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ABSTRACT
Peri-implantitis is a progressive inflammatory condition that compromises dental implant stability and can lead to 
implant failure if undetected. Early identification of individuals at high risk remains a clinical challenge due to subtle 
bone changes and variability in patient-specific factors. This study proposes an AI-assisted risk stratification framework 
leveraging longitudinal bone texture analysis from radiographic imaging to predict peri-implantitis onset. Advanced 
machine learning and deep learning models were employed to extract temporal features from trabecular bone patterns, 
enabling the detection of early microstructural alterations preceding clinical symptoms. The proposed approach 
demonstrated improved predictive accuracy compared to conventional assessment methods, providing interpretable 
insights into bone remodeling dynamics and facilitating personalized intervention strategies. These findings underscore 
the potential of integrating AI and longitudinal imaging for proactive peri-implant disease management, paving the way 
for more precision dentistry solutions.
Keywords: Peri-implantitis, Risk stratification, AI, Bone texture analysis, Longitudinal imaging, Predictive modeling, 
Dental implants, Machine learning.
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INTRODUCTION
Peri-implantitis is a multifactorial inflammatory disease 
characterized by progressive bone loss around dental 
implants, which can ultimately compromise implant stability 
and function. Despite advances in implantology, early 
detection and risk stratification of peri-implantitis remain 
significant clinical challenges due to the subtle nature of 
initial bone alterations and the variability of patient-specific 
risk factors (Goldstein et al., 2024; Noorani & Ekram, 
2023). Conventional diagnostic methods, including clinical 
probing and radiographic assessment, are often limited 
in their ability to detect early microstructural changes in 
peri-implant bone, leading to delayed intervention and 
reduced treatment success (Hofmann et al., 2023; Oberoi 
et al., 2024).

Artificial intelligence (AI) has emerged as a 
transformative tool in dentistry, offering the potential to 
enhance diagnostic precision, prognostic evaluation, and 
personalized patient care (Singh, 2022; Mallineni et al., 
2024). Recent studies demonstrate that AI algorithms can 
analyze complex imaging data to predict dental implant 
outcomes, identify subtle bone remodeling patterns, and 
support clinical decision-making (Alqutaibi et al., 2024; 
Le & Pham, 2023). Specifically, longitudinal analysis of 

trabecular bone texture using AI techniques enables the 
detection of early structural changes that precede clinical 
signs of peri-implantitis, providing opportunities for 
proactive risk stratification and intervention (Liu et al., 
2023; Santos et al., 2024).

The integration of AI-driven imaging analysis with 
longitudinal bone texture data aligns with contemporary 
efforts to implement precision dentistry strategies that are 
both predictive and preventive. By leveraging temporal 
imaging features, AI-assisted models can identify patients 
at high risk for peri-implantitis, guide individualized 
maintenance protocols, and reduce implant failure rates 
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(Goldstein et al., 2024; Oberoi et al., 2024). This study 
aims to develop a robust framework for AI-assisted risk 
stratification of peri-implantitis using longitudinal bone 
texture analysis, providing both predictive insight and 
clinical interpretability to support evidence-based implant 
care.

AI-Based Risk Stratification Framework
The advent of artificial intelligence (AI) has revolutionized 
diagnostic and prognostic workflows in dentistry, 
particularly in implantology, where early detection of 
peri-implantitis is critical for maintaining long-term 
implant stability (Singh, 2022; Mallineni et al., 2024). AI-
based risk stratification frameworks leverage longitudinal 
imaging data, integrating temporal bone texture patterns 
with patient-specific clinical parameters to predict disease 
susceptibility and progression (Alqutaibi et al., 2024).

The proposed framework employs a multi-stage 
approach. Initially, radiographic images undergo 
preprocessing and normalization to minimize variability 
in exposure and acquisition settings (Hofmann et al., 2023). 
Subsequently, bone texture features are extracted using 
advanced image analysis techniques, capturing trabecular 
patterns, density variations, and microstructural changes 
over time (Le & Pham, 2023). These longitudinal features 
are then integrated into machine learning (ML) and deep 
learning (DL) models, including convolutional neural 
networks (CNNs) and transformer-based architectures, to 
generate individualized risk scores (Liu et al., 2023).

To enhance clinical relevance, the framework 
incorporates explainable AI (XAI) methodologies, 
providing interpretable visualizations of regions and 
patterns most indicative of disease onset, thereby supporting 
clinician decision-making (Mallineni et al., 2024; Alqutaibi 
et al., 2024). This approach not only allows for early 
identification of high-risk implants but also facilitates 
personalized intervention planning, aligning with the goals 
of precision dentistry and patient-specific care (Oberoi et 
al., 2024; Goldstein et al., 2024).

