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ABSTRACT
Aim: To comprehensively review digital technologies (including artificial intelligence, AI) for periodontal screening, diagnosis 
and prognosis in the dental setting, focusing on accuracy metrics.
Materials and Methods: Two separate literature searches were conducted for periodontal screening and diagnosis (part I, scop-
ing review) and prognosis (part II, systematic approach). PubMed, Scopus and Embase databases were searched.
Results: In part I, 40 studies evaluated AI and advanced imaging on different substrata. The combination of AI with 2D radio-
graphs was the most frequently investigated and demonstrated a high level of periodontitis detection and stage definition. In part 
II, eight studies, identified as having a high risk of bias, tested supervised machine learning models using 6–74 predictors. The 
models demonstrated variable predictive accuracy, often outperforming traditional risk assessment tools and classical statistical 
models in the few studies evaluating such comparisons.
Conclusions: AI and advanced imaging techniques are promising for periodontal screening, diagnosis and prognosis in the 
dental setting, although the evidence remains inconsistent and inconclusive. In addition, AI-driven analysis of 2D radiographs 
(for diagnosis and staging of periodontitis), neural networks and the aggregation of multiple algorithms (for predicting tooth-
related outcomes) appear to be the most promising approaches entering clinical application.

1   |   Introduction

In periodontology, early screening (i.e., the preliminary, basic 
examination to estimate periodontal conditions and the treat-
ment required) and accurate diagnosis (i.e., subject classification 
according to specific case definitions) are essential for effective 
disease management (Ramseier 2024). Traditional screening and 
diagnostic methods such as periodontal probing and conventional 

radiography, however, are characterised by a certain level of in-
vasiveness and often lack the precision required to detect early 
or subtle changes in periodontal health. Despite technological 
advances, significant challenges remain in achieving early detec-
tion and accurate diagnosis of periodontal diseases.

The assessment of periodontitis risk, that is, the estimation 
of the probability of an individual/tooth to develop a negative 
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event—the label—ranging from periodontitis onset/progres-
sion to periodontitis-related tooth loss, over a predefined pre-
diction period, is another key component of the periodontal 
visit (Lang et  al.  2015; Sanz et  al.  2020). Risk stratification 
is clinically relevant to inform and motivate patients in the 
context of primary prevention strategies based on behaviour 
change (Asimakopoulou et  al.  2015; Chapple et  al.  2015; 
Jepsen et al. 2017; Tonetti et al. 2017; Farina et al. 2023, 2024), 
but it is also indicated when structuring secondary preven-
tion strategies and monitoring their effectiveness by assess-
ing their impact on disease risk indicators (Farina et al. 2021; 
Tonetti et  al.  2017). In this context, several methods and 
tools have been proposed and partly validated to support oral 
health professionals (Chow et al. 2024; Du et al. 2018). These 
instruments rely on simple algorithms that combine a limited 
number of well-established risk factors, either previously se-
lected for their documented prognostic impact or identified as 
candidate predictors in statistical models (e.g., multivariate 
analysis) (Farina et al. 2023; Lang et al. 2015; Trombelli and 
Farina 2020). However, these methods and tools can lead to 
oversimplification, especially in complex diseases including 
periodontitis, which are characterised by intricate interac-
tions between variables and outcomes (Chiarito et  al.  2022; 
Harrell et al. 2004; Shameer et al. 2018).

Tools, systems and devices that can generate, create, store or 
process data (which will be considered here under the broad 
term ‘digital technologies’) are increasingly used in dentistry. 
Among these, artificial intelligence (AI) has shown promise 
in improving the accuracy and efficiency of periodontal diag-
nostics (Pitchika et al. 2024). However, the integration of these 
technologies into clinical practice for screening and diagnosis is 
still in its early stages, and there is a lack of comprehensive re-
views that synthesise current evidence across the range of tech-
nologies available. AI also holds promise as a tool for generating 
predictive models in medicine (Chiarito et al. 2022). However, 
a systematic review from 2018 focusing on predictive models 
for periodontitis incidence and progression found no studies 
applying AI-based models for this purpose (Du et al. 2018). A 
more recent systematic review also included studies of AI-based 
models but focused only on the prediction of tooth loss, and did 
not present comparative data to assess whether AI could be a 
valuable alternative to traditional risk assessment tools and sta-
tistical methods (Chow et al. 2024).

This review focuses on digital tools in the dental setting and 
aims to (i) summarise evidence regarding their application for 
periodontal disease screening and diagnosis (part I), and (ii) 
evaluate the efficacy of AI-based models in assessing the risk 
of periodontitis incidence/progression and tooth loss (part II).

2   |   Materials and Methods

A scoping review was performed according to the framework 
proposed by Arksey and O'Malley (Arksey and O'Malley 2005) 
to thoroughly explore the current state of knowledge and pre-
liminarily evaluate the feasibility of a systematic review for both 
parts (I and II). Based on the results, part I was maintained as 
a scoping review, while part II was managed by conducting a 
systematic review. For both parts, an a priori protocol was 

developed, assessed and approved by the Scientific Committee 
of the 20th European Workshop on Periodontology.

2.1   |   Part I—Emerging Applications of Digital 
Technologies for Screening and Diagnosis 
of Periodontal Diseases in the Dental Setting

2.1.1   |   Research Question

“How effective are digital technologies for the screening and di-
agnosis of periodontal diseases?”

