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Abstract

Aim: To develop a multiclass non-clinical screening tool for periodontal disease and

assess its accuracy for differentiating periodontal health, gingivitis and different

stages of periodontitis.

Materials and Methods: A cross-sectional diagnostic study on a convenience sample of

408 consecutive subjects was conducted by applying three non-clinical index tests esti-

mating different features of the periodontal health–disease spectrum: a self-administered

questionnaire, an oral rinse activated matrix metalloproteinase-8 (aMMP-8) point-of-care

test (POCT) and determination of gingival bleeding on brushing (GBoB). Full-mouth peri-

odontal examination was the reference standard. The periodontal diagnosis was made on

the basis of the 2017 classification of periodontal diseases and conditions. Logistic

regression and random forest (RF) analyses were performed to predict various periodon-

tal diagnoses, and the accuracy measures were assessed.

Results: Four-hundred and eight subjects were enrolled in this study, including those

with periodontal health (16.2%), gingivitis (15.2%) and stage I (15.9%), stage II

(15.9%), stage III (29.7%) and stage IV (7.1%) periodontitis. Nine predictors, namely

‘gum disease’ (Q1), ‘a rating of gum/teeth health’ (Q2), ‘tooth cleaning’ (Q3a), the

symptom of ‘loose teeth’ (Q4), ‘use of floss’ (Q7), aMMP-8 POCT,

self-reported GBoB, haemoglobin and age, resulted in high levels of accuracy in the

RF classifier. High accuracy (area under the ROC curve > 0.94) was observed for the

discrimination of three (health, gingivitis and periodontitis) and six classes (health,

gingivitis, stages I, II, III and IV periodontitis). Confusion matrices showed that the

misclassification of a periodontitis case as health or gingivitis was less than 1%–2%.

Conclusions: Machine learning-based classifiers, such as RF analyses, are promising

tools for multiclass assessment of periodontal health and disease in a non-clinical set-

ting. Results need to be externally validated in appropriately sized independent sam-

ples (ClinicalTrials.gov NCT03928080).
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Clinical Relevance

Scientific rationale for study: Gingivitis and periodontitis are two of humanity's most common

non-communicable diseases and remain undetected worldwide. The development of an accu-

rate screening tool for non-clinical settings is essential for improving their early diagnosis and

effective care.

Principal findings: The developed machine learning model based on age, self-reported measures,

gingival bleeding on brushing and activated matrix metalloproteinase-8 yielded satisfactory

accuracy in differentiating periodontal health, gingivitis and different stages of periodontitis.

Practical implications: The model based on self-reported parameters and salivary biomarkers may

be a valuable tool to screen for periodontal disease at the population level once validated in

multiple populations.

1 | INTRODUCTION

Non-clinical approaches for the detection and differential diagnosis of

periodontal health status hold great promise for better prevention and

management of periodontal diseases (gingivitis and periodontitis),

which remain a significant health burden and the most common non-

communicable condition of humanity (Tonetti et al., 2017). Self-

reported measures proposed by the Centers for Disease Control and

Prevention (CDC) and the American Academy of Periodontology

(AAP) have shown potential in different populations (Carra

et al., 2018; Deng et al., 2021b; Eke & Genco, 2007). Recent efforts

have also focused on using biomarkers and their combinations (Arias-

Bujanda et al., 2020; Deng et al., 2021a, 2022; Grant et al., 2022).

Despite persisting limitations, recent progress has been substantial

(Gürsoy & Kantarci, 2022). Combining information from multiple vari-

ables has shown the potential to improve accuracy. For example, add-

ing demographics to biomarker data has improved the performance of

multivariate diagnostic models in periodontal health and disease

(Deng et al., 2021a, 2021b; Grant et al., 2022).

Previous work from our group had identified the differential util-

ity of specific questions in the Chinese version of the AAP/CDC ques-

tionnaire, gingival bleeding on brushing (GBoB) and levels of activated

matrix metalloproteinase-8 (aMMP-8) in discriminating periodontal

health, gingivitis and periodontitis (Deng et al., 2021a, 2021b, 2021c,

2022). The Chinese version of the CDC/AAP questionnaire showed

good accuracy in the screening for severe periodontitis (Deng

et al., 2021b). However, this questionnaire was less helpful in detect-

ing gingivitis and incipient periodontitis. Recent studies have indicated

that GBoB and haemoglobin (Hb) concentrations in oral rinses could

be a sentinel sign of gingival inflammation with great potential for the

discrimination of periodontal health and disease, especially for the

detection of gingival inflammation (Deng et al., 2021c; Tonetti

et al., 2020). Despite its valuable role in periodontal diagnostics,

GBoB has low to moderate accuracy for periodontitis, probably

because this feature is shared by both gingivitis and periodontitis.