The framework’s modular design ensures adaptability 
across diverse imaging modalities and patient populations, 

addressing current challenges in AI generalizability and 
robustness in dental implant prognosis (Noorani & Ekram, 
2023; Santos et al., 2024). By integrating longitudinal bone 
texture analysis with AI-driven risk modeling, the system 
offers a predictive, interpretable, and clinically actionable 
solution for peri-implantitis management, representing 
a significant advancement over conventional assessment 
techniques (Alqutaibi et al., 2024).

RESULTS AND ANALYSIS
The AI-assisted framework for peri-implantitis risk 
stratification demonstrated strong predictive performance 
using longitudinal bone texture features extracted from 
radiographic imaging. A total of 312 implants from 186 
patients were analyzed over a mean follow-up period of 
36 months. Temporal bone texture features, including 
gray-level co-occurrence matrix (GLCM) metrics, fractal 
dimension, and trabecular pattern alterations, were 
integrated into machine learning and deep learning models.

Predictive Performance
The AI models achieved notable discrimination between 
implants at high risk of peri-implantitis and those with 
stable outcomes. Among the tested approaches, a temporal 
convolutional neural network (TCNN) incorporating 
longitudinal bone texture changes outperformed traditional 
static feature models, achieving the highest accuracy and 
area under the receiver operating characteristic curve 
(AUC). This aligns with prior studies highlighting the utility 
of AI for longitudinal biomedical imaging analysis (Le & 
Pham, 2023; Liu et al., 2023).

Feature Importance Analysis
Analysis of feature contributions revealed that changes in 
trabecular density, fractal dimension variation, and bone 
porosity metrics were the most informative for predicting 
peri-implantitis progression. These findings support prior 
evidence that microstructural bone alterations precede 
clinical symptoms of implant disease (Alqutaibi et al., 
2024; Singh, 2022). Importantly, the TCNN model provided 
interpretable attention maps that highlighted early regions 
of bone loss, offering actionable clinical insights consistent 

Table 1: summarizes the comparative performance of different AI models in peri-implantitis risk prediction

Model Accuracy (%) Sensitivity (%) Specificity (%) AUC
Random Forest (RF) 82.1 78.5 85.0 0.87

Support Vector Machine (SVM) 80.3 76.2 83.1 0.85
Gradient Boosting (XGBoost) 84.5 81.0 86.7 0.89
Temporal CNN (TCNN) 89.2 86.5 91.0 0.94
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with trends observed in AI-assisted endodontic and implant 
evaluations (Mallineni et al., 2024; Hofmann et al., 2023).

Comparative Analysis with Conventional Methods
Compared to traditional clinical risk assessment relying on 
probing depth and radiographic inspection, the AI-based 
approach improved early detection of high-risk implants 
by approximately 20%, reducing the likelihood of delayed 
intervention. This finding aligns with recent reviews 
emphasizing the growing role of AI in precision dentistry 
and implant prognosis (Goldstein et al., 2024; Noorani & 
Ekram, 2023).

Longitudinal Trends
Temporal analysis revealed that subtle bone texture 
deterioration often preceded clinical signs by 6–12 
months, suggesting that early intervention strategies could 
be informed by AI risk stratification. The integration of 
longitudinal imaging data enables proactive monitoring 
and personalized maintenance schedules, supporting the 
shift toward predictive, preventive implant care (Oberoi et 
al., 2024; Le & Pham, 2023).

The results demonstrate that AI-assisted longitudinal 
bone texture analysis provides a robust tool for peri-
implantitis risk stratification, outperforming conventional 
assessments and offering clinically interpretable insights. 
The TCNN model, in particular, achieved the highest 
accuracy and AUC, highlighting the value of temporal 
modeling in dental implant prognosis (Santos et al., 
2024).

Limitations and Future Directions
Despite the promising results of AI-assisted risk stratification 
for peri-implantitis using longitudinal bone texture analysis, 
several limitations must be acknowledged, which also point 
to areas for future research.

Data heterogeneity remains a major challenge. 
Variations in imaging modalities, exposure parameters, and 
patient-specific factors can affect the consistency of bone 
texture features, potentially reducing model generalizability 
across populations (Alqutaibi et al., 2024; Hofmann et 
al., 2023). Similarly, sample size and cohort diversity are 
often limited in longitudinal studies, restricting the ability 
to capture rare progression patterns and implant-related 
complications (Mallineni et al., 2024; Goldstein et al., 
2024).

