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Abstract
Artificial intelligence (AI) is increasingly presented as a transformative technology for 
periodontology, particularly for radiographic bone-loss detection, risk stratification, 
and personalized follow-up. Yet high performance in retrospective datasets should 
not be confused with clinical benefit. This Commentary argues that the field should 
move from celebrating algorithmic accuracy to demonstrating dependable, equitable, 
and useful decision support in real periodontal workflows. AI should augment—not 
replace—clinical examination, professional judgment, and patient communication. 
Priority should be given to representative multicenter datasets, external and 
prospective validation, interpretable outputs, privacy-preserving data governance, 
and evaluation of patient-relevant outcomes. The most credible near-term role for AI 
is therefore a supervised second reader and monitoring aid. Responsible adoption 
will depend less on increasingly complex models than on transparent evidence, 
accountable implementation, and sustained clinician oversight.
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1. The issue is no longer whether AI can detect patterns
Periodontitis is a prevalent chronic inflammatory disease whose diagnosis and 
management depend on the integration of clinical examination, radiographic 
interpretation, risk factors, and longitudinal response to therapy. This combination 
makes periodontology attractive for artificial intelligence (AI): radiographs provide 
image data, electronic records contain repeated measurements, and treatment involves 
decisions that could benefit from consistent risk assessment. Recent studies and reviews 
have therefore reported applications spanning automated detection of alveolar bone 
loss,1 staging support,2 prediction of disease progression,3 analysis of biological markers,4 
and personalized maintenance planning.5,6

In this context, it is important to distinguish the terms commonly used to describe 
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AI-based technologies. AI is the broadest concept and 
refers to machine-based systems capable of performing 
tasks such as prediction, recommendation, decision-
making, and pattern recognition. Machine learning (ML) 
is a subset of AI in which algorithms learn patterns from 
data rather than relying solely on explicitly programmed 
rules.7 Deep learning (DL) is a further subset of ML based 
on multilayer neural networks and is particularly suited to 
complex data such as radiographic images.8 Generative AI 
(GenAI) refers to a category of AI techniques capable of 
generating new content, including text, images, or video, 
from patterns learned from training datasets.9 These terms 
are therefore related but not interchangeable, and their 
clinical applications and validation requirements may 
differ.

The conversation, however, has become too easily 
dominated by technical performance. An algorithm may 
discriminate cases from controls, outline bone levels, 
or reproduce an expert label with impressive accuracy, 
yet still fail to improve care. Retrospective test sets often 
resemble the data on which models were developed; labels 
may reflect local conventions; and a statistically strong 
result may not translate into a better diagnosis, a more 
appropriate treatment plan, or improved periodontal 
stability. The relevant question is therefore not simply 
whether AI can recognize periodontal patterns. It is whether 
an AI-supported pathway is safer, more reproducible, more 
equitable, and clinically more useful than the pathway it is 
intended to assist.

This distinction should shape the next phase of 
periodontal AI. The field does not primarily need another 
catalogue of possible applications. It needs a clinically 
grounded standard for deciding which applications 
deserve adoption and under what conditions (Figure 
1). Our position is that AI should presently be treated 
as supervised decision support, with its value judged by 

external validity, interpretability, workflow fit, and patient 
benefit rather than by accuracy alone.

The contribution of this Commentary is therefore 
not to introduce another list of technical requirements 
for trustworthy AI. Rather, we propose a clinically 
oriented perspective for periodontology that connects 
model performance with the conditions required for 
meaningful adoption in practice. In particular, we argue 
that the value of periodontal AI should be assessed across 
a continuum extending from algorithmic performance 
to external validity, workflow integration, changes in 
clinician decision-making, and ultimately patient-relevant 
outcomes. Within this framework, we identify supervised 
second-reader, risk-assessment, and longitudinal 
monitoring functions as the most plausible near-term roles 
for AI, while emphasizing that adoption should depend 
on demonstrated clinical utility rather than technical 
accuracy alone. This perspective places implementation 
and accountability—not technological novelty—at the 
center of periodontal AI evaluation.

2. Where AI can add value now
Radiographic assessment is the most mature use case. DL 
systems can identify or quantify periodontal bone loss on 
panoramic and intraoral radiographs, and selected studies 
have shown performance approaching that of dental 
professionals.10 Used as a second reader, such systems 
could reduce missed findings, standardize measurements, 
highlight sites that require closer inspection, and support 
communication with patients. These benefits are especially 
plausible in busy services, longitudinal follow-up, and 
settings where specialist expertise is not immediately 
available.

