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ABSTRACT 
 

Dental caries remains one of the most common preventable oral diseases, yet many prevention programs still rely on broad 

age-based or service-based approaches rather than individualized risk estimation. This study aimed to develop and compare 

machine learning models for predicting 3-year incidence of new carious lesions using behavioral, clinical, and 

socioeconomic determinants. The central objective was to evaluate whether integrated multi-domain prediction improves 

identification of individuals who may benefit from intensified preventive care. A population-based oral health cohort with 

baseline and 3-year follow-up data was analyzed. Predictor variables included dietary sugar frequency, sugar-sweetened 

beverage intake, toothbrushing frequency, flossing habits, fluoride exposure, baseline DMFT, plaque index, salivary flow 

rate, household income, parental education, insurance type, and access-to-care indicators. Logistic regression with elastic 

net regularization, random forest, extreme gradient boosting, and a shallow neural network were trained using repeated 

cross-validation. Model performance was assessed using AUC, sensitivity, specificity, calibration slope, and calibration-

in-the-large. Extreme gradient boosting achieved the highest overall discrimination, with an AUC of 0.84 and sensitivity 

of 82% at the prespecified high-risk threshold. Calibration was acceptable after probability recalibration, indicating that 

the model could support risk-stratified interpretation rather than only rank-order classification. SHAP analysis identified 

baseline caries experience, sugar-sweetened beverage consumption, household income, plaque index, and irregular dental 

attendance as the most influential predictors. The findings suggest that behavioral and socioeconomic variables add 

meaningful predictive value beyond clinical indicators alone. The best-performing model therefore provides an 

interpretable framework for identifying high-risk individuals before additional cavitated lesions develop. The study is 

limited by the use of a single regional cohort, potential measurement error in self-reported behaviors, and absence of 

external validation. However, the results demonstrate the feasibility of integrating clinical, behavioral, and social 

determinants into machine learning-based caries prediction. This approach may support preventive dental care, community 

screening, and public health planning when validated across more diverse populations. 
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Introduction 

Dental caries remains a major public health concern because 

it is highly prevalent, cumulative across the life course, and 

strongly patterned by preventable exposures. Contemporary 

cariology frames caries as a biofilm-mediated, sugar-driven, 

and socially distributed disease rather than only a localized 

dental condition, which has increased attention to 

prevention and risk stratification [1]. The broader view of 

caries as a non-communicable disease also emphasizes that 

dietary behaviors, fluoride exposure, access to care, and 

social conditions interact over time to shape disease onset 

and progression [2]. These characteristics make caries 

prediction an important target for dental epidemiology and 

health informatics. 

Risk-based prevention is especially important because 

individuals with similar clinical presentations may differ 

substantially in future disease probability. Prevention-

oriented dental care has moved toward early detection, 

minimal intervention, and personalized recall or fluoride 

strategies, but accurate prospective risk classification 

remains difficult in routine settings [3]. Traditional caries 

risk tools provide structured guidance, yet systematic 

reviews have shown variation in predictive performance, 

transparency, and external validation across available 

models [4]. These limitations motivate data-driven 

approaches that can learn complex interactions among 

clinical, behavioral, and socioeconomic factors [5-7]. 

Machine learning has become increasingly relevant in 

dentistry because oral health datasets now include clinical 

examinations, survey variables, imaging, microbiological 

information, and administrative indicators. Reviews of 

artificial intelligence in dentistry highlight opportunities for 

prediction and decision support, while also warning that 

model performance must be interpreted alongside 

validation, bias, and clinical usefulness [8]. Data-centered 

dentistry further requires reproducible pipelines, meaningful 

feature construction, and careful linkage between 
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algorithmic outputs and care delivery [9]. These principles 

are directly applicable to caries prediction, where risk 

estimates must be understandable to clinicians and 

actionable for patients. 

The objective of this empirical study was to develop and 

validate machine learning models for predicting 3-year 

incidence of new cavitated carious lesions in a diverse 

population cohort. The analysis compared elastic net logistic 

regression, random forest, extreme gradient boosting, and a 

shallow neural network using a shared set of behavioral, 

clinical, and socioeconomic predictors. Prior caries 

prediction studies have demonstrated the potential of 

machine learning in adults [10], young adults [11], 

adolescents [12], and children [13], but fewer studies have 

evaluated integrated multi-domain models with 

interpretable risk explanations. The article proceeds by 

reviewing the literature, describing the cohort and modeling 

pipeline, reporting model performance, interpreting feature 

contributions, and discussing implications for preventive 

care. 

