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A B S T R A C T

Objective: This study aimed to develop a machine-learning (ML) model to predict the risk for Periodontal Disease 
(PD) based on nonimage electronic dental records (EDRs).

Methods: By using EDRs collected in the BigMouth repository, dental patients from the US were included. 
Patients were labeled as cases or controls, based on PD diagnosis, treatment and pocketing. By learning from 
their data, a model was trained. The ability of the developed model to predict PD was evaluated by the accuracy, 
sensitivity, specificity and area under the curve (AUROC) and the most important features were determined. The 
best-performing model was applied to the validation set.

Results: The final study population included 43,331 participants. Based on the development set, the Random 
Forest model performed with high sensitivity (81 %) and had an excellent AUROC (94 %), compared to four 
other ML and deep learning techniques. The most important predictors were bleeding proportion, age, the 
number of visits, prior preventive treatment, smoking and drugs usage. When the model was applied to the 
validation set, the model could detect almost all cases (91 %), but overestimated controls (specificity=0.54). 
When EDRs were retrieved 3 years before the PD diagnosis, the predictions for PD were still sensitive (89 %).

Conclusion: Based on consistent and complete EDR, ML has an excellent ability to assist with the early 
detection and prevention of PD cases. Further research is required to follow-up high-risk controls and improve 
the model’s internal and external validation. Improved EDR documentation is an important first step.

Clinical significance: If such ML models become clinically applied, clinicians can be assisted with personalized 
risk predictions based on the individual. If the key riskcontributing factors for the individual are revealed/ 
provided, ML can suggest targeted prevention interventions. These advancements can contribute to a reduced 
workload, sustainable EDRs, data-based dental care, and, ultimately, improved patient outcomes.

1. Introduction

Periodontal disease (PD) is a chronic multifactorial inflammatory 
disease of the tissues surrounding and supporting the teeth 

(periodontium) that is caused by lifestyle, microbiological, genetic and 
medical factors [1,2]. In response to the chronic persistence of dental 
plaque bacteria, the host induces a protective immune-inflammatory 
response in the periodontium [3], which can lead to irreversible 
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attachment and alveolar bone loss. However, PD can often be prevented 
with early screening and interventions [4,5].

To prevent PD, oral health professionals should regularly screen their 
patients for early signs [6,7]. This can be challenging due to individual 
variations in clinical expression [8–10] and the fact that many patients 
seem clinically asymptomatic until the disease has become severe [1]. 
Reducing the risk of PD may also further prevent the disease [5]. Factors 
associated with the risk for PD are age, tobacco and alcohol use, nutri
tion, stress, sex, an impaired immune response, health behavior and 
several systemic diseases (e.g. diabetes, obesity, metabolic syndrome, 
and cardiovascular diseases) [1,11]. Due to the large number of asso
ciated factors, it remains challenging to determine a specific risk for 
each patient individually. PD can be prevented if above-mentioned risk 
could be controlled, by assessing patients’ disease risk [2].

Current risk assessment models used multiple features to calculate a 
concise risk or a risk class, offering great predictions [12]. A major 
limitation of these risk predictions is that they are based on data gath
ered by questionnaires and clinical examinations primarily for research 
purposes. Only a limited number of PD prediction models have extracted 
existing data. Prediction models that reused periodontal chart data or 
imaging data (including furcation and bone loss) capture past peri
odontal destruction or are incapable of incorporating different (non-) 
clinical features. Clinical applicability is therefore missing, but essential.

Studies show that early signs [13] and risk factors for PD can be 
retrieved from Electronic Dental Records (EDR) [14]. EDRs are elec
tronic health records (EHRs) that document information considered to 
be integral to providing safe and high-quality dental care [15]. EDRs 
include dental and medical histories, oral examination findings, di
agnoses, radiographs, treatment history, and clinical notes. Like all 
EHRs, EDRs are rich in detailed clinical outcomes [16] and have the 
benefit of containing longitudinal and multivariable information [17]. 
These data are assumed to be well-suited for the prevention of PD [18]. 
Specifically for patients who visit their dentist frequently, dental clinics 
possess a wealth of preventive data. However, the rising variety and 
volume of documented EDRs have outpaced clinicians’ ability to use this 
information during oral examinations. Reviewing past documentation in 
EDRs is time-consuming [19] and many clinicians experience usability 
issues [20]. While the records in the EDR are intended to support dental 
care, they are barely used for prevention purposes.

