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Abstract

Background: ?Periodontitis is a multifactorial disease that involves numerous risk factors and indicators. While a few factors,
such as age, uncontrolled diabetes, and smoking, have been well established as true risk factors for periodontitis, many risk
factors and indicators remain debatable due to conflicting data from previous studies. This calls for a novel approach to data
analysis to improve the accuracy of risk assessments and disease predictions.

Objective: ?This study aimed to assess the ability of machine learning approaches to identify important risk indicators for
periodontitis using data from the 2015–2018 Korea National Health and Nutrition Examination Survey of 13,946 subjects.

Methods: ?The severity of periodontitis was categorized as non-severe and severe according to the community periodontal
index. Machine learning models such as classification and regression tree, gradient boosting machine, random forest, extareme
gradient boost (XGBoost), and multilayer perceptron (MLP) were developed, and their performance based on the area under the
receiver operating characteristic curve (AUC) was compared with that of the conventional logistic regression analysis.

Results: ?XGBoost and MLP showed higher performance than the logistic regression model. The important risk indicators for
periodontitis were age, sex, education, smoking, blood pressure, use of interdental cleaning aids, and glycated hemoglobin.
Interestingly, further analysis showed that glycated hemoglobin and frequency of binge drinking were significant indicators of
severe periodontitis. While the findings of this study showed moderate AUC in machine learning models, it confirmed consistent
risk indicator rank, which was derived from feature importance analysis such as Gini impurity, permutation importance, and
Shapley additive explanations.

Conclusions: ?Collectively, our findings suggest the importance of considering a novel data analysis methodology, such as
machine learning, for the better management of periodontitis.
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Abstract

Background: Periodontitis is a multifactorial disease that involves numerous risk factors and indicators. While a few
factors, such as age, uncontrolled diabetes, and smoking, have been well established as true risk factors for periodontitis,
many risk factors and indicators remain debatable due to conflicting data from previous studies. This calls for a novel
approach to data analysis to improve the accuracy of risk assessments and disease predictions.

Objective:  This  study  aimed  to  assess  the  ability  of  machine  learning  approaches  to  identify
important risk indicators for periodontitis using data from the 2015–2018 Korea National Health and
Nutrition Examination Survey of 13,946 subjects.

Methods: The severity of periodontitis was categorized as non-severe and severe according to the
community periodontal index. Machine learning models such as classification and regression tree,
gradient  boosting  machine,  random  forest,  extareme  gradient  boost  (XGBoost),  and  multilayer
perceptron  (MLP)  were  developed,  and  their  performance  based on the  area  under  the  receiver
operating characteristic curve (AUC) was compared with that of the conventional logistic regression
analysis.

Results: XGBoost and MLP showed higher performance than  the logistic regression model.  The
important risk indicators for periodontitis were age, sex, education, smoking, blood pressure, use of
interdental  cleaning  aids,  and  glycated  hemoglobin.  Interestingly,  further  analysis  showed  that
glycated  hemoglobin  and  frequency  of  binge  drinking  were  significant  indicators  of  severe
periodontitis. While the findings of this study showed moderate AUC in machine learning models, it
confirmed consistent risk indicator rank, which was derived from feature importance analysis such as
Gini impurity, permutation importance, and Shapley additive explanations.

Conclusion: Collectively, our findings suggest the importance of considering a novel data analysis methodology, such as
machine learning, for the better management of periodontitis.

Keywords: risk indicators, periodontitis, machine learning, feature importance, SHAP

Introduction

Despite its complex and multifactorial pathogenesis, periodontitis is mostly driven by the presence of
dental  plaque[1].  A host  in  a  periodontically  vulnerable  state  is  susceptible  to  the  induction  of
antimicrobial inflammation and disruption of microbial homeostasis[2]. The onset and progression of
periodontitis vary depending on the predisposing factors of the host. In addition,  given its chronic
nature,  periodontitis  cannot  be  fully  cured, and  a  prevention-oriented  approach  and  continuous
control of undesirable factors are necessary[3].

Many  risk  assessment  tools[4]  and  prediction  models[5,6]  have  been  developed  to  determine
individual  susceptibility  to  periodontitis.  However,  except  for  age,  uncontrolled  diabetes,  and
smoking,  which  are  true  risk  factors  with  an  established  causal  relationship[7],  parameters  that
involve categories such as sociodemographic factors, pathogens, oral examination, oral hygiene, and
lifestyle  have  been  applied  inconsistently[5].  Numerous  factors  have  been  associated  with
periodontitis[4-7]. However, we cannot prematurely assume that all factors have the same effect, and
we need to establish the relative importance of each factor for accurate risk assessment. This change
in approach will allow individuals with important risk indicators to be screened and provided with
appropriate and efficient interventions. Unfortunately, a significant knowledge gap remains regarding
the relative importance of the various risk factors of periodontitis[8].
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Machine  learning  has  been  widely  applied  to  the  diagnosis  and  risk  prediction  of  diseases.
Machine learning  can  create  a  unique algorithm by recognizing  the interactions  among multiple
variables[9]. In the study and treatment of periodontitis,  these technologies have been applied to
periodontal diagnosis using radiographic imaging[10-12] or immunologic parameters[13], as well as
for developing predictive models for tooth loss[14].  However, while regression analysis has been
extensively applied to ascertain the risk factors of periodontitis, the importance of machine learning
as a methodology has been poorly explored. This is because of the difficulty driven by the ‘black
box’ characteristic, where the complicated inner workings hinder the interpretation of the results for
prediction. To overcome this lack of interpretability, recent studies have suggested a model-specific
method driven by the specific model algorithm and model-agnostic method, which is independent of
the prediction model algorithm. Shapley additive explanations (SHAP) is an approach currently used
as  a  representative  interpretable  artificial  intelligence  method because  it  is  model  agnostic  and
provides a deeper analysis of feature importance—probabilistic distribution of feature importance
and interaction between features.