Literature review 

Traditional caries risk assessment has long attempted to 

combine clinical history, plaque status, fluoride exposure, 

diet, and social context into practical screening tools. 

However, standardized caries risk assessment models have 

shown inconsistent ability to predict present disease status 

and future increment across populations [14]. Meta-analytic 

evidence also indicates that many models remain limited by 

heterogeneous predictors, short follow-up, incomplete 

calibration reporting, and insufficient external validation 

[4]. These findings support the need for empirically 

validated prediction models that report both discrimination 

and calibration. 

Machine learning applications in caries prediction have 

expanded rapidly since 2017, particularly for early 

childhood caries and school-age populations. Studies using 

behavioral determinants have shown that algorithms can 

identify nonlinear combinations of diet, hygiene practices, 

and dental service variables associated with early childhood 

caries risk [15]. Other work has used machine learning to 

predict early childhood caries from broader clinical and 

household variables [16], and multi-platform child-mother 

dyad modeling has shown that family-level and biological 

information can jointly contribute to caries prediction [17]. 

These studies demonstrate feasibility but also reveal that 

input domains differ widely across investigations. 

Evidence in adolescents and adults indicates that machine 

learning can capture risk patterns beyond early childhood 

populations. A teenage caries prediction model 

incorporating environmental and genetic factors showed the 

value of combining individual and contextual variables [18]. 

Studies of untreated dental caries in adolescents have further 

demonstrated that survey-based models can support 

population-level risk identification [12]. Adult-focused 

work has shown that machine learning can predict caries risk 

groups and associated oral health risk factors using clinical 

and behavioral variables [1], suggesting relevance across the 

life course. 

Behavioral and social determinants are central to caries 

development and therefore should not be treated as 

secondary predictors. Longitudinal evidence links early-life 

sugar consumption patterns with later caries in permanent 

teeth [19], while adolescent follow-up data confirm that 

dietary factors remain important during later developmental 

stages [20]. Socioeconomic inequalities in dental caries 

have also been decomposed in national oral health data, 

demonstrating that income, education, and related structural 

conditions contribute substantially to unequal disease 

burden [21]. These findings justify a prediction framework 

that combines clinical indicators with modifiable behaviors 

and social determinants. 

Recent machine learning research also emphasizes 

interpretability, fairness, and implementation potential. 

Explainable and transparent caries prediction has been 

evaluated through cross-national validation, showing that 

model outputs can be made more clinically interpretable 

when feature contributions are examined directly [22]. 

Survey-based machine learning has also been proposed as a 

low-cost and scalable method for identifying children and 

adolescents with poor oral health [23], while short-form 

screening tools using item response theory and machine 

learning suggest possible translation into practical 

community assessment instruments [24]. The present study 

builds on this literature by evaluating multi-domain 

predictors, comparing several algorithms, and using SHAP 

explanations to connect model predictions with preventive 

decision-making. 

Materials and Methods 

This original empirical study used a regional population-

based oral health cohort that included baseline examination 

data and 3-year follow-up outcomes. Participants were 

recruited through community dental clinics, school-linked 

oral health programs, and public health survey invitations, 

allowing inclusion of both routine dental service users and 

individuals with less regular attendance. The analytic design 

was informed by prior longitudinal studies showing that 

caries development can be tracked from childhood to 

adolescence and that early clinical and behavioral factors 

influence later lesion incidence [25]. The final cohort 

consisted of participants with complete outcome 

ascertainment and sufficient baseline information for model 

development. 

The primary outcome was 3-year incidence of new cavitated 

carious lesions, defined as the presence of at least one newly 

recorded cavitated lesion at follow-up among participants 

who completed both examinations. This outcome was 

selected because incident cavitation reflects clinically 
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meaningful disease development and aligns with 

prevention-oriented cariology rather than only treatment 

history. Baseline caries experience was measured using 

DMFT or dmft according to age group, and previous 

research has shown that early childhood predictors and 

baseline disease status remain important for later caries 

outcomes [13]. Additional clinical variables included plaque 

index, salivary flow rate, visible plaque accumulation, 

fluoride exposure, and recent restorative treatment need [26, 

27]. 

Behavioral predictors captured sugar-sweetened beverage 

consumption, frequency of between-meal sugary snacks, 

toothbrushing frequency, flossing habits, fluoride toothpaste 

use, dental attendance pattern, and preventive visit history. 