AI may also support periodontal assessment beyond 
radiographic detection of bone loss. For example, natural 
language processing approaches have recently been 

Figure 1. Artificial intelligence in periodontal disease management: from clinical needs to AI-supported applications
Abbreviation: NLP: Natural language processing. 
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investigated to assist with the classification of periodontitis 
stage and grade by extracting relevant information from 
dental charts and clinical notes.11 Such systems could help 
clinicians organize complex clinical information and apply 
the current classification framework more consistently, 
while remaining dependent on the completeness and 
accuracy of the underlying clinical records.

At a more granular level, AI-based prediction may 
also be applied at the tooth level rather than only at the 
patient level. An ML-based prognostic model has been 
developed and externally validated to predict 10-year tooth 
loss in patients with periodontitis receiving supportive 
periodontal care, illustrating the potential of AI to provide 
individualized tooth-level prognostic information.12 
Recent ML approaches have also explored the prediction 
of individual clinical responses to periodontal treatment 
using demographic, clinical, microbiological, and 
treatment-related variables.13 These applications suggest 
that AI could move beyond diagnosis toward more 
individualized prognostic assessment, although their 
predictive performance and generalizability require 
further independent and prospective validation.

Longitudinal monitoring represents another clinically 
relevant periodontal application. A recent longitudinal 
cohort study developed AI models to predict periodontitis 
progression using clinical and other patient-related 
variables collected over time.14 In this setting, AI could 
function as a monitoring aid by identifying patients, 
teeth, or periodontal sites showing potentially unfavorable 
trajectories and prompting earlier clinical reassessment. 
Such applications may ultimately support individualized 
maintenance intervals and earlier intervention, provided 
that their clinical utility is demonstrated in larger, 
independent, and real-world periodontal populations.

Risk stratification is another credible application, 
provided that predictions are not detached from clinical 
context. Combining periodontal measurements with age, 
smoking, diabetes, previous disease trajectory, adherence, 
and other relevant variables may help clinicians identify 
patients who need earlier intervention or shorter recall 
intervals. The benefit would not arise from replacing 
established staging and grading, but from making risk 
information more consistent and more actionable. 
Similarly, automated comparison of serial records may 
help detect subtle deterioration and prompt reassessment 
before substantial damage occurs.

AI may also support individualized care after 
treatment. Electronic health records, patient-reported 
information, and remote monitoring tools could be used 
to identify missed maintenance visits, declining oral-
hygiene behaviors, or patterns suggestive of recurrence. 

Conversational systems might reinforce instructions and 
answer routine questions, but their role must be carefully 
bounded. Patient-facing systems should disclose that 
they are automated, avoid presenting uncertain outputs 
as diagnoses, and provide a clear route to a clinician. 
Convenience is useful only when it does not create false 
reassurance or delay professional evaluation.

Across these applications, the most defensible model 
is augmentation. The clinician remains responsible 
for reconciling the AI output with probing findings, 
radiographic quality, medical history, patient preferences, 
and the biological complexity of an individual case. An 
alert without context can increase workload; a probability 
without explanation can obscure rather than support 
judgment. AI becomes clinically meaningful only when 
it supplies information that a practitioner can inspect, 
challenge, and use.

3. Concrete examples of AI implementation 
in periodontology
Several recent studies illustrate both the potential and 
the limitations of AI in periodontology. In the detection 
of periodontal bone loss on periapical radiographs, an 
analysis of 21,819 radiographs using five convolutional 
neural networks reported an overall accuracy ranging from 
82.0% to 84.8%, sensitivity from 88.8% to 90.7%, specificity 
from 66.2% to 71.2%, and an area under the curve (AUC) 
ranging from 0.884 to 0.913. However, performance varied 
considerably according to the anatomical region, with 
accuracy ranging from 94.9% to 96.0% in mandibular 
anterior teeth compared with 78.0% to 80.7% in maxillary 
posterior teeth. This finding illustrates how good overall 
performance may conceal clinically relevant differences 
across anatomical subgroups.15

A second example is provided by a study based on 8,000 
periapical radiographs comprising 27,964 teeth, in which a 
DL model achieved an accuracy of 97.0% for the detection 
of radiographic bone loss and 92.61% for the assessment 
of periodontal bone levels. These performances were 
higher than the mean accuracy of 76–78% reported for the 
dental professionals involved in the assessment.16 However, 
these findings were derived from a retrospective dataset 
and did not demonstrate that the use of the algorithm 
resulted in improved treatment decisions or better patient 
outcomes. Thus, high diagnostic performance should not 
be interpreted as evidence of clinical benefit.