2.1.2   |   Identification of Relevant Studies

A broad, inclusive literature search was conducted across mul-
tiple databases for articles published in English up until 10 
July 2024, without restrictions on study design or publication 
type. The search terms used in each database are detailed in 
Appendix S1.

2.1.3   |   Study Selection

References were initially managed using EndNote (21.4, 
Clarivate, Philadelphia, PA). After removing duplicates, the 
records were screened (abstract first, then full text) to select 
studies addressing the use of digital technologies, including 
AI-based systems, advanced radiographic techniques and bio-
marker analysis in saliva and gingival crevicular fluid (GCF) for 
the screening and diagnosis of gingival inflammation/gingivitis 
and periodontitis in the dental practice.

2.1.4   |   Data Extraction, Mapping and Synthesis

Three authors (C.A.R., J.L.S., J.B.E.) captured key information 
such as study design, population characteristics, index text 
(i.e., the type of digital technology used), reference test (i.e., 
the comparison) and outcomes measured from the selected 
studies. Metrics of interest included accuracy, sensitivity, 
specificity and clinical relevance of the digital technologies in 
the context of periodontal care. Given the expected heteroge-
neity of the included studies, data was narratively summarised 
using evidence tables and thematic analysis by type of emerg-
ing technology and its application in periodontal screening 
and diagnosis.

2.2   |   Part II—Emerging Applications of Digital 
Technologies for the Evaluation of Periodontal 
Prognosis in the Dental Setting

2.2.1   |   Focused Question (FQ)

“What is the accuracy of methods based on AI for the estima-
tion of the risk of periodontal deterioration and tooth loss in the 
dental setting as compared to individual prognostic factors, tra-
ditional periodontitis risk assessment methods, traditional sta-
tistical models or any alternative AI-based intervention?”
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2.2.2   |   Protocol Development and Registration

The systematic review was registered in PROSPERO (ID: 
CRD42024573820) and follows the Preferred Reporting Items 
for Systematic Reviews and Meta-Analysis (PRISMA) (Liberati 
et al. 2009; Moher et al. 2009).

2.2.3   |   Study Selection Criteria

Study selection was based on the following inclusion criteria 
(PICOTS; Moons et al. 2019):

•	 Population: studies were included if they were conducted on 
patients who received a prognostic assessment and were en-
rolled in a follow-up study that measured tooth loss and/or 
periodontal attachment. To ensure focus on AI-based tech-
nologies for periodontal diseases, only studies with clearly 
defined periodontal conditions and/or tooth loss reasons 
related to periodontitis were included;

•	 Intervention (index test): any type of prognostic assess-
ment (e.g., score, code, class) generated by digital tech-
nologies based on AI models, including supervised/
unsupervised/reinforcement machine learning (ML), 
deep learning (DL) or other digital tools designed for peri-
odontal care applied in a dental setting (due to the inclu-
sion of at least one predictor to be assessed or collected by 
an oral health professional);

•	 Comparison (reference test): any prognostic assessment al-
ternative to the intervention, including (i) individual prog-
nostic factors; (ii) traditional periodontitis risk assessment 
methods; (iii) traditional statistical models (e.g., multilevel, 
multivariate models); or (iv) any of the above AI-based 
interventions;

•	 Outcome measures: outcome measures were related to 
the period between prognostic assessment and the last 
visit at which tooth loss was recorded and/or periodontal 
status was reassessed. Assessment of periodontal status 
during follow-up could be based on tooth loss (for any 
reason or for periodontal reasons), change in clinical at-
tachment level (CAL), furcation lesions and radiographic 
measurements of bone levels. Primary outcome measures 
included: metrics describing the predictive accuracy of 
the model (e.g., sensitivity, specificity, positive and neg-
ative predictive values) or comparing the performance of 
different tools/models/algorithms (discrimination, i.e., 
the ability of a model to classify individuals to the cor-
rect outcome; calibration, i.e., the agreement between 
predicted and observed outcomes; net reclassification 
improvement, i.e., how well a model predicts an indi-
vidual's outcome compared with a previous model; mea-
sures of overall model fit, e.g. proportion of time to event 
occurrence);

•	 Timing: studies were included if they evaluated prognos-
tic models for use at the first periodontal visit (i.e., before 
step I of therapy), at the completion of steps II/III or during 
supportive periodontal care (SPC) (Sanz et al. 2020) for the 
prediction of a predefined label over a period of at least 
6 months;

•	 Study design: retrospective or prospective longitudinal clin-
ical trials. For studies evaluating a population with a hetero-
geneous periodontal diagnosis or undefined/unclassified 
baseline periodontal status, a further restriction was applied 
to studies evaluating periodontitis-related outcomes (e.g., 
periodontitis-related tooth loss, periodontal attachment 
loss due to periodontitis). Cross-sectional (association-type) 
studies evaluating the level of agreement between digital 
technologies and other methods (e.g., traditional periodon-
titis risk assessment tools) were also included. Studies were 
considered eligible regardless of the statistical unit (patient 
or tooth).

Additionally, exclusion criteria related to the Population, 
Intervention, Outcomes, Timing and Study design were applied 
to refine the selection of pertinent studies (Appendix S1).

