 

Monocytes 

Eosinophils 

Basophils 

 

All features 

  62.5%                    72.3% 

 

selected by ARD 

 50.0%                     72.3% 

 

All features 

55.6%                   71.9% 

 

selected by ARD 

   50.0%                    72.3% 

 

ANN2 

IL-1b 

IL-2 

IL-4 

IL-6 

TNF-αc 

IFN-γd 

 

All features 

 75.0%                  75.0% 

 

selected by ARD 

 80.0%                     77.5% 

 

 

All features 

75.0%                     80.6% 

 

selected by ARD 

   80.0%                    77.5% 

 

ANN3 
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IgG titers of: 

A.a.(Y4) e 

A.a. (ATCC 29523) 

C.r. (ATCC 33238) f 

C.o. (S3) g 

E.c. (ATCC 23834) h 

F.n. (ATCC 25586) i 

P.i. (ATCC 25611) k 

P.n. (ATCC 33563) l 

P.g.  (FDC381) m 

P.g. (SU63) 

T.d. (ATCC 35405) n 

W.s. (ATCC 29543) o 

 

 

All features 

71.1%                  66.7% 

 

selected by ARD 

49.1%                     75.0% 

 

 

All features 

73.8%                     78.3% 

 

selected by ARD 

50.0%                    64.2% 

 

a CD = cluster of differentiation 
b IL= interleukin 

c TNF-α = tumor necrosis factor 
d INF-γ = interferon 
e A.a. = Aggregatibacter actinomycetemcomitans 
f C.r. = Campylobacter rectus 
g C.o. = Capnocytophaga ochracea 
h E.c. = Eikenella corrodens 
i F.n. = Fusobacterium nucleatum 
k P.i. = Prevotella intermedia 
l P.n. = Prevotella nigrescens 
m P.g. = Porphyromonas gingivalis 
n T.d. = Treponema Denticola 
o W.s. =Wolinella succinogens 
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Gamma Q-Q plot Exponential Q-Q plot

Normal Q-Q plot Weibull Q-Q plot

Monocytes dataset

0.1 0.90.45 0.1

0.1 0.1

0.45

0.45

0.9

0.90.9 0.45

 
Figure S.1. Quantile to quantile plots (Q-Q plots): The fit on the diagonal line 
indicates how close the tested distribution approximates a probability model. This can 
serve as the first visual inspection for a subsequent analysis by information-theoretic 
criteria. Here four Q-Q plots for the monocytes dataset. 
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CHAPTER 4 

Peri-implantitis: a complex condition with nonlinear 

characteristics 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
This chapter has been published: 
Papantonopoulos G, Gogos C, Housos E, Bountis T, Loos B. Peri-implantitis: a 
complex condition with nonlinear characteristics. J Clin Periodontol 2015; 42:789-
798, doi:10.1111/jcpe.12430. 
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Abstract 

Aim: To cluster peri-implantitis patients and explore nonlinear patterns in peri-

implant bone levels. 

Materials & Methods: Clinical and radiographic variables were retrieved from 94 

implant-treated patients (340 implants, mean 7.1 ± 4.1 years in function). Kernel 

probability density estimations on patient mean peri-implant bone levels were used to 

identify patient clusters. Interrelationships of all variables were evaluated by principal 

component analysis; a k-nearest neighbors method was performed for supervised 

prediction of implant bone levels at the patient level. Self-similar patterns of mean 

bone level per implant from different jaw bone sites were examined and their 

associated fractal dimensions were estimated. 

Results: Two clusters of implant-treated patients were identified, one at patient mean 

bone levels of 1.7 mm and another at 4.0 mm. Five of thirteen available variables 

(number of teeth, age, gender, periodontitis severity, years of implant service), were 

predictive for peri-implant bone levels. A high jaw bone fractal dimension was 

associated with less severe peri-implantitis. 

Conclusions: Nonlinearity of peri-implantitis was evidenced by finding different peri-

implant bone levels between two main clusters of implant-treated patients and among 

six different jaw bone sites. The patient mean peri-implant bone levels were predicted 

from 5 variables and confirmed complexity for peri-implantitis.  
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Introduction 

  Peri-implantitis has been defined as the pathological condition of the 

combined marginal bone loss and bleeding on probing (i.e. inflammation) between the 

implant surface and the surrounding soft tissues after initially successful osseo-

integration and functional loading [Zitzmann and Berglundh, 2008]. 

 

Peri-implantitis is generally considered to share common characteristics and 

risk factors with periodontitis [Heitz-Mayfield and Lang, 2010]. However, it seems 

that occlusal overloading and certain implant designs can be important factors for 

marginal bone loss around oral implants [Qian et al., 2012]. Peri-implantitis is now 

realized as a multi-causal condition with several risk factors playing their role 

simultaneously [Moy et al., 2005]. There is no recognized genetic or immune profile 

for peri-implantitis susceptibility [Van Dyke, 2012] and there is no evidence 

concerning the existence of one, two or several types of clinical peri-implantitis. 

 

Complex systems are characterized by the unpredictable nonlinear 

(disproportional) interrelationships of multiple variables [Nicolis and Nicolis, 2012]. 

Recently periodontitis was mathematically modelled as a chaotic non-linear system 

with the periodontal ligament around teeth in the role of a “strange attractor” with a 

fractal dimension (FD) of 1.85 [Papantonopoulos et al., 2013]. Strange attractors are 

fractal objects: they consist of elementary units and possess a geometry showing self-

similarity, a property observed in many nonlinear dynamical systems [Schuster and 

Just, 2005]. Jaw bone has also been described as a fractal object with FD in the range 

1.36-1.65 [Yasar and Akgünlü, 2005]. Comparing pathological lesions around 

implants and teeth, in peri-implantitis and periodontitis respectively, it was 

hypothesized that the different dynamics in their progression was due to the absence 

of periodontal ligament around implants [Berglundh et al., 2004]. Non-linearity 

relates to the scale invariant space (the result of self similarity) provided by strange 

attractors and unfolds in an exponential manner [Schuster and Just, 2005]. Peri-

implantitis can advance rapidly and unexpectedly in a short period of time, and 

therefore we can suspect non-linearity in its progression [Fransson et al., 2009].  

 

A data mining method capable of quantifying the differences in marginal bone 

loss proclivity patterns around oral implants is to compare the degree of regularity or 
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roughness of these patterns. This is achieved by estimating and comparing the FD of 

relevant datasets ([Kumaraswamy et al., 2004]. FD by definition refers to self-

similarity patterns in the datasets and is considered a measure of the spread of the 

data, specifically how the number of neighbor values within a distance in a dataset 

increases with increasing distance.  

 

Kernel density estimation (KDE) is an unsupervised learning method to search 

for clusters of patients on the basis of peaks of probability densities in the distribution 

of a series of available parameters [Sheather, 2004]. It is called unsupervised because 

the outcome is not a priori known. However, when a specific outcome parameter is 

known (e.g. bone loss around implants), the learning process is called supervised; it is 

learning by example. K-nearest neighbors (KNN) is a nonparametric learning method 

[Hastie et al., 2009] that can be used for supervised classification and regression 

purposes in complex problems such as peri-implantitis. 

 

Statistical learning theory models receive data (observations) as inputs and 

output features (classification) or future data (regression) regarding the behavior of a 

complex system. By design the predictive models of this kind aim to overcome the 

exponential growth of complexity in a high number of input variables [Hastie et al., 

2009]. Principal component analysis (PCA) is a non-parametric unsupervised method 

[Lay, 2000] that reduces the dimensionality of a model. The dimensionality of a 

model is the number of fundamental input variables used by the model. Performing 

PCA we remove irrelevant sources of variation that would otherwise prevent a good 

predictive performance of a model [Guyon and Elisseeff, 2003]. PCA can extract the 

hidden simplified dynamics of a system from a set of confusing input datasets; it 

makes no assumptions about an underlying causal model. Therefore, PCA is a suitable 

method for feature reduction in investigating a complex disease like peri-implantitis.  

 

We hypothesize that peri-implantitis is a complex condition with alveolar bone 

as its strange attractor. The aims of this study are (1) to explore by data mining 

methods the non-linear characteristics of peri-implantitis using clinical data, 

retrospectively retrieved from a group of implant-treated dental patients in a private 

periodontal practice and (2) to search by statistical learning methods for the existence 
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of possible clinical clusters of implant-treated patients and possible predictors of peri-

implantitis occurrence and its level of severity. 
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Materials & Methods 

Dataset 

A clinical dataset was constructed retrospectively, comprising patients having 

had dental implant treatment and being re-examined in the period September 2013 – 

February 2014 for a regular check up or maintenance treatment in a private 

periodontal practice in Patras, Greece. The study was approved by the regional 

bioethical committee for the prefecture of Achaea, Greece.  

 

Patient records were screened for available clinical and radiographic data 

which were collected in the aforementioned time period. The inclusion criterion was a 

fixed or removable prosthesis overlying a single or multiple implants functioning for 

at least 2 years. The exclusion criteria were (1) platform switching in abutment use or 

any other design of the prostheses that could prevent probing of the peri-implant 

tissues (an implant was excluded if at any of the interproximal surfaces it was not 

possible to access the peri-implant pocket), (2) the presence of cement remnants or 

overhanging that could cause an obvious tissue reaction (detected on periapical 

radiographs or revealed by soft tissue recession), (3) a history of surgical treatment of 

peri-implantitis with the use of bone grafting material. 

 

From all records screened 99 individuals qualified by the inclusion criterion 

presenting totally 353 implants. Five patients with 13 implants had to be excluded for 

the aforementioned reasons, thus finally leaving 94 patients with 340 implants for 

analysis. The surgical placement of the implants had been performed by one of the 

authors (GP) and the prosthetic treatment was carried out by referring dentists after a 

healing period of 3-6 months. The implants used in the patients came from two 

brands: Southern implants (South Africa) and Nobel Biocare (Gothenburg, Sweden).  

 

The clinical and radiographic measurements had been carried out by one of the 

authors (GP). All background characteristics of the included 94 patients, who were 

retrieved for the dataset, are presented in Table 1. 

 

Measurements of bone level around implants were made at the mesial and 

distal aspects of the implants on available long-cone parallel technique analogue 

radiographs. Along the implant surface, the distance between a reference point (the 
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fixture–abutment connection or if not visible, the abutment–crown connection) and 

the most coronal point of normal bone-to-implant contact was recorded to the nearest 

0.5 mm. Assessments were performed using a drawing compass, a transparent ruler 

with increments of 0.5 mm, and a magnifying lens (7x) over an illuminated table. 

Duplicate measurements were made 3 weeks apart on the radiographs of 10 patients. 

The mean difference and the Pearson correlation coefficient between the two sets of 

measurements were 0.1 mm ± 0.7 mm and 0.95 respectively. 

  

A diagnosis of peri-impantitis was established when a bone level ≥3 mm 

apical to the aforementioned fixed point (involving at least 2 threads of the implant) 

combined with a pocket showing probing depth (PD) ≥5 mm and bleeding 

/suppuration within 30 seconds after PD measurement [Berglundh et al., 2002]. The 

distance between the threads of the implants was 0.6 mm or 0.8 mm for some types of 

conical implants. Therefore, the diagnostic threshold of  ≥3 mm corresponded to a 0.7 

mm height of the neck of implants, plus 0.6 mm or 0.8 mm two times, plus 0.7 mm 

for the SD of the measurement (total sum = 2.6 – 3.0 mm). Pocket depths were 

recorded at the mesial, buccal, distal and lingual surfaces of implants with the use of a 

manual periodontal probe with a tip of a diameter 0.4 mm (Williams probe, Hu-Friedy, 

Chicago, IL, USA). Plaque scores (% of tooth and implant surfaces with visible 

plaque accumulation) were recorded after the application of a plaque disclosing agent.  

  

Kernel probability density estimation 

For the estimation of univariate or bivariate KDE of the data distribution for 

patient mean peri-implant bone level (PMPIBL), we had to select an appropriate 

kernel function (Kl) and the bandwidth (h) or data smoothing parameter for the 

method [Simonoff, 1996]. We selected the Epanechnikov kernel for univariate KDE 

and the bivariate Gaussian kernel for bivariate KDE ([Hall and Kang, 2005]. To 

estimate h we followed Silverman’s recommendation (Silverman 1986). 

 

Principal component analysis 

Using PCA we created uncorrelated linear combinations of the observed 

variables [Lay, 2000]. Successive components explain progressively smaller portions 

of the variance and are all uncorrelated with each other. PCA provides eigenvalues 
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that indicate the amount of variance explained by each principal component or each 

factor.  

 

K-nearest neighbors (KNN) regression 

A weighted average inverse distance from the k-nearest multivariate neighbors 

was estimated [Veenman and Reinders, 2005]. K is typically selected by 5 or 10-fold 

cross-validation over a requested range. 

 

PCA worked as a feature reduction method for the KNN model [Malhi and 

Gao, 2004]. Subsequently, a forward feature selection was carried out on the PCA 

extracted inputs and continued until the change in the absolute error ratio (set to a 

minimum sum-of squares chosen by 5-fold cross validation among the values of 0.001, 

0.005, 0.01 and 0.05) [Hastie et al., 2009], indicated that the model could not be 

further improved by adding more features. A random 30% of the sample was chosen 

as a hold out sample to test the model’s performance. Importantly, the hold out 

sample was chosen before the two v-fold cross validation procedures described above 

were undertaken [Hastie et al., 2009]. 

 

The dependent variable in KNN was cross entropy (CE) transformed PMPIBL. 

CE is a non-symmetric measure of the difference between two probability 

distributions [de Boer et al., 2005]. Using CE transformed PMPIBL values instead of 

the original values has been found to convey a regularization effect on complex 

models, by shrinking metric weights [Papantonopoulos et al., 2014]. To compare the 

KNN model to other approaches, we used a binary logistic regression (BLR) model in 

a supervised task to classify implant-treated patients as having or not a diagnosis of 

peri-implantitis. 

 

Datasets fractal dimension analysis 

We estimated the FD of individual implant mean bone loss (IIMBL) datasets from 

various jaw bone sites (JBS) using the vector quantization technique [Kumaraswamy 

et al., 2004].  

 

General linear univariate variance analysis (GLUVA) 
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The effect of JBS on IIMBL variability was tested by GLUVA [Snijders, 

2005], which evaluates the interactions of all explanatory variables considered in the 

model having fixed or random effects on the variability of the dependent parameter.  

 

A software package (SPSS v 20.0 programme, IBM, Chicago) was used to 

carry out the statistical works described above.  
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Table 1. Selected clinical and radiographic features from 94 implant-treated patients 

with 340 implants. Values represent mean ± standard deviation (range) or % of 

patients or % implants. 