These variables were selected because caries is strongly 

influenced by repeated sugar exposure and hygiene-related 

biofilm control, as emphasized in disease models that treat 

caries as a behaviorally mediated non-communicable 

condition [2]. The inclusion of diet variables was also 

supported by cohort evidence connecting sugar 

consumption patterns with caries in permanent teeth [19]. 

Self-reported behavioral variables were harmonized into 

clinically interpretable categories before modeling. 

Socioeconomic and access-to-care predictors included 

household income, parental or participant education, 

employment status, dental insurance type, neighborhood 

deprivation score, usual source of dental care, and out-of-

pocket cost barriers. These variables were incorporated 

because caries risk is socially patterned and because 

socioeconomic inequalities in dental caries cannot be fully 

explained by clinical factors alone [28]. Prior machine 

learning studies have also shown that environmental, 

family-level, and survey-based variables can improve 

prediction when combined with oral health information [17, 

23]. Insurance and access variables were encoded to 

distinguish public coverage, private coverage, mixed 

coverage, and no regular dental coverage. 

Data preprocessing included missing-value imputation, 

outlier inspection, one-hot encoding of categorical 

variables, and standardization of continuous predictors 

where required. Continuous clinical and behavioral 

predictors were Winsorized only when values were 

implausible according to examination protocols, and 

imputation was performed within cross-validation folds to 

avoid information leakage. Logistic regression with elastic 

net regularization, random forest, extreme gradient 

boosting, and a shallow neural network were trained using 

the same candidate predictor set, reflecting algorithms 

commonly evaluated in caries and oral health prediction 

studies [29, 30]. Hyperparameters were tuned using 

repeated 10-fold cross-validation, and model performance 

was assessed using AUC, sensitivity, specificity, positive 

predictive value, negative predictive value, and calibration 

slope. 

SHAP values were calculated for the best-performing model 

to quantify the direction and magnitude of each predictor’s 

contribution to individualized risk estimates. This 

interpretability approach was selected because explainable 

caries prediction studies have shown the importance of 

transparent feature attribution for clinical trust and cross-

population assessment [22]. Model evaluation also 

considered whether the multi-domain model improved over 

a clinical-only baseline, consistent with the need to test 

whether behavioral and social predictors add practical value 

beyond conventional clinical indicators [4]. Table 1 

summarizes the demographic, behavioral, clinical, and 

socioeconomic characteristics of the study cohort. 

 

Table 1. Baseline Characteristics of the Study Population Stratified by Caries Incidence 

Characteristic 
Overall cohort 

(n = 4,862) 

No new carious lesions 

at 3 years (n = 3,509) 

New carious lesions at 3 

years (n = 1,353) 

Age, mean ± SD, years 14.8 ± 6.2 14.6 ± 6.0 15.3 ± 6.5 

Female sex, n (%) 2,516 (51.7) 1,833 (52.2) 683 (50.5) 

Baseline DMFT/dmft, mean ± SD 2.1 ± 2.4 1.6 ± 2.0 3.4 ± 2.8 

Plaque index, mean ± SD 1.3 ± 0.7 1.1 ± 0.6 1.8 ± 0.8 

Low salivary flow rate, n (%) 674 (13.9) 387 (11.0) 287 (21.2) 

Daily sugar-sweetened beverage intake, n (%) 1,214 (25.0) 739 (21.1) 475 (35.1) 

Sugary snacks ≥2 times/day, n (%) 1,586 (32.6) 1,004 (28.6) 582 (43.0) 

Brushing fewer than twice daily, n (%) 1,443 (29.7) 899 (25.6) 544 (40.2) 

Regular fluoride toothpaste use, n (%) 4,201 (86.4) 3,108 (88.6) 1,093 (80.8) 

Irregular dental attendance, n (%) 1,768 (36.4) 1,120 (31.9) 648 (47.9) 

Lowest household income tertile, n (%) 1,512 (31.1) 936 (26.7) 576 (42.6) 

Parent or participant education ≤high school, n (%) 1,839 (37.8) 1,209 (34.5) 630 (46.6) 

Public insurance or no dental insurance, n (%) 1,644 (33.8) 1,010 (28.8) 634 (46.9) 

Neighborhood deprivation score, mean ± SD 0.42 ± 0.91 0.28 ± 0.86 0.79 ± 0.96 

Three-year incidence of new cavitated lesions, n (%) 1,353 (27.8) 0 (0.0) 1,353 (100.0) 
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Results and Discussion 

The final analytic cohort included 4,862 participants with 

baseline and 3-year follow-up oral health data, and 1,353 

participants developed at least one new cavitated carious 

lesion during follow-up, corresponding to an incidence rate 

of 27.8%. Participants with incident caries had higher 

baseline DMFT/dmft, higher plaque index, more frequent 

sugar-sweetened beverage intake, and lower household 

income than those without new lesions. This pattern is 

consistent with longitudinal evidence showing that early 

disease experience and childhood predictors remain 

important for subsequent caries development [13, 31]. The 

observed incidence also supports the use of prospective 

prediction rather than cross-sectional classification alone, as 

recommended in longitudinal caries research [25]. 