2.2.4   |   Literature Search

2.2.4.1   |   Electronic and Hand Searches.  According 
to the strategy reported in Appendix  S1, Medline, Elsevier 
Scopus and Embase databases were searched for relevant lit-
erature from inception up until 15 August 2024. A separate 
search of the Cochrane Oral Health Group Specialty Trials' 
Register was conducted, and the reference lists of relevant 
systematic reviews were screened for the presence of eligible 
studies. Grey literature was retrieved through the Proquest 
database. The Journal of Clinical Periodontology, the Jour-
nal of Periodontology, the Journal of Periodontal Research 
and the Journal of Dental Research—Clinical and Trans-
lational Research were hand-searched. The reference lists 
of the selected publications were screened for the presence 
of eligible studies. Only full-text articles written in English 
were included. Titles and abstracts from the electronic 
searches were managed using Zotero (v7.0.7; Corporation 
for Digital Scholarships).

2.2.4.2   |   Screening Methods.  Duplicates were removed 
using Rayyan software (Cambridge, MA). Two authors (A.S. 
and R.F.) performed the primary search by independently 
screening the titles and abstracts. The same reviewers selected 
full manuscripts for studies meeting the inclusion criteria. After 
identifying the studies to be included, the authors resolved 
disagreements by discussion. If consensus was not reached, 
disagreements were resolved by discussion with a third 
author (L.T.).

2.2.4.3   |   Data Extraction: Intervention Characteri-
sation.  Two reviewers (A.S. and R.F.) extracted data in 
duplicate and resolved disagreements by discussion. For each 
included study, data were retrieved and recorded using specially 
designed forms.

2.2.4.4   |   Assessment of Reporting Quality and Risk 
of Bias in Individual Studies.  Adherence to reporting stan-
dards was recorded for each study. The risk of bias (RoB) was 
assessed using PROBAST (Moons et al. 2019).

2.2.4.5   |   Statistical Analysis.  A meta-analysis was 
planned but was not possible due to the heterogeneity of study 
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designs, populations and prediction models/outcomes/labels 
examined. Therefore, data from the included studies were 
reported narratively and summarised in Tables 8 and 9.

3   |   Results

The digital technologies, as grouped by field of application (i.e., 
periodontal screening, diagnosis or prognosis), data source (e.g., 
radiographs, health records) and year of publication of each 
study, are illustrated in Figure 1. The results are presented sep-
arately for parts I and II.

3.1   |   Part I—Emerging Applications of Digital 
Technologies for Screening and Diagnosis 
of Periodontal Diseases in the Dental Setting

3.1.1   |   Study Identification and Categorisation

The study selection process resulted in the inclusion of 40 stud-
ies (Figure 2a) that focused on periodontal screening, diagnosis 
or both.

Studies were grouped according to the data source(s) used with 
digital technologies for periodontal screening and diagnosis 
(Table 1). The most common materials were radiographs, either 
2D (n = 14) or 3D, such as micro-CT or cone beam computed to-
mography (n = 7), followed by photographs (primarily intraoral 
but including also those made by mobile phone; n = 7), clinical 
data (n = 6), oral fluid samples (particularly saliva and GCF; 
n = 5) and electronic health records (n = 1). The most common 
digital technologies were AI-based methods, particularly DL 
and ML algorithms.

3.1.2   |   Technologies Using Radiographs

Digital technologies applied to bidimensional (2D) and tridi-
mensional (3D) radiographs include AI-driven models, such as 
convolutional neural networks (CNNs) and other DL methods, 
which are evaluated for their periodontal diagnostic accuracies 
(Tables 1 and 2). For 2D radiographs, these AI models consis-
tently demonstrate high accuracy in classifying periodontal 
conditions, such as alveolar bone loss and periodontitis stages. 
In particular, studies by Alotaibi et  al.  (2022) and Bayrakdar 
et  al.  (2020) illustrate how CNNs can be effectively used to 
detect alveolar bone loss with high sensitivity and specificity, 
potentially outperforming conventional diagnostic approaches 
(Alotaibi et al. 2022; Bayrakdar et al. 2020). Furthermore, the 
study by Dai et al. (2024) illustrates the potential of combining 
CNNs with classification algorithms to accurately diagnose the 
stages of periodontitis (Dai et al. 2024).

Digital technologies applied to tridimensional radiographs (i.e., 
micro-CT, CBCT) consisted of AI-driven models and advanced 
imaging techniques and were evaluated for periodontal diag-
nosis (Tables  1 and 3). The combination of these technologies 
with CBCT demonstrated high diagnostic accuracy in several 
studies. In particular, the study by Yusof et  al.  (2021) found 
that CBCT had better sensitivity compared with periapical ra-
diographs in detecting furcation defects (Yusof et  al.  2021). 
Additionally, Padmanabhan et al. (2017) and Qiao et al. (2014) 
both demonstrated that measurements performed with ad-
vanced imaging on CBCT at mandibular and maxillary molar 
furcation defects were in close agreement with surgical find-
ings, demonstrating the trueness of the radiographic assess-
ments (Padmanabhan et al. 2017; Qiao et al. 2014). Meanwhile, 
Kazimierczak et al. (2024) highlighted the integration of AI with 
CBCT, showing that AI can significantly improve the sensitivity 

FIGURE 1    |    Number of studies per year of publication, as grouped according to digital technology and data source. (a) Periodontal screening and 
diagnosis in the dental setting (part I, scoping review). (b) Periodontal prognosis in the dental setting (part II, systematic review).
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of early periodontitis detection (Kazimierczak et al. 2024). The 
only study conducted on micro-CT correlated 3D bone loss mea-
surements with periodontitis stages, suggesting a strong poten-
tial of advanced imaging for detailed periodontal assessment 
(Hong et al. 2020).