Features at the subject level findings 

Demographic  

    Age (years) 60.3 ± 9.9 (27 – 80) 

    Gender (male/female) 44.8% / 55.2% 

    Smoking a 42.6%  

    Diabetes 10.6%  

    Other medical conditions b 10.6%  

    Implant function (years) 7.1 ± 4.1 (2 – 20) 

Periodontal and other dental parameters  

    Compliance with recall schedule c 42.6% 

    Number of remaining teeth d 17.9 ± 6.6 (0 – 29) 

    Periodontitis severity with 

   (1) ≥50% of the teeth with ≥50% of bone loss 

   (2) ˂50% of the teeth with≥50% of bone loss 

   (3) no teeth with ≥50% of bone loss 

   (4) total edentulism 

 

58.5% 

25.5% 

12.8% 

3.2% 

    Plaque e 

    patients with ≤ 20% plaque 

39.5% ± 20.0 

29.8%  

    Bleeding on probing f 40.2% ± 21.13 

    PMPIBL g (mm)      2.8 ± 1.4 (0.75 – 9.13) 

    Peri-implantitis h 

    2 threads 

    > 2 threads 

47.9% 

10.7%  

37.2%  

Occlusal or prosthetic details  

    Missing molars occlusion  

    (unilateral or bilateral) 
48.9% 

    Cantilever in prosthetic design i 47.5%  

    Number of implants  3.6 ± 2.4 (1 – 13), 
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Features at the implant level  

    IIMBL j  (mm)         2.9 ± 1.8 (0.75 – 11) 

    Peri-implantitis   

    2 threads 

    > 2 threads 

26.2% 

7.1% 

19.1% 

    Smooth surface 7.4% 

    Cantilever in prosthetic design k 29.1% 

    Distribution of implants in jaw bone sites  

     Upper jaw: incisor-canine 

                        premolar 

                        molar 

     Lower jaw: incisor-canine 

                        premolar 

                        molar  

 

15% 

36.8% 

13.8% 

10% 

11.5% 

12.9% 

    Type of prosthesis  

     single-unit  

     multi-unit fixed  

     over-denture 

 

24.4% 

69.7% 

5.9% 
a. Exsmokers were counted as nonsmokers. 
b. Conditions that could affect the host immune system or bone metabolism were recorded, like 

cancer chemotherapy (3 cases), Sjögren syndrome (2 cases), osteopenia (3 cases), anorexia 
nervosa (1 case) and hepatitis C (1 case). 

c. Compliant with at least 2 out of 3 of the recommended appointments. 
d. Counted at the examination made over the reported time period of September 2013 – February 

2014. 
e. % of tooth and implant sites with visible plaque after the application of a disclosing agent.  
f. % of tooth and implant sites showing bleeding within 30 seconds after probing. 
g. Patient mean peri-implant bone level (PMPIBL) measured on radiographs at interproximal 

sites. 
h. Peri-implantitis defined by bone level from the fixture-abutment connection of ≥ 3mm 

(involving at least 2 threads of the implant), combined with bleeding on probing pockets with 
depth ≥ 5mm.  

i. At least one cantilever present anywhere in the prosthetic design (front or rear tooth region).  
j. The individual implant mean bone level (IIMBL) measured on radiographs at interproximal 

sites.  
k. Up to 2 implants adjacent to a cantilever. 
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Results 

Peri-implantitis was found in 26% of the implants in 48% of the patients 

included in this study (Table 1). Univariate KDE on PMPIBL distribution revealed 

evidence for two possible main clusters of implant-treated patients (modes of 1.7 mm 

and 4.0 mm) (Figure 1A). The largest cluster (mode 1.7 mm) (N = 65) included non-

affected or minimally affected implant-treated patients (92% of the non-affected 

patients belong in this cluster as well as 90% of those diagnosed with peri-implantitis 

with only 2 threads exposed) (Table 1). The second cluster (mode 4.0 mm) (N = 23) 

included patients with considerable reduced peri-implant bone level (84% diagnosed 

with peri-implantitis). A third small cluster of patients (N = 6) with the lowest of peri-

implant bone level was also present (at mode of 6.0 mm including only patients 

diagnosed with peri-implantitis). The distribution of PMPIBL measurements fitted the 

gamma model (from the data we estimated a scale parameter 1.5 and a shape 

parameter 4.26) (Figure 1B). 

 

To identify which parameters best explain the variance in PMPIBL 

measurements, we applied PCA on the collected patient level variables: age, gender, 

smoking, diabetes, other medical conditions, years of implant function, compliance 

with recall, number of teeth, periodontitis severity level, plaque level, missing molars 

occlusion, cantilever in prostheses and number of implants (Table 1). The PCA 

yielded 5 uncorrelated parameters (Figure 2A & B) that showed eigenvalues >1, a 

threshold that when surpassed usually signifies a parameter as principal (Lay 2000).  

 

Bivariate KDE of PMPIBL by number of teeth (Figure 1C) and by age (Figure 

1D) shows that the cluster of patients with considerable reduced peri-implant bone 

level (mean bone level around 4.0 mm) has a lower number of teeth and a younger 

age; this indicates a stronger susceptibility to peri-implantitis in patients with less 

remaining teeth and in younger patients. Number of teeth and age, both inversely 

related to the other parameters, were found to be first and second respectively in the 

order of the principal component list (Figure 2A). A bivariate KDE also shows that 

the second cluster of implant-treated patients with considerable low peri-implant bone 

level exhibits more years of implant function than the patients in the bigger cluster 

(Figure 1E). 
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Regarding the choice of k for the KNN method, 5-fold cross validation 

indicated k to be 24 within the range for k of 3-25. Since the assignment of cases for 

performing 5-fold cross validation was random, we took 10 draws on the training 

group and chose the median value of all trials as k. The five PCA derived parameters 

(Figure 2A) were the inputs for KNN regression. Forward feature selection judged the 

parameters of periodontitis severity and gender as redundant and were therefore 

excluded (Figure 3A). A supervised prediction of PMPIBL with a sum-of-squares 

error 0.03 (0.02 in the hold out sample) (Figure 3A, B & C) was achieved by using 

CE values instead of the original data. In fact, using the original data the model 

produces a large sum-of-squares error (175.05).  

 

The BLR model using a forward likelihood ratio feature selection from the 

PCA extracted principal list, ended with the same three parameters (i.e. number of 

remaining teeth, age and years of implant function) as inputs. A rather poor 

supervised prediction result was reached of 68.3% sensitivity and 67.9% specificity in 

identifying patients with a diagnosis of peri-implantitis. When we used BLR to 

discriminate patients as showing >3 mm PMPIBL or not (a threshold that appears to 

differentiate between the two main implant-treated patient clusters as seen by KDE), 

the results were 52.6% sensitivity and 70.7% specificity. 

 

We estimated the FD of IIMBL datasets for six JBS (Figure 4A, B, C, D, E & 

F). These datasets included both non-affected and affected implants; the FD was 

assumed to represent the non-linear characteristics of each particular JBS (isolating 

diseased implants per site resulted in a small number of measurements not permitting 

reliable computations). The FD’s were in the range 1.36-2.13. When we gathered the 

diseased only implants (diagnosed showing peri-implantitis) from all JBS, we 

estimated the FD for this dataset as 1.49, which we suggest reflects the FD of the 

attractor of peri-implantitis (Figure 4H). On a JBS analysis, we found that a high FD 

(2.13) of an IIMBL dataset might indicate a possible bone site which confers less 

susceptibility to peri-implantitis (Figure 4B & E). GLUVA showed a significant 

contribution of JBS in explaining the variability of IIMBL (p = 0.004) (Table 2). 

There was no interaction of JBS with the other parameters inserted in the variance 

analysis (Figure 5A to D). A significant contribution in explaining the variability of 
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IIMBL was also found for the factors single or multi-unit or overdenture (p = 0.000), 

having diabetes (p = 0.007), age (p = 0.009) and missing molars occlusion (p = 0.036) 

(Table 2). 
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Figure 1 Kernel probability density estimation (KDE) of the distribution of patient mean peri-
implant bone loss (PMPIBL). 

A. Univariate KDE reveals two main clusters of patients and a third small cluster. 
The big cluster is at a mode of 1.7 mm while the smaller second cluster is at a 
mode of 4.0 mm, and the smallest at a mode of 6.0 mm.  

B. Q-Q plots indicate that the distribution of PMPIBL measurements fits the 
Gamma model. 

C. The bivariate KDE of PMPIBL by number of remaining teeth reveal the main 
cluster of implant-treated patients at a mode around 1.7 mm of PMPIBL and 
having around 20 teeth; a smaller cluster (white arrow) at a mode around 4.0 mm 
shows a lower number of teeth (around 15 teeth). A lower number of teeth is 
found the first significant parameter in the list of principal component analysis 
(PCA). 

D. The bivariate KDE of PMPIBL by age reveals the main cluster of implant-
treated patients at a mode of ˂ 2 mm of PMPIBL by an age around 60 years, and 
a cluster (white arrow) of implant-treated patients (4.0 mm of mean bone loss) 
showing a younger age (at around 50 years). The inversely related factor age is 
found as the second significant parameter in PCA. 

E. The bivariate KDE of PMPIBL by years of implant function reveal the main 
cluster of implant-treated patients at a mode around 1.7 mm of bone loss and 
having around 7 years of function; a smaller cluster (white arrow) at a mode 
around 3.5 mm shows a higher mean number of implant function (around 12 
years). Years of implant function is found among the principal parameters by 
PCA. 



 

113 
 

 

E
ig

en
va

lu
e

Scree plot Scatterplot matrix

Cumulative variance explained:
1) Number of teeth 16.08%
2) age 29.03%
3) gender 39.65%
4) Periodontitis severity 50.22%
5) years of implant service 60.55%

1

2

3

4

5

1
Component number

3 5 7

Principal Component Analysis

1 2 3 4 5

9 11 13
0.0

0.5

1.0

2.0

A B
2.5

1.5

 
 
 
Figure 2. Principal component analysis (PCA) 
A. Parameters on the steep slope of the scree plot are typically selected as principal. 

Here we select five parameters showing eigenvalue >1 out of the 13 evaluated, 
which were age, gender, smoking, diabetes, other medical conditions, years of 
implant function, compliance with recall, number of teeth, periodontitis severity 
level, plaque level, missing molars occlusion, cantilever in prostheses and 
number of implants.   

B. The scatterplot shows that the five selected are uncorrelated to each other (dots 
don’t follow a pattern). The separation of dots for factor gender is due to the fact 
that it is a binary parameter. 
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Figure 3. K-nearest neighbors regression.   
A. Feature space chart presenting three (weighted by importance in 

contributing to the model by forward selection) of the five input variables 
extracted by principal component analysis. The other two were found 
redundant by forward selection and removed. 

B. Normal P-P plot of regression residuals showing a rather good model 
prediction behavior. 

C. The residuals should not be either systematically high or low. So, the 
residuals should be centered on zero throughout the range of fitted values. 
Here we see that the observed error (residuals) is consistent with stochastic 
error, indicating a good performance of the model. 
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Figure 4. Fractal dimensions of individual implant marginal bone level (IIMBL) datasets. 
Jaw bone site region: site 1 upper incisor-canine, site 2 upper premolar, site 3 upper molar, site 4 lower 
incisor-canine, site 5 lower premolar, site 6 lower molar. In coloured stack bars blue is for no peri-
implantitis, purple for peri-implantitis with 2 threads and whitish for peri-implantitis with >2 threads 
exposed. 
IIMBL data were stratified by increasing severity of bone loss level. Data were clustered in 
successively smaller clusters of equal size and the error of the quantizer (root mean square error) 
[Kumaraswamy et al., 2004)] for each step was estimated. The negative reciprocal of the slope of the 
regression line from the log-log plot of the size of the clusters against the error of the quantizer is the 
estimate of the fractal dimension (FD) of the respective dataset. The FD of the datasets for jaw bone 
sites 1, 3, 4, 6 ranges from 1.67 to 1.96 (panels A, C, D & F). FD of all implant dataset is presented in 
the middle of the range 167 - 1.96 (panel I).  

Stack bars (panel G) show that site 2 presents the least % of implants with peri-implantitis 
involving > 2 threads, while site 5 exhibits the highest % correspondingly. The FD for sites 2 and 5 are 
markedly different from the FD of the rest of the datasets; for site 2 (panel B) FD is well above the 
range of the other four, while for site 5 (panel E) the FD is considerably lower.  

In panel H the FD of diseased implants only is a reflection of the FD of the attractor of peri-
implantitis (alveolar bone); the value 1.49 is in the middle of the range 1.36-1.65 of reported 
measurements in the literature [Yasar and Akgünlü, 2005]. 
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Figure 5. Interaction of jaw bone site with other parameters in a univariate variance analysis. 
Jaw bone site region: site 1 upper incisor-canine, site 2 upper premolar, site 3 upper molar, site 4 lower 
incisor-canine, site 5 lower premolar, site 6 lower molar. 
Parallel lines indicate no interaction. These profile plots (panels A, B, C & D) show that there is no 
interaction of the variable JBS with four selected variables (and actually with any other parameter in 
the univariate variance analysis of Table 2). In the model, JBS independently contributes significantly 
in explaining the variance of the dependent parameter (p = 0.004).  



 

117 
 

Table 2. Part A. Results from a general linear univariate variance analysis. Dependent 
variable: individual implant marginal bone level. The parameters implant surface, 
prosthetic design (single or multi-unit or overdenture), cantilever in prosthetic design 
and jaw bone site entered the model as random-effects variables. Covariate age is 
evaluated at the value of 60.8 years, years of implant function at 7.9 and number of 
teeth at 15.3. Shown in bold statistically significant results. 
 
