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Abstract

Artificial intelligence (AI) is transforming clinical decision-making across cranio-maxillofacial trauma, oral
health, and systemic disease. These domains are increasingly recognised as biologically and clinically
interconnected, yet they are often studied and managed independently. This perspective introduces the
concept of an integrative triangle linking facial trauma, oral health, and systemic disease, with Al serving as
the computational bridge that enables cross-domain modelling and coordinated care. Al applications within
this framework include imaging-based fracture detection, patient-specific implant design, automated oral
disease diagnosis, multimodal risk prediction, and longitudinal outcome modelling. By integrating imaging,
clinical, laboratory, and behavioural data, Al can identify shared inflammatory and metabolic pathways
influencing trauma recovery and chronic disease progression. This closed-loop paradigm supports
continuous learning, allowing outcomes in one domain to inform prediction and intervention in the others.
The integrative triangle provides a translational roadmap for precision medicine, moving from isolated
prediction toward coordinated prevention and intervention. Future development will require multimodal
data integration, prospective validation, and responsible governance to ensure explainable and equitable Al
deployment. This framework positions facial trauma and oral health as central components of systemic
precision medicine and highlights Al as a catalyst for integrated, patient-centred care.
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Introduction

Artificial intelligence (AI) has progressed from theoretical exploration to practical implementation across
medicine and dentistry. In cranio-maxillofacial (CMF) surgery, Al-based systems can segment complex
anatomy, detect fractures, assist virtual surgical planning, and design patient-specific implants (PSIs) [1]. In
dentistry and oral pathology [2, 3], algorithms classify caries, periodontal disease, and malignant
transformation with accuracy comparable to expert clinicians. Concurrently, extensive evidence links oral
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health with systemic disorders such as diabetes, rheumatoid arthritis, obesity, and cardiovascular disease,
underscoring the role of the oral cavity as a diagnostic window into general health [4, 5].

Despite these advances, research and clinical practice often remain fragmented. Trauma management,
oral health, and systemic disease are treated as separate entities. The concept of an integrative triangle,
with these three domains as its vertices, reframes patient care as a continuum. Al serves as the central
connective layer, synthesising multimodal data from imaging, clinical records, laboratory findings, and
sensor streams to support holistic decision-making [6]. Figure 1 illustrates the conceptual framework of the
integrative triangle, highlighting how Al operates as the central link that combines facial trauma, oral
health, and systemic disease into a cohesive, data-driven model of precision care.
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Figure 1. The integrative triangle. The three domains (facial trauma, oral health, and systemic disease) are linked through
continuous, bidirectional interactions that support coordinated patient care. For each pair of domains, one bidirectional arrow
represents direct biological and clinical interactions, such as inflammatory, metabolic, and healing-related pathways shared
across domains. The second bidirectional arrow denotes artificial intelligence (Al)-enabled feedback loops, through which
imaging findings, clinical data, and outcomes are integrated to support image intelligence, data fusion, graph learning, and
personalised risk estimation and outcome prediction. This closed-loop structure connects acute trauma management with
longer-term oral and systemic health processes, allowing outcomes in one domain to iteratively inform monitoring, planning, and
intervention in the others.

This framework emphasises that oral inflammation, systemic disease, and facial trauma recovery are
biologically and computationally interconnected. Chronic inflammatory pathways originating in the oral
cavity can influence systemic metabolic and vascular regulation, while systemic dysregulation affects bone
healing and infection risk in craniofacial trauma. Al can provide a scalable means to model these
bidirectional interactions through multimodal data fusion, enabling cross-domain prediction and the
identification of shared mechanistic signatures that guide integrated prevention and treatment strategies.

While existing multidisciplinary or multimodal Al approaches typically focus on aggregating
heterogeneous data to improve disease-specific prediction, the integrative triangle advances this paradigm
by explicitly modelling the dynamic interactions between facial trauma, oral health, and systemic disease.
The framework is structured as a bidirectional and closed-loop system in which data, predictions, and
outcomes continuously inform one another across domains. Al can operate as the adaptive mechanism that
captures feedback between acute surgical events and chronic inflammatory or metabolic processes, thereby
linking short-term trauma management with long-term systemic health trajectories. This closed-loop
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configuration distinguishes the integrative triangle from static multimodal frameworks and establishes a
unified model for integrating acute and chronic care through adaptive Al feedback.