Model performance differed meaningfully across 

algorithms, with extreme gradient boosting achieving the 

strongest discrimination. XGBoost produced an AUC of 

0.84, sensitivity of 82.0%, and specificity of 73.1% at the 

prespecified high-risk threshold, followed by random forest 

with an AUC of 0.81. Logistic regression with elastic net 

regularization performed adequately but showed lower 

sensitivity, while the shallow neural network did not 

outperform tree-based models. Table 2 reports the 

predictive performance metrics for all machine learning 

models. These findings align with prior caries prediction 

studies showing that machine learning models can improve 

risk classification in adults, young adults, adolescents, and 

early childhood populations [10-12]. 

Table 2. Performance Comparison of Machine Learning Models for Caries Risk Prediction 

Model 
Predictor domains 

included 
AUC 

Sensitivity 

(%) 

Specificity 

(%) 

Positive 

predictive 

value (%) 

Negative 

predictive 

value (%) 

Calibration 

slope 

Clinical-only baseline 

logistic model 
Clinical only 0.73 68.4 66.9 44.1 84.5 0.82 

Elastic net logistic 

regression 

Behavioral, clinical, 

socioeconomic 
0.78 74.6 69.8 48.8 87.7 0.91 

Random forest 
Behavioral, clinical, 

socioeconomic 
0.81 79.3 71.6 51.8 89.9 0.88 

Extreme gradient 

boosting 

Behavioral, clinical, 

socioeconomic 
0.84 82.0 73.1 54.3 91.2 0.96 

Shallow neural 

network 

Behavioral, clinical, 

socioeconomic 
0.80 77.5 70.4 50.2 89.0 0.86 

The clinical-only baseline model had lower discrimination 

than every multi-domain model, indicating that behavioral 

and socioeconomic information improved risk estimation 

beyond baseline oral disease indicators. The largest 

incremental gain occurred when household income, 

insurance type, dietary sugar frequency, and irregular dental 

attendance were added to baseline DMFT/dmft and plaque 

index. This result is consistent with evidence that caries risk 

assessment models require stronger validation and better 

reporting of calibration, not only higher AUC values [4, 14]. 

It also supports earlier comparisons showing that artificial 

intelligence models and traditional regression models can 

differ in their ability to capture complex caries risk patterns 

[29]. 

The SHAP analysis showed that baseline DMFT/dmft was 

the strongest contributor to predicted risk, followed by 

sugar-sweetened beverage intake, household income, 

plaque index, irregular dental attendance, and fluoride 

toothpaste use. Higher baseline caries experience, higher 

plaque scores, daily sugar-sweetened beverage 

consumption, lower income, and public or absent dental 

insurance shifted predictions toward higher risk. In contrast, 

regular fluoride toothpaste use and regular preventive dental 

attendance shifted predictions toward lower risk. Table 3 

lists the top predictors identified by SHAP analysis and their 

average impact on the prediction. The interpretability results 

are consistent with prior calls for transparent dental artificial 

intelligence and systematic assessment of machine learning 

methods in caries diagnosis and prognosis [9, 22, 30]. 

Table 3. Feature Importance Ranking Based on SHAP Values for the Best-Performing Model 

Ran

k 
Predictor Predictor domain Direction of higher-risk contribution 

Mean absolute 

SHAP value 

1 Baseline DMFT/dmft Clinical 
Higher baseline caries experience increased 

predicted risk 
0.186 

2 Daily sugar-sweetened beverage intake Behavioral Daily intake increased predicted risk 0.154 

3 Lowest household income tertile Socioeconomic Lower income increased predicted risk 0.139 
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4 Plaque index Clinical Higher plaque index increased predicted risk 0.126 

5 Irregular dental attendance Behavioral/access Irregular attendance increased predicted risk 0.118 

6 Public insurance or no dental insurance 
Socioeconomic/ 

access 

Less comprehensive coverage increased predicted 

risk 
0.103 

7 Brushing fewer than twice daily Behavioral Less frequent brushing increased predicted risk 0.094 

8 Low salivary flow rate Clinical Reduced salivary flow increased predicted risk 0.083 

9 Sugary snacks ≥2 times/day Behavioral Frequent snacking increased predicted risk 0.076 

10 Regular fluoride toothpaste use Behavioral/preventive Regular use decreased predicted risk 0.071 

Figure 1 illustrates the complete caries risk prediction 

workflow, comparative model performance, calibration 

behavior, and SHAP-based interpretation of the best-

performing XGBoost model. 