Parameter F-value Significance Partial Eta squareda 

intercept 30.371 0.000 0.446 

age  6.951 0.009 0.021 

number of teeth 0.751 0.387 0.002 

years of implant 

function 
1.423 0.234 0.004 

gender 3.705 0.055 0.012 

periodontitis 

severity 
0.857 0.464 0.008 

plaque score level b 3.206 0.074 0.010 

compliance with 

recall schedule 
0.069 0.793 0.000 

smoking 2.136 0.145 0.007 

missing molars 

occlusion  
4.417 0.036 0.014 

diabetes 7.460 0.007 0.023 

medical conditions 1.628 0.203 0.005 

implant surface c 2.013 0.157 0.006 

Prosthetic design d 8.981 0.000 0.054 

cantilever in the 

 prosthetic design 
0.061 0.900 0.000 

jaw bone site e 3.495 0.004 0.052 

 

Part B: pairwise comparisons (only statistically significant results are shown after a 

Bonferroni correction for multiple comparisons) 

Pairwise 

comparisons 
Mean difference 

95% confidence 

interval 
p-value 

Jaw bone site 2 vs 5 -0.952 -1.912 to -0.008 0.050 

Jaw bone site 2 vs 6 -1.065 -2.005 to -0.124 0.014 
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single vs multi-unit -0.722 -1.313 to -0.132 0.010 

single unit vs 

overdenture 
-2.061 -3.304 to -0.817 0.000 

multi-unit vs 

overdenture 
-1.338 -2.476 to -0.201 0.015 

a The partial eta-squared statistic reports the "practical" significance of each term, based upon the ratio 
of the variation (sum of squares) accounted for by the evaluated parameter, to the sum of the variation 
accounted for by the parameter and the variation left to error. Larger values of partial eta-squared 
indicate a greater amount of variation accounted for by the model parameter, to a maximum of 1.  
b Dichotomous scoring: ˂20%  or not. 
c Smooth or rough. 
d Single or multi-unit or overdenture. 
e Jaw bone site region: site 1 upper incisor-canine, site 2 upper premolar, site 3 upper molar, site 4 
lower incisor-canine, site 5 lower premolar, site 6 lower molar. 
 

 



 

119 
 

 Discussion 

We aimed to establish whether or not non-linear properties could be seen in 

peri-implantitis patients’ data. We revealed heterogeneity in peri-implantitis clinical 

course by two ways: (1) by showing at least two clusters of implant-treated patients 

with different peri-implantitis severity levels using unsupervised learning (Figure 1A) 

and (2) by extracting different peri-implant bone level patterns among six JBS 

applying data mining fractal analysis (Figure 4G). In studying the complexity of peri-

implantitis, defined as a situation involving simultaneously multiple interacting 

components [Nicolis and Nicolis, 2012], we applied PCA on a patient level and 

suggested that: (1) the number of remaining teeth (inversely related), (2) age (also 

with an inverse relationship) and (3) male gender are principal components in 

explaining the patterns of relationships within the set of the observed variables 

(Figure 2A). Moreover, periodontitis severity level is found to be the fourth in 

importance by PCA and years of implant function the fifth. The parameter number of 

remaining teeth can be interpreted as representing periodontitis severity. However, in 

the current study this parameter might also be considered as an index for occlusal 

overloading of implants, as number of remaining teeth was found to be uncorrelated 

to periodontitis severity level (Figure 2B).  

 

Various thresholds have been explored in the diagnostic process of peri-

implantitis. For instance, in prospective studies the required features for the diagnosis 

of peri-implantitis are a marginal bone loss ≥2.5 mm between successive radiographs 

combined with a bleeding pocket with probing depth of ≥6 mm [Berglundh et al., 

2002]. In cross sectional studies, the concern is a possible high rate of false negative 

recordings if a less sensitive threshold for peri-implant bone level is used [Sanz and 

Chapple, 2012]. Moreover, probing errors may yield false negative/positive 

recordings for peri-implantitis; pocket depths around implants are ideally measured 

with the probe parallel to the implant axis. It has been reported in the literature that 

probing measurements were identical before and after removing the overlying fixed 

prostheses at only 37% of implant surfaces [Serino et al., 2013]. At 10% of the sites 

probing was impeded by the prostheses. Twenty nine % of these sites were 

interproximal. The lower % of such interproximal sites found in the present study 

might be due to different designs and types of suprastructures. 
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The current retrospective study relying on a single set of clinical and 

radiographic measurements confirms the high rates of peri-implantitis reported in the 

literature both at the patient and the implant level (Table 1) [Koldsland et al., 2010]. It 

is reported that from 28% to 56% of patients may suffer from peri-implantitis 

[Zitzmann and Berglundh, 2008]. In this private practice based sample we found 26% 

of the implants and 48% of the patients having peri-implantitis. It is important to note 

that our sample consisted only of periodontal patients. It is now well accepted that 

periodontal patients are more prone to marginal peri-implant bone loss than non-

periodontitis affected dental patients [Roos-Jansåker et al. 2006; Renvert et al., 2014]. 

Nevertheless, the figure of 48% of prevalence of peri-implantitis cases found might be 

considered high. All patients had periodontitis treatment of various kinds in the past. 

Teeth replaced by implants might have been lost for reasons other than periodontitis. 

Forty three % of the involved patients were found compliant with recommended 

maintenance revisits (Table 1). Also, we did not consider the use of bone grafting 

material at the time of implant placement in 6% of the implants evaluated. Resorption 

of this material might have caused exposure of implant threads and possibly a defect 

location for inflammation.  

 

In a recent study, smoking and jaw of treatment (implants placed in the 

maxilla were more prone to bone loss) were the significant predictors of peri-implant 

marginal bone loss [Vervaeke et al., 2015]. In a retrospective analysis [Moy et al., 

2005], the parameters of age >60 years, smoking, diabetes, head and neck radiation 

and postmenopausal estrogen therapy were found to be significant characteristics for 

predicting implant failure; further failure rates for implants in the maxilla were 1.66 

times higher than implants in the mandible. In contrast to that, in the current study we 

found lower mean peri-implant bone levels in the premolar and molar mandible 

regions than in the other jaw bone sites. We also found that implants supporting 

overdentures have significantly higher IIMBL than implants supporting single or 

multi-unit fixed prostheses (Table 2). A likely explanation of this might be that 

patients in need of overdentures are compromised regarding the choice of sites 

suitable for implant insertion (judged by quality and quantity of bone); overdentures 

per se might not be harmful to the underlying bone. However, the profile plot of JBS 

against the type of prosthesis shows no interaction between them (Table 5A).  
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A recent review and meta-analysis [Sgolastra et al., 2015] concluded that there 

is little evidence that smoking is a risk factor for peri-implantitis and future studies are 

needed to clarify the issue, since a low number of studies were included. Smoking did 

not appear in the PCA list of our analysis. Also, diabetes did not appear in our PCA 

list. Another recent meta-analysis addressed caution in interpreting the available 

literature about the role of diabetes in peri-implantitis, because of the presence of 

uncontrolled confounding factors in the included studies [Chrcanovic et al., 2014]. 

 

Our estimation of the FD of alveolar bone from the diseased implants only 

dataset (1.49) (Figure 4H), agrees with estimation of the FD of alveolar bone in the 

literature (a range of 1.36-1.65) [Yasar and Akgünlü, 2005], supporting the notion that 

alveolar bone is the strange attractor of peri-implantitis. The FD of alveolar bone can 

be calculated on periapical radiographs [Bollen et al., 2001]. It represents a measure 

of the irregularity of the microstructure of trabecular bone. FD quantifies the 

complexity of a fractal pattern as it is the ratio of the change in detail observed in the 

pattern to the change in scale being measured. As our fractal analysis has shown, an 

implant inserted in a site with high bone FD might be at lower risk for peri-implantitis 

(Figure 4A to I).  The variance analysis (Table 2) indicated that JBS is a significant 

factor in explaining the variability in IIMBL. Therefore we might argue that the 

difference reported in the progression dynamics between periodontitis and peri-

implantitis [Berglundh et al., 2004] could be a reflection of the existence of two 

attractors with different levels of complexity. In addition, the variability of FD found 

in parts of the jaws is expected to reflect different peri-implantitis bone loss patterns.  

 

A minimum sample size of 5 times the number of variables is needed for the 

application of PCA in its feature reduction task [Lay, 2000]. Too many features in a 

model lower the training error by overfitting the data, but at the same time increase 

the test (generalization) error [Hastie et al., 2009]. A model’s generalization 

capability is best tested on a hold out sample. By generalization ability, we mean how 

accurately the model can predict peri-implant bone loss using the learned patterns in 

unseen new cases. 
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The sample size in relation to the raised research questions is always a concern 

in any study. However, there are no rules for determining how large a sample should 

be to allow the application of KNN. An empirical assessment of the needed sample 

size was tried by Shao et al. (2013) in microarray data. They showed that for highly 

predictable endpoints, 60 training samples are enough to achieve near-optimal 

prediction classifiers, while for moderate prediction performance at least 120 training 

samples are needed. In the latter situation, no further samples were need due to a 

negligible improvement. We may therefore conclude that the current study has 

employed enough samples for its explorative purposes. 

 

Predictive models on larger samples addressing more variables as for instance 

possible genetic or host immune response markers and microbiological parameters 

might enhance our understanding of peri-implantitis pathogenesis. A transcriptome 

analysis showed peri-implantitis to share some common pathophysiological features 

with periodontitis, but also to have unique characteristics [Becker et al., 2014].  

 

This study found that three factors (low number of remaining teeth, years of 

implant function and younger age) used by the KNN method may provide reasonable 

prediction of PMPIBL. In addition on an implant level basis, the implant-recipient jaw 

bone region and the kind of overlying prosthesis (single or multi-unit or overdenture) 

might relate to the severity of bone loss level. To validate repeatable patterns and 

relationships found in the data of the current study, further predictive models on 

independent samples must be trained and tested.  

 

In conclusion, we observed at least two clusters of implant-treated patients and 

peri-implantitis shows non-linear characteristics as evidenced by heterogeneity in its 

clinical course and by complex interactions among the various clinical predictors. 
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CHAPTER 5 
 

Prediction of individual implant bone levels and the 
existence of implant “phenotypes” 
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Abstract 
Objectives: To cluster implants placed in patients of a private practice and identify 

possible implant “phenotypes” and predictors of individual implant mean bone levels 

(IIMBL). 

Materials & Methods: Clinical and radiographic variables were collected from 72 

implant-treated patients with 237 implants and a mean 7.4 ± 3.5 years of function. We 

clustered implants using the k-means method guided by multidimensional unfolding. 

For predicting IIMBL we used principal component analysis (PCA) as a variable 

reduction method for an ensemble selection (ES) and a support vector machines 

model (SVMs). Network analysis investigated variable interactions. 

Results: We identified a cluster of implants susceptible to peri-implantitis (96% of 

the implants in the cluster were affected by peri-implantitis) and two overlapping 

clusters of implants resistant to peri-implantitis. The cluster susceptible to peri-

implantitis showed a mean IIMBL of 5.2 mm and included implants placed mainly in 

the lower front jaw and in mouths having a mean of 8 teeth. PCA extracted the 

parameters number of teeth, full mouth plaque scores, implant surface, periodontitis 

severity, age and diabetes as significant in explaining the data variability. ES and 

SVMs showed good results in predicting IIMBL (root mean squared error of 0.133 

and 0.149, 10-fold cross validation error of 0.147 and 0.150 respectively). Network 

analysis revealed limited interdependencies of variables among peri-implantitis 

affected and non-affected implants and supported the hypothesis of the existence of 

distinct implant “phenotypes”.  

Conclusion: Two implant “phenotypes” were identified, one with susceptibility and 

another with resistance to peri-implantitis. Prediction of IIMBL could be achieved by 

using 6 variables.  

 



 

130 
 

Introduction 

Peri-implantitis is defined as the inflammatory process around a dental implant, 

characterized by soft tissue inflammation and loss of supporting jaw bone [Derks and 

Tomasi, 2015]. Peri-implantitis is the main cause of dental implant failure; the 

pathological process is now realized as a multi-causal condition with several risk 

factors playing their role simultaneously [Moy et al., 2005; Derks et al., 2015]. 

 

Peri-implantitis is generally considered to share common characteristics and 

risk factors with periodontitis [Heitz-Mayfield and Lang, 2010]; foremost inadequate 

plaque control has been associated with peri-implantitis [Serino and Ström, 2009]. 

Mucositis, defined as the inflammation of soft peri-implant tissues without loss of 

peri-implant supporting bone, might be considered as the precursor of peri-implantitis 

[Lang and Berglundh, 2011]. However, it seems that beyond the presence of bacterial 

biofilms, occlusal overloading, jaw bone site, certain implant designs, implant brand 

and other iatrogenic factors can also be important determinants for peri-implant bone 

loss [Qian et al., 2012; Derks et al., 2015]. For example, a rough implant surface was 

initially thought to enhance osseointegration (the bone healing process) [Lang and 

Jespen, 2009]; however, experiments in dogs have shown that a rough implant surface 

is associated with more advanced peri-implant lesions [Carcuac et al., 2013].  

 

To date, there is no recognized genetic or immune profile for peri-implantitis 

susceptibility at a patient level [Van Dyke, 2012]. In a recent study we showed that 

the clinical parameters number of remaining teeth, age and years of implant function 

embedded in a suitable predictive model, provide prediction of patient mean peri-

implant bone levels with accuracy [Papantonopoulos et al., 2015]. Predictive 

nonlinear models aim to overcome the exponential growth of complexity in a high 

number of input variables. Results coming from such models are in some instances 

counter-intuitive. However, they might help in guiding research hypotheses in 

otherwise unnoticed directions. For example, in a Swiss survey among periodontal 

specialists and non-specialists, the responders suggested that peri-implantitis is mainly 

due to periodontitis, smoking and poor compliance with recommended recall visits 

[Smidlin et al., 2012]. This survey showed that the parallelism of peri-implantitis to 

periodontitis is deeply rooted in clinical decision making. As a matter of fact, non-

compliance rates are expected to increase over the years of implant function. Frisch et 
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al. [2014] found in a large sample of implant-treated patients that non-compliance rate 

increased from 13% in the first year to 34% in the third year of the observation 

period. However, no correlation between compliance and bleeding on probing around 

implants was found [Frisch et al., 2014]. Nontheless, it is suggested by clinical studies 

that the impact of the presence of biofilms is assumed to be higher on the peri-implant 

tissues in patients with poor compliance to regular maintenance visits [Costa et al., 

2012]. In a recent review, Renvert and Quirynen [2015] found limited scientific data 

on different risk factors for peri-implantitis. 

 

We hypothesized that distinct variants of dental implants could exist with 

observable characteristics that could constitute clinical implant “phenotypes”. In 

exploring this hypothesis we employed an implant based analysis in the application of 

statistical learning methods and network analysis tools; we combined and used as 

exploratory variables, specific implant properties with general characteristics of the 

patients, for the prediction of or interaction with individual implant bone levels. 

 

We aimed to: (1) explore the existence of possible clusters (clinical variants or 

“phenotypes”) of implants in a new sample of patients of a private practice, (2) get 

insights into the complex structure of a dataset of clinical and radiographic variables 

collected from this sample by studying their interactions and interconnectedness 

related to peri-implantitis occurrence and individual implant bone levels among 

clusters of implants and (3) find predictors of individual implant bone levels. Using 

this information we might better target variables associated to low or high individual 

implant bone levels. We further aimed to test the model introduced in our previous 

study for the prediction of patient mean peri-implant bone level, by using this new 

sample of patients. 