Point-of-care diagnostics based on salivary biomarkers could give an

instant indication of the probable disease status, allowing periodon-

tal health monitoring outside the clinic (Aro et al., 2017). Matrix

metalloproteinases (MMPs) are a family of proteinases that regulate

the cell-matrix composition, and MMP-8 is the primary type of colla-

genase associated with collagen degradation in periodontal disease

(Birkedal-Hansen et al., 1993; Sorsa et al., 2016). A consumer version

of point-of-care testing (POCT) for aMMP-8 has shown promising

potential for detecting or excluding periodontitis (Deng et al., 2021a,

2022). The accuracy of aMMP-8 alone, however, has been shown to

be limited.

A fundamental limitation of this approach has been the use of con-

ventional diagnostic accuracy analyses developed for binary conditions.

Applying these analyses to multiple diagnostic scenarios, such as the

discrimination between periodontal health, gingivitis and periodontitis,

requires the artificial dichotomization of the diagnostic question: health

and gingivitis compared to periodontitis, or health against gingivitis and

periodontitis. Identifying the spectrum of periodontal case diagnoses

might be valuable for optimal case management. This problem is not

unique to periodontal health and is typical for multistage diseases, and

specific analytical approaches have been proposed (Lorena et al., 2009).

Machine learning, a subset of artificial intelligence (AI) and computer

science, enables disease diagnosis and differentiation by constructing a

model in the form of input–output variable analysis, thereby allowing

the selection of an optimal feature subset and automatic classification

(Sajda, 2006). Methods based on machine learning have been used to

identify diagnostic patterns with increased accuracy (Maity &

Das, 2017). Systematic reviews have identified their potential benefits

for diabetes and its complications as well as for cardiovascular disease

(Baashar et al., 2022; Shin et al., 2022). Initial methodological reports

have shown potential for applying AI to the screening of a periodontally

healthy population (Bashir et al., 2022).

We hypothesize that combining specific non-clinical features of

the periodontal health–disease spectrum can improve the discrimina-

tion of periodontal health, gingivitis and periodontitis and its various

stages with a single algorithm. The specific aims of this work are the

following: (i) preliminary assessment of candidate diagnostics using
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multivariate logistic regression; (ii) development and internal valida-

tion of screening tools based on random forests (RFs), a machine

learning algorithm, to correctly classify subjects into three case defini-

tions (periodontal health, gingivitis, and periodontitis or periodontal

health, gingivitis and stage I periodontitis, stages II–IV periodontitis)

and six case definitions (periodontal health, gingivitis, stage I, stage II,

stage III and stage IV periodontitis).

2 | MATERIALS AND METHODS

2.1 | Study design and population

This was a cross-sectional diagnostic accuracy study involving a conve-

nience sample of consecutive patients seeking dental care in the Prince

Philip Dental Hospital, Hong Kong, between July 2019 and August

2020. Details of the design and methods have been described elsewhere

(Deng et al., 2021b). All adults aged 18 or older with the willingness to

participate were eligible; edentulous patients, pregnant females, subjects

using antibiotics within the previous 3 months and those having a history

of periodontal treatment (other than supragingival cleaning) within the

last 12 months were excluded. The study protocol was registered on

ClinicalTrials.gov (NCT03928080) and HKU Clinical Trials Registry

(HKUCTR-2631). The ethical approval for the study was obtained from

the local Institutional Review Board of the University of Hong Kong/

Hospital Authority Hong Kong West Cluster (reference: UW19-188).

Written informed consent was obtained from all participants. This study

was conducted following the Declaration of Helsinki and followed the

transparent reporting of a multivariable prediction model for individual

prognosis or diagnosis (TRIPOD) guidelines (Collins et al., 2015).

2.2 | Sample size considerations

There are no similar screening and diagnostic studies for differentiating

periodontal health, gingivitis and different stages of periodontitis. There-

fore, the sample size was primarily calculated according to the existing

model for screening periodontitis and using the current approach to

detecting gingival inflammation as a secondary consideration. The sample

size was estimated based on the observed screening accuracy of the

CDC/AAP questionnaire for periodontitis in the 2009–2010 National

Health and Nutrition Examination survey (sensitivity, 59.3%; specificity,

57.0%) (Eke et al., 2013) and the expected sensitivity and specificity of

70.0%. As the most recent systematic review and meta-analysis showed

an overall synthesis of 70% sensitivity and specificity of MMP-8 alone for

the diagnosis of periodontitis (Arias-Bujanda et al., 2020), the minimum

acceptable level was expected to be 70% for the combined model. With

a 5% significance level and 80% power, 159 periodontitis patients and

109 non-periodontitis (periodontal health and gingivitis) participants were

required. Furthermore, there is no previous investigation on the screening

accuracy of gingivitis. A study assessing the utility of self-reported GBoB

for detecting gingival inflammation (defined by ≥10% of bleeding on prob-

ing [BOP]) determined the sensitivity to 47% (Romano et al., 2020). By

setting the acceptable sensitivity of the screening/diagnostic model of

gingivitis as 70%, at least 35 gingivitis cases were needed.