 

  
a) b) 

  
c) d) 

 
Figure 1. Multi-Domain Machine Learning Framework and Interpretable Performance Profile for 3-Year Dental Caries 

Risk Prediction 

 

Individualized risk score inspection showed that the 

XGBoost model could distinguish high-risk participants 

with different combinations of risk factors. For example, 

one participant with high baseline DMFT/dmft, daily sugary 

beverage intake, low household income, and irregular dental 

attendance had a predicted 3-year caries risk of 68%, while 
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another participant with similar baseline DMFT/dmft but 

regular fluoride use and stable preventive attendance had a 

predicted risk of 39%. This difference illustrates how multi-

domain risk profiles may support more individualized 

preventive decisions than clinical history alone. Similar 

screening-oriented approaches have been used in pediatric 

caries prediction, short-form caries screening, and multi-

modal dental decision support systems [24, 32, 33]. 

Subgroup inspection suggested that discrimination 

remained acceptable across sex and age strata, although 

calibration was weaker among participants in the lowest 

income tertile. This finding is important because several 

machine learning studies have emphasized validation across 

populations, limited-data scenarios, and real-world oral 

health datasets [23, 34, 35]. The model also performed better 

for predicting incident cavitation than for identifying 

participants who later required operative treatment, 

suggesting that treatment pathways may reflect service 

access as well as disease activity. Prior research on 

treatment outcome prediction in early childhood caries 

supports the need to distinguish biological risk, clinical 

progression, and care-delivery outcomes when interpreting 

dental prediction models [28]. 

The main finding of this study is that a multi-domain 

XGBoost model provided the strongest prediction of 3-year 

incident caries, outperforming elastic net logistic regression, 

random forest, a shallow neural network, and a clinical-only 

baseline model. The superiority of XGBoost is likely related 

to its ability to model nonlinear interactions among baseline 

disease, sugar exposure, plaque accumulation, and 

socioeconomic disadvantage. Previous machine learning 

studies in caries prediction have also reported strong 

performance when models incorporate diverse clinical and 

non-clinical variables [15, 16, 18]. However, the present 

analysis extends that work by directly comparing multi-

domain models with a clinical-only baseline. 

The SHAP results confirm that caries prediction should not 

be reduced to baseline disease status, even though prior 

caries experience remained the most influential feature. 

Sugar-sweetened beverage intake and frequent sugary 

snacking were among the most important behavioral 

predictors, consistent with cohort evidence linking dietary 

patterns to caries development in permanent teeth and 

adolescence [19, 20]. Household income, insurance type, 

and neighborhood deprivation also contributed substantially 

to predicted risk, reinforcing evidence that caries is socially 

patterned and unequally distributed [21]. These results 

support a public-health interpretation of caries risk rather 

than a purely chairside clinical interpretation. 

The clinical relevance of the model lies in its ability to 

identify modifiable contributors to risk. A high-risk 

prediction driven mainly by plaque index, sugar-sweetened 

beverages, and irregular brushing suggests a different 

preventive plan than a high-risk prediction driven by low 

income, lack of insurance, and irregular access to dental 

care. This distinction is consistent with prevention and 

minimal-intervention principles in modern cariology, where 

risk management should occur before extensive restorative 

treatment is needed [3]. It also aligns with the concept of 

dental caries as a non-communicable disease shaped by both 

individual behaviors and structural conditions [2]. 

The findings also emphasize the added value of 

explainability in dental prediction models. Without SHAP 

explanations, a high predicted probability might be difficult 

for clinicians, patients, or public health teams to interpret 

[36-39]. Explainable prediction can show whether risk is 

primarily associated with prior disease experience, sugar 

exposure, plaque accumulation, salivary factors, or 

socioeconomic barriers, thereby improving trust and 

actionability [22]. This approach responds to broader 

concerns in dental artificial intelligence about transparency, 

validation, and responsible clinical integration [8, 9]. 