Al in facial trauma: from detection to design
Imaging intelligence for triage and diagnosis

CMF trauma often presents with complex fracture geometries that challenge manual interpretation. Deep
learning models trained on computed tomography (CT) or cone beam CT (CBCT) can identify fracture lines,
quantify displacement, and generate structured diagnostic outputs. Integration of computer vision with
natural language processing (NLP) applied to clinical notes can allow prioritisation of urgent cases and
automated triage [7]. Such applications accelerate decision-making and improve equity of access in high-
volume emergency environments.

Virtual surgical planning and PSIs

Al-driven segmentation and reconstruction underpin virtual surgical planning. Generative and
reinforcement learning models create PSIs with geometry optimised for anatomical and biomechanical fit
[8]. Surrogate models trained on finite element simulations predict fixation stability, supporting
preoperative design refinement [9]. Virtual simulation of osteotomies and implant positioning can enhance
surgical preparedness and patient communication [10].

Perioperative risk prediction

Predictive modelling that integrates imaging features with systemic parameters enables personalised
surgical planning [11]. Multimodal algorithms can estimate infection risk, wound complications, or revision
probability [12]. Such models link trauma severity to systemic context, allowing targeted antibiotic
prophylaxis and tailored postoperative care.

Al in dental implant planning and digital workflows

Al is increasingly integrated into dental implant planning and digital workflows [13, 14], supporting
precision-driven treatment planning and patient-specific reconstruction. These developments are closely
aligned with advances in CMF trauma management, where similar imaging, modelling, and design pipelines
are used for PSIs and surgical planning. The integration of Al into implant dentistry, therefore, represents
an important component of the broader integrative triangle, linking structural reconstruction, oral health,
and systemic considerations within precision medicine frameworks.

Automated imaging analysis and implant site assessment

Al-driven analysis of CBCT and intraoral imaging enables automated identification of anatomical
landmarks, bone morphology, and critical structures such as the inferior alveolar nerve and maxillary sinus
[15-17]. Machine learning models have been developed to evaluate bone quality, detect anatomical
variations, and assist in determining optimal implant positioning. These automated tools can improve
planning consistency, reduce operator variability, and support risk assessment, particularly in complex
anatomical or trauma-related reconstruction cases.

In CMF trauma, similar Al-based segmentation and anatomical modelling approaches are used to
assess fracture patterns and reconstruct osseous defects [18]. The convergence of these techniques
highlights the shared computational foundation between implant dentistry and trauma reconstruction,
reinforcing the role of Al in patient-specific surgical planning.

Prosthetically driven planning and virtual surgical simulation

As Al-assisted implant planning increasingly incorporates prosthetically driven workflows, implant
positioning can be guided by functional and restorative considerations [19]. Integration of CBCT data with
intraoral scanning and digital prosthetic design can enable virtual simulation of implant placement, occlusal
alignment, and biomechanical loading conditions. Generative and optimisation algorithms can support
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automated implant positioning that accounts for anatomical constraints, prosthetic requirements, and
biomechanical stability [20-22].

These virtual planning environments parallel those used in CMF trauma reconstruction, where Al-
assisted simulation supports osteotomy planning, fixation design, and PSI development [6, 23]. The shared
reliance on multimodal imaging and computational modelling further supports the integrative triangle
framework by linking structural reconstruction with oral functional outcomes.

Guided surgery and digital workflow integration

Al-enhanced digital workflows extend from preoperative planning to guided surgical execution. Digital
surgical guides generated from Al-assisted planning can improve placement accuracy and reduce
intraoperative variability. Additionally, automated workflow integration between imaging, planning
software, and manufacturing platforms supports streamlined clinical pathways and reduced planning time
[24].

In trauma reconstruction, similar digital workflows are applied to PSI fabrication and surgical guide
production. These parallel developments demonstrate how Al-enabled digital workflows can unify implant
dentistry and CMF reconstruction within a common precision-surgery ecosystem.

Predictive modelling and outcome optimisation

Al-based predictive models have also been applied to implant stability prediction, osseointegration
assessment, and complication risk estimation [25, 26]. By integrating imaging features, patient-specific
clinical data, and systemic health indicators, these models may support personalised treatment planning
and improved outcome prediction. Such approaches are particularly relevant in patients with systemic
conditions such as diabetes, osteoporosis, or inflammatory disorders, where healing capacity and implant
success may be affected.