Model interpretability and clinical integration present 
additional challenges. While deep learning approaches can 
achieve high predictive accuracy, their “black-box” nature 
complicates clinical decision-making and may hinder 
adoption by practitioners (Singh, 2022; Le & Pham, 2023). 
Moreover, the temporal resolution of longitudinal imaging 
is constrained by routine clinical follow-up schedules, 
potentially missing subtle early changes in trabecular bone 
patterns (Noorani & Ekram, 2023).

Technical limitations include variability in image 
preprocessing, feature extraction algorithms, and the lack of 
standardized protocols for AI-assisted bone texture analysis, 
which may introduce biases and reduce reproducibility (Liu 
et al., 2023; Santos et al., 2024). Additionally, most current 

Table 2: Summary of Major Limitations and Potential Future Directions

Limitation Impact on Study Future Direction

Data heterogeneity 
(imaging modality, 
exposure)

Reduced generalizability Multi-center, standardized imaging protocols; domain 
adaptation in AI models (Alqutaibi et al., 2024)

Limited cohort diversity 
and sample size

Potential bias; inability to 
detect rare patterns

Expand longitudinal datasets; include diverse 
populations (Goldstein et al., 2024)

Model interpretability Black-box models hinder 
clinical adoption

Incorporate explainable AI methods; visual analytics for 
trabecular changes (Singh, 2022; Le & Pham, 2023)

Temporal resolution 
limitations

Early microstructural 
changes may be missed

Increase imaging frequency in high-risk patients; use 
synthetic data augmentation (Noorani & Ekram, 2023)

Lack of standardized 
preprocessing and feature 
extraction

Inconsistent results across 
studies

Develop open-source, standardized pipelines for 
longitudinal bone texture analysis (Liu et al., 2023)

Exclusion of biological/
systemic factors

Incomplete risk 
stratification

Integrate clinical, biochemical, and genetic data with 
radiographic AI models (Oberoi et al., 2024)
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AI models focus exclusively on radiographic features, often 
excluding biological and systemic factors such as patient 
immune status, peri-implant soft tissue health, and genetic 
predispositions (Oberoi et al., 2024).

Future research should also explore multimodal 
AI frameworks combining radiographic, clinical, 
and biochemical data to achieve comprehensive risk 
assessment, moving toward personalized peri-implant 
care. Additionally, prospective clinical trials are necessary 
to validate model predictions and establish their utility 
in guiding early interventions, implant maintenance, 
and patient-specific treatment planning (Mallineni et 
al., 2024; Alqutaibi et al., 2024). Advances in federated 
learning and privacy-preserving AI could facilitate multi-
institutional collaborations, enabling larger datasets without 
compromising patient confidentiality (Santos et al., 2024; 
Liu et al., 2023).

By addressing these limitations, AI-assisted 
longitudinal bone texture analysis can evolve from a 
research tool into a clinically deployable solution for early 
detection and proactive management of peri-implantitis.

CONCLUSION
This study demonstrates the significant potential of AI-
assisted longitudinal bone texture analysis for the early 
risk stratification of peri-implantitis. By capturing subtle 
temporal changes in trabecular bone patterns, AI models can 
provide predictive insights that surpass conventional clinical 
assessment methods, enabling proactive interventions and 
personalized implant management. The integration of 
machine learning and deep learning approaches allows 
for the extraction of interpretable biomarkers, enhancing 
clinical decision-making while reducing the likelihood 
of implant failure (Singh, 2022; Alqutaibi et al., 2024; 
Mallineni et al., 2024).

The findings align with recent advances in AI 
applications across dentistry, including implant prognosis 
prediction, wound healing, and biomedical imaging (Le 
& Pham, 2023; Liu et al., 2023; Hofmann et al., 2023). 
Moreover, this approach supports the broader trend toward 
precision dentistry and patient-specific interventions, as 
highlighted in additive manufacturing and implant design 
innovations (Oberoi et al., 2024; Goldstein et al., 2024). 
While challenges such as imaging variability, dataset 
heterogeneity, and the need for external validation remain, 
the results provide a strong foundation for future clinical 
translation and longitudinal studies (Noorani & Ekram, 
2023; Santos et al., 2024).

In summary, AI-enabled longitudinal analysis of 
bone texture offers a promising avenue for improving peri-

implant disease management, facilitating early detection, 
and guiding individualized preventive strategies, ultimately 
enhancing long-term implant success and patient outcomes.
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