
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; Çiftçi & Aşantoğrol, 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). AI-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 AI-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; Çiftçi & Aşantoğrol, 2024). AI-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 AI for early childhood 
risk assessment. Similarly, Nayak et al. (2025) highlighted 
that AI-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 AI 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 AI models continues 
to be a concern, necessitating explainable AI approaches to 
ensure clinical trust and adoption (Singh, 2022; Bhatia et al., 
2025). Nevertheless, the convergence of microbiome science 
and AI 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 AI 
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, dietary 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; Çiftçi & Aşantoğrol, 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 
et al., 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 
AI-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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predictive value of early oral microbiome patterns (Ho et al., 
2025; Hasan et al., 2025).
AI-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 AI 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 AI models, can 
reliably predict long-term caries risk. These findings support 
the potential for microbiome-informed, AI-driven preventive 
strategies in pediatric dentistry, aligning with emerging trends 
in global oral health management (Çiftçi & Aşantoğrol, 2024; 
Nayak et al., 2025).

CONCLUSION
Predictive artificial intelligence (AI) 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 AI-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, AI-driven risk prediction offers scalability 
and adaptability across diverse populations, complementing 
longitudinal findings on caries trajectories and oral health 
transitions (Ganss et al., 2025; Çiftçi & Aşantoğrol, 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 AI 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).

REFERENCES
1.	 Singh, S. (2022). The Role of Artif icial Intelligence in 

Endodontics: Advancements, Applications, and Future Prospects. 
Well Testing Journal, 31(1), 125-144. 

2.	 Bhatia, S., Gupta, V. K., Kumar, S., Mishra, G., Malhotra, S., 
Arif, K., ... & Mahajan, A. (2025). Artificial intelligence based 
techniques for caries risk prediction and assessment: A scoping 
review. Journal of Oral Biology and Craniofacial Research, 
15(6), 1497-1507.

3.	 Singh, S. (2020). Irrigation Dynamics in Endodontics: Advances, 
Challenges and Clinical Implications. Indian Journal of 
Pharmaceutical and Biological Research, 8(02), 26-32.

4.	 Ho, T. E., Yang, Y. M., Gu, W. J., Meng, W., Chen, X. Y., Wu, 
S. C., ... & Lu, H. X. (2025). Construction of an early childhood 
caries risk prediction model based on the oral microbiome: a 
nested case‒control study. BMC Oral Health, 25(1), 923.

5.	 Sreekumar, R., & Naveen, S. N. (2025). Application of artificial 
intelligence technologies for the detection of early childhood 
caries. Discover Artificial Intelligence, 5(1), 1-16.

6.	 Nayak, P. P., Shetty, V., Zacharias, L., & Gore, I. (2025). 
AI-driven approaches in the management of early childhood 
caries: A path toward global oral health. Journal of Oral Biology 

Table 1: Performance of AI 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 Artificial Intelligence Models for Long-Term Caries Risk Based on Early Childhood Oral Microbiome Patterns

IJCSB, Volume 15 Issue 1, January - December 2026 Page 4

and Craniofacial Research, 15(5), 1134-1140.
7.	 Hasan, F., Tantawi, M. E., Haque, F., Foláyan, M. O., & Virtanen, 

J. I. (2025). Early childhood caries risk prediction using machine 
learning approaches in Bangladesh. BMC Oral Health, 25(1), 49.

8.	 Wang, X., Zhang, P., Lu, H., Luo, D., Yang, D., Li, K., ... & Zeng, 
X. (2025). Risk prediction models for dental caries in children 
and adolescents: a systematic review and meta-analysis. BMJ 
open, 15(3), e088253.

9.	 Çiftçi, B. T., & Aşantoğrol, F. (2024). Utilization of machine 
learning models in predicting caries risk groups and oral health-
related risk factors in adults. BMC Oral Health, 24(1), 430.

10.	 Blostein, F., Bhaumik, D., Davis, E., Salzman, E., Shedden, K., 
Duhaime, M., ... & Foxman, B. (2022). Evaluating the ecological 
hypothesis: early life salivary microbiome assembly predicts 
dental caries in a longitudinal case-control study. Microbiome, 
10(1), 240.