Therefore, the objectives of this study were to 1) identify critical risk indicators for periodontitis via
machine learning approaches according to the severity of periodontitis, 2) compare the outcome with
the  results  of  conventional  statistical  analysis,  and  3)  analyze  the feature  importance  regarding
feature  effects  and  interaction  between  risk  indicators  using  a  SHAP summary  plot  and  SHAP
dependence plot.

Methods

Data source

A nationally representative database obtained from the sixth  Korea national  health  and nutrition
examination  survey (KNHANES)  (2015)  and  seventh  KNHANES  (2016–2018)  by  the  Korean
Disease Control and Prevention Agency (KDCA) (https://knhanes.kdca.go.kr/knhanes) was used. A
total of 23,466 participants were recruited, and 17,530 of them completed the KNHANES (2015–
2018). The inclusion criterion was an age greater than 30 years, and 13,946 subjects were included in
the data. The methodology used in this study is illustrated in Figure 4. The KNHANES  protocols
were approved by the Institutional Review Board of the KDCA, and the participants provided written
informed consent at baseline. The Institutional Review Board of Seoul National University School of
Dentistry approved this study, which qualified for exempt status due to the analysis of de-identified
secondary data (exemption number: S-D20210001).

Definition of periodontitis

The community periodontal index (CPI) developed by the World Health Organization (WHO) was
used to assess periodontal conditions, and a CPI probe that met the WHO guidelines was used[15].
Oral health examinations were conducted by public health dentists who had received training twice a
year  to ensure the reliability of the periodontal health survey. The mouth was divided into three
sextants in each arch, and the presence of permanent teeth was included in the examination. The CPI
was scored on a  scale  of  0  to  4 as  follows:  0 points for healthy periodontal  tissue,  1 point  for
bleeding only with probing, 2 points for periodontal tissue with calculus or plaque retentive factors, 3
points for periodontal tissue with shallow periodontal pockets (pocket depth  3.5–5.5  mm),  and 4
points  for  periodontal  tissue  with  deep periodontal  pockets  (pocket  depth  > 5.5  mm)[16].  After
assigning the scores, the highest CPI score among the six sextants was chosen. In this study, a score
of 0–2 was defined as no periodontitis (NoP), and a score of 3 or 4 was defined as total periodontitis
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(TP). A CPI score of 3 was defined as non-severe periodontitis (NSP), and a score of 4 was defined
as  severe periodontitis (SP)[17]. The important risk indicators in predicting TP against NoP were
identified, and the important risk indicators in predicting SP against NSP were also identified.

Risk indicators

The risk predictors used in the prediction models of periodontitis published so far were summarized
in a review paper by Mi et al.[5], among which 20 variables from the KNHANES data were selected
as  variables  for  this  study.  In  addition,  high-sensitivity  C-reactive  protein  (hs-CRP) was  added
because it  is  a  systemic  inflammatory mediator  and has  been reported  as  a  potential  diagnostic
marker while also having an association with periodontitis[18].

Age, sex, income (low, lower-middle, upper-middle, and upper), and education level (elementary
school, middle school, high school, and college or higher) were selected as risk predictors for this
study. Income was defined as the average monthly household income adjusted for the number of
family members in the household (household income divided by the number of family members) and
was  categorized  in  terms  of  household  income  quartiles  (low,  lower-middle,  upper-middle,  and
upper).

 General health status included glycated hemoglobin (HbA1c), fasting blood glucose (FBG) (< 100
mg/dL or ≥ 100 mg/dL), diabetes (normal: FBG < 100 mg/dL or HbA1c < 5.7%, pre-diabetes: 100
mg/dL ≤ FBG < 126 mg/dL or 5.7% ≤ HbA1c < 6.5%, and diabetes: FBG ≥ 126 mg/dL or HbA1c ≥
6.5%), triglycerides (< 200 mg/dL or ≥ 200 mg/dL),  high-density lipoprotein (HDL) cholesterol (<
240 mg/dL or ≥ 240 mg/dL), and abdominal obesity (no or yes). Metabolic syndrome was classified as
positive if three or more of the following five criteria were met[19]:  (1) abdominal obesity (the Asia-
Pacific criteria for obesity based on waist circumference ≥ 90 cm in males or ≥ 80 cm in females);
(2) triglycerides ≥ 150 mg/dL (1.7 mmol/L); (3) HDL cholesterol < 40 mg/dL (1.03 mmol/L) in
males or < 50 mg/dL (1.3 mmol/L) in females; (4) hypertension as blood pressure ≥ 130/85 mmHg;
(5)  fasting  glucose  levels  ≥  100  mg/dL (5.6  mmol/L).  Blood  pressure  was  defined  as normal,
prehypertensive, or hypertensive. Normal is a systolic blood pressure < 120 mmHg and a diastolic
blood pressure < 80 mmHg, and pre-hypertension is a systolic blood pressure of 120–140 mmHg and
a diastolic blood pressure of 80–90 mmHg. Hypertension was defined as a systolic blood pressure ≥
140 mmHg or diastolic blood pressure ≥ 90 mmHg. Hs-CRP levels were classified as < 1 mg/L, 1–3
mg/L, and ≥ 3 mg/L[20]. Body mass index was classified as < 23 kg/m2, 23–25 kg/m2, and ≥ 25 kg/
m2[21].