To predict the risk for diseases, Machine Learning (ML) is frequently 
applied to non-image EHRs in other health domains [21–23]. ML is a 
subdomain of artificial intelligence (AI) where machines learn from 
experience with data, aiming to resolve issues without human input 
[24]. For longitudinal data such as EDRs, Deep Learning (DL) is a suit
able component of ML because of its ability to include many variables (i. 
e. features), detect patterns over time, and incorporate complex in
teractions in a neural network with multiple layers. Such prediction 
models can provide dental clinicians with individual risk scores and 
suitable interventions based on existing data [25]. A scoping review 
identified studies that used ML and DL on EHRs for the early detection 
and prevention of diseases [26]. These ML and DL models had high 
diagnostic performances and could generate the most important features 
responsible for the predicted risk. The predicted risk scores can serve as 
a preliminary screening to prioritize patients on waiting lists for physical 
examination or before harmful or unnecessary examinations (e.g., ra
diographs). The use of these models also offers benefits such as a 
personalized care, new insights for healthcare policies, and a reduction 
of the clinical workload [26]. To date, there is only one ML prediction 
model using non-image EDRs to prevent PD [27]. Although this model 
seems promising, it is limited by its reliance on data from a single 
institution, and the records were not longitudinal. Most ML attempts in 
periodontology use imaging data to detect clinical attachment and 
alveolar bone loss, or focus on the severity and treatment of PD [28–31].

ML applied to non-image EDRs would support preventive screening 
by using existing data without additional impact on the patient and 
effort for clinicians. Therefore, this study aimed to develop a ML model 

to predict PD risk based on non-image, longitudinal EDRs. By applying 
this model, we investigated whether the early detection of PD can be 
supported.

2. Materials and methods

This study was approved by the Institutional Review Board of the 
Academic Centre for Dentistry Amsterdam (ACTA) and written accord
ing to the Transparent Reporting of a Multivariable Prediction Model for 
Individual Prognosis or Diagnosis (TRIPOD) statement for the develop
ment of prediction models in medicine [32]. The following paragraphs 
describe the methods conducted in sequential order (Result section 3.1).

2.1. Source of data

This case-control study used EDR data collected in the BigMouth 
dental repository [33]. This repository is an oral health database with 
EDR data from patients who received oral healthcare at academic dental 
institutions in the United States (US) at the time of the study [34]. These 
data are available for research purposes and contain data regarding 
demographics, dental diagnoses, medical and dental histories, caries risk 
assessment, periodontal data, medication, vital signs, allergies and 
dental treatment using axiUm® (Exan, Vancouver, BC, Canada). Big
Mouth members permitted the usage of de-identified and aggregated 
data (project BM-DR28), as such complying with the American Health 
Insurance Portability and Accountability Act (HIPAA) requirement [33], 
the European General Data Protection Regulation (GDPR) standards and 
the Data Use Agreement(DUA) in place between UTHealth Houston 
(data host) and participating BigMouth institutions. The data was 
extracted from BigMouth for patient visits between January 1, 2010 to 
December 31, 2022.

2.2. Data preparation

Two researchers (LS and AdK) had access to the data through a 
secured virtual machine (Linux). SQL Server was used to store and 
prepare the data. The raw data were loaded into the first database 
(LandingZone) and remained untouched. The data were assessed for 
completeness, correctness, consistency, and the extent of missingness. 
Completeness was evaluated by assessing whether features were recor
ded in all institutions and for both cases and controls, while correctness 
was checked by verifying valid, realistic and non-contradictory values. If 
issues with completeness and correctness relate to the labeling criteria, 
consequences occur in the labeling stage. In the second database 
(Staging), the inconsistent data were cleaned. Consistency was ensured 
through standardization of data formats, and missingness was evaluated 
by considering features with substantial records and predictive value. 
Features with too many varieties in the data (e.g. Prescriptions, Al
lergies, Dental Treatment, Medical Diagnoses and Dental Diagnoses) 
were grouped into categories. Next to this, BMI and the number of visits 
were calculated and converted into new features. The final data were 
loaded into the last database (Datawarehouse), where the data were 
ready for definite labeling. A final database consisted of a data hierarchy 
that was grouped per patient, sorted per visit and included all features 
registered at that visit. The data transformations that have been made 
can be found at https://github.com/keijzera/RiskForPDBasedOnEDR.