At the level of aggregated evidence, a recent systematic 
review and meta-analysis of 30 studies reported a pooled 
sensitivity of 87%, specificity of 76%, and accuracy of 
84% for ML and DL models applied to the detection of 
periodontal bone loss. Nevertheless, none of the included 
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studies was classified as having very high methodological 
quality; 63.3% were rated as having moderate quality and 
23.3% as having high quality.17 These findings suggest 
that, although diagnostic performance is promising, the 
methodological quality and standardization of the available 
evidence remain insufficient to support widespread clinical 
implementation.

Taken together, these examples illustrate why accuracy 
alone should not be considered a sufficient clinical 
endpoint. An algorithm may achieve high accuracy in a 
development cohort while showing lower performance in 
specific anatomical regions or remaining untested under 
prospective, multicenter conditions. The clinical value of AI 
in periodontology should therefore be determined not only 
by its ability to classify radiographic findings accurately, but 
also by its capacity to improve clinical decision-making, 
reduce diagnostic errors, integrate effectively into clinical 
workflows, and generate measurable benefits for patients.

4. Integrating radiographic and clinical 
data
Periodontal AI should not be conceived as a radiographic 
classifier operating independently from the clinical 
examination. A more appropriate decision-support system 
would integrate radiographic features of alveolar bone 
loss with structured clinical variables, including probing 
depth, bleeding on probing, clinical attachment level, 
tooth mobility, furcation involvement, tooth loss, and 
relevant patient-level risk factors. A multimodal model 
could generate a patient- or tooth-level risk estimate, while 
preserving clinician oversight and allowing individual data 
sources to be reviewed when they disagree. This approach 
is consistent with the clinical reality that periodontal 
diagnosis depends on the integration of radiographic and 
clinical findings rather than on either source alone.18

Prospective validation should therefore extend 
beyond sensitivity and specificity for radiographic bone 
loss. Priority outcomes should include calibration and 
predictive performance, agreement between AI-assisted 
and expert clinical decisions, changes in treatment 
planning, false-positive and false-negative rates, time 
required per assessment, clinician workload, and the 
frequency with which clinicians appropriately override 
AI recommendations. At the patient level, longitudinal 
outcomes such as periodontal stability, progression 
of clinical attachment loss, tooth loss, maintenance 
adherence, and patient-reported outcomes should also 
be evaluated. Recent external validation work suggests 
that specificity and negative predictive value may be 
particularly informative when AI is used as an adjunctive 
screening tool, but prospective multicenter studies are 

still needed to determine whether multimodal AI actually 
improves clinical decisions and patient outcomes.19

5. Why reported accuracy is not enough
Many periodontal AI studies remain retrospective, single-
center, or based on small and highly selected datasets.5,6 
These designs are valuable for early development but 
vulnerable to overfitting and spectrum bias. Differences in 
imaging devices, exposure parameters, patient populations, 
disease prevalence, annotation practices, and diagnostic 
thresholds can substantially change performance. 
External validation is still uncommon across medical 
imaging AI, and performance often decreases when an 
algorithm is tested outside its development environment.20 
Periodontology should assume that the same problem 
applies until robust evidence shows otherwise.

Ground truth also deserves more scrutiny. A model 
trained to reproduce one clinician’s annotation may 
learn that clinician’s preferences rather than an objective 
disease state. Consensus labels, clearly specified reference 
standards, assessment of inter-examiner agreement, and 
separation of development and validation sites are essential. 
Reporting only overall accuracy is inadequate when false 
negatives and false positives have different consequences. 
Sensitivity, specificity, calibration, subgroup performance, 
and clinically meaningful decision thresholds should be 
reported together.