Lifestyle habits included smoking, quantity of alcohol consumed per occasion, and frequency of
binge drinking.  Smoking status was classified as never smoker, former smoker, or current smoker
(current smoker at the time of the interview). The drinking quantity per occasion was classified as ≤
2, 3–4, 5–9, and ≥ 10  glasses.  Binge drinking was defined as consuming ≥ 5 standard drinks (≥ 4
drinks for women) consecutively on one occasion. We classified the frequency of binge drinking into
three  categories:  none (non-binge  drinking),  <  1 time/month,  and ≥ 1 time/month.  Self-reported
stress levels were divided into very stressed, stressed, slightly stressed, and stress free. Additionally,
oral health behaviors included the use of  interdental cleaning aids  such as dental floss, interdental
brushes (no or yes), frequency of toothbrushing per day (1–2 times or ≥ 3 times), and dental visits
within a year (no or yes).

Statistical analysis

Statistical analyses for the complex sampling design were performed by applying stratum variance
estimates,  stratification  variables,  and  sampling  weights  in  Stata  Version  15.  According  to  the
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statistical guidelines of the KDCA, our analyses incorporated sampling weights to obtain nationally
representative  estimations  and  to  consider  the  annual  weight  for  four  years.  We  compared  the
weighted frequencies of the general sample characteristics according to periodontal status using the
chi-squared test. One-way analysis of variance was performed for continuous variables. Multivariate
logistic regression analyses were performed to examine the factors associated with TP and SP. The
odds ratios (ORs) and 95% confidence intervals (CIs) were estimated using a logistic model.

Data distribution

The overall data distribution was visualized using T-distributed stochastic neighbor embedding (T-
SNE), which embeds multidimensional data into a two-dimensional visualization while preserving
the T-distribution distance between neighbors. The embedding transformation is optimized using the
gradient descent algorithm with the cost function of the Kullback-Leibler divergence[22].

Model training

As a reliable verification method, 12-fold cross-validation was applied. The dataset was divided into
12  sets,  and  each  set  was  used  as  the  test  set  for  each  iteration.  The  final  output  regarding
performance  and  interpretation  was  deduced  from the  average  of  the  12  experiments  for  each
model[23]. Each training dataset was normalized using  the min-max scaler, which subtracts each
feature from its  minimum and divides it  with  the maximum-minimum. With the min-max scaler
obtained in the training dataset, the test dataset was also normalized to be better inserted into the
prediction model.

Seven different  types of predictive models were tested using two regression and five machine
learning  algorithms.  The  scikit-learn  library  was  used  to  build  the  predictive  models.  Specific
hyperparameters in the experiment can be found in the Supplementary Notes online[24]. The linear
regression model utilizes a linear combination to predict the dependent variable. Logistic regression
uses a logit function and has an outcome between 0 and 1.

For machine learning, classification and regression tree (CART), Gradient Boost Machine (GBM),
random forest, extareme gradient boost (XGBoost), and multilayer perceptron (MLP) were tested.
The CART algorithm predicts  outcomes by building a  binary decision tree.  Unlike conventional
decision tree algorithms, an entropy matrix is used to determine split points[22,25].  GBM updates
the weighting errors using gradient descent methods for optimizing training[26]. Random forest is an
ensemble  machine  learning  model  that  uses  majority  voting  among  multiple  decision  trees  to
overcome the overfitting problem. Random forest, a representative bagging algorithm, is known to
outperform decision tree methods in models with high variance[22,27,28].  XGBoost improves the
overfitting and slow training problem of GBM by parallel processing and regularized boosting while
maintaining the gradient boosting algorithm[22,29,30].  MLP utilizes a large number of nodes and
connections between layers to embody the complexity in the level of nonlinearity, particularly as the
layer becomes deeper.  To prevent  overfitting resulting from complex prediction,  a regularization
term is added to the cost function for the gradient descent[24,31,32].

Performance comparison

To decide which predictive model should be used for feature importance analysis, an appropriate
performance  standard  is  required.  The  performances,  except  area  under  the  receiver  operating
characteristic curve (AUC), are dependent on the gold standard between 0 and 1 to decide whether
the predictive value indicates positive (TP, SP) or negative (NoP, NSP). To reflect both negative and
positive performance, AUC was implemented to decide which model to analyze[33].
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Variable importance

For the analysis of variable importance, Gini impurity for XGBoost and permutation for MLP were
tested. To observe  the  direction of feature importance and  the  interaction between features, SHAP
was additionally applied to XGBoost and MLP.

The  Gini  impurity is  used for feature importance in decision trees in  many areas  of research,
including medicine. Purity is proportional to the performance of the classification because the output
for each class is composed purely of its class data if the classification is performed perfectly. Each
node in a decision tree classifies the input data using a feature to increase the overall classification
performance  and  decrease  the  Gini  impurity.  The  decrease  in  the  Gini  impurity  in  each  node
represents the importance of a feature in that node[22,34-36].

The permutation importance estimates the change in the accuracy after permuting  the data of a
single  feature  to  infer  the  importance  of  the  feature  in  the  model,  as  the  change  would  be
proportionate  to  the  importance.  Many analyses  of  medical  big  data  utilize  this  mechanism for
various networks, including tree-based machine learning models and MLP[37-40]. There are various
ways to  define  change,  and this  study defined it  as  follows[41,42].  The score  was obtained by
permuting the value of a target feature in the test dataset. Because permutation is a random process,
the permutation importance can be varied in each trial. To supplement this variance, the permutations
were performed 100 times and averaged for each feature.

