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ABSTRACT 

Periodontal disease progression remains a major clinical challenge because deterioration is rarely explained by 

a single biological or behavioral factor. Changes in probing depth, attachment loss, bleeding, plaque control, 

smoking exposure, systemic health, and radiographic bone loss interact over time to produce heterogeneous 

trajectories. Conventional risk assessment approaches often simplify this complexity into static or linear 

categories. A more integrative approach is needed to support earlier identification of patients at risk for 

progressive destruction. Existing periodontal prediction methods are limited by their dependence on isolated 

clinical variables or broad risk categories. Although staging and grading systems have improved diagnostic 

consistency, they do not fully operationalize longitudinal, multimodal, and nonlinear prediction. Behavioral 

adherence, radiographic architecture, and site-level disease history may modify risk in ways that conventional 

tools do not capture. These limitations reduce the clinical usefulness of risk estimates when treatment planning 

requires individualized prognosis. This article proposes a conceptual framework for machine learning-based 

prediction of periodontal disease progression. The framework integrates clinical, behavioral, systemic, and 

radiographic determinants into a unified predictive architecture. It is designed to guide future empirical model 

development rather than to report new patient data. The central objective is to define how heterogeneous 

periodontal data can be harmonized, modeled, interpreted, and translated into clinical decision support. The 

framework is derived from a critical synthesis of peer-reviewed literature published between 2017 and 2026 

across periodontology, dental radiology, health informatics, and predictive modeling. It identifies three 

principal predictor domains: clinical inflammatory and attachment measures, behavioral and systemic 

modifiers, and radiographic indicators of alveolar bone destruction. It also proposes model selection logic, 

explainability requirements, and workflow integration principles. Two tables summarize the predictor domains 

and the proposed framework components. The proposed framework provides a structured roadmap for next-

generation periodontal risk prediction tools. By combining multimodal data with interpretable machine 

learning, it aims to support timely intervention, personalized maintenance planning, and improved 

communication of progression risk. Its value lies in offering a clinically grounded blueprint for future validation 

studies, software development, and implementation research. The framework emphasizes that prediction 

should augment, not replace, professional periodontal judgment. 
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Introduction 
 

Periodontitis is a chronic inflammatory disease 

characterized by progressive destruction of periodontal 

attachment and supporting alveolar bone, with 
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consequences for tooth retention, function, and quality 

of life. The 2017 classification framework emphasized 

staging and grading because disease severity and 

anticipated progression must both inform clinical 

diagnosis and management [1]. Consensus definitions 

also clarified that periodontitis reflects complex host–

microbial interactions rather than a purely plaque-

centered disease process [2]. These conceptual 

advances created a stronger foundation for risk-

oriented periodontal care. 

Prediction of progression is clinically important 

because patients with similar baseline severity may 

follow different longitudinal courses. Systematic 

evidence indicates that annual attachment loss, bone 

level change, and tooth loss vary substantially across 

populations and follow-up periods [3]. Prognosis is 

further complicated by site-level and tooth-level 

factors, including furcation involvement, which can 

strongly influence long-term tooth survival [4]. 

Therefore, periodontal prediction must move beyond 

static diagnosis toward dynamic estimation of future 

disease worsening. 

Current risk assessment approaches remain constrained 

by limited integration of heterogeneous data. Oral 

hygiene behavior, smoking exposure, compliance with 

maintenance, and systemic risk are often evaluated 

separately from clinical periodontal measurements, 

despite evidence that these factors contribute to disease 

burden and treatment outcomes [5, 6]. Smoking, in 

particular, has a dose-related influence on periodontitis 

and tooth loss, making it a central behavioral 

determinant rather than a peripheral covariate [7]. A 

clinically useful framework should therefore treat 

behavioral risk as a core predictive domain. 

Machine learning offers a potential strategy for 

integrating diverse periodontal determinants into 

individualized risk estimates. Early applications have 

shown that deep learning and machine learning can 

support periodontal diagnosis, radiographic bone-loss 

detection, and tooth-level prognosis [8-10]. However, 

model development without a clear conceptual 

structure risks producing tools that are technically 

accurate but poorly aligned with clinical workflows. 