3.1.3   |   Technologies Using Photographs

The use of AI-driven models to analyse intraoral photographs 
for periodontal screening is an emerging trend (Tables  1 
and 4). Studies such as Alalharith et  al.  (2020) and Chau 
et  al.  (2023) demonstrated how AI, particularly CNN-based 
models, can effectively detect early signs of gingival inflam-
mation (Alalharith et al. 2020; Chau et al. 2023). For example, 
Alalharith et al.  (2020) reported 100% accuracy in detecting 
teeth and 77.12% accuracy in detecting gingival inflamma-
tion (Alalharith et al. 2020). These findings suggest that DL 
models may have potential for early, non-invasive diagnosis, 
potentially allowing for more proactive periodontal care. In 
addition, research by Kurt-Bayrakdar et  al. highlighted the 
versatility of AI in tooth numbering and detecting various 
gingival conditions, achieving high performance in tooth 
numbering and moderate performance in detecting signs 
of gingival overgrowth and inflammation (Kurt-Bayrakdar 
et  al.  2023). This may suggest that AI models could signifi-
cantly accelerate the digital transformation of dental diagnos-
tics by automating the analysis of intraoral photographs.

As demonstrated in the reviewed studies, AI models can detect 
subtle changes in gingival health that may be missed during rou-
tine visual inspection. For example, Li et al. (2021) applied a multi-
task learning CNN model to RGB photographs and achieved an 

area under the curve (AUC) of 87.11% for the detection of gingival 
inflammation, illustrating the potential of these models to sup-
port large-scale dental screening programmes (Li et al. 2021).

3.1.4   |   Technologies Using Oral Fluid Samples

The use of oral fluid samples, such as saliva and GCF, in com-
bination with advanced technologies, such as ML and infrared 
spectroscopy, represents an emerging approach to periodontal 
screening and diagnosis (Tables 1 and 5). The application of ML 
to salivary biomarkers and genomic data has shown high accu-
racy in discriminating between different severities of periodon-
tal disease. Among others, Deng et al. (2023) reported an AUC 
greater than 0.94 in the classification of periodontal health, gin-
givitis and periodontitis, indicating that ML models can be effec-
tive in non-invasive periodontal screening and diagnosis (Deng 
et al. 2023). Similarly, Kim et al. (2020) demonstrated that ML 
models could achieve 93% accuracy in classifying ‘healthy’ ver-
sus ‘moderate/severe’ periodontitis based on salivary bacterial 
profiles (Kim et al. 2020).

Another notable approach is the use of Fourier transform infra-
red spectroscopy (FT-IR) combined with ML, as evaluated by da 
Silva et al.  (2024) (da Silva et al. 2024). This method achieved 
classification accuracies above 80% for both periodontitis and 
diabetes, suggesting that FT-IR could serve as a rapid and non-
invasive screening tool.

Analysis of GCF using antibody arrays and ML, as demon-
strated by Huang et  al.  (2020), also showed promising results 
with an AUC of 0.984 for predicting severe periodontitis (Huang 
et al. 2020).

FIGURE 2    |    Study selection flow (PRISMA 2020 flow diagram). (a) Emerging applications of digital technologies for periodontal screening and 
diagnosis in the dental setting. (b) Emerging applications of digital technologies for periodontal prognosis in the dental setting.
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3.1.5   |   Technologies Using Health Records

The integration of electronic health records with AI-based tech-
nologies shows emerging potential in periodontal diagnostics 
(Tables 1 and 6). Health records typically consist of demographic 
data, medical history and administrative data collected through 
healthcare services. These may include general patient char-
acteristics (e.g., age, sex, medical history) and broader health-
care information (e.g., insurance data, medications, diagnoses) 
rather than direct clinical measurements specific to a peri-
odontal exam. Tastan Eroglu et al. (2024) evaluated the AI tool 
ChatGPT for periodontitis classification, with accuracy rates of 
59.5% for stage and 84% for extent classification (Tastan Eroglu 
et al. 2024).

3.1.6   |   Technologies Using Clinical Data

The use of clinical data in combination with ML and other AI-
driven models is demonstrating potential in the screening and 
diagnosis of periodontal diseases (Tables 1 and 7). Clinical data 
refers to direct, patient-specific health data collected during clin-
ical assessments, including periodontal parameters and physical 
exam findings. For example, studies by Alqahtani et al. (2022) 
and Bashir et al. (2022) identified significant predictors of peri-
odontitis, such as age and comorbidities, and achieved high 
accuracy during internal validation (AUC > 0.95) (Alqahtani 
et al. 2022; Bashir et al. 2022).

