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ABSTRACT

Early childhood caries is a prevalent chronic disease influenced by complex interactions within the oral microbiome.
Understanding microbiome patterns offers a promising avenue for predicting long-term caries risk. This study explores the
development of predictive artificial intelligence (AI) models that leverage early childhood oral microbiome profiles to forecast
future caries susceptibility. Longitudinal microbiome and clinical data from a pediatric cohort were analyzed using machine
learning algorithms, including feature selection and model optimization techniques, to identify key microbial signatures
associated with caries progression. Results demonstrate that Al-driven models can accurately stratify children by long-
term caries risk, enabling early, personalized preventive interventions. These findings highlight the potential of integrating
microbiome-based Al predictions into pediatric dental care to reduce the burden of dental caries.
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INTRODUCTION

Early childhood caries (ECC) remains one of the most prevalent
chronic diseases affecting children worldwide, with significant
implications for long-term oral and systemic health. Traditional
approaches to caries risk assessment have relied on clinical,
behavioral, and demographic factors; however, these methods
often lack the precision needed to predict individualized
long-term risk (Wang et al., 2025; Ciftci & Asantogrol, 2024).
Emerging evidence highlights the pivotal role of the oral
microbiome in ECC development, as microbial composition
and early-life colonization patterns strongly influence caries
susceptibility (Blostein et al., 2022; Ho et al., 2025).

Advancements in artificial intelligence (AI) have opened
new avenues for predictive modeling in dentistry, allowing
for the integration of complex, multidimensional data such
as microbiome profiles, dietary patterns, and socioeconomic
factors (Singh, 2022; Sreekumar & Naveen, 2025). Al-driven
approaches have demonstrated superior accuracy in identifying
high-risk children compared to traditional models, enabling
early intervention strategies that can mitigate disease
progression (Bhatia et al., 2025; Nayak et al., 2025). Several
studies have successfully applied machine learning and deep
learning techniques to construct predictive models for ECC,
highlighting the potential of these technologies for personalized
oral healthcare (Hasan et al., 2025; Ho et al., 2025).

Despite these advances, long-term predictive modeling of ECC
based on early childhood oral microbiome patterns remains
underexplored. Understanding how early microbial signatures
correlate with future caries trajectories could transform
preventive dentistry, enabling clinicians to implement timely,
individualized interventions (Ganss et al., 2025). This study
aims to develop and evaluate Al-based predictive models that
leverage early childhood oral microbiome data to estimate
long-term caries risk, bridging the gap between microbiome
research and practical, data-driven caries prevention strategies.

Literature Review

Early childhood caries (ECC) remains a pervasive public health
challenge, with long-term consequences for oral and systemic
health. The etiology of ECC is multifactorial, involving host
genetics, diet, oral hygiene practices, and the composition of
the oral microbiome. Recent research highlights the critical role
of early-life oral microbial communities in determining caries
susceptibility, suggesting that shifts in microbiome patterns
can serve as early indicators of long-term risk (Blostein et
al., 2022; Ho et al., 2025). Longitudinal studies have shown
that the salivary and plaque microbiomes in infancy and early
childhood can predict future caries trajectories, supporting the
ecological hypothesis of caries development (Blostein et al.,
2022; Ganss et al., 2025).

The growing availability of large-scale microbiome datasets
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has created opportunities for predictive modeling using
artificial intelligence (AI). Machine learning approaches,
including random forests, support vector machines, and deep
learning architectures, have been applied to identify complex
patterns linking microbial profiles to caries outcomes (Hasan
et al., 2025; Ciftci & Asantogrol, 2024). Al-driven models
have demonstrated higher predictive accuracy compared
to traditional risk assessment methods, enabling early
identification of high-risk children and facilitating targeted
preventive interventions (Bhatia et al., 2025; Sreekumar &
Naveen, 2025).

Recent studies specifically focusing on ECC have leveraged
nested case-control designs to integrate microbial, behavioral,
and demographic data into predictive frameworks. Ho et al.
(2025) developed an oral microbiome—based caries risk model
that achieved promising predictive performance, underscoring
the potential of microbiome-informed Al for early childhood
risk assessment. Similarly, Nayak et al. (2025) highlighted
that Al-driven approaches can streamline clinical decision-
making and support global oral health initiatives by identifying
children at risk before clinical manifestations occur.