This article therefore proposes an original conceptual 

framework for multimodal machine learning-based 

prediction of periodontal disease progression. 

Rationale for a multimodal predictive approach 

A multimodal predictive approach is justified because 

periodontal progression is not reducible to a single 

clinical measurement. Probing depth, clinical 

attachment level, bleeding on probing, and tooth 

mobility capture different aspects of inflammatory 

burden and structural breakdown. The staging and 

grading system explicitly recognizes that severity, 

complexity, and progression risk should be interpreted 

together rather than separately [3]. Machine learning 

frameworks can operationalize this principle by 

allowing multiple data streams to contribute 

simultaneously to risk estimation. 

Clinical indicators are necessary but insufficient 

because their meaning depends on behavioral and 

systemic context. A patient with moderate attachment 

loss but persistent smoking, poor plaque control, and 

irregular maintenance attendance may face a different 

risk trajectory from a clinically similar patient with 

high adherence and stable systemic health. Evidence 

linking oral hygiene practices to periodontitis supports 

the need to encode behavioral factors in prediction 

models [5]. Smoking-related risk further illustrates 

how behavior modifies the probability of future 

deterioration even after clinical status is measured [6]. 

Radiographic determinants add a structural dimension 

that cannot be fully captured by soft-tissue 

measurements alone. Alveolar bone level, angular 

defects, furcation involvement, and bone-loss 

distribution provide information about cumulative 

destruction and anatomical vulnerability. Studies of 

deep learning-based periodontal radiograph 

interpretation show that automated systems can 

identify bone loss patterns with clinically relevant 

accuracy [9, 11, 12]. These findings support the 

inclusion of radiographic variables as a distinct but 

complementary predictor domain. 

The rationale for machine learning is not simply 

automation but the capacity to model complex 

relationships among heterogeneous variables. 

Periodontal progression may involve nonlinear 

interactions between baseline bone loss, bleeding, 

smoking exposure, age, systemic disease, and previous 

tooth-level prognosis. Machine learning studies in 

periodontology have demonstrated the feasibility of 

predictive models using clinical, demographic, 

salivary, and radiographic inputs [13, 14]. A 

conceptual framework is needed to specify which 

inputs should be captured and how they should be 

interpreted. 

A multimodal framework also helps avoid the false 

choice between clinical expertise and computational 

prediction. Periodontal staging, grading, and 

maintenance planning already require professional 

synthesis of multiple signals, but this synthesis is often 

implicit and variable between clinicians [2, 15]. 

Machine learning can make this logic more explicit by 

generating calibrated risk estimates and interpretable 

feature contributions. The goal is not to replace 

periodontal judgment but to provide a reproducible 

decision-support layer. 
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Clinical, behavioral, and radiographic data domains 

The clinical domain should include measures that 

reflect current inflammatory activity, historical tissue 

destruction, and tooth-level complexity. Probing depth, 

clinical attachment level, bleeding on probing, 

suppuration, mobility, recession, and plaque indices 

each provide different information about active disease 

or vulnerability to further loss. Longitudinal evidence 

on attachment and bone-level change indicates that 

these variables are meaningful only when interpreted 

over time [3]. Therefore, the framework treats clinical 

features as both baseline descriptors and time-updated 

predictors. 

Probing depth and attachment loss should be 

engineered as structured features rather than entered 

only as global averages. Site-level maximum probing 

depth, number of deep sites, distribution of attachment 

loss, and change from previous visits may capture 

disease activity more precisely than a single whole-

mouth summary. The diagnostic logic of staging and 

grading supports this distinction because extent, 

severity, and progression rate are not interchangeable 

concepts [1]. Machine learning models should 

therefore preserve clinically meaningful granularity 

while avoiding excessive noise from poorly 

standardized measurements. 

The behavioral and systemic domain should include 

smoking status, cumulative smoking exposure, oral 

hygiene behaviors, maintenance compliance, dental 

attendance patterns, diabetes status, glycemic control, 

medication history, and socioeconomic proxies when 

ethically and legally appropriate [16-19]. Meta-

analytic evidence linking oral hygiene with 

periodontitis supports inclusion of daily self-care as a 

modifiable predictor [5]. Smoking is especially 

important because its effect on periodontitis and tooth 

loss is both biologically plausible and empirically 

supported [6, 7]. Systemic and behavioral inputs 

should be handled carefully because they may 

influence prediction, intervention planning, and patient 

communication. 