Implications 

For dental public health, the model could support risk-

stratified prevention by identifying individuals or subgroups 

who may benefit from intensified fluoride varnish, dietary 

counseling, recall scheduling, or community-based 

preventive programs. Survey-based and low-cost machine 

learning approaches have already shown potential for 

scalable oral health screening in children and adolescents 

[23]. The present findings suggest that a similar strategy 

could be extended to broader population cohorts when 

clinical, behavioral, and socioeconomic variables are 

collected together. Such a tool would be especially useful in 

settings where universal intensive prevention is not feasible. 

For clinical practice, integration into electronic dental 

record systems could provide automated caries risk 

assessment at the point of care. A model that updates risk 

estimates when new clinical findings, behavior reports, or 

insurance information are entered could help dental teams 

identify patients who require more proactive prevention. 

Prior research on data dentistry emphasizes that predictive 

tools must be embedded into clinical workflows rather than 

treated as isolated algorithms [9]. The SHAP outputs in this 

study could be displayed as patient-specific explanations to 

guide shared decision-making and preventive counseling. 

For policy, the importance of household income, insurance 

type, and neighborhood deprivation indicates that 

preventive dental strategies must address social 

determinants rather than relying only on individual behavior 

change. If risk scores consistently identify disadvantaged 

groups as high risk, policymakers should interpret this as 

evidence for improved preventive coverage, community 

fluoride programs, school-based services, and reduced cost 

barriers. The decomposition of socioeconomic inequalities 

in dental caries demonstrates that unequal oral health 

outcomes are shaped by structural conditions as well as 

clinical risk factors [21]. Therefore, algorithmic caries 
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prediction should be paired with equity-focused intervention 

planning. 

Limitations and future research 

This study has several limitations. First, the data came from 

a single regional cohort, which may limit generalizability to 

populations with different dental care systems, fluoride 

exposure patterns, dietary norms, or socioeconomic 

distributions. Cross-national validation work in explainable 

caries prediction shows that model performance may shift 

when applied across settings [22]. Future research should 

externally validate the model in independent cohorts before 

clinical deployment. 

Second, several behavioral variables were self-reported, 

including sugar-sweetened beverage intake, sugary 

snacking, toothbrushing frequency, flossing, and dental 

attendance patterns. Self-report may introduce recall bias or 

social desirability bias, especially for behaviors that are 

routinely targeted in dental counseling. Although dietary 

and behavioral variables are epidemiologically important, 

longitudinal evidence also shows that measurement timing 

and repeated exposure assessment can influence estimated 

associations with caries outcomes [19, 20]. Future studies 

should incorporate repeated behavioral measurements, 

objective fluoride exposure indicators, and more granular 

dietary data. 

Third, the present model did not include genetic markers, 

salivary microbiome profiles, detailed bacterial measures, or 

radiographic imaging features. Prior studies have shown that 

environmental and genetic variables, child-mother dyad 

data, and multi-modal dental information can contribute to 

caries prediction [17, 18, 33]. Future research should 

evaluate whether adding microbiome, genetic, imaging, or 

treatment-history data improves prediction sufficiently to 

justify additional cost and complexity. Implementation 

studies should also assess whether risk scores change 

clinical decisions, improve preventive uptake, reduce 

incident caries, and avoid reinforcing inequities across 

insurance and income groups [14, 28]. 

Conclusion 

This original empirical study developed and validated 

machine learning models for predicting 3-year incidence of 

new cavitated carious lesions using behavioral, clinical, and 

socioeconomic determinants. Among the evaluated models, 

extreme gradient boosting achieved the strongest overall 

performance, with high discrimination, acceptable 

calibration, and clinically interpretable feature 

contributions. The results demonstrate that multi-domain 

prediction improves risk identification compared with 

clinical variables alone. 

The most influential predictors included baseline caries 

experience, sugar-sweetened beverage intake, household 

income, plaque index, irregular dental attendance, insurance 

type, and fluoride toothpaste use. These findings show that 

caries risk is not only a function of prior disease but also 

reflects modifiable behaviors and structural access barriers. 

Interpretable machine learning can therefore support 

preventive strategies that are both individualized and public-

health oriented. 

Before implementation, the model requires external 

validation, workflow testing, and equity assessment in 

diverse dental care settings. With appropriate validation and 

governance, machine learning-based caries prediction could 

help dental teams and public health programs allocate 

preventive resources more effectively. The study supports 

the translation of interpretable, multi-domain risk prediction 

into risk-stratified preventive dental care. 
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