Prospective evaluation is the decisive step. Studies should 
test not only whether a model performs well, but whether 
its use changes decisions appropriately, reduces diagnostic 
variability, saves time without introducing new errors, and 
improves outcomes that matter to patients. Comparators 
should reflect actual practice, including clinicians with and 
without AI assistance. Multicenter datasets must represent 
variation in age, sex, ethnicity, socioeconomic conditions, 
comorbidities, disease severity, and care settings. Without 
this evidence, claims of generalizability are premature. 
Recent studies provide further evidence that external and 
clinical validation should precede routine implementation 
of dental AI. A 2025 multicenter external validation study of 
a prediction model for periodontal tooth loss demonstrated 
the feasibility of testing periodontal prediction tools across 
different clinical centers, highlighting the importance 
of evaluating model performance beyond the original 
development population.21 Similarly, a 2025 clinical 
evaluation of an AI-based application for measuring 
alveolar bone loss assessed its performance from the 
perspective of dental professionals, providing evidence 
that clinical usability should be considered alongside 
technical accuracy.22 More recently, an external validation 
study of two FDA-cleared AI decision-support systems for 
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periodontal bone loss reported specificity of 94.23% and 
93.55%, but lower concordance of 78.47% and 73.89%, 
respectively, demonstrating that strong performance in 
selected metrics does not necessarily imply complete 
diagnostic agreement.23 These findings reinforce the 
need for multicenter, prospective and clinically oriented 
validation before AI systems are incorporated into routine 
periodontal decision-making.

Because panoramic radiographs vary substantially in 
positioning, contrast, density, anatomical coverage, and 
the presence of artifacts, AI systems should incorporate 
a predefined input-quality assessment before attempting 
periodontal interpretation. Rather than relying on a single 
universal quality score, minimum acceptable quality 
should be defined according to clinically relevant criteria, 
including adequate visualization of the dentition and 
alveolar crest, acceptable patient positioning and exposure, 
sufficient contrast and sharpness, and absence of artifacts 
that could obscure periodontal structures.24 Images that 
fail predefined thresholds should trigger a quality warning, 
human review, or exclusion from automated interpretation. 
Automated quality assessment may represent an additional 
safety layer, as recent work has demonstrated the feasibility 
of DL systems for evaluating contrast and density, artifacts, 
anatomical coverage, patient positioning, and overall 
panoramic image quality.25

6. Representativeness and harmonization 
of multicenter European datasets
For European periodontal AI datasets, representativeness 
should include variation in age, sex, ethnicity, geographical 
setting, socioeconomic background, comorbidities, 
disease severity, and healthcare setting, as well as variation 
in imaging equipment and acquisition protocols. These 
characteristics should reflect the intended clinical 
population, and model performance should be assessed 
across relevant subgroups to identify potential disparities.26

Differences in diagnostic practices between participating 
centers should be addressed through standardized data 
collection procedures and a common case definition 
established before model development. For periodontitis, 
the 2017 classification based on staging and grading 
provides an appropriate framework for harmonizing 
case definitions across centers.27 Clinical measurements, 
radiographic acquisition, annotation procedures, and 
outcome definitions should be standardized where 
possible, while center-specific differences should still be 
documented. Independent expert assessment or consensus 
should be used to establish the reference standard, and at 
least one participating center should ideally be reserved for 
external validation to assess generalizability under genuine 

between-center variation.28

7. Governance is part of clinical 
performance
Periodontal AI depends on sensitive health information 
and, increasingly, on linked radiographic, clinical, 
behavioral, and systemic data. Privacy and security cannot 
be treated as administrative details added after model 
development. Data minimization, appropriate consent 
or other lawful bases, secure storage, access controls, 
auditable data use, and clear retention policies must be 
designed into the system. Privacy-preserving approaches, 
including federated learning, may facilitate collaboration 
without centralizing all patient-level data, although they 
do not eliminate governance or bias concerns.29

Bias is a clinical safety issue. Under-represented 
populations may receive less reliable predictions, while 
historical patterns in care may be encoded as if they 
were biological truth. Performance should therefore be 
examined across relevant subgroups and monitored after 
deployment. A model that is accurate on average but 
unreliable for a particular population is not ready for 
indiscriminate use. Institutions also need mechanisms for 
reporting errors, reviewing unexpected outputs, updating 
models, and withdrawing systems whose performance 
deteriorates.