These predictive capabilities align with the integrative triangle concept, where oral rehabilitation,
trauma recovery, and systemic health are modelled as interconnected processes. Al-driven prediction may
therefore support coordinated management strategies that account for structural, biological, and systemic
factors.

Current evidence and translational considerations

Recent systematic reviews cited earlier indicate that Al-enabled implant planning and digital workflows
demonstrate promising improvements in planning efficiency and surgical accuracy. However, many studies
remain retrospective or simulation-based, and prospective multicentre validation remains limited. Clinical
adoption is increasing but varies across institutions depending on infrastructure, interoperability, and
regulatory considerations.

Al in oral health: prevention, early diagnosis, and prognosis
Automated detection across modalities

Al demonstrates strong performance in analysing intraoral photographs, bitewings, panoramic
radiographs, and cone-beam CT images to detect caries, bone loss, and periapical pathology [27, 28].
Machine learning applied to histopathological slides enhances recognition of oral potentially malignant
disorders (OPMD) and oral squamous cell carcinoma (OSCC) [29]. Thus, automated detection systems
embedded in routine practice can shorten diagnostic delays and improve consistency in interpretation.

Recent work has also evaluated multimodal Al systems for oral diagnosis using broader performance
criteria beyond conventional accuracy metrics. For example, a multimodal Al model was assessed across
diagnostic accuracy, narrative quality, calibration, and response latency, while comparing performance
with human experts [30]. Such multidimensional evaluation frameworks are particularly relevant for
clinical deployment, where explainability, reliability, and workflow efficiency are critical considerations.
These findings highlight the importance of assessing multimodal Al systems using clinically meaningful
metrics that extend beyond classification performance alone.
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Risk stratification and personalised prevention

Longitudinal electronic dental records facilitate predictive analytics for identifying patients at risk of
disease progression [31, 32]. Algorithms can predict rapid periodontal attachment loss, peri-implantitis, or
caries recurrence. These insights enable risk-adapted maintenance and resource optimization, ensuring
that preventive interventions are allocated according to patient-specific profiles.

Community and mobile screening

Mobile imaging combined with Al inference can support remote screening and early referral [33]. Cloud-
based solutions using smartphone cameras can extend access to diagnostics in resource-limited regions,
potentially improving early detection of oral malignancy and reducing late-stage presentation.

Oral-systemic interconnections: a new frontier for multimodal Al
Bidirectional biology and clinical consequences

Stomatognathic diseases and systemic disorders exhibit strong bidirectional relationships [4, 34-41].
Periodontal inflammation contributes to atherosclerotic burden, while metabolic dysregulation and
oxidative stress exacerbate oral tissue breakdown [42]. Al and advanced data science methods capable of
managing nonlinear and high-dimensional data offer new approaches for investigating causality beyond
correlation [43].

Multimodal fusion and graph representations

Multimodal Al architectures can integrate radiographs, laboratory data, medication history, and
microbiome signatures to produce unified patient embeddings [44-48]. Related approaches have also been
applied to oral-systemic health integration [49, 50]. Graph neural networks (GNNs) can capture
dependencies between oral features and systemic biomarkers, facilitating the prediction of cardiovascular
events or glycaemic trajectories [51].

Population-scale discovery

The NLP of combined medical and dental records can allow identification of comorbidity networks and
temporal patterns linking oral inflammation with systemic outcomes [52, 53]. Federated learning

frameworks enable collaborative model development across institutions while preserving data privacy
[54].

The integrative triangle as a conceptual and translational paradigm

Consider a patient presenting with a mandibular fracture following low-energy trauma in the context of
poorly controlled type 2 diabetes and chronic periodontitis. Imaging-derived fracture characteristics
indicate increased comminution and delayed callus formation, while periodontal indices and inflammatory
biomarkers suggest elevated systemic inflammatory burden. Within the integrative triangle, Al-enabled
models jointly analyse trauma imaging, oral health parameters, and metabolic indicators to estimate
infection risk, predict healing trajectories, and identify modifiable contributors to delayed recovery. As
postoperative outcomes are observed, these data are reintegrated to refine risk estimation, informing
coordinated surgical, dental, and metabolic interventions. This example illustrates how acute facial trauma
can serve as an entry point for identifying systemic vulnerability and how oral health acts as a mediator
linking local injury to broader disease processes. This illustrative scenario motivates the conceptual
structure of the integrative triangle described below.