11.	 Ganss, C., Bock, N. C., Jung, K., Klaus, K., Ruf, S., & Schulz-
Weidner, N. (2025). Caries risk trajectories in a changing oral 
health landscape. A longitudinal study of orthodontic patients 
across four decades. Journal of Dentistry, 106216.

12.	 Bello, I. O. (2020). The Economics of Trust: Why Institutional 
Confidence Is the New Currency of Governance. International 
Journal of Technology, Management and Humanities, 6(03-04), 
74-92.

13.	 Akinyemi, A. (2021). Cybersecurity Risks and Threats in the 
Era of Pandemic-Induced Digital Transformation. International 
Journal of Technology, Management and Humanities, 7(04), 
51-62.

14.	 Kumar, S. (2007). Patterns in the daily diary of the 41st president, 
George Bush (Doctoral dissertation, Texas A&M University).

15.	 Amuda, B. (2020). Integration of Remote Sensing and GIS 
for Early Warning Systems of Malaria Epidemics in Nigeria. 
SAMRIDDHI: A Journal of Physical Sciences, Engineering and 
Technology, 12(02), 145-152.

16.	 Taiwo, S. O. (2022). PFAI™: A Predictive Financial Planning and 
Analysis Intelligence Framework for Transforming Enterprise 
Decision-Making. International Journal of Scientific Research 
in Science Engineering and Technology, 10.

17.	 Akinyemi, A. (2021). Cybersecurity Risks and Threats in the 
Era of Pandemic-Induced Digital Transformation. International 
Journal of Technology, Management and Humanities, 7(04), 
51-62.

18.	 Akinyemi, A. (2022). Zero Trust Security Architecture: 
Principles and Early Adoption. International Journal of 
Technology, Management and Humanities, 8(02), 11-22.

19.	 SANUSI, B. O. (2022). Sustainable Stormwater Management: 
Evaluating the Effectiveness of Green Infrastructure in 
Midwestern Cities. Well Testing Journal, 31(2), 74-96.

20.	 Sanusi, B. O. Risk Management in Civil Engineering Projects 
Using Data Analytics.

21.	 Bodunwa, O. K., & Makinde, J. O. (2020). Application of Critical 
Path Method (CPM) and Project Evaluation Review Techniques 
(PERT) in Project Planning and Scheduling. J. Math. Stat. Sci, 
6, 1-8.

22.	 Sanusi, B. O. Risk Management in Civil Engineering Projects 
Using Data Analytics.

23.	 Isqeel Adesegun, O., Akinpeloye, O. J., & Dada, L. A. (2020). 
Probability Distribution Fitting to Maternal Mortality Rates in 
Nigeria. Asian Journal of Mathematical Sciences.

24.	 Akinyemi, A. (2022). Zero Trust Security Architecture: 
Principles and Early Adoption. International Journal of 
Technology, Management and Humanities, 8(02), 11-22.

25.	 Akinyemi, A. (2022). Securing Critical Infrastructure Against 
Cyber Attacks. SAMRIDDHI: A Journal of Physical Sciences, 
Engineering and Technology, 14(04), 201-209.

26.	 Bello, I. O. (2021). Humanizing Automation: Lessons from 
Amazon’s Workforce Transition to Robotics. International 
Journal of Technology, Management and Humanities, 7(04), 
41-50.

27.	 Amuda, B. (2022). Integrating Social Media and GIS Data 
to Map Vaccine Hesitancy Hotspots in the United States. 
Multidisciplinary Innovations & Research Analysis, 3(4), 35-50.

28.	 Akinyemi, A. (2022). Securing Critical Infrastructure Against 
Cyber Attacks. SAMRIDDHI: A Journal of Physical Sciences, 
Engineering and Technology, 14(04), 201-209.

29.	 Bello, I. O. (2020). The Economics of Trust: Why Institutional 
Confidence Is the New Currency of Governance. International 
Journal of Technology, Management and Humanities, 6(03-04), 
74-92.