The radiographic domain should capture quantitative 

alveolar bone loss, defect morphology, furcation status, 

root proximity, crown-root ratio, and radiographic 

bone density where measurement quality permits. 

Furcation involvement has prognostic significance for 

tooth loss, making it an important anatomical variable 

in tooth-level prediction [4]. Deep learning studies 

have shown that panoramic and dental radiographs can 

be used to detect periodontal bone loss and support 

periodontitis staging [9, 20]. These findings justify 

radiographic data as a core modality rather than an 

optional supplement. 

Data quality is central to the proposed framework 

because machine learning models can amplify 

measurement inconsistencies. Periodontal charting 

depends on examiner calibration, radiographic 

interpretation depends on image quality and projection 

geometry, and behavioral variables depend on patient 

reporting. Automated or semi-automated radiographic 

systems may reduce some sources of variation, but they 

introduce new requirements for segmentation 

accuracy, validation across imaging devices, and 

transparent error handling [21, 22]. Feature 

engineering should therefore be clinically interpretable 

and auditable. 

The three data domains should be harmonized into a 

longitudinal patient-tooth-site structure that supports 

both patient-level risk stratification and tooth-level 

prognosis. Prior machine learning studies predicting 

periodontal diagnosis, tooth loss, and bone loss 

demonstrate that structured clinical and radiographic 

variables can be transformed into clinically useful 

prediction tasks [23-25]. Table 1 summarizes the key 

predictor variables and their expected contributions 

within the multimodal framework. This organization 

creates a bridge between periodontal reasoning and 

computational model development. 

Table 1. Predictor Domains and Variables for a Multimodal Periodontal Disease Progression Framework 

Predictor domain Core variables Feature-engineering logic 
Expected contribution to 

progression prediction 

Clinical 

inflammatory 

status 

Bleeding on probing, 

suppuration, plaque index, 

gingival inflammation 

Encode as site-level 

prevalence, tooth-level burden, 

and change across visits 

Captures current 

inflammatory activity and 

modifiable disease burden 

Clinical 

structural 

destruction 

Probing depth, clinical 

attachment level, recession, 

mobility 

Use maximum values, number 

of affected sites, distributional 

summaries, and longitudinal 

change 

Represents accumulated 

tissue destruction and short-

term worsening 

Tooth-level 

anatomical 

complexity 

Furcation involvement, root 

morphology, crown-root ratio, 

tooth type 

Encode tooth-specific risk 

modifiers and interaction terms 

with bone loss 

Supports tooth-level 

prognosis and maintenance 

planning 
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Behavioral risk 

Smoking status, smoking 

intensity, oral hygiene behavior, 

dental attendance, maintenance 

compliance 

Convert into categorical, 

cumulative, and time-updated 

adherence features 

Captures modifiable 

exposures that influence 

future instability 

Systemic and 

contextual risk 

Diabetes status, glycemic control, 

medication history, age, relevant 

socioeconomic indicators 

Use clinically justified 

variables with fairness review 

and missing-data assessment 

Accounts for host 

susceptibility and 

contextual determinants of 

care 

Radiographic 

bone destruction 

Alveolar bone level, percentage 

bone loss, angular defects, 

horizontal bone loss 

Extract quantitative measures 

from standardized radiographs 

or validated automated tools 

Measures cumulative 

structural damage and 

anatomical progression 

Radiographic 

pattern 

complexity 

Furcation radiolucency, bone 

density, defect morphology, 

localized versus generalized bone 

loss 

Combine image-derived 

features with clinical tooth-

level features 

Improves discrimination 

between stable damage and 

progressive vulnerability 

Machine learning model selection and logic 

Model selection in periodontal progression prediction 

should begin with the clinical question rather than with 

algorithmic novelty. If the task is binary classification, 

such as predicting whether a patient will experience 

measurable progression within a defined interval, 

logistic regression with regularization can provide a 

transparent baseline. If the task involves nonlinear 

interactions among probing depth, bone loss, smoking 

exposure, and maintenance adherence, tree-based 

models may offer stronger flexibility. Systematic 

comparisons of machine learning algorithms for 

periodontitis prediction show that model choice should 

be judged by discrimination, calibration, 

interpretability, and clinical usefulness together [14]. 