Within the integrative triangle, Al is not positioned as a collection of analytical tools, but as an enabling
mechanism for modelling the causal continuum linking oral inflammation, systemic dysfunction, and
recovery following facial trauma. The central conceptual advance lies in treating facial trauma, oral health,
and systemic disease as dynamically coupled states rather than independent clinical entities. By integrating
imaging-derived biomarkers, periodontal indices, and systemic laboratory parameters, Al-enabled models
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can represent mediating pathways and feedback effects that are not accessible through siloed analysis. This
perspective reframes recovery and disease progression as interconnected processes and enables
hypothesis-driven simulation of intervention effects across domains.

Current evidence and clinical maturity

Although the integrative triangle is introduced here as a unified conceptual framework, elements of this
model already exist in partially integrated clinical and research domains. For example, substantial evidence
supports bidirectional relationships between oral health and systemic disease, including diabetes,
cardiovascular disease, and inflammatory disorders [6]. Similarly, systemic conditions such as diabetes,
osteoporosis, and vascular disease are known to influence fracture healing, infection risk, and surgical
outcomes in CMF trauma. In addition, perioperative risk prediction models increasingly integrate systemic
comorbidities with imaging-derived and clinical features to support personalised surgical planning and
complication risk estimation [55].

However, these approaches typically operate within pairwise integrations, such as oral-systemic or
trauma-systemic modelling, rather than a fully unified triangular framework.

Consequently, the integrative triangle remains at an early conceptual and methodological stage, with
limited real-world implementations that simultaneously model facial trauma, oral health, and systemic
disease within a single multimodal architecture.

Facial trauma as a probe of systemic resilience

Rather than viewing facial trauma solely as an acute surgical event, the integrative triangle positions it as a
measurable perturbation of systemic resilience. Fracture patterns, healing trajectories, and postoperative
complications reflect underlying metabolic, inflammatory, and vascular states. Al models that relate trauma
morphology to systemic indicators, therefore, serve as exploratory instruments for uncovering latent
systemic vulnerabilities, shifting the role of trauma data from descriptive imaging to mechanistic insight.

Oral health as a mediating state

Within this framework, oral health is conceptualised as a mediating state that modulates both systemic risk
and trauma recovery. Periodontal inflammation contributes to systemic inflammatory load, while oral
microbial and tissue conditions influence infection risk and wound healing. Al-based mediation modelling
enables quantification of these effects, allowing oral pathology to be represented as an active contributor to
recovery dynamics rather than a coincidental comorbidity. This reframing supports the hypothesis that

targeted oral interventions may alter systemic and surgical outcomes through identifiable causal pathways
[56].

Systemic disease as a feedback driver

Systemic disorders such as diabetes, cardiovascular disease, and osteoporosis are incorporated as feedback
drivers that influence both susceptibility to injury and repair capacity. In the integrative triangle, systemic
disease is not treated as a static background risk but as a dynamic state that evolves in response to trauma
and oral inflammation. Multimodal predictors capturing these feedback effects allow trauma recovery to be
interpreted as a functional readout of systemic control, extending concepts explored in other domains of
recovery science [57].

Al-based progress toward integration

Recent advances in multimodal Al provide foundational components for this integration. Vision-language
models [58], GNNs [59], and multimodal fusion architectures [60] have demonstrated the feasibility of
combining heterogeneous data sources, including imaging, clinical records, and laboratory measurements,
into unified predictive frameworks. In dentistry, similar multimodal Al approaches have been applied to
oral disease detection, risk stratification, and outcome prediction, illustrating the potential of cross-domain
data integration for clinical decision support [61-63]. These developments represent building blocks of the
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integrative triangle, but comprehensive implementations that simultaneously integrate all three domains
remain limited.

Closed-loop learning as a unifying principle

A defining feature of the integrative triangle is its closed-loop structure. Sequential stages of sensing,
prediction, planning, action, and learning are continuously linked through Al-driven feedback. Outcomes
following surgical or preventive interventions are reintegrated into predictive models, enabling adaptive
refinement of risk and outcome representations. This closed-loop configuration represents a conceptual
shift from episodic, disease-centred care toward a learning-based model in which acute events and chronic
conditions jointly inform long-term management strategies.

Table 1 summarises representative multimodal data sources that support this paradigm by enabling
predictive, generative, and causal modelling across the facial trauma, oral health, and systemic disease
domains.