A total of 400 subjects were recruited, considering 5% missing data

and the prevalence of periodontitis in Hong Kong ranging from 40% to

59% (Department of Health, Hong Kong Government SAR, 2011).

Based on the rule that the ratio of the number of subjects to the num-

ber of predictor items should be at least 3 (Mundfrom et al., 2005), the

sample size in the present study was sufficient for internal validation:

the ratio of the number of subjects with different periodontal case defi-

nitions to the number of predictor items ranged between 3.4 and 17.5.

2.3 | Predictors: Index tests

The study procedures comprised three consecutive screening tests (index

tests) and a full-mouth periodontal examination (reference standard).

Demographic characteristics, including age (years) and sex (male/female),

lifestyle factors including tobacco smoking status (current, never/former)

and personal medical history (e.g., presence of cardiovascular disease and

diabetes) were collected by a trained nurse through face-to-face inter-

views. The screening tests consisted of a self-administered questionnaire,

a subsequent oral rinse aMMP-8 POCT and the final GBoB test.

The development and validation of the Chinese version of the

CDC/AAP questionnaire followed a standardized forward–backwards

translation procedure and a cognitive assessment before it was

administered to patients (Deng et al., 2021b). The complete set of the

questionnaire includes a self-assessment of ‘gum disease’ (Q1), ‘a rat-

ing of gum/teeth health’ (Q2), the self-reported experience of ‘supra-
gingival scaling’ (Q3a), ‘deep scaling’ (Q3b), self-perceived tooth

mobility (Q4), self-reported professionally diagnosed bone loss (Q5),

self-awareness of the change of ‘tooth appearance’ (Q6), use of den-

tal floss (Q7) and mouth rinse (Q8).

A commercial aMMP-8 lateral flow immunoassay system (PerioSafe

PRO, Dentognostics GmbH, Jena, Germany) and its digital analysis device

(ORALyzer, Dentognostics) were used in the POCT. The aMMP-8 test

was administered to the participants by a trained and calibrated nurse

according to the manufacturer's instructions: (i) a 30-s pre-rinse with tap

water; (ii) a 60-s wait; (iii) a 30-s rinse with 5 mL purified water;

(iv) pouring the oral rinse and drawing up 3 mL into a syringe and

(v) placing a filter into the syringe and adding 3–4 droplets of the filtered

samples to the test system. The value of aMMP-8 concentration was

shown on the digital reader within 5 min. A positive test result was consid-

ered if the aMMP-8 concentration was >10 ng/mL; a concentration below

the detection level was considered 10 ng/mL for the statistical analysis.

The GBoB test was carried out in a separate room with a mirror

and washbasin by the same nurse in a standard way as follows: (i) all

participants were asked to perform their routine without any distur-

bance; (ii) their saliva/toothpaste slurries (TPS) were collected and

stored for further quantitative analysis of Hb at the end of each ses-

sion and (iii) participants were asked to self-assess the presence or

absence of blood in the TPS (GBoB). The quantification of Hb in the

TPS samples by ultraviolet–visible (UV–vis) spectroscopy has been

described in detail previously (Deng et al., 2021c).
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2.4 | Periodontal examination and clinical
diagnoses: The reference standard

A single trained and calibrated examiner (DK), who was blind to the

results of all index tests, performed the comprehensive periodontal

examination, including probing pocket depth (PPD), BOP and clinical

attachment level (CAL) at six sites per tooth with a standardized peri-

odontal probe (UNC-15, Hu Friedy, Chicago, USA); furcation involve-

ment (FI) according to the Hamp's classification (Hamp et al., 1975);

tooth mobility according to the Miller scale and number of teeth lost

attributed to periodontitis.

Case definitions of periodontal health, gingivitis and periodontitis

were based on the 2017 World Workshop on the Classification of Peri-

odontal and Peri-implant Diseases and Conditions (Chapple et al., 2018;

Papapanou et al., 2018; Tonetti et al., 2018; Trombelli et al., 2018). In

this paper, ‘periodontal disease’ refers to plaque-induced gingivitis and

periodontitis, to avoid misunderstanding by including a broader spectrum

of gingival diseases and other forms of periodontitis. A periodontally

healthy case was defined as the absence of gingival inflammation

(BOP < 10%) and attachment loss attributed to periodontitis (Chapple

et al., 2018). A gingivitis case was defined as the presence of gingival

inflammation (BOP ≥ 10%) and absence of detectable attachment loss

resulting from periodontitis (Trombelli et al., 2018). A periodontitis case

was defined by detectable inter-dental attachment loss at a minimum of

two non-adjacent teeth. The periodontitis stage was determined by the

severity and complexity of the disease (Tonetti et al., 2018).

2.5 | Quality control

To ensure data quality, all investigators were trained and calibrated

before the implementation of the study; all standard procedures were

rigorously conducted, and the blinded interpretation of study results was

ensured. In particular, the self-administered questionnaire was pre-tested

during a pilot phase and adapted accordingly before validation. In the

aMMP-8 test, subjects were required to avoid eating, drinking, brushing

or using a mouthwash at least 30 min before the test (Deng

et al., 2021a). The methodology for quantifying Hb was validated in a

pilot study with good validity and reproducibility before sample analysis.