Logistic regression remains valuable because it 

provides an interpretable reference model and allows 

clinicians to understand directionality in predictor 

effects. However, periodontal risk is rarely linear, and 

the relationship between disease severity and future 

tooth loss may be modified by baseline complexity, 

compliance, furcation involvement, and systemic risk. 

Random forest and gradient-boosting methods can 

capture such interactions while maintaining some 

interpretability through variable-importance and rule-

based explanations. Machine learning studies 

identifying periodontal disease factors and tooth-loss 

predictors illustrate the usefulness of these models for 

structured dental datasets [26, 27]. 

Neural networks and deep learning methods are most 

appropriate when the framework incorporates 

radiographic images or high-dimensional multimodal 

inputs. Convolutional neural networks have already 

been applied to periodontal bone-loss detection, 

periodontitis staging, and radiographic diagnosis using 

panoramic or intraoral images [9, 20, 28]. These 

methods can extract visual features that may not be 

easily represented by manually coded variables. 

Nevertheless, their use should be justified by sufficient 

data volume, external validation, and explainability 

procedures. 

The proposed modeling pipeline should include data 

cleaning, standardization, missing-data handling, 

feature engineering, model training, internal validation, 

external validation, calibration assessment, and 

explainability. Prognostic studies of tooth loss and 

treatment response show that models must be evaluated 

against clinically relevant outcomes rather than 

technical accuracy alone [10, 29, 30]. Calibration is 

especially important because a poorly calibrated model 

may exaggerate or underestimate risk even when 

discrimination appears acceptable. Therefore, the 

framework prioritizes risk reliability as much as risk 

ranking. 

Interpretability should be embedded into the model-

development logic from the beginning. Global 

explanations can identify whether smoking, bone loss, 

probing depth, or maintenance adherence drives 

predictions across the population, while local 

explanations can clarify why an individual patient is 

categorized as high risk. Reviews of artificial 

intelligence in periodontology emphasize that black-

box performance is insufficient for responsible clinical 

translation [31, 32]. In this framework, explainability 

functions as a clinical safety requirement rather than a 

decorative analytic add-on. 

Integration into clinical decision support 

A trained periodontal progression model should be 

implemented as a decision-support tool within routine 

periodontal workflows rather than as a separate 

research interface. The most clinically feasible 

pathway is integration with electronic dental records, 

periodontal charting systems, radiographic 

repositories, and recall-management software. 

Personalized periodontitis risk estimation from 

nonimage electronic dental records suggests that 

structured clinical data can be transformed into 
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actionable risk scores when data capture is consistent 

[33]. Such integration would allow prediction to occur 

at baseline examination, reevaluation, and maintenance 

visits. 

The user interface should communicate risk in a format 

that supports clinical action without overwhelming the 

clinician. A model output might include patient-level 

progression probability, tooth-level risk flags, key 

contributing variables, and recommended review 

intervals. Prediction of molar loss and tooth-loss 

phenotype using machine learning demonstrates that 

tooth-level outputs can be clinically meaningful when 

they correspond to decisions about maintenance, 

extraction risk, and targeted intervention [10, 34]. The 

framework therefore recommends layered outputs, 

beginning with a concise risk summary and expanding 

into interpretable details when needed. 

Figure 1 outlines the model-development and clinical-

deployment logic required for interpretable periodontal 

progression prediction. 

 

 
Figure 1. Model Selection, Explainability, Validation, and Clinical Decision-Support Integration for 

Periodontal Progression Prediction 

Risk communication must be patient-centered because 

behavioral modification is central to periodontal care. 

If smoking exposure, oral hygiene behavior, or 

attendance patterns contribute strongly to predicted 

progression, the model should present these factors as 

modifiable targets rather than deterministic judgments. 

Machine learning tools based on questionnaires, 

demographic data, and salivary biomarkers show that 

nonclinical information can support screening, but the 

resulting risk messages must be ethically framed [35, 

36]. The decision-support interface should therefore 

translate prediction into shared planning, not blame. 