2.3. Labeling of cases and controls

Patients 18 years and older were included if they had data from at 
least three dental visits in a healthy condition (before their PD diagnosis 
or their last record in their EDR). Patients with prior PD treatment were 
excluded. To train a model based on patients who definitely suffered 
from PD and patients who are certainly PD-negative, we applied mul
tiple criteria to label cases and controls. PD cases were defined when 1) a 
new diagnosis of PD was documented, followed by 2) PD treatment. This 
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method is considered a valid way of detecting cases in the literature 
[35]. Eligible diagnoses included aggressive, chronic or necrotizing 
periodontitis or periodontitis associated with systemic diseases, ac
cording to the 1999 classification of periodontal diseases [36], or any 
form of periodontitis in stage I to IV, according to the classification of 
2017 [37]. Treatment codes must relate to periodontitis (e.g. scaling and 
root planning). The absence of PD diagnosis terms and PD treatment 
codes in a patient’s EDR, defined those patients as a control. However, 
by verifying the case-control labels, some seemed contradictory to their 
pocket depth data. Therefore, we applied an additional criterium to be 
sure that cases have at least one pocket >5mm and controls do not have 
any >5mm pocket recorded (i.e. ensuring data correctness). We decided 
to exclude patients who did not fulfill the third criterion to build a model 
based on data with assured case-control distinctions. Incomplete and 
inconsistent recording standards for the labeling features, lead to the 
exclusion of institutions as a whole. The final study population was 
composed (Result section 3.2) and ideally reflect the real-life prevalence 
(estimated between 11 and 23 % [38,39]) to be assumed as a repre
sentative [40].

2.4. Input features

This study used the following EDR features as input for the model, 
according to the data governance in BigMouth [34]. Input features were 
selected if they were assumed to be potential risk factors based on the 
literature. Input features were sex, age, number of visits, saliva test re
sults, pain and problems, missing teeth, caries risk, dental diagnoses, 
prior dental treatment, prescribed and used medication, medical dis
eases (i.e., cancer, hepatitis, tuberculosis, blood, bronchial, cardiovas
cular, endocrine, kidney, neuro, viral, ear, nose and throat, and other 
diseases), medical conditions (i.e. allergies and health status), features 
related to lifestyle (i.e. smoking and drug use and oral hygiene), specific 
risk factors (diet, orthodontics, exposed roots, pits, recreational drugs, 
plaque), features related to vital signs (i.e. systolic blood pressure, dia
stolic blood pressure, BMI, length and weight) and early periodontal 
data (i.e. bleeding and plaque percentage) collected in the EDR. Looking 
at a patient’s full EDR, some features are not single-registered (e.g. 
dental treatment codes can be registered every dental visit again). We 
used only the last record of each feature for non-temporal analyses, 
while the temporal analyses used all records over time to identify pat
terns over time. Therefore, each record in the longitudinal data was 
linked to the visit date. Due to possible privacy conflicts, disclosing an 
exact visit date was not allowed. Therefore, this was converted to the 
number of days before the diagnosis (cases) or the end of documentation 
in the EDR (controls). In other words, we set an ‘index-date’ at the end of 
each patient’s EDRs to align varying EDR periods. Only patient-level 
features were used, rather than features on tooth- or even side-level. 
Input features that were indicative of the label were excluded. For 
example, caries risk was excluded since it was only recorded in insti
tution 3. Any record of this feature would rather represent the preva
lence of institution 3, than the specific result (low or high caries risk). 
Imaging data and unstructured clinical notes were beyond the scope of 
this research. The full list and descriptions of these input features are 
presented in Appendix A. The clinical data extraction was generated by 
the UTHealth team as they are the only ones who manage and have 
direct access to the repository.