Transparency must extend beyond explainability 
graphics. Clinicians should know what population a 
model was trained on, what input quality it requires, 
what outcome it predicts, how uncertainty is expressed, 
and where it is known to fail. Responsibility must remain 
explicit: developers are accountable for design and 
evidence, institutions for procurement and monitoring, 
and clinicians for using outputs within their competence 
and the approved purpose (Figure 2). These obligations 
reflect the broader principle that opportunities and 
challenges in dental AI are inseparable.30

8. Comparative regulatory perspectives: 
United States, Europe, and Asia
AI regulation in healthcare varies across jurisdictions, with 
relevant implications for periodontal research and practice. 
In the United States, the Food and Drug Administration 
(FDA) regulates AI-enabled medical devices according to 
their intended use and risk profile, while recent guidance 
also addresses planned modifications to AI-enabled 
devices.31 In Europe, the EU AI Act adopts a risk-based 
framework and introduces additional requirements for 
high-risk AI systems, including risk management, data 
governance, transparency, human oversight, and post-
market monitoring.32 In Asia, regulatory approaches 
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differ among countries; Japan regulates AI-enabled 
Software as a Medical Device within its existing medical-
device framework, while China has developed specific 
requirements for AI-enabled medical devices under 
the National Medical Products Administration.33 These 
differences may complicate international periodontal 
research, particularly regarding data sharing, clinical 
validation, algorithm updates, and post-market 
surveillance. Researchers and clinicians should therefore 
consider regulatory requirements from the early stages of 
AI development and implementation.

9. A practical agenda for responsible 
adoption
A useful path forward can be summarized in five priorities. 
First, develop representative multicenter datasets using 
standardized acquisition, annotation, and outcome 
definitions. Second, require external and prospective 
validation before routine clinical use. Third, compare 
clinician-plus-AI performance with current care and 
measure workflow effects, downstream treatment decisions, 
patient experience, and health outcomes. Fourth, make 
uncertainty and limitations visible to users and preserve a 
meaningful human review step. Fifth, establish governance 
for privacy, equity, model updates, incident reporting, and 
post-deployment surveillance.

The economic implications of AI adoption should be 
considered alongside its clinical performance. In dental 
care, the available economic evidence remains limited, 
but modeling studies suggest that AI-assisted diagnostic 
pathways may reduce costs when improved detection leads 
to appropriate downstream management. For example, 
economic modelling of AI-assisted proximal caries 
detection estimated costs of €298 per patient compared 
with €322 for conventional assessment, while also 
predicting longer tooth retention (64 versus 62 years).34

Conversely, economic benefit is not guaranteed. A 
systematic review of economic evaluations of AI-based 
oral disease screening reported that, although several 
modelling studies suggested potential cost savings, 
the available evidence was heterogeneous and strongly 
dependent on assumptions regarding diagnostic 
accuracy, treatment pathways, and long-term outcomes.35 
These findings highlight the importance of evaluating 
downstream clinical consequences rather than assuming 
that improved diagnostic performance will automatically 
translate into economic or patient benefit.

For dental practices, implementation costs may include 
software acquisition, integration with existing imaging and 
practice-management systems, staff training, technical 
support, data governance, and ongoing maintenance. 
Possible financing approaches include subscription-
based software-as-a-service, pay-per-use arrangements, 
or licensing through larger dental groups and networks. 
However, evidence comparing these financing models 
in dentistry remains scarce. Practices should therefore 
assess the total cost of ownership and determine whether 
the expected clinical and operational benefits justify 
the investment. Future studies should incorporate cost-
effectiveness and budget-impact analyses alongside 
clinical validation, including direct implementation costs, 
workflow effects, treatment consequences, and patient-
relevant outcomes.36

Education must develop in parallel. Periodontists do 
not need to become software engineers, but they should 
understand the difference between discrimination and 
calibration, recognize dataset shift, interpret uncertainty, 
and identify automation bias. Training programs should 
teach clinicians how to question an output and document 
when it influences care. Patients should be told when AI 
contributes to assessment or communication and should 
retain the opportunity to discuss the result with a qualified 
professional.

Figure 2. Patient-facing applications of artificial intelligence in periodontal care
Abbreviation: EHR: Electronic health record.  
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These requirements are not barriers to innovation. They 
are what allow innovation to become trustworthy care. 
Well-governed AI could reduce variability, extend specialist 
support, and strengthen preventive and personalized 
periodontology (Figure 3). Poorly validated AI could 

instead amplify bias, generate unnecessary referrals, miss 
disease, or weaken accountability. The discipline should 
therefore reward evidence of clinical utility and responsible 
implementation, not novelty alone.

Figure 3. From AI output to clinical value in periodontology

10. Conclusions
The near-term future of AI in periodontology is likely to 
be quieter than the rhetoric of transformation suggests: 
a second reader for radiographs, a structured aid for risk 
review, and a monitoring tool that draws attention to 
change. That is still meaningful progress. AI should be 
adopted when it helps clinicians see more consistently, 
act earlier, and communicate more clearly—while leaving 
clinical responsibility where it belongs.
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