SHAP explains the inner workings of a “black box” using  the  Shapley value from game theory.
Using SHAP, more than the size of  the  feature importance can be calculated. The distribution and
sign of the SHAP values show the importance distribution and direction of each data point, which is
depicted in  the  SHAP summary plot. By observing  the  SHAP values  with  respect to other feature
values,  the  interaction  between  features  in  machine  learning  can  be  understood.  The  SHAP
interaction index from game theory indicates the level of interaction between features, and the SHAP
dependence  plot  depicts how  the  interaction  works.  Tree  Explainer  for  XGBoost  and  Kernel
Explainer for MLP were also used[43,44].

Data availability

The datasets generated or analyzed during the current study are available from the KNHANES by the
KDCA (https://knhanes.kdca.go.kr/knhanes). The datasets and codes used in this study are available
at https://github.com/junmin83/indicators-for-periodontitis.

Results

The  T-SNE  graphs  in  Figure  1  demonstrate  the  21-dimensional  characteristics  of  the  subjects
analyzed with 21 risk indicators in two dimensions[45]. When all the subjects were classified as
(NoP or TP, and the subjects with periodontitis  were classified as having NSP or SP, they were
divided into various clusters rather than two groups. Each cluster showed a different pattern; some
clusters had a high percentage of one disease state, whereas the two disease states overlapped in
many  other  clusters.  That  is,  the  disease  manifests  differently  in  individuals  with  similar  risk
indicators.

Table 1  presents the detailed characteristics of the study subjects categorized according to their
periodontal status. The prevalences of NSP and SP were 24.3% and 9.4%, respectively. The mean
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ages of participants with NSP or SP (57.1±0.3 and 57.8±0.4 years) were significantly higher than
that  of participants without periodontitis  (51.2±0.2 years) (P < 0.001).  Overall,  participants with
varying periodontal statuses  showed significant differences in all variables tested, except for  HDL
cholesterol.

Univariate logistic regression analysis  demonstrated that old age, male sex, low education level,
low income level, high triglyceride level, glycated hemoglobin level, metabolic syndrome, high body
mass index, smoking, and use of interdental  cleaning aids were significantly associated with  TP
(Table  2).  Glycated  hemoglobin,  metabolic  syndrome,  and  frequency  of  binge  drinking  (≥  1
time/week) were significantly associated with SP.

To determine which machine learning algorithm  had the best performance in observing feature
importance,  seven  predictive models  were built  and tested.  The performance  levels,  such as  the
AUC, sensitivity,  specificity,  positive predictive values,  negative predictive values, and accuracy,
were compared in the prediction of TP and SP (Supplementary Tables S1 and S2 online). The AUC
was used to select the best model, as the AUC values reflect performance regarding predictiveness
for  negative  and  positive  together.  Our  results  showed  that XGBoost  and  MLP had  superior
performance compared to other machine learning models and were marginally better than regression
models.  For  predicting  TP against  NoP,  the  AUCs  of  XGBoost  and  MLP were  the  highest.  In
predicting SP against NSP, XGBoost had the highest performance, followed by regression and MLP.

In Tables 3 and 4, the importance rank of the risk indicators obtained from the XGBoost and MLP
models are shown from the highest to lowest rank[45]. Risk indicators with high rankings in all four
analysis methods were considered to be important. Age, sex, education, smoking, blood pressure, use
of interdental cleaning aids, and glycated hemoglobin were important risk indicators for TP in both
XGBoost  and MLP (Table  3).  Glycated  hemoglobin  and frequency of  binge drinking showed a
substantial  increase in importance in SP compared  with TP in both models (Table 4). Age, sex,
education, and smoking were important risk indicators in SP using MLP and similar in TP and SP
using XGBoost.

In Figure 2, the importance of the variables applied with SHAP analysis in the XGBoost model is
shown in the order of relative importance. Although the performances of XGBoost and MLP in TP
were similar, XGBoost exhibited slightly higher performance in SP. Therefore, SHAP analysis was
performed using XGBoost. By applying SHAP, information about the degree of importance of each
feature and the direction in which it acts as important can be obtained. Figure 2a and 2b show the
relative importance of  the factors in predicting TP and SP, respectively, and  Figure 2c shows the
classification and color labeling of the variables used in the analysis. As shown in Figure 2a, the
influence of age in predicting TP was substantial, and in particular, with younger age, there was a
tendency to predict NoP. As shown in Figure 2b, the influence of glycated hemoglobin in predicting
SP was profound,  and in particular,  a state  of high glycated  hemoglobin was more likely  to  be
predicted as SP than low glycated hemoglobin.

Sex, smoking, and education were important factors not only in TP but also in SP, but not in  the
logistic regression analysis. The SHAP dependence plot confirmed which interaction  the  XGBoost
model  used  for  the  prediction.  The  risk  indicator  automatically  extracted  as  having  the  highest
interaction with smoking was education level. In Figure 3a, the absolute value of SHAP was larger in
the case of low education level than in the case of high education level, which indicated that smoking
was more predictive when accompanied by a low education level. Sex was the factor automatically
extracted from the algorithm as having the highest interaction with education level. In Figure 3b, the
absolute SHAP values for males were larger than those for females at all educational levels, which
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showed  that  when  paired  with  males,  educational  level  was  used  more  importantly  in  making
predictions.

Discussion

In this study, we aimed to evaluate the relative importance of 21 risk indicators of periodontitis via
machine learning for  disease severity prediction and compare  the outcomes obtained by machine
learning and logistic regression analysis. Unlike  logistic regression analysis, artificial intelligence
can recognize nonlinear relationships, such as interactions, and the more important a variable is, the
more weight it is given in a prediction; therefore, it is suitable to analyze the relative importance of
variables. Among the algorithms, XGBoost and MLP performed the best and were thus used for the
assessment of  the variables.  The important risk indicators for TP in both XGBoost and MLP were
age,  sex,  education,  smoking,  blood  pressure,  use  of  interdental  cleaning  aids,  and  glycated
hemoglobin.  In  addition,  the  risk  indicators  with  increased  importance  in  SP  were  glycated
hemoglobin and frequency of binge drinking.