2.5. Datasets

The final dataset in this study was split into a development set to 
build a model and a validation set to apply the model. Because the focus 
of this model is to detect cases (rather than controls), we wanted to 
prevent the model from being built on overrepresented control data. 
Therefore, a balanced development set was created (5000:5000). This 
development set included an 80 % training set to train and (4000:4000) 
a 20 % test set (1000:1000) to evaluate the developed model. The 

remaining patient data were used in the validation set to apply the 
model. For analyses with multifeatured predictions, larger amounts of 
data will improve the outcome. However, a minimum sample size was 
dependent on the amount of input features. Simple techniques require at 
least 10 cases per feature, but more complex techniques (e.g. neural 
networks) require hundreds per feature. Since we started with 50 input 
features, we aimed to include at least 5000 cases in the training set.

2.6. Model development

The model was developed based on the training set. Python, Keras, 
and TensorFlow were used to develop the model. The model was trained 
by learning from (patterns in) the data and built until the best perfor
mance metrics were reached. This was an iterative process of experi
ments with varying DL and ML techniques, selections of input features 
and decisions based on clinical relevance (i.e. threshold and sensitivity/ 
specificity). 

• Temporal techniques include Long Short Term Memory (LSTM), a 
Recurrent Neural Network (RNN), and Gated Recurrent Units (GRU) 
because these were assumed to be the most suitable for detecting 
development over time [26]. Non-temporal techniques included a 
Random Forest (RF), a basic Neural Network (NN) and Logistic 
Regression (LR), because these are most suitable for classification 
tasks [41,42]. While temporal techniques searched for patterns over 
time in longitudinal records (assuming temporal dependence within 
a feature), non-temporal techniques generated a static prediction 
based on only the last record of each feature.

• For each technique, we started with all features as input for the 
model. If Prescriptions, Allergies, Dental treatment, Medical di
agnoses, and Dental Diagnoses were in the initial top 5 most 
important features, each ‘category’ was individually added to the 
model to identify specific disease or medication groups as predictors 
(e.g., diabetes). To reduce the number of input features, we selected 
the features accounting for 100 % of the total predictive value, which 
could vary per technique. Consequently, features having a feature 
importance of 0.0 were no longer selected in the next alteration of 
the model. (see Appendix A). While the selected features could differ 
per technique due to different contributions to the prediction, we 
aimed to select features in a consistent and unambiguous manner for 
all techniques.

• We used thresholds of 0.6 and 0.7 to evaluate and compare the 
performance of the models.

• Codes were optimized to enhance performance and speed up calcu
lations. Model implementation details are available at https://gith 
ub.com/keijzera/RiskForPDBasedOnEDR.

2.7. Evaluation of the model

By using the test set, we evaluated whether the developed model 
performs well in predicting PD. By providing a patient’s full EDR, 
without disclosing the outcome (case/control label), the developed 
model predicted whether that patient would be a case or control. If the 
risk for PD was assessed higher than the threshold, it was assumed as a 
case and if the risk was lower, it was assumed as a control. The perfor
mance of various techniques was evaluated by a 5-fold cross-validation 
of the area under the receiver operating characteristic curve (AUROC), 
sensitivity, specificity and accuracy (Result section 3.3). The AUROC 
enabled the optimal threshold value, in which the detection of cases was 
more important than the detection of controls. To analyze the most 
important features (Result section 3.4), the Leaving One Feature Out 
technique was used for temporal techniques and the feature importance 
analysis was used for non-temporal techniques.
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2.8. Validation of the model

The best-performing model was applied to a validation set and a risk 
per individual was predicted. Patients were classified into high risk (>60 
%) and moderate/low risk (<60 %). A 5-fold cross-validation of the 
AUROC, sensitivity, specificity and accuracy was reported. The esti
mated risks of cases and controls were plotted per risk class (Result 
section 3.5). Last, we analyzed how much earlier the model was able to 
detect PD, compared to the moment of diagnosis (Result Section 3.6). By 
dividing the participants’ EDRs into two periods: X years were observed 
(observation period) and based on these data, the risk of developing PD 
in the future was predicted (prediction period). An observation period 
was created by selecting those EDRs available at 3, 2 and 1 year before 
diagnosis. (i.e. EDRs recorded >1095 days, >730 days and >365 days 
before diagnosis). The prediction period included the remaining years (i. 

e., until they could have been diagnosed). This was carried out on the 
full dataset. These analyses explored whether the application of our 
model would be able to support an earlier detection of PD and preven
tion opportunities.