The clinical examiner was trained in standardized diagnostic criteria and

calibrated with the reference examiner with good reliability. The intra-

examiner reliability assessed by the intraclass correlation coefficient (ICC)

for PPD was >0.90, and the ICC for CAL was >0.83 (Deng et al., 2021b).

2.6 | Data analysis

The analytical approach consisted of two steps: (i) a preliminary assessment

with multivariate logistic regression and (ii) assessment of a multiclass screening

tool incorporating different features of the periodontal health–disease spec-

trum using forest plots. IBM SPSS statistics, version 26 (IBM Corp., Armonk,

NY, USA), was used for descriptive and logistic regression analysis. To explore

the discriminative performance of the combined index tests for differentiating

various periodontal cases, multivariable logistic regression models were used

for predicting ‘periodontal health’, ‘gingivitis’, ‘periodontitis’, ‘stages I/II peri-

odontitis’ and ‘stages III/IV periodontitis,’ according to the disease distribution

in the study population. The algorithm for detecting each scenario was devel-

oped using the best predictors in the logistic regression model. A bootstrap

approach was used for internal validation. One thousand bootstrap samples

were generated with replacement. The final logistic regression models incorpo-

rated significant predictors using backward stepwise selection. The parameter

associated with each predictor was examined using the Wald test and

removed if non-significant at the 95% confidence level. The model was re-run

and the process repeated until no more predictors were removed. Model

1 was the combination of the questionnaire, aMMP-8 POCT and GBoB test.

Model 2 was the combined index tests in conjunction with demographic and

lifestyle behavioural factors. Receiver operating characteristic (ROC) curves, the

area under the ROC curve (AUROC), sensitivity, specificity, positive predictive

value (PPV) and negative predictive value (NPV) were estimated on the basis

of the predicted probability from the logistic regression model. The predicted

probability cut-off value was chosen as the point by maximizing the sum of

the sensitivity and specificity across the ROC curve.

In constructing multiclass models, an RF algorithm was trained using

unique features describing the periodontal health–disease spectrum and, in

case of multiple measurements, the most significant predictors obtained in

the logistic regression analyses as input data. Multiclass decision algorithms

for differentiating subjects with periodontal health, gingivitis and different

stages of periodontitis were applied to the selected variables to train and

construct the final model. The RF was generated using 100 estimators

(‘trees’) for each forest with a maximum depth value of 6. Node-splitting

was determined using the Gini coefficient. Such parameters have been set

based on our experience and after a few initial tests, to verify that they

could produce reliable results. The mode of the response across the

100 trees was used as the estimate. The RF models were validated by run-

ning 100 independent trainings on the whole set of data and comparing

the results to ensure the internal consistency of the model. RF models

were fitted using the Python (version 3.9.13, www.python.org) Scikit-learn

package (Pedregosa et al., 2011). The average and deviation of the model

performance, including sensitivity, specificity, PPV, NPV and accuracy, were

reported. Sensitivity and specificity values were defined to be low (<60%),

moderate (60%–79%) or high (≥80%) (Nelson et al., 2001). The accuracy

results derived from the AUROC values were interpreted as low (0.50–

0.70), moderate (0.71–0.90) and high (>0.90) (Swets, 1988). The package

‘Yellowbrick’ in Python was used to compute the micro- and macro-

averaged multiclass AUROC values as well as the per-class AUROC value.

Micro-averaging computes a global average by summing up the true

positives and false positives across all classes. Macro-averaging computes

an average of metrics across all classes by taking the average of curves

across all classes. In addition to the micro- and macro-average curves for

each class, a curve for each class was plotted to assess the trade-off

between sensitivity and specificity on a per-class basis. Accuracy was calcu-

lated based on the following definition: accuracy = sensitivity � prevalence

+ specificity � (1 � prevalence). 95% confidence intervals were obtained

using the MedCalc tool (version 20.115, MedCalc Software bv, Ostend,

Belgium; https://www.medcalc.org). RF models were also run by giving dif-

ferent weights to the multiple trees to specifically train the model to avoid
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misclassification of a periodontitis case as health or gingivitis. Weights of 0.1

(light weights) and 0.2 (heavy weights) for the trees predicting the more

severe diagnosis were added in these additional analyses.

3 | RESULTS

After assessing the eligibility criteria from 501 consecutive patients seek-

ing dental care at the reception clinic, 408 eligible Chinese subjects were

included in this study, resulting in a participation rate of 81.4% (Figure 1).