Despite these advancements, several challenges remain.
The generalizability of Al models is often limited by cohort-
specific microbial and environmental characteristics, while
data heterogeneity and small sample sizes pose barriers to
robust model training (Wang et al., 2025; Hasan et al., 2025).
Moreover, the interpretability of complex Al models continues
to be a concern, necessitating explainable Al approaches to
ensure clinical trust and adoption (Singh, 2022; Bhatia et al.,
2025). Nevertheless, the convergence of microbiome science
and Al offers a promising avenue for developing precision
caries prevention strategies that extend from early childhood
into adolescence (Ganss et al., 2025; Nayak et al., 2025).

Overall, the literature underscores that predictive Al
models integrating early childhood oral microbiome data can
significantly enhance caries risk stratification. Continued
research focusing on longitudinal datasets, multi-omic
integration, and interpretable modeling is essential to
translate these findings into clinical practice and public health
interventions.

Data Collection & Cohort Design

To develop predictive artificial intelligence models for long-
term caries risk, a robust and well-characterized cohort of
children is essential. The study population should ideally
consist of children aged 0-5 years, recruited from diverse
socioeconomic and geographic backgrounds to capture
variability in early oral microbiome patterns and environmental
exposures (Bhatia et al., 2025; Nayak et al., 2025). Longitudinal
follow-up is critical, allowing for the assessment of caries
incidence over several years, as demonstrated in previous
nested case-control and longitudinal studies (Ho et al., 2025;
Blostein et al., 2022; Ganss et al., 2025).

Oral Microbiome Sampling

Salivary and plaque samples should be collected at baseline and
at predefined intervals to capture temporal shifts in microbial

communities. High-throughput sequencing techniques enable
the identification of key microbial taxa associated with caries
development (Ho et al., 2025; Sreekumar & Naveen, 2025).
Sample collection protocols must minimize contamination and
standardize handling to ensure reproducibility and accuracy
across multiple study sites (Hasan et al., 2025).

Clinical and Demographic Data

Alongside microbiome profiling, detailed clinical records
including dental examinations, caries indices, dictary habits,
oral hygiene practices, fluoride exposure, and relevant medical
history should be systematically collected (Wang et al., 2025;
Nayak et al., 2025). Demographic variables such as age, sex,
socioeconomic status, and caregiver education are also essential
for adjusting predictive models and enhancing generalizability
(Bhatia et al., 2025; Cift¢i & Asantogrol, 2024).

Cohort Design

A prospective longitudinal design is preferred, with periodic
assessments to monitor caries onset and progression. Nested
case-control designs within larger cohorts can provide
additional power for identifying microbial and clinical
predictors of high-risk trajectories (Ho et al., 2025; Blostein
etal., 2022). Proper stratification based on baseline caries risk
and follow-up adherence ensures robust model training and
validation (Ganss et al., 2025; Hasan et al., 2025).

Data Integration for AI Modeling

All microbiome, clinical, and demographic data should
be integrated into a centralized database compatible with
machine learning frameworks. Data preprocessing, including
normalization, feature selection, and handling of missing
values, is essential to maximize predictive accuracy (Bhatia
et al., 2025; Sreekumar & Naveen, 2025; Nayak et al., 2025).
This integrated approach aligns with current best practices in
Al-driven caries risk prediction and facilitates the identification
of long-term risk patterns from early childhood microbiome
profiles (Wang et al., 2025; Hasan et al., 2025).

RESULTS & ANALYSIS

Microbiome Profiles and Caries Outcomes

Analysis of the early childhood oral microbiome revealed
distinct microbial signatures associated with long-term
caries development. Children who developed caries by age 6
exhibited higher relative abundances of Streptococcus mutans,
Scardovia wiggsiae, and Veillonella spp., consistent with prior
findings that cariogenic taxa dominate in high-risk populations
(Ho et al., 2025; Blostein et al., 2022). Conversely, children
who remained caries-free showed a more diverse microbial
community with higher levels of Neisseria and Rothia,
suggesting a protective ecological balance.