3. Results

3.1. The selection of EDRs

Fig. 1 shows the steps in selecting EDRs for this study (criteria out
lined in the Method section). First, de-identified EDRs from 522,801 
patients were extracted from the Bigmouth repository. After the data 
were cleaned, 401,951 unique records remained. These were labeled 
into cases and controls. By verifying the initial labels, we excluded the 
‘cases’ who did not have any pocket >5 mm recorded and ‘controls’ who 

Fig. 1. Flowchart of the selection of EDR patient records used in this study.
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had pockets >5 mm recorded in their EDRs, to include EDR data with 
assured case-control distinctions. EDRs from 43,331 patients were 
included in the final study population. From these patients, EDRs from 
10,000 patients were included in the development set, and the 
remaining 33,331 patients were included in the validation set.

3.2. Background characteristics of the study population

Table 1 shows the background characteristics of the final study 
population (N = 43,331), grouped by cases (21 %) and controls (78.6 
%). As per the design, the development set had an equal case-control 
ratio (50 %/50 %), while in the validation set, the case-control ratio 
was 21.8 % - 87.2 %, respectively. Patients from three institutions were 
included with consistent, complete and correct PD data. The age of the 
full study population was 46 years. PD cases were older (55 years) than 
controls (44 years). The case group included as many males as females, 
while the control group included more females. The EDR data from cases 
included fewer visits (9) and a shorter follow-up length (1.5 years) 
compared to the number of visits (11) and follow-up length (2.6 years) 
from controls.

3.3. Performance of the model

Table 2 shows the performance of various techniques evaluated on 
the test set (N = 2000), with a threshold of 0.6 and 0.7. The AUROC of 
the models varied between 0.50 and 0.94. Temporal techniques had an 
AUROC of 0.71 and 0.72, including a sufficient sensitivity for LSTM and 
RNN models (0.61–0.69) and a good sensitivity for the 0.6th GRU model 
(0.76). However, the AUROC did not change for any model when fea
tures were left out of the model. Since these temporal techniques seemed 
to perform insufficiently for these data, alternative techniques were 
employed to develop non-temporal prediction models. Basic NN, LR, 
and RF techniques were used to build a model based on the last record of 
each feature. The NN and LR showed a much lower AUROC (0.5 and 
0.55 resp.), including unbalanced sensitivities and specificities (±1.0 
and 0.0 resp.). An RF showed an excellent AUROC (0.94), including a 
good sensitivity (0.81) and specificity (0.91) when the threshold was set 
at 0.6. The accuracy was also the highest for RF (0.86) compared to 
other techniques (0.50–0.75). Based on the highest AUROC and sensi
tivity, the RF model was used for further analyses.

3.4. The most important features for PD prediction

The developed RF model is based on 38 features with predictive 
value. Table 3 lists the features responsible for ≥1.0 % of the prediction. 

The bleeding proportion, age, number of visits, preventive treatment, 
smoking and drug use were found to be the most important features for 
predicting PD. A full list of the most important features and their 
contribution to the prediction is displayed in Appendix A.

3.5. Validation

Table 4 shows our model’s performance on the validation set (N =
33,331, including 4271 cases and 29,060 controls). When the developed 
model was applied to the validation set, the risk was estimated for each 
patient. The risk of 22,920 patients was 0.6 or higher, and the risk for 
10,411 patients was lower than 0.6. The model had an AUROC of 0.85 
on the validation set. By screening those patients in the high-risk class, 
almost all cases could be detected (sensitivity 91 %). However, only 54 

Table 1 
Background characteristics of the study population.

Study population PD cases Controls

N (%) 43,331 (100 %) 9271 (21.4 %) 34,060 (78.6 %)
Sub datasets 
Development set 
Validation set

10,000 (100 %) 
33,331 (100 %)

5000 (50 %) 
4271 (12.8 %)

5000 (50 %) 
29,060 (87.2 %)

n per institution 
2 
3 
7

11,137 (100 %) 
22,669 (100 %) 
9525 (100 %)

1172 (10.5 %) 
6598 (29.1 %) 
1501 (15.8 %)

9965 (89.5 %) 
16,071 (70.9 %) 
8024 (84.2 %)

Age* (avg) 46 yrs 55 yrs 44 yrs
Sex 
Female 
Male 
Other 
Unknown

25,749 
17,404 
7 
171

4763 
4485 
1 
22

20,986 
12,919 
6 
149

EDR length 
(avg) 
In days (years) 
# of visits

841 days (2.3 
years) 
11

547 days (1.5 
years) 
9

945 days (2.6 
years) 
11

* at the last visits for controls, at the diagnosis date for cases.

