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Abstract
Recurrent aphthous ulcers (RAU) are common inflammatory oral lesions characterized by repeated episodes of painful 
ulceration, with susceptibility influenced by nutritional, genetic, microbial, immune, and environmental factors. Conventional 
approaches to RAU prediction primarily depend on clinical history and identifiable risk factors, limiting their ability to 
capture complex interactions among biological determinants. This paper proposes a machine learning model that integrates 
nutritional, genetic, and microbiome data to improve individualized prediction of RAU recurrence. Nutritional variables may 
include dietary patterns, micronutrient intake, and nutritional deficiencies, while genetic features may encompass immune-
related susceptibility markers and inflammatory response variants. Oral and gut microbiome characteristics, including 
microbial diversity, abundance, and dysbiosis-associated patterns, can provide additional biological predictors. Machine 
learning algorithms can combine these heterogeneous datasets to identify nonlinear relationships and generate individualized 
risk scores. Explainable artificial intelligence may further clarify the relative contribution of dietary, genetic, and microbial 
factors to predicted risk. Such a multimodal framework could support early identification of susceptible individuals and 
enable personalized preventive strategies, including nutritional modification and targeted oral-health interventions. Future 
validation using large longitudinal cohorts, standardized biological measurements, and diverse populations will be essential 
for establishing clinical reliability and practical implementation.
Keywords: Recurrent aphthous ulcers; machine learning; artificial intelligence; nutrition; genetics; microbiome; predictive 
modeling; precision oral medicine; oral immunity; personalized healthcare.

Introduction and Rationale
Recurrent aphthous ulcers (RAU) are among the most 
common recurrent inflammatory conditions of the 
oral mucosa and are characterized by episodic, painful 
ulceration that can interfere with eating, speaking, 
and overall quality of life. Their development is 
multifactorial, involving immune dysregulation, 
nutritional status, genetic susceptibility, microbial 
alterations, and environmental inf luences. 
Consequently, conventional clinical assessment based 
primarily on symptoms and medical history may 
have limited capacity to accurately predict recurrence 
in individual patients.

Nutritional factors represent an important 
and potentially modifiable component of RAU 
susceptibility. Evidence from population-level 
analyses indicates relationships between dietary 

intake, health status, and oral-ulcer occurrence, 
while machine learning approaches may improve 
the identification of complex nutritional risk 
patterns (Yang et al., 2025). Similarly, microbiome 
research has demonstrated associations between gut 
microbial composition and RAU, suggesting that 
microbial signatures may provide useful predictive 
information (Wang et al., 2022). The broader oral–
gut microbiome axis further supports consideration 
of interactions between microbial ecosystems and 
systemic inflammatory processes (Kim et al., 2025).

Advances in oral immunology have also 
introduced biomarkers capable of characterizing 
immune activity and potentially improving disease 
prediction (Gasmi et al., 2025). Integrating these 
biological parameters with artificial intelligence may 
enable the identification of nonlinear relationships 
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that are difficult to recognize through conventional 
statistical approaches (Singh, 2022). Personalized 
oral-health strategies similarly emphasize the value 
of tailoring prevention and disease management 
according to individual biological and clinical 
characteristics (Marinelli et al., 2024).

Although Singh (2019) primarily addresses bio-
ceramic approaches in vital pulp therapy, its broader 
emphasis on biologically informed dental treatment 
reinforces the importance of integrating biological 
evidence into individualized oral-care strategies. 
Therefore, a machine learning model combining 
nutrition, genetics, microbiome characteristics, 
and immune-related information could provide a 
foundation for more accurate RAU risk prediction 
and personalized preventive care.

Integrated Machine Learning Model
An integrated machine learning model for recurrent 
aphthous ulcer (RAU) prediction should combine 
nutritional, genetic, microbiome, immunological, 
and clinical variables to capture the multifactorial 
nature of disease susceptibility. Nutritional inputs 
may include dietary patterns, micronutrient intake, 
nutritional deficiencies, and overall health status. 
Evidence from machine-learning analysis of 
population data indicates that dietary and health-
related factors can contribute to oral-ulcer risk, 
supporting their incorporation into predictive models 
(Yang et al., 2025).

Genetic features may include immune-regulatory 
polymorphisms, inflammatory susceptibility markers, 
and other genomic characteristics associated with 
individual responses to oral inflammatory conditions. 
These data can be combined with microbiome 
features, including microbial diversity, relative 
abundance of specific taxa, and dysbiosis patterns. 
Metagenome-wide evidence has demonstrated 
associations between gut microbial characteristics 
and RAU, highlighting the potential value of 
microbiome-derived predictors (Wang et al., 2022). 
Integration of oral and gut microbial information may 
further characterize interactions within the oral–gut 
microbiome axis (Kim et al., 2025).