Table 1. lllustrative multimodal signals and analytical roles for integrative Al across the triangle (non-exhaustive).

Domain Representative data streams Al applications/Analytical goals

Facial CT/CBCT volumes; segmentation masks; 3D meshes; Image intelligence for fracture detection and morphology

trauma operative notes; fix-ation metadata; perioperative characterisation; outcome and complication risk
labora-tory results estimation; simulation of healing trajectories

Oral Intraoral photographs; radiographs (bitewing, Automated disease detection; progression and mediation

health panoramic); periodontal charts; histopathology WSI modelling; causal inference linking oral inflammation with
(whole slide imaging); microbiome profiles systemic and surgical outcomes

Systemic EHR summaries; medication history; vital signs; Multimodal data fusion for systemic risk estimation;
laboratory data (HbA1c, CRP, lipid panels); DEXA, longitudinal outcome prediction; identification of feedback
ECG/echocardiography; wearable-derived signals effects influencing trauma recovery and oral health

Al: artificial intelligence; CBCT: cone beam computed tomography; CT: computed tomography; CRP: C-reactive protein; ECG:
electrocardiography.

Ethical, regulatory, and explainability considerations for integrative Al

The deployment of integrative Al systems across facial trauma, oral health, and systemic disease introduces
important ethical, legal, and regulatory challenges. Unlike single-domain models, multimodal cross-domain
Al integrates heterogeneous data sources, including imaging, clinical records, laboratory values, and
behavioural data. This complexity increases the risk of bias propagation, data imbalance, and unintended
disparities across demographic, socioeconomic, and institutional contexts. Ensuring fairness, therefore,
requires careful dataset curation, cross-institutional validation, and performance auditing across diverse
patient populations.

Explainability is particularly important in integrative Al systems, where predictions may be derived
from multiple interacting data sources. Clinicians must understand how imaging features, oral health
indicators, and systemic parameters jointly contribute to model outputs. Techniques such as feature
attribution, attention-based modelling, and interpretable graph representations may help improve
transparency and clinician trust. Human-in-the-loop frameworks may further support safe deployment by
combining algorithmic recommendations with expert clinical oversight.

Regulatory implementation also presents challenges for integrative Al systems that operate across
multiple clinical domains. Existing regulatory frameworks for medical Al are typically designed for single-
purpose applications, whereas integrative models may influence surgical planning, dental management, and
systemic disease risk assessment simultaneously. This cross-domain functionality may require adaptive
regulatory pathways, continuous monitoring, and post-deployment performance evaluation. Federated
learning and privacy-preserving architectures may further support regulatory compliance by enabling
multi-institutional model development without centralised data sharing [64].

In addition, governance frameworks should address accountability, transparency, and auditability of
Al-assisted decision-making [65]. Documentation of model development, dataset composition, and
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validation procedures will be essential to support responsible implementation. These considerations are
particularly important for multimodal integrative systems, where interactions between domains may
introduce new sources of uncertainty.

Addressing these ethical, regulatory, and explainability challenges will be critical for translating the
integrative triangle from a conceptual framework to clinically deployable systems. Future work should
therefore prioritise fairness-aware modelling, transparent algorithm design, and prospective evaluation
within regulated clinical environments.

Conceptual scope and current limitations

This perspective aims to introduce the integrative triangle as a conceptual framework linking facial trauma,
oral health, and systemic disease through multimodal Al. The primary objective is to synthesise emerging
developments across these domains and propose a translational roadmap for integrated precision care,
rather than to present new experimental findings or validated clinical models.

This perspective has several limitations. First, the integrative triangle is introduced as a conceptual
framework and is not supported by original experimental data or prospective clinical validation within this
work. While individual components of the triangle-facial trauma analytics, oral-systemic modelling, and
multimodal Al have been explored in prior studies, their unified integration remains at an early stage.
Consequently, many of the described applications represent anticipated capabilities based on emerging
multimodal Al technologies rather than established clinical implementations.

Furthermore, evidence from prospective multicentre studies evaluating integrative Al approaches
across facial trauma, oral health, and systemic disease remains limited. The clinical impact, workflow
feasibility, and cost-effectiveness of such integrative systems therefore require rigorous evaluation. This
work is intended to provide a conceptual and translational roadmap to guide future empirical validation
and interdisciplinary collaboration.