Table 2 
Performance results of PD detection applying several ML and DL techniques.

th AUROC Sensitivity Specificity Accuracy

Temporal techniques*
LSTM 0.6 0.71 0.68 0.55 0.68

0.7 0.71 0.63 0.73 0.63
GRU 0.6 0.71 0.76 0.57 0.69

0.7 0.71 0.42 0.81 0.75
RNN 0.6 0.71 0.69 0.56 0.69

0.7 0.72 0.61 0.79 0.61
Non-temporal techniques**
LR 0.6 0.5 0 1 0.50
NN 0.6 0.55 0.99 0.09 0.54

0.7 0.71 0.13 >0.99 0.57
RF 0.6 0.94 0.81 0.91 0.86

0.7 0.94 0.71 0.96 0.83

*Temporal techniques used all records documented over time.
**Non-temporal techniques used only the last record of each feature.
th = threshold.

Table 3 
Most important features in the final RF model.

Features contributing for ≥1 % Feature importance (%)

1. Bleeding proportion 18.5 %
2. Age 17.8 %
3. Number of visits 7.8 %
4. Preventive treatment 6.0 %
5. Smoking and drug use 5.3 %
6. Plaque proportion 3.6 %
7. Prescriptions 3.5 %
8. Health status 3.1 %
9. Pain and problems 3.1 %
10. Medical diseases 3.0 %
11. Allergy 2.7 %
12. Systolic blood pressure 2.6 %
13. Diastolic blood pressure 2.5 %
14. Medication (over-the-counter) 2.2 %
15. Restorative treatment 2.1 %
16. Oral and maxillofacial treatment 1.9 %
17. Weight 1.7 %
19. Caries 1.5 %
20. Endodontic diseases 1.3 %
21. Endodontic treatment 1.2 %
22–38 <1.0 %

Table 4 
Performance of the final model applied on the validation set.

Estimated risk High risk 
(0.6 – 1.0)

Low risk 
(0.0 – 0.6)

N 
Cases 
Controls

22,920 
3907 
19,013

10,411 
364 
10,047

Performance Sensitivity = 0.91 Specificity = 0.54
AUROC 0.85
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% of all controls were found in the estimated low-risk class. Fig. 2 shows 
that the estimated risk for cases is ascending, but the risk for controls is 
equally distributed over the estimated risk classes.

3.6. Earlier detection

Fig. 3 shows whether the developed model could detect PD earlier in 
the patient’s EDR than clinically diagnosed. When the model predicted 
the risk for PD one year before PD was diagnosed, the AUROC was 0.84 
(sensitivity = 0.91 and specificity = 0.57). When the model observed the 
available EDRs two years before the PD diagnosis, the AUROC was 0.83 
(sensitivity = 0.89 and specificity = 0.57). When the prediction was 
made three years earlier, the AUROC was 0.82 (sensitivity = 0.89 and 
specificity = 0.57). The performance of the predictions barely decreased 
when the prediction was made 1, 2, or 3 years before the diagnosis.

4. Discussion

This study aimed to develop a ML model to predict the risk for PD 
based on non-image, longitudinal EDRs, intending to support the early 
detection and prevention of PD.

With an AUROC of 0.94 (Result section 3.3), the performance of our 
model could be considered as ‘excellent’ according to Simundic’s clas
sification of diagnostic accuracy [43]. Compared to other AI models 
predicting PD [44], our AUROC is similar (AUC ≈ 0.90–0.95) and our 
accuracy (0.86) is slightly lower than others (Acc ≈ 0.90–0.95). Another 
systematic review of AI models for diagnosing PD, shows even lower 
accuracies (between 47 and 81 %) by using intraoral photographs [30]. 
AI models focusing on indirect PD outcomes (e.g. alveolar bone loss) 
report accuracies between 73 %− 99 % [45,46], which is similar to our 
performance. However, imaging data capture the disease (i.e. by irre
versible bone loss), while our non-image data are meant for prevention 
purposes (i.e. predicting a risk before the disease manifests). Addition
ally, imaging data perform better than non-imaging data in DL studies in 
periodontology [31]. Studies that used non-imaging data aimed to 
predict the onset of PD or its severity, alveolar bone loss, pain, oral 
malodor, or PD treatment outcomes. These models still reached accu
racies between 0.73 and 0.98, but sample sizes were much lower (max. 