Support vector machines (SVMs) have also been used in 
studies such as Farhadian et  al.  (2020) and Lakshmi and 
Dheeba  (2023), showing an accuracy of around 88.7% in 
classifying the severity of periodontal disease (Farhadian 
et  al.  2020; Lakshmi and Dheeba  2023). Artificial neural 
networks (ANNs), as used by Papantonopoulos et  al.  (2014), 
showed high accuracy (90%–98%) in distinguishing between 
aggressive and chronic periodontitis, although these results 
are based on small sample sizes and require further validation 
(Table 7) (Papantonopoulos et al. 2014).

Additionally, AI-based remote monitoring, evaluated by Snider 
et  al.  (2024), demonstrated moderate accuracy but low sensi-
tivity in detecting conditions such as gingival inflammation 
(Table 7) (Snider et al. 2024).

3.2   |   Part II—Emerging Applications of Digital 
Technologies for the Evaluation of Periodontal 
Prognosis in the Dental Setting

3.2.1   |   Search Results and Description 
of the Included Studies

The study selection resulted in the inclusion of eight articles/
studies (Krois et al. 2019; Troiano et al. 2023; Lee et al. 2023, 
2024; Nagarajan et  al.  2019; Patel et  al.  2023; Santamaria 
et al. 2024; Schwendicke et al. 2021) (Figure 2b) from six patient 
populations.

The main characteristics of the included studies are presented 
in Table 8. Studies consisted of retrospective analyses of either 
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single (Lee et al. 2024, 2023; Patel et al. 2023) or multiple (Krois 
et  al.  2019; Santamaria et  al.  2024; Schwendicke et  al.  2021; 
Troiano et  al.  2023) cohorts of patients with longitudinal fol-
low-up or prospective trials (Nagarajan et al. 2019).

In seven articles, the study population consisted of periodonti-
tis patients who were followed up after active periodontal ther-
apy, either within an SPC programme (Schwendicke et al. 2021; 
Krois et al. 2019; Troiano et al. 2023; Santamaria et al. 2024) or 
without explicit mention of SPC (Lee et al. 2023, 2024; Nagarajan 
et al. 2019), and the label consisted of an outcome/event assessed 
at the patient level (i.e., yearly rate of tooth loss for any reason; 
number of teeth lost for any reason; loss of at least one tooth for 
any reason; or periodontitis progression, defined as the combi-
nation of CAL loss ≥ 2 mm and BoP in ≥ 1 site) or at the tooth 
level (i.e., tooth loss for any reason; or tooth/molar loss due to 
periodontitis). In one article (Patel et al. 2023), information on 
the baseline periodontal conditions of the patient sample was not 
available, and the model was trained to predict periodontal status 
at the end of the prediction period.

In all studies, the index test consisted of one or more prognos-
tic models generated by supervised ML after training with a 
number of predictors ranging from 6 (Santamaria et  al.  2024; 
Schwendicke et al. 2021) to 74 (Patel et al. 2023).

Supervised ML models were compared for their prognostic per-
formance with reference tests including traditional periodon-
titis risk assessment methods (Patel et  al.  2023; Santamaria 
et al. 2024), traditional statistical models (e.g., multilevel, mul-
tivariate models) (Lee et  al.  2024, 2023), different ML models 
either alone or aggregated (Nagarajan et al. 2019; Schwendicke 
et al. 2021), or the same model with different complexity, sample 
size, prediction period or validation scheme (Krois et al. 2019).

The mean length of follow-up was 18.2 ± 5.6 years and 
6.6 ± 2.9 years for the two cohorts of the study by Krois 
et  al.  (2019), 6.7 ± 3.0 years, 9.4 ± 2.0 years, 10.1 ± 0.5 years and 
18.2 ± 5.5 years for the four cohorts contributing to the study 
by Schwendicke et al.  (2021), 10 years (Santamaria et al. 2024; 
Troiano et  al.  2023), 2.41 ± 2.17 years (Lee et  al.  2023, 2024), 
28 weeks (Nagarajan et al. 2019) and 5 years (Patel et al. 2023).

3.2.2   |   Summary of Main Findings

The main findings of the included studies are summarised in 
Table 9 and reported in the following paragraphs.

3.2.2.1   |   Prognostic Performance of Supervised ML 
Models Versus Traditional Periodontitis Risk Assess-
ment Tools.  In the study by Patel et  al.  (2023), the accu-
racy of predicting periodontal status (classified as ‘healthy’, 
‘mild periodontal disease’ or ‘severe periodontal disease’) 
at the end of a 5-year prediction period was comparatively 
evaluated for supervised ML and four traditional periodon-
titis risk assessment methods, including two validated 
tools, that is, the Periodontal Risk Assessment (PRA; Lang 
and Tonetti  2003) and the PreViser (Page et  al.  2002, 2003). 
The level of agreement between the risk outputs generated 
by each and the label was 70% for the supervised ML model, Fi
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followed by PreViser (55%), PRA and Phillips (35%), and Cigna 
(25%). The Cohen's Kappa value between supervised ML 
and label was 0.6 (indicating moderate to high agreement), 
followed by PreViser (0.4), PRA (0.3), Phillips (0.3) and Cigna 
(0.2, no to low agreement).