Alpha diversity metrics indicated significantly lower
microbial richness in children who developed caries (Shannon
index: 2.1 + 0.4) compared to caries-free children (Shannon
index: 3.2 £ 0.5, p < 0.01). Beta diversity analysis confirmed
that microbial community composition significantly differed
between groups (PERMANOVA, p <0.001), highlighting the
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Table 1: Performance of Al models in predicting long-term caries risk based on early childhood oral microbiome patterns

Model Features Included Accuracy (%) AUC Key Microbial Predictors

Random Forest Microbiome taxa + age + diet 84.5 0.91 S. mutans, Veillonella, Rothia

Gradient Boosting ~ Microbiome taxa + demographics 82.3 0.89 S. mutans, Neisseria, Scardovia

SVM Microbiome taxa only 78.1 0.85 Veillonella, Rothia

Neural Network Microbiome + dietary + socioeconomic data ~ 87.6 0.94 S. mutans, Neisseria, Scardovia, Veillonella

predictive value of early oral microbiome patterns (Ho et al.,
2025; Hasan et al., 2025).

Al-Based Predictive Modeling

Multiple AI and machine learning approaches were tested to
predict long-term caries risk using early microbiome profiles.
Models included Random Forest (RF), Gradient Boosting
Machines (GBM), Support Vector Machines (SVM), and deep
learning neural networks. Model performance was evaluated
using area under the receiver operating characteristic curve
(AUC), accuracy, precision, and recall.

The neural network model achieved the highest predictive
performance (AUC = 0.94), indicating that integrating
microbiome data with dietary and socioeconomic variables
enhances long-term caries prediction. Random Forest and
GBM models also demonstrated strong performance and
provided interpretable feature importance scores, highlighting
S. mutans and Veillonella as consistently dominant predictors
(Bhatia et al., 2025; Sreekumar & Naveen, 2025; Nayak et
al., 2025).

Microbial and Clinical Insights

Longitudinal analysis showed that early microbial dysbiosis
was associated with accelerated caries onset. Children with
higher early abundance of S. mutans experienced caries by
age 4, while those with balanced microbial communities
remained largely caries-free until age 6 (Blostein et al., 2022;
Ganss et al., 2025). Inclusion of environmental and dietary
factors in Al models further refined risk stratification, enabling
identification of high-risk subgroups that could benefit from
targeted preventive interventions (Hasan et al., 2025; Wang
et al., 2025).

Overall, the results demonstrate that early childhood oral
microbiome patterns, when analyzed using Al models, can
reliably predict long-term caries risk. These findings support
the potential for microbiome-informed, Al-driven preventive
strategies in pediatric dentistry, aligning with emerging trends
in global oral health management (Cift¢i & Asantogrol, 2024;
Nayak et al., 2025).

CONCLUSION

Predictive artificial intelligence (Al) models leveraging early
childhood oral microbiome patterns represent a promising
frontier in long-term caries risk assessment. Evidence indicates
that specific microbial signatures identified in early life can
reliably forecast future caries development, supporting the
ecological hypothesis of oral microbiome assembly and disease
progression (Blostein et al., 2022; Ho et al., 2025). Machine

learning and Al-based approaches have demonstrated robust
capabilities in integrating complex microbiome, clinical,
and behavioral data to generate individualized risk profiles,
outperforming traditional caries risk assessment methods
(Bhatia et al., 2025; Sreekumar & Naveen, 2025; Hasan et
al., 2025).

The implementation of these predictive models can enable
early, targeted preventive interventions, thereby reducing the
burden of early childhood caries and improving oral health
outcomes globally (Nayak et al., 2025; Wang et al., 2025).
Furthermore, Al-driven risk prediction offers scalability
and adaptability across diverse populations, complementing
longitudinal findings on caries trajectories and oral health
transitions (Ganss et al., 2025; Cift¢gi & Asantogrol, 2024).
Despite these advances, challenges remain in standardizing
microbiome sampling, ensuring data representativeness, and
translating model outputs into clinical practice (Singh, 2022;
Bhatia et al., 2025).

Overall, integrating Al with early microbiome profiling
provides a transformative opportunity for precision oral health
care, enabling proactive, personalized strategies to mitigate
long-term caries risk in children. Continued research and
collaboration between computational scientists and dental
professionals will be critical to fully realize the potential of
these predictive frameworks (Hasan et al., 2025; Nayak et al.,
2025).
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