N = 7500) than in our study (N = 43,331).
While the overall performance seems promising, individual perfor

mance metrics must be evaluated as well to prevent over and underes
timation. When our model was applied to the validation set, the 
sensitivity and specificity diverged significantly (Result section 3.5). The 
sensitivity increased from 81 % on the development set to 91 % on the 
validation set. In comparison, the sensitivity of clinical oral health ex
aminations was evaluated much lower (42–56 %) [47]. However, the 
drop in our specificity from 91 % to 54 % raises concerns. The low 
specificity of our model is likely due to our model’s overfit to cases in the 
training set, which reduced its ability to detect controls. By prioritizing 
ultimately prevention, we conceived the detection of cases as more 
important than the detection of controls. Therefore, we selected a higher 
proportion of cases (5000:5000) for training than the PD prevalence, 
while our imbalanced validation set included many more controls 
(4271:29,060). Therefore, the model needs further training on control 
data. Some controls may have a high risk for PD but are not yet diag
nosed. Thus, while the model effectively detects cases, it seems to 
overestimate the controls in this study, reflecting its training focus and 
intentional overfitting to cases.

This study showed that no disease development was detectable over 
time. Up front, we assumed that PD develops slowly, so we explored 
whether it was detectable in longitudinal EDR [26]. However, our an
alyses showed that temporal techniques performed insufficiently in 
detecting cases (Result section 3.3). A systemic review of the use of 
generative AI on EHRs similarly found that the history of a patient’s 
illness becomes omitted by reliance on static data [48].The development 
of some diseases might be detectable in data that are continuously 
measured in time-series, e.g., an ECG [49]. The EHRs in our study were 
not as regularly timed at specific time intervals as time-series, and are 
therefore assumed as event data [50]. Compared to patterns in an ECG 
or continuous glucose monitoring, it is not surprising that we could not 
detect any ‘progression’ in EDRs. However, it appears that PD can be 
predicted more accurately based on only the last record of each feature, 
rather than based on all records over time. Since the timing of fore
casting barely affected the performance, we conclude that a simple 
cross-sectional prediction is preferable to a temporal prediction. We 
could have expected this because other models in dentistry could also 

Fig. 2. Graphical presentation of the number (y-axis) of cases (panel A) and controls (panel B) per risk class (x-axis).
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successfully predict dental diseases with basic LR, RF, SVM, and neural 
network techniques [51]. A Random Forest is indeed well-known for its 
high performance in basic classification, irrespective of the number of 
features [42,52].

The most important features found in our study (Results section d) 
are well-known for PD, such as bleeding on probing, increased age, the 
amount of plaque, certain medical diseases and hypertension [2,11]. 
The fact that the prediction is based upon 38 features confirms that PD is 
a disease with a multicausal etiology, with most of them found in life
style, systemic conditions, and dentition-related clusters [53]. While age 
and chronic medical diseases are often fairly well-documented in the 
patient’s EDR, blood pressure is less common to document in EDR but 
was still found as an important feature. In contrast, brushing, saliva test 
results and diet are well-known to be associated with PD risk [54–56], 
but interestingly, they were not found to be a relevant feature in our 
study. It is possible that factors may not be identified as the most 
important features because they are scarcely registered, thus being 
buried by the sheer volume of data and loss of data content. Therefore, 
we can only confirm the significance of the most important features that 
are found in this study, but not the irrelevance of the features that were 
not found. As the interaction between predictors plays a role, their in
dividual contribution might be skewed. This study provides new insights 
into the relevance of the dental history, since prior preventive treatment, 
the number of dental visits, and earlier restorative treatment belong to 
the main predictors. We conclude that the identified features could 
significantly bolster preventive care, provided they are consistently and 
thoroughly documented. After all, the features found in this study 
depend on the documentation by clinicians.