 

132 
 

Materials & Methods 

Study population 

The study population consisted of implant–treated patients that were recruited 

as they appeared for a maintenance appointment over the six-month period between 

November 2014 and April 2015, in a private periodontal practice in Patras, Greece. 

The study was approved by the bioethical committee of the University of Patras, 

Greece. Patients were informed about the study and signed a written consent. A 

thorough full-mouth clinical and radiographic examination of the patients was 

performed by one of the authors (GP). 

 

The inclusion criterion was the presence of a fixed or removable prosthesis 

overlying a single or multiple implants functioning for at least 2 years. The exclusion 

criteria were (1) participation of the patient in a previously conducted retrospective 

study from the same practice [Papantonopoulos et al., 2015], (2) an impediment to 

probing of the peri-implant tissues by the abutment or implant profile, or the shape of 

the prostheses (an implant was excluded if at any of the interproximal surfaces it was 

not possible to access the peri-implant pocket) (3) the presence of cement remnants or 

overhanging that could cause a peri-implant tissue reaction (detected on periapical 

radiographs or revealed by soft tissue recession) and (4) a history of placement of 

bone grafting material at the time of implant insertion or subsequent surgical 

treatment of peri-implantitis with the use of bone grafting material.  

 

The surgical placement of the implants had been performed by one of the 

authors (GP) and the prosthetic treatment was carried out by referring dentists after a 

healing period of 3-6 months. The implants used in the patients came from two 

brands: Southern Implants (Irene, South Africa) and Nobel Biocare (Gothenburg, 

Sweden).  

 

The radiographic measurements were carried out by one of the authors (GP). 

Measurements of bone level around implants were made at the mesial and distal 

aspects of the implants on long-cone parallel technique analogue radiographs. Along 

the implant surface, the distance between a reference point (the fixture–abutment 

connection) and the most coronal point of normal bone-to-implant contact was 

recorded to the nearest 0.5 mm. Assessments were performed using a drawing 
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compass, a transparent ruler with increments of 0.5 mm, and a magnifying lens (7x) 

over an illuminated table. Duplicate measurements were made 3 weeks apart on the 

radiographs of 10 patients. The mean difference and the Pearson correlation 

coefficient between the two sets of measurements were 0.1 mm ± 0.7 mm and 0.94 

respectively. An individual implant mean bone level (IIMBL) was calculated as the 

mean of the two approximal measurements on radiographs. A patient mean peri-

implant bone level (PMPIBL) was also calculated, as well as the jaw bone site mean 

peri-implant bone level (JBSMPIBL) for the following 6 jaw bone sites:  upper 

incisor-canine, upper premolar, upper molar, lower incisor-canine, lower premolar 

and lower molar. 

  

The criteria for diagnosing peri-impantitis were a bone level ≥3 mm apical to 

the above described fixed point (involving at least 2 threads of the implant) combined 

with a pocket showing probing depth (PD) ≥5 mm and bleeding /suppuration within 

30 seconds after PD measurement [Berglundh et al., 2002]. The distance between the 

threads of the implants was 0.6 mm or 0.8 mm for some types of conical implants. 

Therefore, the diagnostic threshold of  ≥3 mm for peri-implantitis corresponded to a 

0.7 mm height of the neck of implants, plus two times 0.6 mm or 0.8 mm, plus 0.7 

mm for the SD of the measurement (total sum = 2.6 to 3.0 mm). Pocket depths were 

recorded at four sites, at the mesial, buccal, distal and lingual surfaces of implants 

with the use of a manual periodontal probe with a tip of a diameter 0.4 mm (Williams 

probe, Hu-Friedy, Chicago, IL, USA). Full mouth plaque scores (FMPS) (% of tooth 

and implant surfaces with visible plaque accumulation) were recorded after the 

application of a plaque disclosing agent.  

 

We aimed at collecting the following 17 variables: age of the patient having 

the implants at the time of the examination, gender, FMPS, compliance rate with 

recall schedule, number of remaining teeth, number of implants inserted in a patient, 

number of years of implant function, smoking, presence of self-reported diabetes, 

other medical conditions, periodontitis severity by % of teeth with ≥50% of bone loss 

on radiographs, presence of cantilevers in the prosthetic design, type of overlying 

prosthesis (single, multi-unit or overdenture), missing molar occlusion, implant 

surface, implant diameter and jaw bone site in which an implant was inserted. 
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Initial sample of 123 patients examined as they appeared for a maintenance
appointment having 384 implants functioning for at least 2 years.

for impediment to probing of peri-implant tissues

Remaining 82 patients with 257 implants

for presense of cement remnants

Remaining 80 patients with 249 implants

for participation in a previous retrospective study

Final sample of 72 patients with 237 implants

Remaining 78 patients with 247 implants

for history of bone graft use

excluded (n = 39)

excluded (n = 2)

excluded (n = 2)

excluded (n = 6)

Refused to participate n = 2, remaining 121 with 376 implants

 
 
Figure 1. Patient participation flow 

Reasons for patients to be excluded from the study and the final sample involved in the study. 
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Data analysis 

Multidimensional unfolding analysis (MDU) 

We aimed to search for underlying structures in the 17 variable dataset by 

using the graphical method of MDU. The goal of MDU is to obtain a low dimensional 

spatial graphical representation of the data [Borg and Groenen, 2013]. MDU fits 

a configuration to a predefined number of dimensions. An ordinal transformation of 

original data was used. The input to MDU consisted of dissimilarity information for 

pairs of objects (e.g. implants). To reduce the possibility that the algorithm reaches a 

local minimum, a hundred random starting configurations were used. The method 

approximates dissimilarities by Euclidean distances on a map (of 2 dimensions in this 

study). 
 

K-means clustering 

This method assigned implants (i.e. iterative objects) to homogenous clusters. 

It started with randomly selected values as centers of the clusters, called centroids. 

The objective was to minimize a distance metric from each object to its nearest center 

[Kanungo et al., 2002]. For mixed variables (numerical combined with categorical 

data) the method uses a frequency-based distance measure to accommodate 

categorical variables. The number k of clusters has to be predefined and is usually 

indicated by other methods; here MDU was used to indicate k and yield a reduced list 

of variables to be used by k-means clustering. The assumption was that by removing 

unnecessary sources of variation (noise) more robust clustering is accomplished and 

more homogenous clusters are produced [Coates and Ng, 2012].  
 

 

Principal axis factoring (PAF) and network analysis 

We aimed at (1) revealing latent factors (axes) in the dataset that determine the 

engagement of multiple parameters in a complex system and (2) investigating 

interactions among these parameters. For the first aim we used PAF to introduce a 

generic description of the system and for the second we employed network analysis to 

have an understanding of the interactions among factors. Network analysis measures 

and maps the relationships between connected information entities [Barabási et al., 

2010]. It investigates networked structures in terms of nodes (individuals, things or 



 

136 
 

variables within the network) and the ties or edges (relationships or interactions) that 

connect them. We investigated the importance of each variable in data structure by 

creating networks using individually the 17 variables as source of nodes with IIMBL 

as the target interaction variable and the other 16 variables at each time as edge 

attributes [Pretorious et al., 2014]. By the created networks we evaluated the 

importance of each variable by measuring the size and the density of the network, the 

coefficient of clustering and the number of shortest paths along with the characteristic 

path length. As a final step we wanted to evaluate the interdependences of variables 

among possible distinct implant “phenotypes” [Vidal et al., 2011]. For that we created 

a network with nodes from the identified important variables interacting with the two 

nodes of peri-implantitis diagnosis (yes or no peri-implantitis).  
 

Principal component analysis (PCA) 

PCA was used to compute uncorrelated linear combinations of the collected 

17 variables comprising not only implant, but also patient characteristics [Lay, 2000]. 

The method aimed to reduce the dimension (number) of variables to a lower one 

including those only significantly explaining the variance found in the dataset. The 

first component indicated by the process has maximum variance. Successive 

components explain progressively smaller portions of the variance and must all be 

uncorrelated with each other, inspected in this regard by a scatterplot. A scree plot 

depicts the estimated eigenvalues that indicate the amount of variance explained by 

each principal component or each factor. Significant factors are usually those found in 

the steep part of the scree plot curve. We used a correlation matrix with Varimax 

rotation. 

 

Ensemble selection (ES) 

We employed ES for predicting IIMBL using as input variables those of the 

PCA list. The method searches by forward stepwise selection from a library of models 

a subset of models to average their performance [Hastie et al., 2009]. ES trained the 

classifiers on the target dataset and aggregated the predictions provided to finally 

classify objects (Caruana et al. 2004).  
 

Particle Swarm Optimization (PSO) combined with Support Vector Machines (SVMs) 
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To predict IIMBL the PSO algorithm was used to extract an optimum set of 

variables from the PCA list, for use in the SVMs model [del Valle et al., 2008; Liu et 

al., 2014]. The extracted limited set of variables was used as input in SVMs. The 

model projects the data in a high-dimensional feature space through a kernel 

technique (the polynomial function kernel was used for this study), to evaluate them 

linearly in this new space [Campell and Ying, 2011]. 

 

We additionally employed both ES and PSO-SVMs to classify peri-implantitis 

affected and non affected implants. The two models were tested by 10-fold 

resampling cross validation (CV) in both regression and classification tasks. 
 

Cross-Entropy (CE) transformation of individual implant mean bone levels (IIMBL) 

We transformed IIMBL values into CE values in order to gain a regularization 

effect on ES and PSO-SVMs by shrinking the metric weights [Hastie et al., 2009]. CE 

is a non-symmetric measure of the difference between two probability distributions 

[de Boer et al., 2005]. To obtain the CE transformation we used as target probability 

the value of the IIMBL distribution showing the highest density probability. 

 

K-nearest neighbour regression model (KNN)  

KNN was employed in our previous study to predict PMPIBL. Input variables 

after a PCA variable reduction and a following forward selection process were the 

variables age, number of teeth and years of implant function [Papantonopoulos et al., 

2015]. The number of k = 24 neighbours was determined by cross validation. We 

applied these settings here to the new sample of patients to test how the previous 

model behaved in a new, yet unseen distribution of characteristics. 

 

We used SPSS version 20.0 programme (IBM, Chicago) for KNN, PCA, PAF 

and MDU analyses and WEKA software (version 3.7.11, The University of Waikato, 

Hamilton, New Zealand) for PSO, SVMs, ES and k-means clustering. Cytoscape 

software version 3.2.1 (Cytoscape Consortium, San Diego, CA, USA) was used for 

network analysis. 
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Table 1. Clinical and radiographic features from 72 implant-treated subjects with 237 

implants, examined cross-sectionally. Values represent mean ± standard deviation or 

number of patients or implants (% in parentheses). 

 

Features at the subject level findings 

Demographic  

    Age (years) 61.9 ± 11.1  

    Gender (male/female) 35 (48.6%) / 37 (51.4%) 

    Smoking * 25 (34.7%)  

    Diabetes 10 (13.9%)  

    Other medical conditions † 11 (15.3%)  

Periodontal and other dental parameters  

    Compliance with recall schedule ‡ 18 (25%) 

    Number of remaining teeth § 17.4 ± 8.9 

    Periodontitis severity with 

      (1) ≥50% of the teeth with ≥50% of bone loss 

      (2) ˂50% of the teeth with≥50% of bone loss 

      (3) no teeth with ≥50% of bone loss 

      (4) total edentulism 

 

20 (27.8%) 

29 (40.3%) 

15 (20.8%) 

8 (11.1%) 

    Missing molar occlusion (unilateral or bilateral) 43 (59.7%) 

    FMPS ¶ 

    Patients with  ≤ 20% FMPS 

45.4% ± 22.0% 

13 (18.1%)  

    FMBS ** 46.8% ± 23.1% 

    PMIBL †† (mm)      2.9 ± 1.6  

    Peri-implantitis ‡‡ 32 (44.4%)  

    Number of implants  3.3 ± 2.2  

    Implant function (years) 7.4 ± 3.5  

Features at the implant level  

IIMBL §§  (mm)         2.6 ± 2.2  

Peri-implantitis (number of implants (%))  

    2 threads 

    >2 threads 

73 (30.8%) 

16 (6.8%) 

57 (24.0%) 
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Smooth implant surface 12 (5.1%) 

Implant diameter ≥5 mm 84 (35.4%) 

Cantilever in prosthetic design ¶¶ 71 (30.0%) 

Distribution of implants in jaw bone sites  

    Upper jaw: incisor-canine 

                        premolar 

                        molar 

    Lower jaw: incisor-canine 

                        premolar 

                        molar  

 

61 (25.7%) 

64 (27.0%) 

25 (10.5%) 

35 (14.8%) 

27 (11.4%) 

25 (10.5%) 

Type of prosthesis on implants  

    single-unit  

    multi-unit fixed  

    over-denture 

 

61 (25.7%) 

146 (61.6%) 

30 (12.7%) 

* Former smokers were counted as nonsmokers. 
† Conditions that could affect the host immune system or bone metabolism were recorded, 
like cancer chemotherapy (6 cases) and osteopenia (5 cases). 
‡ Compliant with at least 2 out of 3 of the recommended appointments in the last 3 years. 
§ Counted at the examination within the reported time period of September 2014 – 
February 2015. 
¶ Full mouth plaque scores (% of tooth and implant sites with visible plaque after the 
application of a disclosing agent).  
** Full mouth bleeding scores (% of tooth and implant sites showing bleeding within 30 
seconds after probing). 
††   Patient mean peri-implant bone level measured on radiographs at interproximal sites. 
‡‡ Peri-implantitis defined by bone level from the fixture-abutment connection of ≥3 mm 
(involving at least 2 threads of the implant), combined with bleeding on probing pockets 
with depth ≥5 mm.  
§§ The individual implant mean bone level measured on radiographs at interproximal sites.  
¶¶  Up to 2 implants adjacent to a cantilever. 
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Results 

The study sample consisted of 72 patients out of an initial sample of 123 

patients (Figure 1). In total 237 implants were placed. Fifty-four (75%) of the subjects 

involved in this study showed erratic compliance behaviour (Table 1) (not following 

at least 2 out of 3 times the recommended maintenance appointments). Table 1 

presents the demographic, clinical and radiographic characteristics of the study 

population. Patients’ mean age was 62 years while 35% of them were smokers and 

only 18% of the subjects presented with FMPS less than 20%. We found peri-

implantitis in 31% of the implants in 44% of the patients. The IIMBL distribution 

(Table 1) was found to follow the gamma model (inspected by quantile to quantile 

graphs); we estimated a scale parameter 1.4 and a shape parameter 0.54. This 

information was used for the CE transformation of IIMBL. 