The model can additionally incorporate oral 
immune biomarkers, previous ulcer frequency, 

clinical history, and systemic inf lammatory 
indicators. Emerging oral-immunity biomarkers may 
provide valuable features for improving disease-risk 
stratification (Gasmi et al., 2025). Algorithms such 
as random forests, gradient boosting, support-vector 
machines, and neural networks could identify complex 
nonlinear relationships among these heterogeneous 
variables. Artificial intelligence approaches can 
facilitate analysis of multidimensional clinical 
datasets and support predictive decision-making 
(Singh, 2022).

Finally, explainable machine learning should be 
incorporated to identify the variables contributing 
most strongly to individual risk predictions. 
Such an approach aligns with personalized oral-
health management by enabling patient-specific 
prevention and monitoring strategies (Marinelli et 
al., 2024). Although Singh (2019) primarily addresses 
bioceramic-based vital pulp therapy, its broader 
relevance to biologically informed dental treatment 
supports continued integration of biological evidence 
into individualized oral healthcare models.

Clinical Applications and Future 
Perspectives
The integration of nutrition, genetics, microbiome 
characteristics, and clinical variables into machine 
learning could enable earlier identification of 
individuals at high risk for recurrent aphthous 
ulcers (RAU). Nutritional assessment represents 
an important component because dietary patterns, 
nutrient deficiencies, and overall health status may 
influence susceptibility to oral ulceration. Machine 
learning analysis of nutritional and health-related 
variables has demonstrated potential for identifying 
relationships between diet and oral ulcers, supporting 
their incorporation into individualized RAU risk 
prediction (Yang et al., 2025).

Microbiome profiling could provide an additional 
biological dimension to prediction. Alterations in gut 
microbial composition have been associated with 
RAU, suggesting that microbial signatures may serve 
as predictive biomarkers or help identify disease-
associated biological pathways (Wang et al., 2022). 
Integration of oral and gut microbiome information 
may further strengthen understanding of interactions 
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between systemic conditions and oral inflammatory 
disorders (Kim et al., 2025).

Genetic susceptibility and oral immune biomarkers 
could complement these predictors by identifying 
individuals with heightened inflammatory or immune 
responses. Advances in oral-immunity biomarkers 
may facilitate more precise disease stratification and 
monitoring (Gasmi et al., 2025). Artificial intelligence 
can integrate these heterogeneous datasets and detect 
complex nonlinear relationships that may not be 
apparent through conventional statistical approaches 
(Singh, 2022).

Clinically, the resulting model could generate 
individualized recurrence-risk scores and support 
personalized dietary counseling, preventive 
monitoring, and targeted oral-health interventions. 
Such individualized approaches are consistent with 
the broader movement toward personalized oral 
disease management (Marinelli et al., 2024). Future 
research should prioritize longitudinal and multi-
ethnic datasets, external validation, standardized 
microbiome and genetic measurements, explainable 
AI, and clinically interpretable prediction thresholds. 
Careful validation will be necessary before routine 
clinical adoption, while integration with preventive 
oral-care strategies could enhance patient-centered 
management (Singh, 2019).

Conclusion
The integration of nutrition, genetics, microbiome 
characteristics, and clinical information into a 
machine learning framework represents a promising 
approach for predicting recurrent aphthous ulcer 
(RAU) susceptibility and recurrence. RAU is a 
multifactorial condition, and conventional clinical 
assessment may not adequately capture the complex 
interactions among nutritional status, immune 
responses, genetic predisposition, and microbial 
dysbiosis. Evidence linking gut microbial alterations 
with RAU supports the potential value of microbiome-
derived predictors in risk stratification (Wang et 
al., 2022). Similarly, machine learning analysis of 
nutritional and health-related variables may provide 
valuable insights into the relationship between 
dietary factors and oral-ulcer risk (Yang et al., 2025).

The incorporation of immune-related biomarkers 
could further strengthen predictive performance by 

providing measurable indicators of individual oral 
inflammatory status (Gasmi et al., 2025). Advances 
in artificial intelligence demonstrate the potential 
for computational models to analyze complex 
clinical datasets and support more individualized 
decision-making (Singh, 2022). This aligns with the 
broader movement toward personalized oral-health 
management, in which preventive and therapeutic 
strategies are increasingly tailored to individual 
biological and clinical characteristics (Marinelli et 
al., 2024).

Future models should therefore emphasize 
multimodal data integration, explainability, external 
validation, longitudinal monitoring, and clinically 
meaningful risk thresholds. Consideration of 
oral–gut microbial interactions may also improve 
understanding of systemic inf luences on oral 
disease susceptibility (Kim et al., 2025). Although 
bioceramic approaches described in dental treatment 
literature highlight the broader importance of 
biologically informed oral care (Singh, 2019), 
predictive RAU models require dedicated clinical 
validation. Ultimately, an accurate and interpretable 
machine learning system could facilitate earlier risk 
identification, personalized prevention, and more 
precise management of recurrent aphthous ulcers.
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