The demographic and clinical characteristics of the study population have

been reported and are also shown in Tables S1 and S2 (Deng

et al., 2021a, 2021b). In brief, 66 (16.2%) subjects were periodontally

healthy cases and 62 (15.2%) had gingivitis; 280 (68.6%) subjects were

diagnosed with periodontitis, including stage I (15.9%), stage II (15.9%),

stage III (29.7%) and stage IV (7.1%). There were 189 (46.3%) males and

219 (53.7%) females aged between 18 and 86 (41 ± 18) years. Thirty-two

(7.8%) subjects were current smokers, and 20 (4.9%) suffered from diabe-

tes. All subjects completed the questionnaire and the aMMP-8 and GBoB

tests except for one invalid sample for Hb measurement. Therefore, the

entire dataset of self-reported parameters and salivary biomarker profiles

from 407 subjects was used to create the logistic regression and RF

models for differentiating various periodontal diagnoses.

3.1 | Binary classifiers and predictive accuracy
from logistic regression

The performance of self-reported non-clinical parameters, salivary bio-

markers and Models 1 and 2 for predicting periodontal health, gingivitis

Potentially eligible participants
(N = 501)

  Excluded N = 93
- Refused consent (n = 56)
- Use of antibiotic medication (n = 28)
- Recent subgingival debridement (n = 3)
- Edentulous patient (n = 2)
- Illiteracy (n = 2)

Eligible participants 
(N = 408)

The CDC-AAP questionnaire (Index test1)
(N = 408)

The aMMP-8 POCT (Index test 2)
(N = 408)

Participants
(N = 408) 

The BoB test (Index test 3)

Full mouth periodontal examination (Reference standard)
N = 408

Self-assessment of GBoB
(N = 408) 

TPS sample collection and Hb measurement
(N = 407) 

F IGURE 1 Flow-chart of inclusion of participants and study procedures. CDC-AAP, Centers for Disease Control and Prevention-American
Academy of Periodontology; aMMP-8, activated matrix metalloproteinase-8; POCT, point-of-care test; BoB, bleeding on brushing; GBoB, gingival
bleeding on brushing; TPS, toothpaste slurries; Hb, haemoglobin.
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and different stages of periodontitis is shown in Table 1. The results

from conventional logistic regression analyses indicate that (i) a combi-

nation of self-reported non-clinical parameters and salivary biomarkers

(Model 1) could achieve high accuracy for the discrimination of peri-

odontal health and disease and moderate accuracy for detecting gingi-

vitis; (ii) joint use of the aMMP-8 POCT and the CDC/AAP

questionnaire could slightly improve the screening accuracy for peri-

odontitis compared with the questionnaire alone; (iii) the well-accepted

risk factors/indicators (age and smoking) show moderate/high accuracy

in detecting periodontitis/stages III/IV periodontitis; (iv) the predictor

alone or in combination performed poorly for identifying stages I/II

periodontitis and (v) the CDC/AAP tool had moderate to high accuracy

in screening stage III/IV periodontitis and its combination, with age and

smoking strongly predicting stages III/IV periodontitis with excellent

performance.

Based on Model 2 (Tables S3–S7), the fitted linear predictor for

estimating log-odds of periodontal health was = �1.750 � Q2

+ 0.844 � Q3a + 0.951 � Q7 � 0.027 � Hb (total amount) � 1.471 �
aMMP-8 POCT � 0.050 � Age + 2.112; the fitted linear predictor

for estimating log-odds of gingivitis was = �0.992 � Q3a + 1.396 �
self-reported GBoB � 0.160 � Age � 14.719; the fitted linear predic-

tor for estimating log-odds of periodontitis was = 1.407

Q2 + 1.845 � aMMP-8 POCT + 0.102 � Age � 4.203; the fitted lin-

ear predictor for estimating log-odds of stage I/II periodontitis

was = �1.540 � Q4 + 1.022 � aMMP-8 POCT + 0.521 � Gender �
0.963; and the fitted linear predictor for estimating log-odds of stage

III/IV periodontitis was = 1.729 � Q2 + 1.756 � Q6 + 0.115 � Age

+ 2.453 � Smoking � 8.024.

3.2 | Multiclass categorization and performance
using RF

Eleven parameters estimating different features of the periodontal health–

disease spectrum were included in the RF: ‘gum disease’ (Q1), ‘rating of

gum/ teeth health’ (Q2), ‘tooth cleaning’ (Q3a), the symptom of ‘loose
teeth’ (Q4), ‘tooth appearance’ (Q6), ‘use of floss’ (Q7), aMMP-8 POCT,

self-reported GBoB, Hb, smoking and age. The robustness of the RF

models was evaluated by (i) analysis of the patterns of misclassification

and (ii) the leave-one-out or add-one-in approach. The leave-one-out or

add-one-in approach means that a predictor was removed from or (and)

added in the model one by one to assess whether the accuracy was

improved or not. Patterns of misclassification refer to the misclassification

of different case definitions (e.g., the underestimation of stages III/IV peri-

odontitis to periodontal health cases or overestimation of a periodontal

health case to a periodontitis case). Focusing on the more serious misclas-

sification (declaring as healthy a subject with periodontitis, N = 17), the

pattern of misclassification showed that all errors occurred in younger sub-

jects (<35 years of age), reporting that teeth looked alright and use of den-

tal floss, without bleeding on brushing and with a negative aMMP-8 test.