 

MDU applied on the collected 17 variables describing a dataset of 237 

implants produced an implant map (Figure 2A) that demonstrated the existence of two 

distinct clusters of implants. The thicker point density in the middle of the larger 

cluster suggests that this cluster might be composed of two overlapping clusters. 

Therefore in total we could possibly consider the existence of three clusters of 

implants. The joint map (Figure 2B) in which implants and variables are mapped 

together, showed a clearly divergent position of three variables: number of remaining 

teeth (in dimension 1), age of patient and jaw bone site (in dimension 2). These three 

variables, being the farthest from the objects, could best explain the variability of the 

dataset. K-means clustering based on these variables and for k = 3 (Table 2), produced 

a distinct group of implants (cluster 1, Table 2) centered at patients of a younger age 

compared to the other two groups (60 versus 64 years), at 8 remaining teeth and 5.2 

mm of IIMBL, placed mainly in the lower front jaw with 96% occurrence of peri-

implantitis. On the opposite side we observed two groups of implants (clusters 2 & 3, 

Table 2) centered at a higher mean age of the patients having them, placed in the 

upper front and premolar jaw regions, with on average 1.6 mm of IIMBL and showing 

5% and 7% occurrence of peri-implantitis. The main difference between cluster 2 and 

3 was found in the average number of teeth present, which were 11 and 19 

respectively (Table 2). Fifty-three % of the implants of cluster 1 were placed in the 

lower jaw, while 70% and 68% of the implants of cluster 2 and 3 respectively were 

placed in the upper jaw. 
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Figure 2. Multidimensional unfolding analysis (MDU) 

MDU on 237 implants and 17 variables (see Materials & Methods)  produces two-dimensional 
maps of implants and implants with variables (joint map) presenting Euclidean distance units 
(dissimilarities) among implants and variables. 

A. A clearly distinct cluster of implants is seen to the right of the map. By the thicker point 
density in the middle, the other big cluster can be considered as two clusters that overlap. 

B. Implants and variables are jointly presented in this map. The implants clearly split into two 
unequal clusters. In this spatial configuration the most divergent positions are that of the 
following variables: number of remaining teeth (in dimension 1), age and jaw bone site (jbs) 
(in dimension 2). The further the distance of variables from the objects, the better their 
explanatory significance of the data variance, therefore their discriminating ability in 
clustering objects.  
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The distinctive data patterns found in the above clustering results give rise to 

the emergence of two implant “phenotypes”. We could discriminate an implant 

“phenotype” with susceptibility to peri-implantitis (cluster 1) and another implant 

“phenotype” from the other two overlapping clusters (clusters 2 and 3) that might be 

characterized as resistant to peri-implantitis (Table 2). The upper premolar region was 

the site with the lowest % of peri-implantitis affected implants and with the smallest 

JBSMPIBL among the 6 jaw bone sites (Figures 3A & 3B). Patterns of the connection 

of younger age and fewer teeth with peri-implantitis are demonstrated in Figures 3C 

& 3D.  

 

To identify important hidden variable interrelationships we employed PAF. 

This analysis identified five axes of the dataset structure (Table 3). Axis 1 included 

the variables number of teeth, presence of molar occlusion and type of overlying 

prosthesis, while axis 2 the variables years of implant function and implant surface, 

axis 3 FMPS and recall compliance level, axis 4 periodontitis severity level and 

smoking, and finally axis 5 the variable age. Network analysis showed the 

significance of variables number of teeth (axis 1) and age (axis 5) in the data structure. 

The networks that were initiated with nodes from them interacting with IIMBL, 

demonstrated the highest number of shortest paths and the highest number of nodes 

(highest connectivity) in the created networks (Table 4). Jaw bone site and years of 

function showed the highest quantity of actual connections out of the number of 

connections that could potentially exist between nodes; this portion defines the 

measure of network density and being large denotes high speed of information 

diffusion in the network (Table 4). A merged network with nodes that had been 

initiated from variables age and number of teeth and linked to nodes of diagnosis of 

peri-implantitis demonstrated the two basic properties of a “small world” network: a 

large average clustering coefficient and a short characteristic path length (Figure 4A) 

(Watts & Strogatz 1998, Barabási et al. 2010). By deleting the hub of peri-implantitis 

the clustering coefficient of the network remained unaltered (Figure 4B). The network 

for the non-affected implants remained stable. This finding supports also the 

hypothesis of the existence of distinct implant “phenotypes”.  

 

We applied PCA on the collected 17 variables, in order to identify the 

variables that significantly explain the variability of the dataset (Figure 5A). In this 
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respect, we found the variables (i) number of remaining teeth, (ii) FMPS and (iii) 

implant surface to be the most significant. These three variables clearly appeared 

important as belonging to the steep part of the curve of the scree plot (Figure 5A). 

Another three variables that exceeded eigenvalue 1 were: age, periodontitis severity 

and diabetes (Figure 5A). All six principal variables with eigenvalue >1 appeared 

uncorrelated to each other (Figure 5B). 

 

We trained ES and PSO-SVMs in predicting IIMBL using as inputs the PCA 

selected variables (Figures 6A & 6B). PSO further reduced the PCA list and selected 

the variables number of teeth, age and implant surface as inputs to SVMs. PSO-SVMs 

gave a smaller deficit between training and 10-fold CV root mean squared error 

(training error for PSO-SVMs was 0.149 against 10-fold CV error of 0.150, compared 

to 0.133 and 0.147 respectively for ES). The two models were used in classifying 

peri-implantitis affected and non-affected implants in a binary fashion (instead of 

regressing IIMBL). The produced sensitivity and specificity levels were: 55% 

sensitivity and 91% specificity for ES (10-fold CV scores 38% and 90% respectively) 

and 62% sensitivity with 85% specificity for PSO-SVMs (10-fold CV scores 47% and 

79% respectively). 

 

We were highly interested to validate the KNN model of our previous study 

on a new sample. This yielded a root mean square error of 0.141 (Figure 6D), which 

as compared to the 0.017 value reported by our previous study, reveals a possible data 

overfitting in the previous study. However, the result validates the model in predicting 

PMPIBL by providing also a high prediction level despite the fact that we have here a 

different sample with less frequent recall visits. 
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Figure 3.  Peri-implantitis and peri-implant bone levels in different jaw bone sites, different age 
and number of teeth. 

Jaw bone site region: site 1 upper incisor-canine, site 2 upper premolar, site 3 upper molar, 
site 4 lower incisor-canine, site 5 lower premolar, site 6 lower molar. 

A. Peri-implantitis is more likely to happen in the lower jaw. Site 3 shows the least and site 4 
the highest rate (% of affected implants in site 1 29.5%, site 2 31.3%, site 3 8.0%, site 4 
42.9%, site 5 29.6% and site 6 40.0%). 

B.  JBSMPIBL = Jaw bone site mean peri-implant bone level. Site 2 is the most favourable 
site for non affected implants. 

C. In this parallel coordinate plot, each case (e.g. implant) on the left vertical line for number 
of teeth, is connected with a line to the corresponding individual implant mean bone level 
value (IIMBL) of the graph. Peri-implantitis affected implants are depicted with green 
colour. Here clearly a pattern is captured where less remaining teeth are connected with 
peri-implantitis. 

D. The patterns revealed in this parallel coordinate plot for age connected to IIMBL indicate 
that older ages (≥65 years) are mostly connected with non affected implants. 
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Figure 4.  A network with nodes starting from the variables age and number of teeth interacting 
with diagnosis of peri-implantitis. 

This is a circular type of network representation of all possible interconnections between the 
variables age and number of remaining teeth with the diagnosis of peri-implantitis. Nodes represent 
various ages (red colour) and various numbers of remaining teeth (yellow colour). The remainder 15 
variables of the implant dataset were used as edges (relationships) (indicated by curved lines on the 
graph) between age and number of teeth on one hand, and peri-implantitis occurrence or not on the 
other hand. 

A. This is a highly centralized network with 59 nodes, 471 edges and 3422 shortest 
paths, a characteristic path length 2 and clustering coefficient 0.510. The 
minimum number of edges that must be walked through from the starting node to 
reach the destination node defines the shortest path. Characteristic path length is 
defined as the average number of steps along the shortest paths for all possible 
pairs of nodes. The clustering coefficient is the average ratio of the number of 
edges between neighbour nodes to the number of edges possible between 
neighbour nodes. The high clustering coefficient and the short path length may 
characterize the network as a “small world” network, being resistant to random 
perturbations.  
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B. Deleting the hub of peri-implantitis has only a local effect on the network with no 
change in the clustering coefficient, while deleting the hub of no peri-implantitis 
the network vanishes. A sub-set of 23 nodes mediate their short path length 
connections through the no peri-implantitis hub. Most pairs of nodes will be 
connected by at least one short path. 
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Figure 5. Principal component analysis (PCA) 
With PCA we could extract from 17 variables (see Material & Methods) the most significant in 

explaining the variability of the dataset. With PCA we re-express the data by performing linear 
combinations of the variables. Typically variables on the steep part of the scree plot curve account for 
the maximum of the variability. However, in a broader consideration, variables showing eigenvalue ≥1 
are also significant. 

A. The six parameters that showed eigenvalue ≥1 were in order of significance: (1) number of 
remaining teeth, (2) full mouth plaque scores, (3) implant surface, (4) periodontitis severity, (5) 
age and (6) diabetes. They totally explain 65% of the variation. 

B. While the PCA guarantees that there is no linear correlation between the principal components, 
this scatterplot matrix is simply used to check for any nonlinear associations. We find points 
not to follow any pattern in the scatterplot matrix, therefore confirming that no associations 
between principal components are detected. 
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Figure 6. Predictive models for peri-implant bone levels  
RMSE = root mean squared error, CV = cross validation. 
A. Ensemble selection using as inputs the six Principal Component Analysis (PCA) variables 

(Figure 5). Target variable is individual implant mean bone level (IIMBL). 
B. By using Particle Swarm Optimization (PSO) we promoted from the PCA list (Figure 1) the 

variables (i) number of remaining teeth, (ii) age and (iii) implant surface as inputs to the 
model of Support Vector Machines (SVMs).  We obtained a very small deficit between 
training and cross validation (CV) error. It is demonstrated that by removing irrelevant 
sources of variation (noise), we improved the generalization ability of a model to unseen new 
cases. Target variable is also here individual implant mean bone level (IIMBL). 

C. 3-D scatterplot showing peri-implantitis cases in green colour. Even in this apparently 
complex pattern configuration it is obvious that the presence of ≥20 teeth is related to implant 
health. SVMs deal with this complexity by projecting the data to a higher dimensional space 
and separating them linearly in this new space. 

D. Validation of the k-nearest neighbour model presented in a previous study (Papantonopoulos 
et al. 2015), using the new sample of patients of the current study with the old settings (k = 24 
for number of teeth, age and years of implant function as input parameters). Target variable 
here is patient mean peri-implant bone level (PMPIBL). 



 

149 
 

 

Table 2. K-means clustering on mixed variables (numerical and categorical) using the 

parameters of age of patient having the implant, number of remaining teeth and jaw bone 

site of implant insertion as indicated by multidimensional unfolding analysis (MDU) (Figure 

2). Three clusters were asked on the basis of MDU. The centroids of the predefined number 

of clusters are initialized randomly. Each data point is assigned to a cluster based on the 

similarity between the data point and the cluster centroid. A reassignment procedure is 

repeated until a fixed iteration number is completed. For numerical variables mean values 

and standard deviations within clusters are shown. 

 
 Cluster 1 Cluster 2 Cluster 3 

Number of implants  

within clusters (% of 

total number) 

65 (27%) 97 (41%) 75 (32%) 

                                       Cluster centroids 

Age of patient (years)  60.8 ± 7.5 64.2 ± 8.2 63.4 ± 10.5 

Number of remaining 

teeth  

7.8 ± 8.7 19.1 ± 6.5 11.7 ± 8.1 

Jaw bone site * 

(% of implants within 

cluster) 

Lower incisor-canine 

(26%) 

Upper premolar 

(50%) 

Upper incisor-canine 

(64%) 

IIMBL**  5.2 ± 2.5 mm 1.6 ± 1.0 mm 1.6 ± 0.8 mm 

Number of implants 

with peri-implantitis 

(% within cluster) 

62 (96%) 5 (5%) 6 (7%) 

* Jaw bone site region: site 1 upper incisor-canine, site 2 upper premolar, site 3 upper molar, site 4 

lower incisor-canine, site 5 lower premolar, site 6 lower molar.  

** Individual implant mean bone level. 
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Table 3. Principal axis factoring revealing a dataset structure comprising five axes (in 
columns). Variables showing correlation coefficients > 0.400 or < -0.400 are selected. 
Axes represent one or more correlated variables and indicate how variables are engaged in 
a complex environment. For instance, we see smoking to be engaged through its relation to 
periodontitis severity in axis 4.  
 