Human-in-the-loop validation is essential for 

maintaining clinical accountability [37-39]. 

Periodontists should be able to accept, question, or 

override model recommendations when clinical 

circumstances are not adequately represented in the 

data. Comparative work between conventional 

prognostic systems and machine learning models 

highlights that algorithmic prediction should be 

evaluated against established periodontal reasoning 

rather than assumed superior. The framework positions 

clinicians as interpreters and supervisors of model 

output, not passive recipients of automated decisions 

[40, 41]. 

Proposed conceptual framework 

The proposed framework begins with structured data 

capture from three coordinated sources: periodontal 

charting, behavioral and systemic history, and 

radiographic assessment. Clinical inputs provide 

measures of inflammatory activity and tissue 

destruction, behavioral inputs describe modifiable 

exposures and adherence, and radiographic inputs 

quantify structural damage and anatomical complexity. 

Deep learning approaches to alveolar bone-level 

measurement demonstrate how image-derived features 

can complement conventional periodontal records [22]. 

The first design principle is therefore multimodal data 

fusion with traceable links to clinical meaning. 

Figure 2 illustrates the proposed multimodal pathway 

from periodontal data capture to interpretable clinical 

action. 
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c) d) 

 

Figure 2. Multimodal Conceptual Framework for Machine Learning-Based Prediction of Periodontal Disease 

Progression 

The second stage is data harmonization, which 

converts heterogeneous inputs into comparable, 

temporally ordered features. Probing depth, attachment 

level, bleeding, smoking status, maintenance 

attendance, and bone-loss measurements should be 

aligned by patient, tooth, site, and time point. Studies 

estimating alveolar bone loss and automatically 

recognizing teeth on radiographs show that automated 

radiographic features can be integrated with structured 

clinical variables if measurement definitions are 

standardized [23, 25]. Harmonization is therefore the 

technical bridge between periodontal examination and 

machine learning. 

The third stage is model development, where algorithm 

choice is matched to the prediction task. A transparent 

model may be preferred for chairside risk 

communication, whereas a hybrid architecture may be 

suitable when images and structured records are 

combined. Evidence from diagnostic deep learning, 

screening models, and tooth-loss prediction indicates 

that no single algorithm is universally optimal across 

periodontal tasks [8, 24, 35]. The framework 

recommends benchmarking simple and complex 

models before selecting the final clinical candidate. 

The fourth stage is interpretation and clinical 

translation. The model should generate calibrated 

progression probabilities, identify influential 
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predictors, and suggest clinically relevant risk 

categories. Studies of machine learning-assisted 

treatment-response prediction and personalized 

periodontitis risk show that predictive outputs become 

more useful when connected to care planning, 

reevaluation intervals, and preventive strategies [30, 

33]. Table 2 presents the core components and design 

principles of the proposed framework. 

Table 2. Proposed Conceptual Framework for Machine Learning-Based Periodontal Progression Prediction: 