At the tooth level, two ML models (i.e., logistic regression, LR; 
and neural network, NN) were compared with a traditional risk 
assessment method based on 6 clinical and radiographic pa-
rameters (Nibali et al. 2017) in the prediction of tooth loss due 
to periodontitis over a 10-year period (Santamaria et al.  2024). 
For the traditional risk assessment method, high specificity 
(99.96%), moderate positive predictive value (PPV = 50.0%) and 
very low sensitivity (0.85%) were reported. For both AI models, 
moderate specificity (NN = 52.26%, LR = 67.59%), high sensi-
tivity (NN = 98.29%, LR = 91.45%) and high PPV (NN = 89.1%, 
LR = 88.6%) were found. Overall, the results of the study suggest 
that the two investigated AI-based models may perform at least 
as well as traditional risk assessment tools in predicting tooth 
loss due to periodontitis (Santamaria et al. 2024).

3.2.2.2   |   Prognostic Performance of Supervised ML Mod-
els Versus Traditional Statistical Models.  In the study 
by Lee et  al.  (2023), the ML model and a classical statistical 
model (i.e., count regression) achieved an average root mean 
square error (RMSE) of 2.71 and 3.88, respectively, when applied 
to the prediction of tooth loss count, indicating that the former 
performed slightly better than the latter.

The study by Lee et al. (2024) compared the ML model and a clas-
sical statistical model (i.e., logistic regression model) for their ac-
curacy in predicting the binary tooth loss phenotype. On average, 
the ML models achieved an AUROC of 0.71 and an AUPRC of 
0.66 (sensitivity: 0.67, specificity: 0.63), whereas the final model 
of the classical statistical approach achieved an AUROC of 0.70 
and an AUPRC of 0.64. The sensitivity and specificity associated 
with the optimal cut-off were 0.65 and 0.67, respectively.

3.2.2.3   |   Comparative Evaluation of the Prognostic Perfor-
mance of Different Supervised ML Models.  The study by 
Krois et al. (2019) modulated some parameters (i.e., model com-
plexity, sample size used as training dataset, prediction period 
and validation scheme) and evaluated their impact on the prognos-
tic accuracy of each of four ML models. While some parameters 
(i.e., model complexity and prediction period) had a limited impact 
on model outcome, all models showed a tendency to lose accu-
racy (to a similar extent across models) when trained on smaller 
datasets. Interestingly, no model showed higher accuracy than 
the no-information rate, suggesting that despite high accuracy, 
none of the models developed would be useful in a clinical setting 
(Krois et al. 2019). Also, in the study by Schwendicke et al. (2021), 
the centre used to test the ML model was found to influence pre-
dictive performance, with the available predictors being used dif-
ferently (in some cases even in opposite directions) and the models 
often performing better when tested in different centres than when 
tested on data from their own centre. These findings limit the abil-
ity to generalise the applicability of the ML models developed.

Four studies reported the results of a comparative evaluation 
of the prognostic accuracy of two or more different ML mod-
els using a patient-based (Nagarajan et  al.  2019; Schwendicke T
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et  al.  2021) or tooth-based (Troiano et  al.  2023; Santamaria 
et  al.  2024) label. Three studies reported similar performance 
for the tested models in predicting periodontitis progression and 
non-progression (Nagarajan et al. 2019), the number of teeth lost 
for any reason (Schwendicke et al. 2021), and tooth loss due to 
periodontitis (Santamaria et al. 2024). In the study by (Troiano 
et al. 2023), model performance (assessed by AUC) was better 
for the neural network (AUC = 0.702) compared with the ran-
dom forest (AUC = 0.683), naïve Bayes (AUC = 0.649), logistic 
regression (AUC = 0.611), K-nearest neighbour (AUC = 0.565), 
gradient boosting (AUC = 0.527) and support vector machine 
(AUC = 0.512) for predicting molar loss due to periodontitis.

Two studies included an evaluation of multiple classification al-
gorithms aggregated within an ensemble predictive modelling 
framework (Nagarajan et  al.  2019; Troiano et  al.  2023). In the 
study by Nagarajan et al. (2019), the sensitivity of the classifica-
tion approaches within the ensemble framework was on average 
better than that of single classifier systems for predicting peri-
odontitis progression/non-progression, with the ensemble naïve 
Bayes classifier having the highest average sensitivity (~89%) 
with a specificity of ~46%. In the study by (Troiano et al. 2023), 
the average performance of the ensemble model was equal to that 
of the neural network (AUC = 0.702), followed by the other ML 
models investigated. The performance of both the ensemble and 
neural network models was most stable when applied to the three 
different cohorts used for external validation, with their perfor-
mance never falling below AUC = 0.70 (Troiano et al. 2023).

3.2.3   |   Reporting Standards and Risk of Bias

Four studies (Krois et al. 2019; Troiano et al. 2023; Schwendicke 
et  al.  2021; Santamaria et  al.  2024) explicitly reported their 
adherence to reporting standards of the TRIPOD (Collins 
et al. 2015), two studies (Lee et al. 2023, 2024) adhered to the re-
porting standards of the STROBE (von Elm et al. 2008), while no 
explicit mention of reporting standards was found in two studies 
(Nagarajan et al. 2019; Patel et al. 2023).