30.	 Akinyemi, A. (2021). Cybersecurity Risks and Threats in the 
Era of Pandemic-Induced Digital Transformation. International 
Journal of Technology, Management and Humanities, 7(04), 
51-62.

31.	 Kumar, S. (2007). Patterns in the daily diary of the 41st president, 
George Bush (Doctoral dissertation, Texas A&M University).

32.	 Amuda, B. (2020). Integration of Remote Sensing and GIS 
for Early Warning Systems of Malaria Epidemics in Nigeria. 
SAMRIDDHI: A Journal of Physical Sciences, Engineering and 
Technology, 12(02), 145-152.

33.	 Taiwo, S. O. (2022). PFAI™: A Predictive Financial Planning and 
Analysis Intelligence Framework for Transforming Enterprise 
Decision-Making. International Journal of Scientific Research 
in Science Engineering and Technology, 10.

34.	 Akinyemi, A. (2021). Cybersecurity Risks and Threats in the 
Era of Pandemic-Induced Digital Transformation. International 
Journal of Technology, Management and Humanities, 7(04), 
51-62.

35.	 Akinyemi, A. (2022). Zero Trust Security Architecture: 
Principles and Early Adoption. International Journal of 
Technology, Management and Humanities, 8(02), 11-22.

36.	 SANUSI, B. O. (2022). Sustainable Stormwater Management: 
Evaluating the Effectiveness of Green Infrastructure in 
Midwestern Cities. Well Testing Journal, 31(2), 74-96.

37.	 Sanusi, B. O. Risk Management in Civil Engineering Projects 
Using Data Analytics.

38.	 Bodunwa, O. K., & Makinde, J. O. (2020). Application of Critical 
Path Method (CPM) and Project Evaluation Review Techniques 
(PERT) in Project Planning and Scheduling. J. Math. Stat. Sci, 
6, 1-8.

39.	 Sanusi, B. O. Risk Management in Civil Engineering Projects 
Using Data Analytics.

40.	 Isqeel Adesegun, O., Akinpeloye, O. J., & Dada, L. A. (2020). 
Probability Distribution Fitting to Maternal Mortality Rates in 
Nigeria. Asian Journal of Mathematical Sciences.

41.	 Akinyemi, A. (2022). Zero Trust Security Architecture: 
Principles and Early Adoption. International Journal of 
Technology, Management and Humanities, 8(02), 11-22.

42.	 Akinyemi, A. (2022). Securing Critical Infrastructure Against 



Predictive Artificial Intelligence Models for Long-Term Caries Risk Based on Early Childhood Oral Microbiome Patterns

IJCSB, Volume 15 Issue 1, January - December 2026 Page 5

Cyber Attacks. SAMRIDDHI: A Journal of Physical Sciences, 
Engineering and Technology, 14(04), 201-209.

43.	 Bello, I. O. (2021). Humanizing Automation: Lessons from 
Amazon’s Workforce Transition to Robotics. International 
Journal of Technology, Management and Humanities, 7(04), 
41-50.

44.	 Amuda, B. (2022). Integrating Social Media and GIS Data 
to Map Vaccine Hesitancy Hotspots in the United States. 
Multidisciplinary Innovations & Research Analysis, 3(4), 35-50.

45.	 Akinyemi, A. (2022). Securing Critical Infrastructure Against 
Cyber Attacks. SAMRIDDHI: A Journal of Physical Sciences, 
Engineering and Technology, 14(04), 201-209.

46.	 Oyebode, O. (2024). Federated Causal-NeuroSymbolic 
Architectures for Auditable, Self-Governing, and Economically 
Rational AI Agents in Financial Systems. Well Testing Journal, 
33, 693-710.

47.	 Taiwo, S. O., Aramide, O. O., & Tiamiyu, O. R. (2024). 
Explainable AI Models for Ensuring Transparency in CPG 
Markets Pricing and Promotions. Journal of Computational 
Analysis and Applications, 33(8), 6858-6873.