Age was extremely important in  TP, and its importance decreased in SP. Grossi et al. classified
periodontitis  into  five  categories  according  to  attachment  loss,  and  age  was  the  most  strongly
associated factor;OR was 1.72 at 35–44 years old, increasing to 9.01 at 65–74 years old[46]. A study
by  Eke  et  al.  used  the  Centers  for  Disease  Control  and  Prevention/American  Academy  of
Periodontology  case  definition  and the  2009–2012  National  Health  and  Nutrition  Examination
Survey (NHANES) data, and the prevalence of TP increased by 1.52 times for those aged 45–54
years, 1.79 times for those aged 55–64 years, and 2.71 times for those aged 65 years and older, using
30–44 years of age as a reference. The prevalence of SP did not show such a tendency, increasing by
1.52 times for those aged 45–54 years, 2.58 times for those aged 55–64 years, and 2.26 times for
those aged 65 years and older, with 30–44 years of age as a reference[8].

Sex  was  not  statistically  significant  for  SP in  the  logistic  regression  analysis,  but  it  was  an
influential factor in both TP and SP using both MLP and XGBoost. Furthermore, the rank increased
in  SP. Montero et al. analyzed  the 2011–2012 NHANES and reported that the OR for  4–6 mm of
clinical attachment loss was 2.58, and the OR for ≥ 6 mm of clinical attachment loss was 5.98 in men
when women were set as a reference[6]. In the 2009–2012 NHANES, the prevalence of TP in men
increased by 1.47 times and the prevalence of SP by 2.84 times[17].

Glycated hemoglobin was the most influential factor in the prediction of SP and was ranked higher
than fasting blood glucose. It is well known that the prevalence of SP is high in diabetic patients.
Glycated hemoglobin reflects glycemic control for the previous 2–3 months and is highly correlated
with  diabetes  complications[47].  In  particular,  it  has  been  reported  that  uncontrolled  diabetes,
defined as more than 7.0% of glycated hemoglobin, accelerated periodontal attachment loss, and
tooth loss[48].

Metabolic  syndrome  was  more  important  in  SP using  MLP and  similar  in  TP and  SP using
XGBoost. Several studies have reported an association between metabolic syndrome and SP[49-51],
and metabolic syndrome is considered to contribute to the further destruction of periodontal tissue
through upregulated inflammatory responses[52].

The  importance  of  the  frequency  of  binge  drinking  was  higher  in  SP than  in  TP using  both
XGBoost and MLP, and this was consistent with the logistic regression analysis. The importance was
higher than that of drinking quantity and even more so than smoking. Most studies on the association
of alcohol with periodontitis have focused on drinking quantity[53], while the frequency of binge
drinking has not been used as a variable in such studies. A recent study reported that aggravated
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alveolar bone loss was linked to binge alcohol intake in rats[54]. Further epidemiological studies are
necessary to investigate the effect of binge drinking frequency on periodontitis severity.

Although several important variables identified by machine learning were generally similar to the
results  of  the logistic regression analysis, several differences were observed.  Blood pressure was
considered an important factor for TP by machine learning, but it was not significant in the logistic
regression analysis.  Sex, smoking, education, and age were not significant  for SP in  the logistic
regression, but analysis using machine learning showed that they were important in SP. Figure 3
indicates that the interaction between the variables was confirmed through the SHAP dependence
plot.  A  low  education  level  is  a  widely  accepted  risk  factor  for  periodontitis[55].  It  is  well
demonstrated that cigarette smoke exposure is also a strong risk factor for periodontitis due to the
increased presence of T cells in the oral cavity and decreased elastase and neutrophil levels[56]. Our
results  support  the  hypothesis  that  low  education  level  is  associated  with  smoking  status  and
aggravated periodontal  conditions.  Additionally,  current research also  indicates males  with lower
education levels are at a higher risk of severe periodontal disease.

This study has several limitations. The AUC values remained relatively low for all models, which
is most likely due to the KNHANES data having missing information about select pathogens and
diseases.  Risk  indicators  such  as  periodontal  pathogens,  innate  immune  disorders,  nutritional
deficiencies, osteoporosis, and cognitive disorders have been considered important for periodontitis
in previous literature[7,52]. However, these indicators were not measured in the  KNHANES data;
therefore,  they  were  not  included  in  this  study.  The  small  sample  size  of SP may  have  also
contributed to low AUC values. Moreover, the T-SNE images demonstrate the complex composition
of a variety of groups with overlapping patterns, thereby affecting accurate prediction. Nevertheless,
combining MLP with deep layers and XGBoost, an advanced machine learning algorithm, may help
overcome the complexity of the data and obtain an improved AUC compared to the other algorithms.
This study may also be limited by its cross-sectional design, which could not determine the causality
for  the  occurrence  and  progression  of  periodontitis  and  the  use  of  the  CPI  score  recorded  in
KNHANES instead of the revised classification of periodontitis[15]. Thus, further investigations are
required to include other predictors that have a profound impact on periodontitis, increase the sample
size, and use the updated classification of periodontitis.