Future directions

To transition from a conceptual framework to clinical implementation, a staged translational pathway is
required. Initial efforts should focus on establishing pilot and multicentre registries that integrate trauma
imaging, oral health indicators, and systemic clinical data, enabling harmonised multimodal datasets across
institutions. These data can support proof-of-concept multimodal modelling and retrospective validation to
assess whether integrative approaches provide incremental predictive value beyond single-domain models.

Advances in Al for the integrative triangle are expected to transition from prediction to actionable
intervention. Generative design can yield biomechanically validated implants; adaptive perioperative
algorithms can synchronise surgical planning with metabolic indicators; and causal mediation models can
guide targeted periodontal therapy. Prospective multicentre trials and open data collaborations will be
crucial for evaluation. In low-resource settings, lightweight edge Al systems [66] may extend diagnostic and
triage capabilities, supporting equitable global health initiatives [67].

Building on this trajectory, future work should focus on translating the integrative triangle from a
conceptual framework into an evaluable research paradigm within clinical and health-system settings. A
first step involves the establishment of pilot multicentre registries that prospectively capture harmonised
trauma, oral-health, and systemic data, enabling structured experimentation with multimodal data fusion
across institutional boundaries. These registries would provide controlled environments for assessing
feasibility without presupposing clinical deployment.

Progress in operationalisation can be monitored using measurable methodological milestones,
including data harmonisation success rates across domains, stability and interpretability of multimodal
representations, and quantitative indices of model explainability and uncertainty. Additional performance
indicators may include integration efficiency, defined as the incremental predictive or causal insight gained
through cross-domain modelling relative to single-domain baselines.
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As methodological robustness is established, the integrative triangle can support a staged progression
from prediction toward hypothesis-driven intervention studies. Early-phase trials may examine whether
Al-informed coordination between surgical, dental, and systemic management alters recovery trajectories
or risk profiles, thereby generating evidence to guide subsequent interventional designs. This milestone-
based roadmap emphasises iterative validation and learning, ensuring that advances in integration,
interpretability, and feedback modelling precede large-scale clinical implementation.

Subsequent prospective observational studies should evaluate workflow integration, data
interoperability, and clinician acceptance in real-world settings. Ultimately, interventional trials will be
required to determine whether integrative Al-guided coordination of surgical, dental, and systemic
management improves clinically meaningful outcomes, including complication rates, healing trajectories,
hospital length of stay, and long-term systemic health indicators. Parallel work should address
interpretability, fairness, generalisability, and cost-effectiveness to support scalable and responsible
deployment within integrated precision medicine frameworks.

Conclusions

Al can constitute the computational infrastructure linking facial trauma, oral health, and systemic disease
into an integrated, learning-based framework. By operationalizing the integrative triangle through
multimodal sensing, causal inference, and predictive modelling, clinical care can become simultaneously
more precise, preventive, and patient-centred. Responsible implementation, supported by transparent data
governance and interdisciplinary collaboration, has the potential to reposition dentistry and facial trauma
surgery as core components of systemic precision medicine.

Abbreviations

Al: artificial intelligence

CBCT: cone beam computed tomography
CMF: cranio-maxillofacial

CT: computed tomography

GNNs: graph neural networks

NLP: natural language processing

PSIs: patient-specific implants

Declarations
Author contributions

TDP: Conceptualization, Investigation, Methodology, Visualization, Writing—original draft, Writing—
review & editing. The author read and approved the submitted version.

Conflicts of interest

Tuan D. Pham, who is the Editorial Board Member of Exploration of Medicine, had no involvement in the
decision-making or the review process of this manuscript. There are no other conflicts of interest.

Ethical approval
Not applicable.

Consent to participate

Not applicable.

Explor Med. 2026;7:1001413 | https://doi.org/10.37349/emed.2026.1001413 Page 9



Consent to publication

Not applicable.

Availability of data and materials

Not applicable.

Funding

Not applicable.

Copyright
© The Author(s) 2026.

Publisher’s note

Open Exploration maintains a neutral stance on jurisdictional claims in published institutional affiliations
and maps. All opinions expressed in this article are the personal views of the author(s) and do not
represent the stance of the editorial team or the publisher.