48.	 Goel, Nayan. (2024). CLOUD SECURITY CHALLENGES 
AND BEST PRACTICES. Journal of Tianjin University Science 
and Technology. 57. 571-583. 10.5281/zenodo.17163793. 

49.	 Akinyemi, A. (2024). AI-Driven Cyber Attacks and Defensive 
Countermeasures. Multidisciplinary Studies and Innovative 
Research, 5(2), 16-30.

50.	 AZMI, S. K. JVM OPTIMIZATION TECHNIQUES FOR 
HIGH-THROUGHPUT AI AND ML SYSTEMS.

51.	 Akinyemi, A. (2024). AI-Driven Cyber Attacks and Defensive 
Countermeasures. Multidisciplinary Studies and Innovative 
Research, 5(2), 16-30.

52.	 Amuda, B., & Ajisafe, T. (2024). Evaluating the Role of Citizen 
Science in Improving Spatial Data Quality for Health Planning 
in the USA. International Journal of Technology, Management 
and Humanities, 10(04), 147-164.

53.	 SANUSI, B. O. (2024). Integration of nature-based solutions 
in urban planning: policy, governance, and institutional 
frameworks. Journal of Mechanical, Civil and Industrial 
Engineering, 5(2), 10-25.

54.	 Rehan, H. (2024). Scalable Cloud Intelligence for Preventive 
and Personalized Healthcare. Pioneer Research Journal of 
Computing Science, 1(3), 80-105.

55.	 Bello, I. O. (2024). From Public Confidence to Civic Technology: 
Designing the Next Generation of Governance Analytics. 
International Journal of Technology, Management and 
Humanities, 10(04), 165-184.

56.	 Sanusi, B. Design and Construction of Hospitals: Integrating 
Civil Engineering with Healthcare Facility Requirements.

57.	 Akinyemi, A. (2024). Cybersecurity in Fintech and Digital 
Payment Systems. Multidisciplinary Innovations & Research 
Analysis, 5(4), 84-99.

58.	 Goel, Nayan. (2024). ZERO-TRUST AI SECURITY: 
INTEGRATING AI INTO ZERO-TRUST ARCHITECTURES. 
Journal of Tianjin University Science and Technology. 57. 158-
173. 10.5281/zenodo.17149652. 

59.	 Aradhyula, G. (2024). Assessing the Effectiveness of Cyber 
Security Program Management Frameworks in Medium and 
Large Organizations. Multidisciplinary Innovations & Research 
Analysis, 5(4), 41-59.

60.	 ASAMOAH, A. N., APPIAGYEI, J. B., AMOFA, F. A., & 
OTU, R. O. PERSONALIZED NANOMEDICINE DELIVERY 
SYSTEMS USING MACHINE LEARNING AND PATIENT-
SPECIFIC DATA.SYED KHUNDMIR AZMI. (2024).

61.	 Kumar, S., Loo, L., & Kocian, L. (2024, October). Blockchain 
Applications in Cyber Liability Insurance. In 2nd International 
Conference on Blockchain, Cybersecurity and Internet of Things, 
BCYIoT.

62.	 Alabi, A., Akinpeloye, O., Izinyon, O., Amusa, T., & Famotire, A. 
(2025). From Logistic Regression to Foundation Models: Factors 
Associated With Improved Forecasts. Cureus, 17(11).

63.	 Akinyemi, A. M., & Sims, S. (2025). Role of artificial intelligence 
in modern cybersecurity vulnerability management practices.

64.	 Akinyemi, A. M., & Sims, S. (2025). Role of artificial intelligence 
in modern cybersecurity vulnerability management practices.

65.	 Abraham, U. I. (2025). The Economic Impact of Intermittent 
Fasting on Workforce Productivity in the United States. 
International Journal of Technology, Management and 
Humanities, 11(02), 76-82.

66.	 Singh, N., Kumar, S., Singh, T., & Kumar, P. (2025, June). 
Building Trust in Smart TVs: AI-Enhanced Cybersecurity for 
User Privacy and Ethical Monetization. In European Conference 
on Cyber Warfare and Security (pp. 647-655). Academic 
Conferences International Limited.