In general, leave-one-out analyses resulted in a decrease in precision

except for smoking (only 7.8% of the population) and ‘tooth appearance’
(Q6), which did not significantly affect the estimates and were thereforeT
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removed. The best combination of the predictors for differentiating peri-

odontal health, gingivitis and different stages of periodontitis were ‘gum
disease’ (Q1), ‘rating of gum/teeth health’ (Q2), ‘tooth cleaning’ (Q3a),

symptom of ‘loose teeth’ (Q4), ‘use of floss’ (Q7), aMMP-8 POCT, self-

reported GBoB, Hb and age.

Figures 2–4 and Tables S7–S19 show the diagnostic characteris-

tics of each final model (sensitivity, specificity, positive and negative

predictive value and accuracy), their confusion matrix, ROC, AUROC

and the relative influence of the multiple parameters in the model.

3.2.1 | Periodontal health, gingivitis and
periodontitis

The performance of three-class discrimination of periodontal health,

gingivitis and periodontitis is shown in Figure 2 and Table S17. Over-

all, the RF classifier provided high accuracy for multiclass discrimina-

tion compared with those derived from the logistic regression

algorithms for binary classification. Across the 100 runs of the RF

algorithm, the classifier achieved a sensitivity of 89.3 ± 2.2%, a

F IGURE 2 Accuracy of the three-class prediction of periodontal health, gingivitis and periodontitis using the random forest classifier. (a) Periodontal
health (1, green), gingivitis (2, pink) and periodontitis (3, red). The figure shows box plots of sensitivity (upper left diagram), specificity (lower left), positive
predictive value (upper centre), negative predictive value (lower centre) and accuracy (upper right). The lower right diagram shows the confusion matrix
plotting the frequency of predicted versus actual diagnosis. Values were obtained by averaging 100 runs. (b) Receiver-operating-curves plotting true
positive rates against false positive rates and the area under the ROC (AUROC) for the three-class random forest diagnosis obtained using the
‘yellowbrick’ package in Python (see text for details). (c) Diagrammatic representation of the relative influence of the multiple factors in the random
forest classification. Values are obtained by averaging 100 runs. Hb, haemoglobin; MMP-8, matrix metalloproteinase-8.
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specificity of 92.3 ± 0.4% and an accuracy of 91.8 ± 0.5% for peri-

odontal health; a sensitivity of 91.0 ± 1.1%, a specificity of 92.6

± 0.6% and an accuracy of 92.4 ± 0.6% for gingivitis; and a

sensitivity of 91.0 ± 1.1%, a specificity of 92.6 ± 0.6% and an accu-

racy of 92.4 ± 0.6% for periodontitis in the three-class classification.

The confusion matrix shows the major limitation of the model: 15%

F IGURE 3 Accuracy of the six-class prediction of periodontal health, gingivitis and stages I–IV periodontitis using the random forest classifier.
(a) Periodontal health (1, green), gingivitis (2, pink), stage I periodontitis (3, orange), stage II periodontitis (4, light red), stage III periodontitis (5, darker
red) and stage IV periodontitis (6, purple). The figure shows box plots of sensitivity (upper left diagram), specificity (lower left), positive predictive

value (upper centre), negative predictive value (lower centre) and accuracy (upper right). The lower right diagram shows the confusion matrix plotting
the frequency of predicted versus actual diagnosis. Values were obtained by averaging 100 runs. (b) Receiver-operating-curves plotting true positive
rates against false positive rates and the area under the ROC (AUROC) for the six-class random forest diagnosis obtained using the ‘yellowbrick’
package in Python (see text for details). (c) Diagrammatic representation of the relative influence of the multiple factors in the six-class random forest
classification. Values were obtained by averaging 100 runs. Hb, haemoglobin; MMP-8, matrix metalloproteinase-8.
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of periodontitis cases are misclassified as health or gingivitis. The

AUROC for each diagnosis and their micro- and macro-averaging

were 0.97 (Figure 2b). Figure 2c shows the relative importance of

the different features used in the model. Age of the subject,

concentration of Hb in the toothbrushing slurry, response to the

questions related to the health of the teeth and gum and the number

of episodes of use of dental floss in a week were the most important

features.