The results of this study are based on a selection of EDRs that was 
consistently and completely documented. On one hand, this study af
firms the ‘imperfection’ of non-imaging EDRs. We have to highlight that 
a large proportion of the overall EDRs were excluded because of 
different documentation standards (Results section a). A recently pub
lished framework might help with analyses of heterogeneous EHR data 
[57]. The EDRs that were consistently and completely recorded were 
primarily focused on billing and scheduling, while EDRs focused on 
prevention included many missings (e.g., oral health behavior and 
specific risk factors). The less these features are recorded, the less pre
dictive power could be discovered. On the other hand, this study shows 
that when these EDRs are consistently recorded, they appear to be 
capable of succeeding in an accurate risk prediction, at least to detect 
cases. It is imperative to recognize that these ‘imperfect’ data are also 

currently leading our clinical practice. Dental clinicians make decisions 
based on the available information, even though it may be incomplete or 
inaccurate. It will be interesting to explore how the model performs with 
lower-quality input data in further research. We demonstrate that with 
optimal record keeping, AI techniques can help clinicians in the pre
diction of PD.

A limitation of this study was the case-control labeling. Due to the 
extensive sample size disclosed, we labeled based on codes instead of 
manual labeling. By employing three criteria (PD diagnosis, PD treat
ment, and pocket depths > 5 mm), we ensured accurate labeling of both 
groups, but a major limitation of these criteria is that the sample size was 
reduced significantly. As a result of strict labeling criteria, many ‘grey 
area’ patients who met only 1 or 2 out of the 3 criteria, were excluded 
and may go underdetected, such as those with early stages PD or those 
opting to delay treatment. First, the initial case labeling was affected by 
the absence of the diagnosis documentation in some EDRs. As it turned 
out that some academic institutions did not document diagnoses in their 
EDR, we could not include participants from these institutions. In 
retrospect, we could have foreseen this, since the completeness of PD 
diagnosis documentation varied between 8 % and 99 % across the 
participating US institutions [58]. Automated diagnosis documentation 
might be a promising solution for future research [59]. By exploring the 
pocket depth data, we found that some ‘controls’ had pockets > 5 mm 
and ‘cases’ did not have pockets >5mm, at least according to their EDR. 
Therefore, we extended the labeling criteria by adding pocket depth. By 
sharpening the case-control labeling, the sample size was again reduced 
considerably, but the validity of the labels improved. As a result, the 
model was reliably developed and still based on an adequate amount of 
data. These differences in recording standards of the PD criteria across 
the participating institutions led to unfavorable decisions for the 
research. For the clinical application of the model to new EDR, these PD 
criteria do not need to be documented.

The large sample size (N = 43.331), the use of real-world EDRs 
(assumed as representative [40] and confirmed by a similar prevalence), 
and the inclusion of multiple institutions in our dataset represent 
strengths of this study. However, the fact that our model was developed 
and validated within the same population presents a limitation and 
limits the model’s generalizability. It seems that the performance of 
predictive models for PD might be excellent during internal testing, but 
it dropped when validated externally [60]. This was already seen when 
our model was applied to an internal validation set, and it might drop 
even further in populations outside the U.S., non-academic settings, or 

Fig. 3. The performance of predictions made at 1, 2 and 3 years before the diagnosis (x-axis).
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EDRs recorded in other software. In addition, we included a subset of 
EDRs that were extensively and well-documented, which does not 
represent the EDRs in typical clinical settings, which limits clinical 
applicability. For clinical use, we suggest that a minimum set of recently 
updated input features should be required to make a prediction valid. 
Short questionnaires can be offered digitally to dental patients, asking 
for the most important predictors or updating these if something has 
changed. Nevertheless, future clinical implications require improved 
generalizability, applicability, and integration into EDR software.

5. Conclusions

Based on multicenter consistent and complete EDR, ML showed an 
excellent ability to assist with the early detection of PD. 91 % of all PD 
cases could be detected based on their EDRs with Random Forest tech
niques. Further research is required to explore controls and further 
improve the specificity. If such ML models become accurate enough in 
classifying both cases and controls, future clinicians can be assisted with 
personalized risk predictions and suggestions for targeted prevention 
interventions based on the individual patient’s circumstances. Improved 
documentation of EDR records is an important first step.
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