67.	 Taiwo, S. O. (2025). QUANTIVESTA™: A Quantitative and 
Prescriptive Financial Intelligence Framework for Supply-
Chain Security, Logistics Optimization, and Consumer-Goods 
Protection. Logistics Optimization, and Consumer-Goods 
Protection (August 01, 2025).

68.	 Goel, N., & Gupta, N. (2025). Dynamic Threat Modeling for 
Continually Learning AI Systems. Well Testing Journal, 34(S3), 
532-547.

69.	 Kumar, S., Gangwar, S. P., Singh, N., Pagaría, R., Garg, 
A., & Das, S. (2025, June). Securing the Skies: Innovating 
Cybersecurity Governance for India’s Emerging Small Airports. 
In European Conference on Cyber Warfare and Security (pp. 
318-327). Academic Conferences International Limited.

70.	 Azmi, S. K., Vethachalam, S., & Karamchand, G. Predictive 
Analytics for National Budgeting and Expenditure: Leveraging 
AI/ML on the PFMS 2.0 Data Ecosystem.

71.	 Ghodeswar, A. (2025). Technoeconomic Analysis of Geothermal 
Energy Storage: European Benchmarks and US Opportunities. 
Well Testing Journal, 34(S4), 1-16.

72.	 Kumar, S., Crowe, E., & Gu, G. (2025, June). Demystifying the 
Perceptions Gap Between Designers and Practitioners in Two 
Security Standards. In 2025 IEEE 10th European Symposium on 
Security and Privacy (EuroS&P) (pp. 169-187). IEEE.

73.	 Goel, N., & Gupta, N. (2025). Extending STRIDE and MITRE 
ATLAS for AI-Specific Threat Landscapes. Well Testing Journal, 
34(S1), 181-196.

74.	 Akangbe, B. O., Akinwumi, F. E., Adekunle, D. O., Tijani, A. A., 
Aneke, O. B., Anukam, S., ... & Aneke, O. (2025). Comorbidity 
of Anxiety and Depression With Hypertension Among Young 
Adults in the United States: A Systematic Review of Bidirectional 
Associations and Implications for Blood Pressure Control. 
Cureus, 17(7).

75.	 Kumar, S., Menezes, A., Agrawal, G., Bajaj, N., Naren, M., 
& Jindal, S. Impact of AI in Social Media: Addressing Cyber 
Crimes and Gender Dynamics. In Proceedings of The 11th 
European Conference on Social Media. Academic Conferences 
and publishing limited.



Predictive Artificial Intelligence Models for Long-Term Caries Risk Based on Early Childhood Oral Microbiome Patterns

IJCSB, Volume 15 Issue 1, January - December 2026 Page 6

76.	 GAVKHAROYBONU, A., & SILER, W. (2025). INNOVATIVE 
APPROACHES TO EARLY DETECTION AND PREDICTION 
OF TREATMENT OUTCOMES IN ONCOLOGY BASED ON 
ARTIFICIAL INTELLIGENCE TECHNOLOGIES. Science, 
3(11).

77.	 Akinpeloye, O., Onoja, A., & Alabi, A. (2025). Determinants of 
Hypertension Among Transport Workers in Ibadan, Nigeria: A 
Structural Equation Modeling Approach. Cureus, 17(11).

78.	 Rehan, H. (2025). Neurodivergent-Inclusive Software Design: 
Cognitive-Aware Development Practices for Human-Centered 

AI Interfaces. Baltic Journal of Multidisciplinary Research, 
2(1), 49-56.

79.	 Soumik, M. S., Rahman, M. M., Hussain, M. K., & Rahaman, M. 
A. (2025). Enhancing US Economic and Supply Chain Resilience 
Through Ai-Powered Erp and Scm System Integration. 
Indonesian Journal of Business Analytics (IJBA), 5(5), 3517-3536.

80.	 Hussain, M. K., Rahman, M., & Soumik, S. (2025). Iot-Enabled 
Predictive Analytics for Hypertension and Cardiovascular 
Disease. Journal of Computer Science and Information 
Technology, 2(1), 57-73.