Variable Axis 
1 

Axis  
2 

Axis 
3 

Axis 
4 

Axis  
5 

Age     0.796 

Gender      

N of teeth -0.930     

Compliance with recall   0.588   

FMPS*   0.597   

Implant surface  0.731    

Implant diameter      

Years of function  0.857    

Number of implants      

Smoking    0.431  

Diabetes      

Other medical conditions      

Periodontitis severity    0.861  

Jaw bone site      

Cantilever in prosthesis      

Missing molar occlusion 0.780     

Single or multi- unit fixed 
prosthesis or overdenture 0.596     

* Full mouth plaque scores
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Table 4. Statistics for networks with nodes initiated from each individual variable 
interacting with individual implant mean bone level (IIMBL), using as edges the other 16 
variables. We considered and measured the networks as undirected. Network clustering 
coefficient is the average ratio of the number of edges between neighbour nodes to the 
number of edges possible between neighbour nodes. Nodes with less than two neighbours 
have a coefficient of zero. Diameter of a network is the maximum length and radius is the 
minimum length that can found between two nodes of the network. Centralization 
measures not only how many edges a node has on average, but also how many its 
neighbours have. The length of a path is the number of edges in it. The minimum number 
of edges that must be walked through from the starting node to reach the destination node 
defines the shortest path. Characteristic path length is defined as the average number of 
steps along the shortest paths for all possible pairs of nodes. Density of a network is the 
proportion of the number of edges present in the network out of the number of all possible 
edges. Heterogeneity of a network equals the coefficient of variation of connectivity (the 
extent to which all the nodes are accessible to each other). 
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Age 
 

0.00 6 3 0.241 4160 2.821 5.046 65 0.079 0.886 

Gender 
 

0.621 3 2 0.799 1122 1.957 3.176 34 0.096 1.920 

N of teeth 
 

0.143 5 3 0.317 2756 2.377 6.117 53 0.118 0.814 

Compliance with 
recall 

0.445 3 2 0.939    1122 1.943 2.824 34 0.086 2.032 

FMPS** 
 

0.329 2 1 0.979 1122  1.922 2.588 34 0.078 2.168 

Implant surface 
 

0.182 3 2 0.924 1122 2.016 2.294 34 0.070 2.294 

Implant diameter 
 

0.562 3 2 0.900 1122  1.947 3.059 34 0.093 1.955 

Years of function 
 

0.340 4 2 0.425 1482  2.166 6.667 39 0.175 0.825 

Number of 
implants 

0.512 4 2 0.317 1056 2.085 6.424 33 0.201 0.900 

Smoking 
 

0.533 3 2 0.869 1122 1.968 3.000 34 0.091 1.950 

Diabetes 
 

0.387 3 2 0.943 1122 1.950 2.706 34 0.082 2.074 



 

152 
 

Other medical 
conditions 

0.387 2 1 0.975 1122 1.918 2.706 34 0.082 2.109 

Periodontitis 
severity 

0.490 3 2 0.538 1122 2.070 4.294 34 0.130 1.350 

Jaw bone site 
 

0.528 4 2 0.552 1056 2.066 5.394 33 0.169 1.082 

Cantilever in 
prosthesis 

0.504 3 2 0.877 1122 1.975 2.941 34 0.089 1.960 

Molar occlusion 
 

0.533 3 2 0.837 1122 1.980 3.000 34 0.091 1.939 

Single or 
multi-unit fixed 
prosthesis or 
overdenture 

0.498 3 2 0.819 1056 2.008 3.394 33 0.106 1.623 

* For all created networks it was found that the shortest paths covered 100% of all possible node 
connections. 
** Full mouth plaques scores 
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Discussion 

We aimed to (1) cluster implants placed in patients mostly with inferior 

maintenance care into homogenous groups, (2) investigate the structural properties of 

networks created by the complex interactions of demographic, clinical and 

radiographic variables and (3) evaluate classifiers for the prediction of individual 

implant bone levels. Our clustering method highlighted the existence of two implant 

“phenotypes”, one with susceptibility and another with resistance to peri-implantitis 

(Figure 2, Table 2). Fewer teeth (a mean of 8 teeth), younger age of patients (a mean 

of 60 years compared to a mean of 64 of the other group) and jaw bone site 

(placement in the lower front jaw versus the upper jaw) characterized the implant 

“phenotype” with susceptibility to peri-implantitis (Table 2). Using network analysis 

we found the variables age and number of remaining teeth being significant in the 

data structure and we created a network with these two variables as source of nodes 

interacting with the diagnosis of peri-implantitis. The peri-implantitis hub deletion 

(Figure 4B) tested the interconnectedness of these variables among peri-implantitis 

affected and non-affected implants and the demonstrated network robustness further 

supported the hypothesis of the existence of two implant “phenotypes”. Statistical 

learning models (Figures 6A & B) provided accuracy for the prediction of IIMBL 

with a generalization ability tested by 10-fold cross validation.   

 

The number of remaining teeth was found to be the first variable in the PCA 

list, being independent from periodontitis severity level (Figures 5A & 5B). It could 

be that this variable might represent an occlusal stress index to implants. Implants in 

edentulous jaws had a high rate of peri-implantitis occurrence (55%), which might 

suggest “edentulousness” as an independent variable to be evaluated in future studies. 

The factor age also might relate to reduced bite force, although it is still questionable 

that a reduced bite force is a consequence of ageing [Ikebe et al., 2006]. The age 

difference of 4 years between the final cluster centroids of the implant “phenotypes” 

is deceptive, in the sense that one might consider the difference as clinically 

insignificant (Table 2). However, we find that in individuals in the age range 50-59 

years 49% of implants were affected, while in those in the age range 60-65 the 

prevalence of peri-implantitis at implant level was 32% and in the age range 66-80 the 

prevalence dropped to 24%. 
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 In a rather well maintained group of patients we found in a previous study 

from the same private practice but with a different cohort, that implant surface was 

not significantly associated with individual implant bone levels [Papantonopoulos et 

al., 2015]. In a recent review it was concluded that it is not clear which surface 

characteristics provide a more predictable outcome [Barfeie et al., 2015]. The findings 

of the current study suggest that a smooth implant surface might enhance peri-

implantitis susceptibility when an irregular maintenance care is chosen by the patient; 

the situation might get aggravated as years of function are being added. This is 

particularly true in our sample, where implants with smooth surface were in function 

for 16-20 years. However, years of function are not found in the PCA list of 

significant parameters in explaining the variability in the dataset. While smooth 

surface implants represent 5% of the sample in this study, they account for 11% of the 

peri-implantitis affected implants. All smooth surface implants affected by peri-

implantitis were placed in edentulous jaws. A smooth implant surface when combined 

with other challenging factors (e.g. smoking or short implant length) has been 

reported to correlate to peri-implantitis [Qian et al., 2012]. In contrast to the above, 

experimental findings in dogs indicate a more advanced progression of peri-

implantitis in rough implant surfaces [Carcuac et al., 2013]. Peri-implantitis has been 

described as a complex disease [Jemt and Albrektsson, 2008]. The results of the 

current study support the notion that peri-implantitis is a complex condition involving 

various divergent factors simultaneously interacting [Moy et al., 2005]. 

 

It is now recognized that biological networks follow basic organizing rules, 

rather than being random in their structure [Barabási et al., 2010]. Not all network 

paths are created equal. The shorter paths in a network are more important [Barabási 

et al., 2010]. The average distance between all pairs of nodes makes a difference, with 

the shortest denoting faster information traffic. The size of the network is also a 

measure of its connectivity level. With respect to the above, the variables number of 

teeth and age were found significant for the data structure; the networks starting with 

nodes of these variables and having destination nodes of IIMBL, were found as 

showing the highest connectivity (Table 4). A merged network created using these 

two variables as sources of nodes and having as target interaction the nodes of peri-

implantitis diagnosis (Figure 4A), showed characteristics of a “small world” network 

[Watts and Strogatz, 1998]. “Small world” networks are highly clustered with short 



 

155 
 

path length demonstrating robustness to perturbations. The resilience of a network is 

typically tested by node deletion [Barabási et al., 2010]. A resilient network can 

absorb external or internal fluctuations. The fact that by deleting the hub of peri-

implantitis the network basically remained unaltered in its clustering structure (Figure 

4B) might be an indication for clinical stability of the unaffected implants as long as 

they are not exposed to a new clinical environment. This finding supports again the 

hypothesis of the existence of implant “phenotypes” and it might be of particular 

interest as it is made on a sample of patients with irregular maintenance care. More 

clinical work is needed to validate this network analysis finding. Monje et al. [2016] 

in a meta-analysis recognized the impact of maintenance therapy on the prevention of 

peri-implant diseases, but also stressed out that must be tailored to a patient’s risk 

profile and even so, complications might occur.  

 

There are no rules to determine the sample size needed for PCA to be reliable. 

Jung and Marron [2009] working with high dimension data in low sample size, 

showed that if the first few eigenvalues of a population covariance matrix are large 

enough compared to the others, these first PCA directions tend to be consistent 

(Figure 5A). There are also no rules to determine how large a sample should be to 

allow the application of SVMs or ES. An empirical assessment of the needed sample 

size for SVMs was reported by Shao et al. [2013] in microarray data. They showed 

that for highly predictable endpoints, 60 training samples are enough to achieve near-

optimal prediction classifiers, while for moderate prediction performance at least 120 

training samples are needed. In the latter situation, no further samples were needed 

due to a negligible improvement. We may conclude, therefore, that the current study 

has employed enough samples for its intended purposes. 

 

In a recent review it is reported that 1% to 47% of patients may suffer from 

peri-implantitis [Derks and Tomasi, 2015]. Derks et al. [2016] in a Swedish cohort 

over 9 years of implant function found peri-implantitis in 45% of the patients. Costa 

et al. [2012] in patients with diagnosed peri-implant mucositis at baseline, found over 

5 years of observation higher incidence of peri-implantitis in patients without proper 

maintenance compared to regular attendees of a recommended schedule. The obvious 

disparity in FMPS and maintenance schedule adherence of the patients of the current 
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study compared to the patients of our previous report [Papantonopoulos et al., 2015], 

reflected a difference in the % of implants with peri-implantitis, which was 31% in 

the current study against 26% in the previous. However, we found peri-implantitis in 

44% of the patients in this study compared to 48% of the previous sample. This 

simple fact denotes that the complexity of peri-implantitis cannot be reduced to a 

single variable (e.g. FMPS or number of maintenance visits); it is a well recognized 

fact by the current theory of complexity that the whole matters more than a simple 

sum of the parts [Nicolis and Nicolis, 2012]. All contributing parts like possible gene 

polymorphisms, life style factors, bacterial biofilms, general diseases, implant surface 

and aberrant occlusal stress, constitute a complex system in which all variables 

interact unpredictably and disproportionately [Moy et al., 2005]. This has also been 

proposed for periodontitis [Lopez et al., 2015; Loos et al., 2015]. All patients in this 

study had periodontitis treatment of various kinds in the past. Nevertheless, some 

teeth replaced by implants might have been lost for reasons other than periodontitis. It 

was not possible to retrieve the true reasons of tooth removal. 

 

A small deficit between the training and CV scores ensures good 

generalization ability for a model, meaning that it can be applied in new unseen cases 

with the confidence that it will work at the same level as with the training sample. 

PSO-SVMs behaved excellently in the CV test (Figure 6B). Although SVMs are 

thought to operate well with high dimensional data, a dimension reduction process of 

input variables by PSO enhanced their generalization ability [Liu et al., 2014]. With 

the regression models of this study we might predict bone levels in implants 

functioning at a mean of 7.5 years using simple clinical parameters. However, given a 

classification task (occurrence of peri-implantitis or no) the models performed at a 

moderate sensitivity level. The KNN model of our previous study [Papantonopoulos 

et al., 2015] showed a possible overfitting of the data with our previous sample of 

patients. However, despite the difference in compliance rates between the two 

samples, the prediction level achieved in the current study (Figure 6D) warrants 

further development of such models in the direction of a general use on new samples. 

 

Further studies on larger samples using more variables (e.g. genetic, 

immunological or microbiological) might provide more accuracy in predicting peri-

implant bone level. Trained models should be ideally tested on independent samples 



 

157 
 

to ensure generalization of their application in unseen new cases [Guyon and 

Elisseeff, 2003]. 

 

In conclusion, with an unsupervised analysis at implant level, we found a 

group of implants susceptible and two overlapping groups of implants resistant to 

peri-implantitis; on the basis of these clustering data patterns, two implant 

“phenotypes” could be suggested, one susceptible and one resistant to peri-implantitis. 

Fewer teeth, younger age and placement mainly in the lower jaw characterize the 

susceptible implant “phenotype”, while the resistant “phenotype” was predominantly 

found in the upper jaw. The hypothesis of the existence of two implant “phenotypes” 

was further supported by network analysis. Predictive modelling can assist clinicians 

in treatment planning and establishing prognosis for patients in need of dental 

implants. 

 



 

158 
 

References 

 

Barabási A-L, Gulbahce N, Loscalzo J. Network medicine: a network-based 

approach to human disease. Nature Rev Genetics 2010; 12:56–68. 

 

Barfeie A, Wilson J, Rees J. Implant surface characteristics and their effect on 

osseointegration. British Dent J 2015; 218(5):E9, doi:10.1038/sj.bdj.2015.171.  

 

Berglundh T, Persson L, Klinge B. A systematic review of the incidence of 

biological and technical complications in implant dentistry reported in 

prospective longitudinal studies of at least 5 years. J Clin Periodontol 2002; 

29:197-212 

 

Borg I, Groenen PJF. Modern multidimensional scaling: Theory and applications. 

New York: Springer; 2013: 231-270. 

 

Campbell C, Ying, Y. Learning with Support Vector Machines. San Rafael: Morgan 

and Claypool; 2011:18-21. 

 

Carcuac O, Abrahamsson I, Albouy JP, Linder E, Larsson L, Berglundh T. 

Experimental periodontitis and peri-implantitis in dogs. Clin Oral Implants Res 

2013; 24:363-371.  
 

Caruana R, Niculescu A, Crew G, Ksikes A. Ensemble Selection from Libraries of 

Models. In: Proceedings of the 21st International Conference on Machine 

Learning, Banff, Alberta, Canada: International Machine Learning Society; 

2004. 

 

Coates A, Ng AY. Learning Feature Representations with K-means. In: Montavon 

G, Orr GB, Müller K-R, Editors. Neural Networks: Tricks of the Trade, 2nd 

edition. Springer: Heidelberg; 2012: 561-580.  

 



 

159 
 

Costa FO, Takenaka-Martinez S, Cota LOM, Ferreira SD, Silva GLM, Costa JE. Peri-

implant disease in subjects with and without preventive maintenance: a 5-year 

follow up.  J Clin Periodontol 2012; 39:173-181. 

 

de Boer PT, Kroese DP, Mannor S, Rubinstein RY. A tutorial on the cross-entropy 

method. Ann Oper Res 2005; 134:18-67. 

 

del Valle Y,  Venayagamoorthy GK,  Mohagheghi S,  Hernandez J-C, Harley RG. 

Particle Swarm Optimization: Basic Concepts, Variants and Applications in 

Power Systems. IEEE Trans Evolutionary Comput  2008; 12:171-195. 

 

Derks J, Tomasi C. Peri-implant health and disease. A systematic review of current 

epidemiology. J Clin Periodontol 2015; 42:S158-171. 

 

Derks J, Håkansson J, Wennström JL, Tomasi C, Larsson M, Berglundh T. 

Effectiveness of implant therapy analysed in a Swedish population: early and late 

implant loss. J Dent Res 2015; 94:S44-51. 

 

Derks J, Schaller D, Håkansson J, Wennström JL, Tomasi C, Berglundh T. 

Effectiveness of implant therapy analysed in a Swedish population: prevalence of 

per-implantitis. J Dent Res 2016; 95:43-49. 

 

Frisch E, Ziebolz D, Vach K, Ratka-Krüger P. Supportive post-implant therapy: 

patient compliance rates and impacting factors: 3-year follow-up. J Clin 

Periodontol 2014; 41:1007-1014. 