Components, Design Principles, and Integration Logic 

Framework 

component 
Design principle Integration logic Clinical function 

Data capture 

Collect clinical, behavioral, 

systemic, and radiographic 

inputs using standardized 

definitions 

Link periodontal charting, patient 

history, and radiographic records 

within one longitudinal structure 

Creates a comprehensive 

baseline for individualized 

prognosis 

Data 

harmonization 

Align variables by patient, tooth, 

site, and time 

Transform heterogeneous data into 

structured features suitable for 

modeling 

Reduces fragmentation 

between clinical 

examination and 

radiographic interpretation 

Feature 

engineering 

Preserve clinically meaningful 

variables while deriving 

longitudinal and interaction 

features 

Convert raw measurements into 

risk-relevant predictors such as 

change in attachment level or 

cumulative smoking exposure 

Supports prediction of both 

current risk and future 

worsening 

Model 

selection 

Match algorithm complexity to 

data type, sample size, and 

interpretability needs 

Compare logistic regression, tree-

based models, gradient boosting, 

and neural networks 

Identifies the most 

appropriate model for the 

clinical prediction task 

Model 

validation 

Evaluate discrimination, 

calibration, external 

generalizability, and clinical 

utility 

Use internal and multicenter 

validation before deployment 

Prevents premature 

adoption of poorly 

generalizable models 

Explainability 
Provide global and patient-

specific explanations 

Use interpretable coefficients, 

feature importance, rule-based 

logic, or SHAP-type explanations 

Helps clinicians understand 

why a patient or tooth is 

classified as high risk 

Clinical 

decision 

support 

Embed outputs in dental records 

or periodontal software 

Present risk scores, key drivers, 

and suggested follow-up intensity 

during care planning 

Converts prediction into 

actionable periodontal 

management 

Periodic 

recalibration 

Update model performance as 

populations, workflows, and 

treatment standards change 

Monitor drift and recalibrate with 

new validated datasets 

Maintains accuracy and 

fairness over time 

The final stage is feedback and recalibration after 

implementation. Risk predictions should be compared 

with observed progression, tooth loss, treatment 

response, and maintenance outcomes over time. Long-

term studies using staging, grading, and prognostic 

models show that periodontal prediction must remain 

dynamic because patient behavior, clinical status, and 

tooth-level risk can change [19]. The proposed 

framework therefore treats deployment as the 

beginning of continuous evaluation rather than the end 

of model development. 

Implementation challenges and future directions 

The first implementation challenge is data 

standardization across clinics, software systems, and 

imaging protocols. Periodontal probing measurements 

may vary by examiner, radiographs may differ in 

angulation and resolution, and behavioral histories may 

be incompletely recorded. Automated detection of 

periodontal bone loss can improve scalability, but 

generalizability across radiographic devices and 

populations must be demonstrated [9, 12]. Future 

research should therefore prioritize standardized data 

dictionaries and multicenter validation cohorts. 

The second challenge is missingness and bias in real-

world dental data. Patients with irregular attendance 

may have fewer periodontal charts, fewer radiographs, 

and less complete behavioral documentation, yet these 

same patients may be at elevated risk. Predictive 

models derived from electronic dental records can be 

powerful, but they may inherit documentation biases 

from routine practice [33]. The framework therefore 

requires transparent missing-data strategies and 

fairness assessment before clinical deployment. 

The third challenge is regulatory, ethical, and 

professional accountability. A periodontal prediction 
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model may influence recall intervals, treatment 

intensity, referral decisions, and patient counseling, so 

errors can have real clinical consequences. Scoping and 

systematic reviews of artificial intelligence in 

periodontology stress that implementation must 

address validation, interpretability, governance, and 

clinician trust [32, 31]. Dental institutions should 

therefore develop oversight processes before adopting 

predictive tools at scale. 

Future research should move from retrospective model 

development toward prospective impact studies. 

Multicenter cohorts can test whether multimodal 

prediction improves early intervention, reduces 

progression, supports maintenance adherence, or 

prevents tooth loss. Newer data streams, including 

salivary biomarkers, microbiome profiles, and 

treatment-response data, may eventually expand the 

framework beyond clinical, behavioral, and 

radiographic inputs [13, 33, 35]. The priority, however, 

should be clinically meaningful validation rather than 

uncontrolled expansion of data complexity. 

Conclusion 

This conceptual framework provides an evidence-

based blueprint for machine learning-based prediction 

of periodontal disease progression. It integrates 

clinical, behavioral, systemic, and radiographic 

determinants into a structured pathway from data 

capture to model output and clinical action. Its central 

contribution is to clarify how heterogeneous 

periodontal information can be organized for 

interpretable, clinically useful prognosis. 

The framework emphasizes that prediction should 

support periodontal judgment rather than replace it. 

Machine learning can help identify high-risk patients 

and vulnerable teeth, but its outputs must remain 

transparent, calibrated, and embedded in human 

decision-making. Clinicians should be able to interpret, 

question, and contextualize model recommendations 

within each patient’s broader care plan. 

Operationalizing this framework will require 

collaboration among periodontists, radiologists, 

informaticians, data scientists, software developers, 

and patients. Future work should validate multimodal 

models prospectively, evaluate their effect on 

treatment decisions, and monitor fairness across 

clinical populations. With careful implementation, 

machine learning-based periodontal prediction can 

become a practical tool for personalized prevention, 

maintenance planning, and long-term tooth 

preservation. 
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