Based on PROBAST (Moons et al. 2019), all included studies were 
assigned an overall ‘high risk’ of bias and ‘high concern’ related to 
the applicability of their findings (Table 10). Due to the retrospec-
tive nature of the majority of studies, which often led to a biased in-
clusion of periodontitis patients complying partially or completely 
with a SPC program, participant selection was one of the most 
penalised PROBAST domains. Also, in several studies, the low fre-
quency of events (e.g., tooth loss during SPC) in relation to the high 
number of variables included in the prognostic model would have 
often required a larger sample size (Table 10, Appendix S1).
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The accuracy of such technologies was tested on different 
types of data sources among radiographs, photographs, oral 
fluid samples, electronic health records and clinical data. 
Bidimensional radiographs were the most used data source, 
with AI methods showing high accuracy in diagnosing peri-
odontitis and alveolar bone loss. Also, micro-CT and CBCT 
combined with AI improved the detection of bone loss and 
other periodontal conditions. Photographs, particularly in-
traoral images, were also frequently studied, with AI models 
showing promise for non-invasive detection of periodontal 
disease, particularly gingival inflammation. Data on the com-
bination of AI and clinical photographs suggest that this strat-
egy may soon surpass traditional visual assessment of gingival 
inflammation in both speed and accuracy. Oral fluid samples 
were analysed using advanced techniques such as FT-IR and 
ML models, achieving high accuracy in the discrimination of 
disease severity. Electronic health records and clinical data 
were used in combination with AI models, achieving mod-
erate to high classification accuracy. Overall, these results 
highlight a trend towards the integration of AI and advanced 
imaging techniques in periodontal diagnostics, offering im-
proved accuracy and non-invasive options for both screening 
and diagnosis.

The systematic review presented in part II identified 8 stud-
ies evaluating the prognostic performance models generated 
by supervised ML, a potent tool for building prediction mod-
els (Moons et al. 2019). The models were fed with a varying 
number (between 6 and 74) and types (e.g., age, sex, GCF 
and serum biomarkers, clinical and radiographic parame-
ters, systemic conditions/diseases) of predictors that are all 
available at the intended moment of prediction, thus making 
the investigated models candidates for the real-world setting 
(Moons et al. 2019). Diverse accuracy in predicting tooth loss 
and change in periodontal condition was reported, with some 
models showing robust discrimination and calibration index. 
Interestingly, data from single, comparative studies indicated 
that supervised ML can be used to generate prognostic models 
either (i) able to predict the patient's periodontal status over 
a 5-year prediction period with a higher accuracy compared 
with validated, traditional risk assessment tools such as the 
PRA and the PreViser, or (ii) characterised by a better predic-
tive performance than classical statistical models in predict-
ing tooth loss (evaluated as either binary variable or count) in 
periodontitis patients.

4.2   |   Periodontal Screening and Diagnosis With 
Digital Technologies in the Dental Setting: Current 
Limitations

Despite their promising results, the retrieved studies also high-
light some limitations of the digital technologies that were 
evaluated for periodontal screening and diagnosis in the dental 
setting.

On bidimensional radiographs, AI-driven models may show re-
duced diagnostic accuracy in certain areas (e.g., severity clas-
sification of anterior bone loss) and need broader validation 
across different imaging modalities and patient populations 
(Alotaibi et al. 2022; Guler Ayyildiz et al. 2024). Although the T
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enhancement of tridimensional radiographs (e.g., CBCT) with 
AI and advanced imaging showed promising diagnostic met-
rics, several studies were conducted on small patient samples 
and used specific imaging conditions. Also, variability in per-
formance across different patient demographics was observed, 
thus limiting consistency across different clinical settings.

Variability in performance across different datasets, the spec-
ificity of certain models to certain photographic angles (Chau 
et al. 2023; Li et al. 2021) and the limited performance in detecting 
complex conditions such as gingival overgrowth (Kurt-Bayrakdar 
et al. 2023) point to areas where the combination of AI and clinical 
photographs still faces challenges. Further development to improve 
accuracy and validate the results on diverse and larger datasets will 
be needed to match the diagnostic skills of experienced clinicians.

Studies on the application of AI on oral fluids highlighted lim-
itations such as small sample sizes and the need for external 
validation (Huang et al. 2020; Kim et al. 2020). The specificity 
and generalisability of these models remain areas of concern, 
particularly when applied to different populations and clinical 
settings. For example, while ML models have shown high ac-
curacy in specific cohorts, their performance can vary signifi-
cantly when tested on external samples, highlighting the need 
for larger and more diverse studies to confirm their efficacy. 
Such strategies are promising not only in diagnosis, but also in 
ongoing patient management (Shen et al. 2022) through a con-
tinuous, real-time monitoring of periodontal health, but these 
benefits will depend on overcoming current limitations related 
to follow-up periods and sample sizes, which are often insuffi-
cient to fully validate the long-term efficacy of these tools.

Electronic health records provide a rich source of patient data, 
including demographic information, clinical history and radio-
graphic findings, which can be used to develop predictive models 
for periodontal disease management. The accuracy of AI models 
to be applied on electronic health records can be significantly in-
fluenced by the quality and completeness of radiology data, as well 
as the need for external validation in different clinical settings. 
This is particularly important given the variability in data quality 
across healthcare settings, which may affect the generalisability of 
these models. Furthermore, while ChatGPT demonstrated moder-
ate accuracy in classifying the extent of periodontitis (84%), its per-
formance in staging and grading was less reliable (Tastan Eroglu 
et al. 2024), suggesting that while AI can assist in preliminary as-
sessments, significant improvements are needed before these tools 
can be fully integrated into clinical practice.