 

Guyon I, Elisseeff A. An introduction to variable and feature selection. J Mach Learn 

Res 2003; 3:1157–1182. 

 

Hastie T, Tibshirani R, Friedman J. The elements of statistical learning: Data mining, 

inference, and prediction, 2nd edition. New York: Springer; 2009:459-552. 

 

Heitz-Mayfield LJA, Lang PN. Comparative biology of chronic and aggressive 

periodontitis vs. peri-implantitis. Periodontol 2000 2010; 53:167-181. 



 

160 
 

 

Ikebe K, Matsuda K, Morii K, Furuya-Yoshinaka M, Nokubi T. Association of 

masticatory perfomance with age, posterior occlusal contacts, occlusal force, and 

salivary flow in older adults. Int J Prosthodont 2006; 19:475-481. 

  

Jemt T, Albrektsson T. Do long-term followed-up Branemark implants commonly 

show evidence of pathological bone breakdown? A review based on recently 

published data. Periodontol 2000 2008; 47:133–142. 

 

Jung S, Marron JS. PCA consistency in high dimesion, low sample size context. Ann 

Stat 2009; 37:4104-4130. 

 

Kanungo T, Mount DM, Netanyahu NS, Piatko CD, Silverman R, Wu AY. An 

efficient k-means clustering algorithm: analysis and implementation. IEEE Trans 

Pattern Analysis Mach Intel 2002; 24:881-892.   

 

Lang NP, Berglundh T. on Behalf of Working Group 4 of the Seventh European 

Workshop on Periodontology: Periimplant diseases: where are we now? – 

Consensus of the Seventh European Workshop on Periodontology. J Clin 

Periodontol 2011; 38(Suppl. 11):178–181. 

 

Lang NP, Jespen S. Implant surfaces and design (working group 4) Clin Oral 

Implants Res 2009; 20(Suppl.4):228-231. 

 

Lay D. Linear Algebra and its Applications.  New York: Addison-Wesley; 2000: 441-

486. 

 

Liu Y-Z, Zhang H-L, Liu Y-J, Jiang J-G. Hybrid Patterns Recognition of Control 

Chart Based on WA-PCA-PSO-SVM. Int J  Control Autom 2014; 7:91-98. 

 

Loos BG, Papantonopoulos GH, Jespen S, Laine M. What is the contribution of 

genetics to periodontal risk? Dent Clin North Am 2015; 59:761-780. 

 



 

161 
 

Lopez R, Hugoel P, Belibasakis GN. On putative periodontal pathogens: an 

epidemiological perspective. Virulence 2015; 6:249-257. 

 

Monje A, Arana L, Diaz KT, Alarcón MA, Bagramian RA, Wang HL, Catena A. 

Impact of maintenance therapy for the prevention of peri-implant diseases: a 

systematic review and meta-analysis. J Dent Res 2016; 95:372-379. 

 

Moy PK, Medina D, Shetty V, Aghaloo TL. Dental implant failure rates and 

associated risk factors. Int J Oral Maxillofacial Implants 2005; 20:569-577.  

 

Nicolis G, Nicolis C. Foundations of complex systems: emergence, information and 

prediction, 2nd edition. Singapore: World Scientific; 2012:1-16. 

 

Papantonopoulos G, Gogos C, Housos E, Bountis T, Loos BG. Peri-implantitis: a 

complex condition with non-linear characteristics. J Clin Periodontol 2015; 

42:789-798. 

 

Pretorious AL, Purchase AC, Stasko AC. Tasks for multivariate network analysis. In: 

Kerren A, Purchase AC, Ward MO, editors. Multivariate network visulization. 

Heidelberg: Springer; 2014:77-95. 

 

Qian J, Wenneberg A, Albrektsson T. Reasons for marginal bone loss around oral 

implants. Clin Implant Dent Related Res 2012; 14:792-807. 

 

Renvert S, Quirynen M. Risk indicators for peri-implantitis. A narrative review. Clin 

Oral Implant Res 2015; 26 (Suppl. 11):14-44. 

 

Shao L, Fan X, Cheng N, Wu L, Cheng Y. Determination of minimum training 

sample size for microarray-based cancer outcome prediction– An empirical 

assessment. PLoS ONE 2013; 8(7):e68579. 

 

Schmidlin PR, Sahrmann P, Ramel C, Imfeld T, Müller J, Roos M, Jung RE. Peri-

implantitis prevalence and treatment in implant-oriented private practices: A 



 

162 
 

cross-sectional postal and Internet survey. Schweizer Monatsschrift für 

Zahnmedizin 2012; 122:1136-1144.  

 

Serino G, Ström C. Peri-implantitis in partially edentulous patients: Association with 

inadequate plaque control. Clin Oral Implants Res 2009; 20:169-174. 

 

Van Dyke TE. The impact of genotypes and immune reactivity on peri-implant 

inflammation: Identification and therapeutic use of anti-inflammatory drugs and 

immunoregulators. Eur J Oral Implantol 2012; 5:S51-60. 

 

Vidal M, Cusick, ME, Barabási, A-L. Interactome networks and human disease. Cell 

2011; 144:986-998. 

 

 



 

163 
 

CHAPTER 6 
 

Discussion and Summary 
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“Precision medicine” is about using the right tools in distinguishing 

subpopulations afflicted by a certain human disease and therefore targeting preventive 

and therapeutic measures to those that will benefit from that [Collins and Varmus, 

2015]. The extension of this concept to dentistry is obvious: one should aim to give 

the right treatment, to the right people at the right time. There is a need to develop 

accurate diagnostic, prognostic, preventive and therapeutic strategies in treating 

periodontitis patients and in restoring mutilated dentitions by using dental implants. In 

the studies comprising this thesis it was first attempted to establish the presence of 

nonlinear characteristics in periodontitis and peri-implantitis by investigating complex 

patterns in clinical, immunological and radiographic data collected from periodontitis 

and implant-treated patients. Thereafter complexity methods were applied to (i) 

cluster periodontitis patients of four cohorts and train and test various classifiers in 

distinguishing aggressive (AgP) from chronic (CP) periodontitis and (ii) cluster 

implant-treated patients and create prediction models of the mean peri-implant bone 

level at a patient or implant basis on two cohorts of implant-treated patients. 

 

Ever since the classification scheme that recognized the two clinical 

phenotypes of AgP and CP was “voted” in 1999, it has been the center of fierce 

debate [Armitage, 1999; van der Velden, 2005]. It has been long argued [Sherp, 1964] 

that by choosing different clinical thresholds of disease severity one can end up in a 

variety of classifications. Much of the confusion arises from the fact that no 

universally accepted paradigm has prevailed regarding the connection of specific parts 

of the immune response to the progression of periodontitis [Gemmel et al., 2007]. 

Classifications based on biological phenotypes [Offenbacher et al., 2007] or on 

transcriptome analysis [Kebschull et al., 2014] have been proposed.  

 

The host immune response in periodontitis has been extensively analysed in 

the last 40 years and various pathways that lead to the progression of periodontitis 

have been scrutinized [Kornman, 2008]. For instance, the Th1/Th2 cell balance has 

been considered crucial and Th2 cells are thought to be associated with the 

progression of the disease [Gemmel et al., 2007]. It is known that T cells play a 

fundamental role in immune homeostasis in periodontitis. However, their exact role is 

considered enigmatic. It is thought that when a shift towards Th2 cytokines occurs, 

the resulted imbalance in the immune response leads to periodontitis progression. 
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However, beyond this simple T cell model, the complexity of periodontitis is readily 

realized by the widely accepted fact that the immune response is a double-edged 

sword [Loos et al. 2015]. For instance the cytokines IFN-γ and TNF-α are thought to 

participate in the periodontal tissue breakdown cascade, but are also considered 

important in the control of an exaggerated inflammatory reaction [Garlet, 2010]. A 

competition at one scale among parts of a complex system can very well be 

maintained by cooperation of these parts at a finer scale below.  

 

In the first study of this thesis (chapter 2) it was shown that while it is unlikely 

to have a test with both high sensitivity and high specificity, the use of immunologic 

parameters in the right model can complement efficiently a clinical examination for 

ruling out or ruling in AgP. If a patient is suspected to be in the AgP class, AgP can 

be ruled in by ordering a highly specific test. If a 100% specific test fails to identify a 

case as CP, then the case is very likely of the AgP type. By the same reasoning, if a 

patient is suspected to be in the CP class, AgP can be ruled out by ordering a highly 

sensitive test [Akonberg, 2006]. It was intended to select among the models proposed 

by recursive partitioning analysis (RPA), the one maximizing the Kullback Leibler 

divergence (DKL) of the model’s distribution of positive results in AgP from that in CP, 

and of the model’s distribution of negative results in CP from that in AgP [Cover and 

Thomas, 2006]. DKL has been described in information theory as the “coding cost” 

associated with selecting a distribution to approximate a “true” distribution [Cover 

and Thomas, 2006]. A data-driven quantity was searched that could be used to 

penalize DKL and therefore guard against over-fitting the data. Such a quantity was the 

coding cost of leave-one-out cross validation error that was finally used to penalize 

DKL in the evaluation of a series of tests. The IL-4, IL-1, IL-2 model was chosen by 

the method for ruling out AgP, while the single CD4/CD8 ratio with lowered 

discrimination cut-off point was promoted for ruling in AgP. 

 

In a subsequent study it was shown (chapter 3) that artificial neural networks 

(ANNs) can be effective in classifying periodontitis patients into AgP or CP. We 

found that ANNs can be employed for accurate diagnosis of AgP or CP by using 

relatively simple and conveniently obtained parameters, like leukocyte counts in 

peripheral blood. ANNs can be adaptive to external or internal changes and “learn” 

from the data entered into them [Abdi, 2003]. However, overfitting the data is a 
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concern in their design. The feature pruning strategy by automatic relevance 

determination that was used and the determination of the weight decay regularization 

parameter by a 10-fold cross-validation process, were the necessary steps taken to 

work against overfitting the data [Hastie et al., 2009].  

 

Using data from implant-treated patients of a private practice (chapter 4), 

heterogeneity in the clinical course of peri-implantitis was demonstrated by two ways: 

(i) by showing at least two clusters of implant-treated patients with different peri-

implantitis severity levels using unsupervised learning and (ii) by extracting different 

peri-implant bone level patterns among six jaw bone sites applying data mining fractal 

analysis. It was further suggested by principal component analysis (PCA) that: (i) the 

number of remaining teeth (inversely related), (ii) age (also with an inverse 

relationship) and (iii) male gender, are principal components in explaining the 

patterns of relationships within the set of the observed variables. A k-nearest 

neighbour model (KNN) offered reasonable prediction of patient mean peri-implant 

bone level using as input the PCA variable list. The parameter number of remaining 

teeth can be interpreted as representing periodontitis severity. However, this 

parameter might also be considered as an index for occlusal overloading of implants, 

as the number of remaining teeth was found to be uncorrelated to periodontitis 

severity level.  

 

Fractal structures are found everywhere in nature and as of that in many parts 

of the human body [Mandelbrot, 1982]. Examples are the lungs, the blood vessels and 

the nervous system. The appearance of chaos is connected to the presence of fractals 

[Schuster and Just, 2005]. As has been shown in many biological and other systems, 

nature’s economy does not abandon the disease process to complete randomness, but 

instead controls its progression by laying the system on a strange attractor [Brackley 

et al., 2010]. Alveolar bone is a fractal object with a fractal dimension (FD) in the 

range 1.36-1.65 [Yasar and Akgünlü, 2005]. FD quantifies the complexity of a fractal 

pattern as it is the ratio of the change in detail observed in the pattern to the change in 

scale being measured. However, bone might not have been naturally designed to 

withstand chronic inflammatory processes of the type of peri-implantitis. Different 

dynamic profiles of peri-implantitis for various jaw bone sites were estimated by 

calculating the FD of respective bone level data. Based on these findings it was 
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suggested that the alveolar bone site quality is an important parameter in predicting 

peri-implantitis severity. The estimated FD of peri-implant bone level data of all peri-

implantitis affected implants was 1.49, a value that was suggested as the FD of 

alveolar bone [Yasar and Akgünlü, 2005]. Therefore it might be argued that the 

difference reported [Berglundh et al., 2011] in the progression dynamics between 

periodontitis and peri-implantitis is simply a reflection of the existence of two 

attractors (periodontal ligament and alveolar bone) with different levels of 

complexity.  

 

In chapter 5 the aim was to (i) cluster implants placed in patients mostly with 

inferior maintenance care into homogenous groups, (ii) investigate the structural 

properties of networks created by the complex interactions of demographic, clinical 

and radiographic variables and (iii) evaluate classifiers for the prediction of individual 

implant bone levels. The k-means clustering method highlighted the existence of two 

implant “phenotypes”, one with susceptibility and another with resistance to peri-

implantitis. Fewer teeth (a mean of 8 teeth), younger age of patients (a mean of 60 

years compared to a mean of 64 of the other group) and jaw bone site (placement in 

the lower front jaw versus the upper jaw) characterized the implant “phenotype” with 

susceptibility to peri-implantitis. Using network analysis the variables age and 

number of remaining teeth were found significant in the data structure and a network 

was created with these two variables as source of nodes interacting with the diagnosis 

of peri-implantitis. The peri-implantitis hub deletion tested the interconnectedness of 

these variables among peri-implantitis affected and non-affected implants and the 

demonstrated network robustness further supported the hypothesis of the existence of 

at least two implant “phenotypes”. Statistical learning models provided accuracy for 

the prediction of individual implant mean bone level with a generalization ability 

tested by 10-fold cross validation. Finally it was possible to test the KNN model 

introduced in chapter 4 on the new sample of implant–treated patients, finding good 

generalization ability of the model. 

 

By the studies included in this thesis a path was forged toward recognizing 

subgroups of patients with different susceptibility to periodontitis and peri-implantitis 

that ultimately will enable clinicians to better target therapeutically individuals being 

more susceptible to periodontitis and peri-implantitis. In summary:  
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1) Immunological data were used to discriminate efficiently AgP from CP 

patients by statistical learning methods like RPA and ANNs (chapters 2 

and 3). This is definitely a step forward in enhancing the profession’s 

ability not only to accurately diagnose AgP and CP, but also to design 

personalized effective treatment and maintenance plans for periodontitis 

patients. 

2) It was shown that peri-implantitis is a complex process with alveolar bone 

as its strange attractor (chapter 4). Unsupervised learning by KDE 

suggested two main clusters of implant-treated patients, one with healthy 

patients or showing minimum peri-implant bone loss (25% diagnosed with 

peri-implantitis), and one showing pronounced peri-implant bone loss 

(86% diagnosed with peri-implantitis). Number of teeth, age and years of 

implant service were the inputs in a supervised KNN regression model that 

predicted patient peri-implant bone loss level with reasonable accuracy. 