F IGURE 4 Accuracy of the three-class prediction of periodontal health, gingivitis + stage I periodontitis and stages II–IV periodontitis using
the random forest classifier. (a) Periodontal health (1, green), gingivitis and stage 1 periodontitis (2, orange) and stages II–IV periodontitis (3, red).
The figure shows box plots of sensitivity (upper left diagram), specificity (lower left), positive predictive value (upper centre), negative predictive
value (lower centre) and accuracy (upper right). The lower right diagram shows the confusion matrix plotting the frequency of predicted versus
actual diagnosis. Values were obtained by averaging 100 runs. (b) Receiver-operating-curves plotting true positive rates against false positive

rates and the area under the ROC (AUROC) for the three-class random forest diagnosis obtained using the ‘yellowbrick’ package in Python (see
text for details). (c) Diagrammatic representation of the relative influence of the multiple factors in the three-class random forest classification.
Values were obtained by averaging 100 runs. Hb, haemoglobin; MMP-8, matrix metalloproteinase-8.
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3.2.2 | Periodontal health, gingivitis and
periodontitis stages I, II, III and IV

Figure 3 and Table S18 show the performance of six-class dis-

crimination (periodontal health, gingivitis, stages I–IV periodonti-

tis). In Figure 3a, the best predictions were obtained for stage

IV periodontitis (3.6% of cases were misclassified as stage III)

and gingivitis (11% of cases misclassified as healthy and

3% as stage I or II). AUROC values ranged from 0.94 to 0.99

(Figure 3b). In the six-class analysis, the most important features

were the age of the subject, Hb concentration in the toothbrush-

ing slurry and the response to the questions related to the pres-

ence of lose teeth and the health of the teeth and gums

(Figure 3c).

3.2.3 | Periodontal health, gingivitis + periodontitis
stage I, and periodontitis stages II, III and IV

The performance of three-class discrimination combining gingivi-

tis and stage I periodontitis (periodontal health, gingivitis + stage I

periodontitis, stages II–IV periodontitis) is displayed in Figure 4

and Table S19. The confusion matrix (Figure 4a) shows the major

limitation of the model: 9% of periodontitis subjects were misclas-

sified as being healthy or gingivitis/stage I periodontitis. Nonethe-

less, high AUROC values of 0.97–0.98 were observed (Figure 4b).

The most important features in this model were the age of the

subject, concentration of Hb in the toothbrushing slurry and the

number of weekly flossing and self-reported bleeding on brushing

(Figure 4c).

3.2.4 | Insertion of different weights into the RF
predictions

As the clinical consequences of misclassification are not symmetric, an

analysis was performed to add additional weights to the trees in the

RF with the more advanced disease predictions. Results are shown in

Figures S1–S3. In the three-class diagnostic model (Figure S1), adding

light weights to more severe predictions decreased the misclassifica-

tion of periodontitis cases from 15% to 2%. This, however, carried the

price of classifying as periodontitis 29% of healthy subjects and 17%

of gingivitis subjects. Adding different weights did not significantly

improve the six-class model or the three-class model combining gingi-

vitis and stage I in a single entity.

4 | DISCUSSION

This study showed that combining non-clinical parameters reflecting

the unique features of periodontal health, gingivitis and periodontitis in

a machine learning algorithm enables the development of multiclass

prediction/diagnostic models of periodontal health status with high

accuracy. RF models had high accuracy (AUROC > 0.94) for three-class

predictions (health, gingivitis and periodontitis or health, gingivitis/stage

I periodontitis and stages II, III and IV periodontitis) and six-class predic-

tions (health, gingivitis, stages I, II, III and IV periodontitis). Accuracy

levels achieved by the RF multiclass classifier were significantly better

than those obtained for multivariate logistic regression analyses, partic-

ularly for the diagnoses that were more difficult to discriminate: gingivi-

tis, stage I and stage II periodontitis. With RF, the probability of

misclassification was low (Figures 2a, 3a and 4a). Adding specific

weights to trees predicting more severe disease during the training of

the model enabled a decrease from 15% to 2% in the misclassification

of periodontitis subject as being healthy or gingivitis, arguably the most

severe mistake for a screening test. Further studies in independent

populations need to be performed to validate the model and approach.

The results are notable because the multiclass screening of periodontal

health status in non-clinical settings may provide specific utility and

added efficiency to manage preventive and therapeutic services/care

pathways. Ideally, the screening results must be able to identify sub-

jects requiring primary prevention services alone (Tonetti et al., 2015),

those who need management of gingivitis before the onset of peri-

odontitis and those who should avail periodontitis treatment either in

primary settings (stage I and II periodontitis) or in specialist settings

(stage III and IV periodontitis) (Tonetti et al., 2017). The clinical rele-

vance of multiclass screening of periodontal health status includes

referring the subject to the appropriate level of care, preventive, pri-

mary or specialist care, for subsequent confirmation and management.

Nine predictors, namely ‘gum disease’ (Q1), ‘rating of gum/teeth

health’ (Q2), ‘tooth cleaning’ (Q3a), the symptom of ‘loose teeth’
(Q4), ‘use of floss’ (Q7), aMMP-8 POCT, self-reported GBoB, Hb and

age, resulted in high levels of accuracy. RF is a machine learning algo-

rithm widely used in classification by generating multiple decision

trees and using a randomly selected subset of variables, thereby

reducing overfitting and bias (Breiman, 2001). The RF model was sta-

ble, leaving one parameter out and using multiple seeds to build/train

the model. Mechanistically, the predictors in the model provide infor-

mation on different underlying features of the spectrum of periodon-

tal disease (gingivitis and the various stages of periodontitis), which

adds biological credibility. Interestingly, the analysis of the influencing

factors (Figures 2c, 3c and 4c) gave slightly different rankings for the

three tested scenarios. This appears to be mechanistically in line with

the current understanding of the differential features of periodontal

health, gingivitis and the different stages of periodontitis.