Overall, our findings revealed that important risk indicators were consistently confirmed in the
MLP and XGBoost models, and superior performance was observed compared to the results obtained
using the conventional statistical method.  The important risk indicators for periodontitis were age,
sex, education, smoking, blood pressure, use of interdental cleaning aids, and glycated hemoglobin.
Glycated  hemoglobin  and  the  frequency  of  binge  drinking  were  important  indicators  of  SP.
Interestingly,  the  effect  of  controllable  factors  on  the  progression  to  SP  increased,  although
unchangeable factors such as age, sex, and education were significant in the onset of periodontitis.
These results collectively suggest that a novel approach to analyzing periodontitis risk indicators and
factors via machine learning is needed for efficient disease management.
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Figure legends

Figure 1. T-distributed stochastic neighbor embedding graphs showing the distribution of groups (a)
between no periodontitis (NoP) and total periodontitis (TP) and (b) between non-severe periodontitis
(NSP) and severe periodontitis (SP).
Figure 2. Shapley additive explanations (SHAP) summary plots (a) for prediction of TP and (b) for
prediction of SP using extreme gradient boost (XGBoost). (c) The classification and color labeling of
the variables used in the analysis. Dots with positive values have importance for predicting TP or SP,
while dots with negative values have importance for predicting NoP or NSP.
Figure 3. SHAP dependence plots of (a) smoking and (b) education level for prediction of SP using
XGBoost.
Figure 4. Diagram of the methodology. KNHANES Korea national health and nutrition examination
survey, T-SNE t-distributed stochastic neighbor embedding, CART classification and regression tree,
GBM gradient boosting machine, XGBoost extreme gradient boost, MLP multilayer perceptron, AUC
area under the receiver operating characteristic curve,  NoP no periodontitis,  TP total periodontitis,
NSP non-severe periodontitis, SP severe periodontitis. 
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Tables
Table 1. Characteristics of the subjects according to periodontitis. For discrete type variables, N (%)
is illustrated, and P-values were obtained by chi-squared tests. For continuous type variables (age in
years,  glycated  hemoglobin),  the  mean±standard  deviation  is  illustrated,  and  the  P-values  were
calculated by one-way analysis of variance.
Variable No periodontitis Non-severe periodontitis Severe periodontitis P

Age 51.2±0.2 57.1±0.3 57.8±0.4
 <

0.001

Sex

Male 3,526 (40.6) 1,778 (52.3) 792 (59.3)
 <

0.001

Female 5,594 (59.4) 1,722 (47.7) 534 (40.7)

Education

Elementary school 1,842 (17.6) 1,034 (26.6) 420 (28.0)
 <

0.001

Middle school 891 (9.2) 494 (14.6) 211 (15.5)

High school 2,642 (30.2) 1,065 (32.4) 390 (30.5)

College or higher 3,745 (43.0) 907 (26.4) 305 (26.0)

Household income

Low 2,068 (22.0) 959 (28.0) 360 (27.7)
 <

0.001

Middle-low 2,252 (24.0) 909 (25.8) 352 (25.1)

Middle-high 2,380 (27.0) 844 (23.8) 321 (23.8)

High 2,420 (27.0) 788 (22.4) 293 (23.4)

Glycated hemoglobin* 5.7±0.1 5.8±0.1 6.0±0.1
 <

0.001

Fasting blood glucose

 < 100 mg/dL 5,830 (65.3) 1,785 (53.6) 599 (46.9)
 <

0.001

 ≥ 100 mg/dL 3,290 (34.7) 1,715 (46.4) 727 (53.1)

Diabetes

Normal 4,574 (52.1) 1,288 (39.5) 1,001 (34.3)
 <

0.001

Pre-diabetes 3,545 (38.2) 1,616 (45.0) 596 (44.5)

Diabetes 1,001 (9.7) 599 (15.5) 301 (21.2)

Triglycerides

 < 200 mg/dL 7,801 (85.5) 2,788 (78.9) 1,034 (75.5)
 <

0.001

 ≥ 200 mg/dL 1,319 (14.5) 712 (21.1) 292 (24.5)

HDL cholesterol

 < 240 mg/dL 8,135 (89.9) 3,106 (88.8) 1,189 (88.4) 0.202

 ≥ 240 mg/dL 985 (10.1) 394 (11.2) 137 (11.6)

Abdominal obesity

No 5,488 (61.0) 1,806 (52.8) 688 (52.1)
 <

0.001

Yes 3,672 (39.0) 1,694 (47.2) 638 (47.9)

Metabolic syndrome

No 6,960 (77.7) 2,323 (67.9) 837 (60,9)
 <

0.001

Yes 2,160 (22.3) 1,177 (32.1) 489 (39.1)

Blood pressure

Normal 4,054 (46.8) 1,075 (34.0) 384 (30.0)
 <

0.001
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Pre-hypertension 2,202 (24.8) 868 (24.3) 314 (24.3)

Hypertension 2,864 (28.4) 1,557 (41.7) 628 (45.7)

Hs-CRP 

 < 1 mg/L 6,602 (73.3) 2,337 (67.3) 855 (65.5)
 <

0.001

1–3 mg/L 1,783 (18.9) 823 (23.1) 342 (25.3)

 ≥ 3 mg/L 735 (7.8) 340 (9.6) 129 (9.2)

Body mass index 

 < 23 kg/m2 3,873 (43.3) 1,162 (33.3) 411 (31.4)
 <

0.001

23-25 kg/m2 2,180 (24.4) 881 (25.1) 344 (25.4)

 ≥ 25 kg/m2 3,067 (32.3) 1,457 (41.6) 571 (43.2)

Smoking

Never-smoker 1,259 (15.2) 796 (24.4) 350 (27.0)
 <

0.001

Former smoker 1,966 (21.5) 865 (25.3) 387 (28.5)

Current smoker 5,895 (63.3) 1,839 (50.3) 589 (44.5)