Subsequently, by an implant-based unsupervised analysis in a new sample 

of implant-treated patients with mostly inferior maintenance care, two 

implant “phenotypes” were identified, one with susceptibility and another 

with resistance to peri-implantitis (chapter 5). Network analysis 

corroborated this finding. With supervised learning methods individual 

implant mean bone levels were predicted by using the parameters number 

of remaining teeth, age of the patient having the implants, full mouth 

plaque scores, implant surface, periodontitis severity and diabetes. A 

future generalization of such models can be anticipated that might provide 

accurate prediction of peri-implant bone level changes for functioning 

implants and in that way guide the treatment and maintenance of implant-

treated patients in a “precision” manner. 
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SUMMARY 
Periodontitis is considered a complex disease with environmental, genetic, life 

style and systemic factors to intricately interrelate. Two clinical forms of periodontitis 

are currently recognized: the aggressive (AgP) and chronic (CP) periodontitis. There 

is no single microbiological, histopathological, genetic test or combinations of them 

to discriminate AgP from CP patients. Peri-implantitis is generally considered to share 

common characteristics and risk factors with periodontitis. There is also no 

knowledge about clusters of peri-implantitis patients, nor any test to predict 

susceptibility to peri-implantitis. The aim of this series of studies comprising this 

thesis was to apply complexity methods (i) in the diagnosis of AgP and CP, (ii) in 

clustering implant-treated patients and functioning dental implants and (iii) in 

predicting patient peri-implant or individual implant bone level.  

 

By applying recursive partitioning analysis (RPA) on immunologic data 

obtained from periodontitis patients (Chapter 2), 7 classification trees were derived; 

the relationship of IL-4 with IL-1 and IL-2 has the highest potential to rule out or rule 

in AgP. IgA with IgM used to rule out AgP and CD4/CD8 with CD20 used to rule in 

AgP showed the least leave-one-out (LOOCV) cost. The Kullback-Leibler divergence 

(DKL) of the distribution of positive results in AgP compared to CP and negative 

results in CP compared to AgP was estimated in the proposed models. Penalizing DKL 

with LOOCV cost promoted the IL-4, IL-1, IL-2 model for ruling out AgP, while the 

single CD4/CD8 ratio with lowered discrimination cut-off point was used to rule in 

AgP. 

 

Kernel density estimation methods (KDE) were used on datasets of clinical 

and immunologic parameters of periodontitis patients (Chapter 3). Possible evidence 

for 2 clusters of patients on cross-sectional and longitudinal bone loss measurements 

was found. Two to 7 clusters were shown on datasets of CD4/CD8 ratio, CD3, 

monocyte, eosinophil, neutrophil and lymphocyte counts, IL-1, IL-2, IL-4, INF-γ and 

TNF-α level from monocytes, antibody levels against A. actinomycetemcomitans (A.a.) 

and P.gingivalis (P.g.). Artificial neural networks (ANNs) gave 90%-98% accuracy in 

classifying patients into either AgP or CP. The best overall prediction was given by an 

ANN with monocyte, eosinophil, neutrophil counts and CD4/CD8 ratio as inputs.  
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Using KDE on a dataset of implant-treated patients of a private practice 

(chapter 4), possible evidence of two clusters of implant-treated patients was found 

and using a k-nearest neighbour (KNN) model it was shown that the factors of 

number of teeth, age and years of implant service may reasonably predict patient 

mean peri-implant bone level. In addition on an implant level basis it was shown that 

the implant-recipient jaw bone site and the kind of the overlying prosthesis (single or 

multi-unit or overdenture) might have an impact on the occurrence of peri-implantitis. 

 

Finally, in Chapter 5, in a group of patients with inferior maintenance care 

using an implant-based unsupervised analysis, two distinct groups of implants 

(“phenotypes”) were identified that showed propensity and resistance respectively to 

peri-implantitis. Network analysis corroborated the hypothesis of the existence of two 

implant “phenotypes”. Using supervised prediction models it was possible to predict 

with Support Vector Machines (SVMs) individual implant mean bone levels by using 

the following parameters: number of remaining teeth, full mouth plaque scores, 

implant surface, age of the patient in who the implants were inserted, periodontitis 

severity level and diabetes. 

 

This thesis presented evidence that periodontitis and peri-implantitis are 

nonlinear processes and distinct susceptible subpopulations of periodontitis and peri-

implantitis patients can be identified. The RPA study showed that while it is unlikely 

to have a test with both high sensitivity and high specificity, the use of immunologic 

parameters in the right model can complement efficiently a clinical examination for 

ruling out or ruling in AgP. It was demonstrated that ANNs trained by immunologic 

parameters can be powerful in classifying periodontitis patients into AgP or CP. The 

KNN regression model on implant-treated patients proved successful in predicting 

patient peri-implant bone level. It was further shown that individual implant bone 

levels could be predicted with reasonable accuracy by SVMs using clinical 

parameters. Two implant “phenotypes” could be identified. The studies of this thesis 

forge a path to turning “personalized” periodontal treatment from concept to reality. 
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CHAPTER 7 

 

SAMENVATTING 
 



 

176 
 

 



 

177 
 

Tegenwoordig beschouwen we parodontitis als een multicausale en complexe 

ziekte waarin meerdere factoren tegelijkertijd een rol spelen: bacteriën, lifestyle 

factoren, genetica en systemische factoren. Bovendien interacteren deze clusters van 

factoren op ingewikkelde wijze met elkaar. Internationaal worden er twee klinische 

vormen van parodontitis onderkend: agressieve (AgP) en chronische (CP) parodontitis. 

Momenteel bestaan er géén eenduidige microbiologische, histopathologische, of 

genetische testen of een combinatie daarvan, die AgP patiënten kunnen onderscheiden 

van CP patiënten. Voor peri-implantitis geldt dat deze aandoening in het algemeen de 

kenmerken en risicofactoren met parodontitis deelt. Ook hiervoor is er nog geen 

kennis over verschillende typen van peri-implantitis patiënten, noch bestaan er testen 

om de aanleg voor peri-implantitis te voorspellen. Het doel van de huidige reeks 

onderzoeken, gebundeld in dit proefschrift, was om methoden te gebruiken die inzicht 

geven in de complexiteit van de aandoening: (i) in de diagnose van AgP en CP, (ii) in 

het onderscheiden van clusters onder patiënten die behandeld zijn met implantaten en 

(iii) het relateren van het botniveau bij implantaten op patiëntniveau en op 

implantaatniveau. 

 

Door het toepassen van “recursive partitioning analysis” (RPA) op 

immunologische data van parodontitis patiënten (hoofdstuk 3) konden onder deze 

patiënten 7 groepen onderscheiden worden; de onderlinge verhouding van IL-4 

spiegels met IL-1 en IL-2 had de hoogste potentie om een casus als AgP te 

beschouwen. De combinatie van IgA met IgM was een significant paar van 

immunologische biomarkers die AgP goed kon uitsluiten, terwijl de CD4 / CD8 ratio 

met CD20 gebruikt kon worden om juist wel een casus als AgP te benoemen. In de 

voorgestelde modellen werd de Kullback-Leibler divergentie (DkL) geschat voor de 

AgP “benoemingen” en vergeleken met die voor CP. Hieruit kwam naar voren dat een 

IL-4, IL-1, IL-2 gedomineerde model goed passend was voor het uitsluiten van AgP, 

terwijl de CD4 / CD8 ratio met een verlaagde drempelwaarde vrij eenvoudig gebruikt 

kon worden om een casus als AgP te benoemen. 

 

In hoofdstuk 3 werd de “Kernel density estimate” (KDE) methode toegepast 

op de klinische parameter “alveolaire bothoogte” en op immunologische data van 

parodontitis patiënten. Gebaseerd op cross-sectionele en longitudinale botverlies 

metingen aan het alveolair botniveau werden aanwijzingen gevonden voor het bestaan 
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van in ieder geval 2 clusters van parodontitis patiënten. Ook gebaseerd op 

immunologische parameters, was het duidelijk dat lang niet alle parodontitispatiënten 

“hetzelfde” zijn: 2 tot 7 clusters werden gevonden op datasets van CD4 / CD8 ratio’s, 

aantallen van de CD3 cellen, monocyten, eosinofielen, neutrofielen en lymfocyten en 

op productie spiegels van IL-1, IL-2, IL-4, INF-  en TNF-  door monocyten alsmede 

hun bloedserumspiegels en tenslotte antilichaamspiegels tegen A. 

actinomycetemcomitans (Aa) en P. gingivalis (Pg). Met behulp van “Artificial neural 

networks” (ANN’s) werd een 90%-98% nauwkeurigheid bij de indeling van patiënten 

in de AgP groep of de CP groep gevonden. De beste algehele voorspelling voor 

wel/geen AgP werd gegeven door een ANN model waarin aantallen monocyten, 

eosinofielen, neutrofielen en de CD4 / CD8-ratio’s als input werden gebruikt. 

 

Ook met behulp van KDE werden in een dataset van implantaat-behandelde 

patiënten uit een niet-academische praktijk voor parodontologie en implantologie 

(hoofdstuk 4), aanwijzingen gevonden voor het bestaan van minimaal 2 clusters van 

implantaat patiënten. Vervolgens werd door middel van het “k-nearest neighbour” 

(KNN) model aangetoond dat de volgende factoren redelijk voorspellend zijn voor het 

botniveau rondom een implantaat: aantal resterende tanden/kiezen, leeftijd patiënt en 

het aantal jaren dat het implantaat functioneerde. Daarnaast werd aangetoond dat op 

implantaatniveau, de kaaklocatie van het implantaat en het type supra structuur (enkel 

of multi-unit of overkappingsprothese) een impact hebben op het voorkomen van 

peri-implantitis. 

 

Tenslotte, in hoofdstuk 5 is gerapporteerd over een groep implantaat patiënten 

met inferieure nazorg. “Unsupervised” analyses op implantaatniveau, identificeerden 

twee groepen implantaten (fenotypes) die enerzijds resistent waren en anderzijds 

vatbaar waren voor peri-implantitis. “Netwerk analyse” bevestigde de hypothese van 

het bestaan van tenminste twee implantaat fenotypes. Middels “supervised” modellen 

(Support Vector Machines [SVMs]) was het mogelijk om de implantaat botniveaus te 

voorspellen met behulp van de volgende parameters: aantal resterende tanden/kiezen, 

de plaque score, type implantaat oppervlak, leeftijd van de patiënt, de ernst van de 

parodontale afbraak en suikerziekte. 
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Dit proefschrift geeft aanwijzingen dat parodontitis en peri-implantitis non-

lineaire chronische ziekteprocessen zijn en dat er duidelijk verschillende 

subpopulaties van parodontitis en peri-implantitis patiënten bestaan die onderling 

verschillen in aanleg voor de respectievelijke ziektes. De RPA studie gaf aan dat het 

gebruik van immunologische parameters in het juiste model, een goede aanvulling 

zou kunnen zijn op de klinische bevindingen om een patiënt wel/niet de diagnose AgP 

te geven; echter het is vooralsnog niet mogelijk om dit model met zowel een hoge 

sensitiviteit als een hoge specificiteit te gebruiken. Ook het ANN model dat 

“getraind” werd met immunologische parameters, bleek heel waardevol om 

parodontitis patiënten als AgP of CP te classificeren. Het KNN regressie model was 

succesvol in de implantaat patiënten om het botniveau rondom implantaten te 

voorspellen. Daarnaast werd inzichtelijk gemaakt dat de bothoogte “op 

implantaatniveau” ook goed te voorspellen was met SVMs als klinische parameters 

werden ingevoerd. Tenminste twee implantaat fenotypes werden geïdentificeerd. De 

studies in dit proefschrift helpen mee om de weg te vinden naar parodontale en peri-

implantaire zorg op maat. 
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A “thank you” note. 

 

A series of circumstances made possible an initially vague but ambitious idea 

to become this thesis. I always believed that life is a daedal course through sliding 

doors. Some times you just miss to go through the doors, but you keep walking to find 

an eventual path to what might be ‘named’ your destination. Twelve years ago, by 

staring at a micrograph of cementum, I realized that the periodontal ligament is a 

fractal object. I knew as a periodontist that periodontitis progresses in exacerbations 

and remissions.  I experimented with an equation to describe periodontitis progression 

and I was struggling to find support in my effort to go on with the idea. At that time I 

became e-friend with Prof. Keiso Takahashi. I had read his interesting study with a 

title introducing us to complexity; the title stroke me by the Greek first word it used in 

its title “Heterogeneity of host immunologic risk factors...”. After six months of 

chatting, he sent me his valuable data. I must thank him for his kindness and 

confidence he showed in me. He was the first to believe in the idea of mathematical 

modeling of periodontitis and for that I own him gratitude. 

 

Nothing would have happened of course if I didn’t meet Prof. Bruno Loos. He 

belongs to the new generation of leaders in Periodontology, a visionary and a true 

lover of science. He has an unmistakable instinct to turn things around and find new 

directions when something goes wrong. His mentorship and quality of supervising 

was everything I could have wished for and much more. 

 

My cooperation with Prof. Tasos Bountis provided the extra boost I needed in 

my work. He organized mathematically our work and shared my enthusiasm in 

building up our models. Being a world expert in chaos theory, did not prevent him of 

stepping into new territories for him, as Periodontology was. I thank him for his 

kindness and open-mindedness. His guidance has been invaluable. 

 

My wife Athina has been a steady supporter in my pursuit of completing this 

thesis. Some might take a wife’s role as granted. But I recognize you cannot just 

demand or buy the tolerance of your spouse through a heated orbit towards an aim 
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you certainly cannot achieve without sacrifices. Thank you Athina for all the 

encouragement and the limitless physical and psychological support you provided. 

 

Lastly I want to express my gratitude to Dinie de Boer, the lady that has been 

the organizing center for the whole work around the manuscripts and who has been 

taking care of every detail concerning the project. Her work has been exceptional in 

every aspect. Dinie gave that extra effort for me in whatever I asked her about all 

those years; this makes her special to me. 

 

As an epilogue to this note I choose to paraphrase the definition of complexity. 

A scientific work is always a team work. Parts of the team cannot be considered 

separately. Certainly the team’s entropy has not reached its maximum point! And as 

they say in Hollywood, you are only as good as your last picture. We have already 

undertaken part of the exhaustive preparation is needed before start writing a new 

manuscript. I am proud of being a member of this team! 
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