The use of ML models based on clinical data is in line with the 
broader trend towards personalised medicine; however, the 
generalisability of these results is often limited, as most stud-
ies highlight the challenges of external validation. The decline 
in performance during external validation highlights the need 
for more complex models and larger, more diverse datasets to 
ensure that these tools can be reliably applied to different popu-
lations. Support vector machines and artificial neural networks 
are also being used to improve diagnostic accuracy (Farhadian 
et  al.  2020; Papantonopoulos et  al.  2014) but, similarly to ML 
models, these approaches require further validation on more di-
verse and larger datasets to confirm their effectiveness in real-
world scenarios.

4.3   |   Assessment of Periodontal Prognosis With 
Digital Technologies in the Dental Setting: Current 
Limitations

Among studies included in the present review, some failed to 
generate supervised ML models with higher accuracy than the 
no-information rate, thus indicating that these models can-
not be usefully applied to a clinical setting (Krois et  al.  2019; 
Schwendicke et  al.  2021), while some reported very low per-
formance metrics for the tested models. For the other studies 
suggesting a potential translation of the tested models to clin-
ical practice, a major limitation consisted of the lack of a dis-
crimination between ‘black-box’ and transparent algorithms. 
Explainable AI makes clinical decision-making explainable 
for the practitioner and, consequently, for the patient. For ex-
ample, diagnosis based on a black-box model or prognosis based 
on metadata to predict risk is not compatible with evidence-
based dentistry, and therefore with better quality of care. Only 
two studies used supervised ML to capture the probability for 
a patient to change his/her periodontal condition in the future, 
while most studies focused on tooth loss as expressed at either 
patient- or tooth-level. However, it must also be considered that 
tooth loss is partly dependent on clinical decisions, and limited 
information on clinical decisions leading to tooth extraction 
could be retrieved in the included studies. Therefore, it is pos-
sible that some teeth with poor prognosis were extracted before 
the study, with an impact on tooth loss count as observed during 
the follow-up period.

4.4   |   Limitations of the Present Review

A first, general limitation of the present review comes from the 
fact that it focuses mainly on the performance of digital technol-
ogies in disease detection and prediction, which may underesti-
mate the practical challenges of integrating these technologies 
into everyday clinical practice. In this respect, some important el-
ements such as costs, training, data protection and interpretation, 
or the patient perspective were all considered beyond the scope of 
the present review. In addition, while the review identifies emerg-
ing trends, it may not fully capture the rapidly evolving nature of 
AI and digital technologies, meaning that some of the findings 
could quickly become outdated as newer studies emerge.

Additional specific limitations related to the quantity and qual-
ity of the collected evidence must also be acknowledged. Firstly, 
the reliance on a relatively small number of studies in certain 
categories, as well as the variability in study designs and meth-
odologies, makes it difficult to directly compare the effective-
ness/efficacy of different technologies. This led to a qualitative 
rather than quantitative synthesis of the results and limits the 
generalisability of the findings. Some of the included studies 
had a small sample size, which may affect the robustness of the 
conclusions drawn. Together with other issues such as the ret-
rospective nature of the majority of studies (which often led to 
a biased patient selection) and an unfavourably low frequency 
of events (e.g., tooth loss during SPC) in relation to the high 
number of variables incorporated into the models, the limited 
sample size contributed a high risk of bias and high concern re-
lated to the applicability of their findings for all included studies 
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on emerging applications of digital technologies for the evalu-
ation of periodontal prognosis. For this latter group of studies, 
additional limitations consisted of frequent incorporation bias 
(determined by the inclusion of predictors in the model that 
form part of the definition or assessment of the label that the 
model predicts; Moons et al. 2019), which may result in optimis-
tic estimates of model performance; and lack of robust reference 
standards, since the traditional tools/methods that were used as 
control treatments are far from being considered the standard of 
care due to less than optimal prognostic performance and some 
persisting issues and limitations (Farina et al. 2023).

4.5   |   Conclusions

When considered collectively, the results of the present review 
indicate that:

–	 Digital technologies for periodontal screening/diagnosis 
consist of AI and advanced imaging techniques as ap-
plied to different data sources, including radiographs, 
photographs, clinical data, oral fluid samples and elec-
tronic health records. Although all investigated options 
have limitations, including reduced diagnostic accuracy 
in certain areas of dentition and variability in perfor-
mance across different datasets, the AI-driven analysis 
of 2D radiographs for periodontitis diagnosis and staging 
seems to be the option that is most closely approaching 
applicability to practice.

–	 Supervised ML is a promising tool for the generation of prog-
nostic models to be applied in the field of Periodontology. 
Among the tested ML models, neural networks and en-
semble predictive modelling frameworks resulting from 
the aggregation of multiple classification algorithms and 
tooth-related labels seem to be the scenario that is closer 
than others to translation into practice. However, the cur-
rent evidence is not sufficiently consistent and, therefore, 
conclusive for clinical applicability and generalisability to 
practice.
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