Drinking quantity per occasion 

 ≤ 2 glasses 5,408 (56.5) 1,967 (53.6) 688 (49.6)
 <

0.001

3-4 glasses 1,476 (17.0) 521 (14.7) 186 (14.2)

5- 9 glasses 1,620 (19.1) 734 (22.5) 344 (26.8)

 ≥ 10 glasses 616 (7.4) 278 (9.2) 108 (9.4)

Frequency of binge drinking

Never 5,540 (58.1) 2,056 (56.3) 705 (50.3)
 <

0.001

 < 1 time/month 1,301 (15.0) 415 (12.2) 167 (12.8)

 ≥ 1 time/week 2,279 (26.9) 1,029 (31.5) 454 (36.9)

Self-rated stress level

Very stressed 402 (4.7) 177 (5.5) 45 (3.8)
 <

0.001

Stressed 1,998 (22.9) 699 (20.2) 232 (17.3)

Slightly stressed 5,186 (56.8) 1,893 (53.9) 761 (57.7)

Stress free 1,534 (15.6) 731 (20.4) 288 (21.2)

Use of interdental cleaning aids

No 5,550 (59.0) 2,590 (73.6) 993 (73.0)
 <

0.001

Yes 3,570 (41.0) 910 (26.4) 333 (27.0)

Frequency  of  toothbrushing  per
day

1-2 times 4,033 (43.2) 1,847 (52.2) 741 (52.3)
 <

0.001

 ≥ 3 times 5,087 (56.8) 1,653 (47.8) 585 (47.7)

Dental visit within a year

No 5,743 (63.1) 2,426 (69.1) 899 (67.2)
 <

0.001

Yes 3,377 (26.9) 1,074 (30.9) 427 (32.8)

HDL high-density lipoprotein, Hs-CRP high-sensitivity C-reactive protein.

Table 2. Univariate logistic regression analyses of the association between the risk indicators and
periodontitis.

Variable Total periodontitis (vs. No Severe periodontitis (vs. Non-severe
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periodontitis) periodontitis)

OR 95% CI P OR 95% CI P

Age 1.03 1.02-1.03  < 0.001 1.01 0.99-1.01 0.288

Sex 

 Male 1.00 1.00

 Female 0.83 0.72-0.96 0.013 0.86 0.66-1.11 0.234

Education 

College or higher 1.00 1.00

High school 1.34 1.18-1.53  < 0.001 0.97 0.76-1.22 0.779

Middle school 1.62 1.36-1.92  < 0.001 1.11 0.83-1.48 0.485

Elementary school 1.18 0.99-1.40 0.060 1.13 0.84-1.51 0.428

Household income

High 1.00 1.00

Middle-high 1.01 0.88-1.16 0.863 0.98 0.77-1.24 0.835

Middle-low 1.15 1.00-1.32 0.046 0.95 0.75-1.21 0.684

Low 1.28 1.11-1.47 0.001 0.97 0.76-1.24 0.814

Glycated hemoglobin 1.15 1.06-1.25  < 0.001 1.17 1.04-1.32 0.012

Fasting blood glucose

 < 100 mg/dL 1.00 1.00

 ≥ 100 mg/dL 1.07 0.92-1.25 0.371 1.03 0.79-1.35 0.823

Diabetes 

Normal 1.00 1.00

Pre-diabetes 0.93 0.79-1.08 0.340 0.92 0.70-1.21 0.556

Diabetes 0.83 0.64-1.10 0.197 0.93 0.60-1.43 0.741

Triglycerides

 < 200 mg/dL 1.00 1.00

 ≥ 200 mg/dL 1.17 1.02-1.34 0.024 0.97 0.77-1.21 0.779

HDL cholesterol 

 < 240 mg/dL 1.00 1.00

 ≥ 240 mg/dL 1.10 0.95-1.28 0.219 1.01 0.77-1.32 0.946

Abdominal obesity 

No 1.00 1.00

Yes 0.92 0.80-1.06 0.254 0.92 0.73-1.17 0.501

Metabolic syndrome

No 1.00 1.00

Yes 1.18 1.03-1.36 0.016 1.32 1.05-1.65 0.017

Blood pressure

Normal 1.00 1.00

Pre-hypertension 1.02 0.92-1.13 0.658 1.04 0.83-1.30 0.751

Hypertension 1.05 0.95-1.16 0.305 1.06 0.85-1.32 0.610

Hs-CRP (mg/L)

 < 1 mg/L 1.00 1.00

 1–3 mg/L 1.08 0.98-1.18 0.110 1.03 0.83-1.30 0.747

> 3 mg/L 1.03 0.90-1.17 0.686 1.06 0.85-1.32 0.352

Body mass index 

 < 23 kg/m2 1.00 1.00

23-25 kg/m2 1.15 1.02-1.32 0.028 1.00 0.80-1.26 0.974

 ≥ 25 kg/m2 1.37 1.19-1.60  < 0.001 0.96 0.74-1.24 0.754

Smoking 

Never smoker 1.00 1.00

https://preprints.jmir.org/preprint/63621 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Park et al