Notably, the set of predictors in the machine learning tool for

multiclass identification performed better than the logistic regression

models did in bivariate analyses. Improved accuracy has been

reported for machine learning algorithms in the multiclass identifica-

tion of complex diseases such as diabetes or cardiovascular diseases

(Baashar et al., 2022; Shin et al., 2022). In the present study, the

machine learning algorithm improved the detection accuracy of stages

I and II periodontitis from an AUROC of 0.68 for logistic regression to

an AUROC of 0.97 for predicting stage I periodontitis and 0.94 for

predicting stage II periodontitis with the RF classifier. Discriminating

incipient periodontitis offers the most significant challenge, even for
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experienced clinicians performing a complete periodontal examina-

tion. The application of AI based on non-clinical parameters may be

handy for this diagnostic question. As expected, the prediction accu-

racy of the more severe forms of the disease was high, even with the

use of the CDC/AAP questionnaire alone. From the 6 � 6 (3 � 3)

confusion matrix for the RF models, the value of adding additional

parameters lies in the ability to better discriminate among the more

subtle/initial stages of the disease spectrum.

The logistic regression analysis also uncovered additional findings.

Despite the minimal added value of aMMP-8 and GBoB for periodon-

titis screening, the combination of the predictors performed best for

discrimination of periodontal health from disease and detection of

gingivitis, compared with the questionnaire or biomarker testing

alone. Although slightly more resources and medical costs are

required, there is a vast array of potential public health benefits from

the combined predictors: nearly 80% of suspected cases with peri-

odontal diseases, including those with gingivitis, stages I/II periodonti-

tis and stage III/IV periodontitis, can be identified for early referral,

further professional diagnosis and timely intervention. The detection

of gingivitis and incipient periodontitis particularly contributes to a

more favourable treatment outcome and less healthcare cost, thereby

alleviating the socio-economic consequences and promoting peri-

odontal health and general well-being. Consistent with logistic regres-

sion analysis, the feature importance plots from RF also reinforced the

rationale of incorporating biomarker testing (e.g., Hb), in line with our

current medical understanding. The differential significance of GBoB

in the screening for gingivitis and aMMP-8 POCT for periodontitis

highlights the key features of these different diseases: superficial

inflammation captured by bleeding on brushing and the periodontal

breakdown captured by MMP activation. Diagnostic strategies com-

bining them may show increased overall accuracy.

As previously suggested, individual questions of the CDC/AAP

questionnaire seem to be better suited to confirm/exclude specific

diagnoses (Deng et al., 2021b). Combining them in specific sets may

be helpful for multiclass classification of periodontal health status.

Additionally, models incorporating well-accepted risk indicators

(such as age or smoking status) were generally more accurate. In this

respect, it must be emphasized that this portion of the model is partic-

ularly prone to error in populations with divergent characteristics.

Extensive validation will be required to better estimate their signifi-

cance and contribution to the models.

This study has several limitations, which are implicit in the model

development nature of the study. The original sample consists of Chinese

subjects seeking care at a Hong Kong Dental Hospital. Although they

seem to reflect well the distribution of periodontal health and disease in

the local population, a selection bias is likely. Therefore, the external valid-

ity of this study needs to be addressed in an ongoing validation study

using a representative sample of households in Hong Kong generated by

systematic random sampling from the Census and Statistics Department

of Hong Kong. Additionally, model validation will have to be extended to

different populations around the world. Second, no robust sample size

calculation could be done, as this was the first investigation on the multi-

class classification of periodontal health status. Third, despite the

conservative approach used to insert and maintain predictors in the RF

model, it is unclear whether a more conservative model/approach may

result in a similar level of accuracy. Further calibration of the model will

have to be performed based on a much larger sample from multicentre

validation. The reported feature importance data may be particularly use-

ful in the future analyses. Fourth, the incorporation of Hb concentration

in the model due to its high importance in the feature analyses requires

additional development of a simple quantitative method that could be

effectively used by subjects in a screening context. Investigations are

ongoing in this area. Lastly, a misclassification analysis showed that the

model did not perform well in younger periodontitis subjects presenting

with features generally associated with health. In these subjects, the bio-

markers did not manage to detect the disease. Additional validation in

multiple populations is necessary, ideally in a multicentre study.

Within the limitations of this initial study, AI prediction based on

non-clinical data appears to be a promising approach to classify peri-

odontal health status and can potentially open new avenues to man-

age periodontitis better.
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