Former smoker 0.63 0.54-0.73  < 0.001 0.96 0.76-1.21 0.723

Current smoker 0.52 0.44-0.62  < 0.001 0.89 0.68-1.18 0.419

Drinking quantity per occasion 

 ≤ 2 glasses 1.00 1.00

3-4 glasses 0.93 0.86-1.11 0.410 0.86 0.64-1.16 0.327

5- 9 glasses 1.22 1.03-1.43 0.068 0.89 0.63-1.27 0.528

 ≥ 10 glasses 1.14 0.86-1.31 0.332 0.76 0.49-1.20 0.245

Frequency of binge drinking 

Never 1.00 1.00

 < 1 time/month 1.02 0.85-1.23 0.813 1.28 0.95-1.56 0.133

 ≥ 1 time/week 1.06 0.86-1.30 0.578 1.43 1.02-1.99 0.037

Self-rated stress level

Very stressed 1.00 1.00

Stressed 0.91 0.72-1.16 0.435 1.26 0.93-1.93 0.339

Slightly stressed 1.03 0.82-1.29 0.782 1.56 1.15-2.29 0.050

Stress free 1.08 0.84-1.37 0.555 1.45 1.05-2.18 0.122

Use of interdental cleaning aids

Yes 1.00 1.00

No 1.28 1.15-1.43  < 0.001 0.92 0.75-1.11 0.380

Frequency of tooth brushing per 
day

1-2 times 1.00 1.00

 ≥ 3 times 0.97 0.88-1.07 0.548 1.04 0.88-1.24 0.621

Dental visit within a year

Yes 1.00 1.00

No 1.04 0.94-1.15 0.491 0.89 0.74-1.07 0.247

HDL high-density lipoprotein, Hs-CRP high-sensitivity C-reactive protein, OR odds ratio, CI 
confidence interval.
Table 3. Relative importance of risk indicators in the prediction of total periodontitis with extreme
gradient boost (XGBoost) and multilayer perceptron (MLP) models.
Ran
k

XGBoost
(Gini impurity)

MLP
(Permutation importance)

XGBoost
(SHAP)

MLP
(SHAP)

1 Age Age Age Age

2 Sex Smoking Smoking Smoking

3 Education Education Sex Sex

4 Smoking Sex Education Education

5 Blood Pressure
Use of interdental cleaning

aids
Glycated hemoglobin

Use of interdental cleaning
aids

6 Fasting blood glucose Glycated hemoglobin Blood Pressure Household income

7 Diabetes
Frequency of binge

drinking
Fasting blood glucose Glycated hemoglobin

8
Use of interdental cleaning

aids
Diabetes

Use of interdental cleaning
aids

Blood Pressure

9 Glycated hemoglobin Dental visit within a year Diabetes Dental visit within a year

10
Drinking quantity per

occasion
Blood Pressure Metabolic syndrome Body mass index 

11 Metabolic syndrome Metabolic syndrome
Frequency of tooth
brushing per day

Fasting blood glucose

12
Frequency of binge

drinking
Body mass index 

Drinking quantity per
occasion

Frequency of tooth
brushing per day

13 Abdominal obesity
Drinking quantity per

occasion
Body mass index 

Frequency of binge
drinking
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14
Frequency of tooth
brushing per day

Frequency of tooth
brushing per day

Frequency of binge
drinking

Diabetes

15 Body mass index Household income Triglycerides Abdominal obesity

16 Triglycerides Fasting blood glucose Household income Metabolic syndrome

17 Dental visit within a year Abdominal obesity Abdominal obesity
Drinking quantity per

occasion

18 Household income Self-rated stress level Hs-CRP Hs-CRP

19 Hs-CRP HDL cholesterol Dental visit within a year Triglycerides

20 Self-rated stress level Hs-CRP Self-rated stress level Self-rated stress level

21 HDL cholesterol Triglycerides HDL cholesterol HDL cholesterol

HDL high-density lipoprotein, Hs-CRP high-sensitivity C-reactive protein, SHAP Shapley additive 
explanations.
Table 4. Relative importance of risk indicators in the prediction of severe periodontitis with extreme
gradient boost (XGBoost) and multilayer perceptron (MLP) models.
Ran
k

XGBoost
(Gini impurity)

MLP
(Permutation importance)

XGBoost
(SHAP)

MLP
(SHAP)

1 Glycated hemoglobin Glycated hemoglobin Glycated hemoglobin Sex

2 Sex Sex
Frequency of binge

drinking
Education

3 Diabetes Metabolic syndrome Sex Glycated hemoglobin

4
Drinking quantity per

occasion
Education

Drinking quantity per
occasion

Metabolic syndrome

5
Frequency of binge

drinking
Self-rated stress level Smoking 

Frequency of binge
drinking

6 Smoking
Frequency of binge

drinking
Diabetes Smoking

7 Education Age Age Abdominal obesity

8 Hs-CRP Dental visit within a year Education Diabetes

9 Blood Pressure Smoking Metabolic syndrome Fasting blood glucose

10 Age Fasting blood glucose Self-rated stress level Age

11 Body mass index Triglycerides Body mass index Self-rated stress level 

12 Fasting blood glucose 
Use of interdental cleaning

aids
Fasting blood glucose Dental visit within a year

13 Triglycerides Diabetes Hs-CRP
Frequency of

toothbrushing per day

14 Self-rated stress level Household income
Use of interdental cleaning

aids
Blood Pressure

15 Household income Abdominal obesity Blood Pressure Body mass index

16 Metabolic syndrome
Frequency of

toothbrushing per day
Triglycerides Household income

17 Abdominal obesity
Drinking quantity per

occasion
Abdominal obesity Hs-CRP

18
Use of interdental cleaning

aids
Body mass index

Frequency of
toothbrushing per day 

Drinking quantity per
occasion

19
Frequency of

toothbrushing per day
HDL cholesterol Household income Triglycerides

20 Dental visit within a year Blood Pressure Dental visit within a year
Use of interdental cleaning

aids

21 HDL cholesterol Hs-CRP HDL cholesterol HDL cholesterol

HDL high-density lipoprotein, Hs-CRP high-sensitivity C-reactive protein, SHAP Shapley additive 
explanations.
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