References

1. Pham TD, Holmes SB, Coulthard P. A review on artificial intelligence for the diagnosis of fractures in
facial trauma imaging. Front Artif Intell. 2024;6:1278529. [DOI] [PubMed] [PMC]

2. Long], Yang L, Dou ], Zhang L, Tan X. Artificial intelligence in dentistry: a bibliometric analysis. Br
Dent J. 2025;[Epub ahead of print]. [DOI] [PubMed]

3. Abdul NS, Shivakumar GC, Sangappa SB, Di Blasio M, Crimi S, Cicciu M, et al. Applications of artificial
intelligence in the field of oral and maxillofacial pathology: a systematic review and meta-analysis.
BMC Oral Health. 2024;24:122. [DOI] [PubMed] [PMC(C]

4.  Yamazaki K, Kamada N. Exploring the oral-gut linkage: Interrelationship between oral and systemic
diseases. Mucosal Immunol. 2024;17:147-53. [DOI] [PubMed] [PMC]

5. Natarajan P, Madanian S, Marshall S. Investigating the link between oral health conditions and
systemic diseases: A cross-sectional analysis. Sci Rep. 2025;15:10476. [DOI] [PubMed] [PMC(]

6. Pham TD, Holmes S, Chatzopoulou D, Coulthard P. Artificial Intelligence in Facial Trauma, Oral
Diseases, and Systemic Health. Cham: Springer Cham; 2026. [DOI]

7. Lieber T, Gosselt HR, Kools PC, Kruijssen OC, Van Lierop SNC, Harmark L, et al. Natural language
processing for automated triage and prioritization of individual case safety reports for case-by-case
assessment. Front Drug Saf Regul. 2023;3:1120135. [DOI] [PubMed] [PMC(]

8. Raith S, Pankert T, Jaganathan S, Pankert K, Lee H, Peters F, et al. Segmenting beyond the imaging
data: creation of anatomically valid edentulous mandibular geometries for surgical planning using
artificial intelligence. Clin Oral Investig. 2025;29:501. [DOI] [PubMed] [PMC(]

9. Franceschini C, Ahmadi M, Zhang X, Wu K, Lin M, Weston R, et al. Revolutionizing spine surgery with
emerging AI-FEA integration. ] Robot Surg. 2025;19:615. [DOI] [PubMed] [PMC]

10. Alasiri M. Potential applicability of virtual reality in implant dentistry: a narrative review. Front Dent
Med. 2024;5:1491268. [DOI] [PubMed]

11. Arjmandnia F, Alimohammadi E. The value of machine learning technology and artificial intelligence
to enhance patient safety in spine surgery: a review. Patient Saf Surg. 2024;18:11. [DOI] [PubMed]
[PMC]

12. McLean KA, Sgro A, Brown LR, Buijs LF, Mountain KE, Shaw CA, et al. Multimodal machine learning to
predict surgical site infection with healthcare workload impact assessment. NP] Digit Med. 2025;8:
121. [DOI] [PubMed]

13. Aseri AA. Exploring the Role of Artificial Intelligence in Dental Implantology: A Scholarly Review. ]

Pharm Bioallied Sci. 2025;17:5102-4. [DOI] [PubMed]

Explor Med. 2026;7:1001413 | https://doi.org/10.37349/emed.2026.1001413 Page 10


https://dx.doi.org/10.3389/frai.2023.1278529
http://www.ncbi.nlm.nih.gov/pubmed/38249794
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10797131
https://dx.doi.org/10.1038/s41415-025-8885-y
http://www.ncbi.nlm.nih.gov/pubmed/41107570
https://dx.doi.org/10.1186/s12903-023-03533-7
http://www.ncbi.nlm.nih.gov/pubmed/38263027
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10804575
https://dx.doi.org/10.1016/j.mucimm.2023.11.006
http://www.ncbi.nlm.nih.gov/pubmed/38007003
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11222583
https://dx.doi.org/10.1038/s41598-025-92523-6
http://www.ncbi.nlm.nih.gov/pubmed/40140465
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11947117
https://dx.doi.org/10.1007/978-3-032-11531-7
https://dx.doi.org/10.3389/fdsfr.2023.1120135
http://www.ncbi.nlm.nih.gov/pubmed/40980103
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12443081
https://dx.doi.org/10.1007/s00784-025-06471-6
http://www.ncbi.nlm.nih.gov/pubmed/41074944
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12515113
https://dx.doi.org/10.1007/s11701-025-02772-w
http://www.ncbi.nlm.nih.gov/pubmed/40965805
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12446114
https://dx.doi.org/10.3389/fdmed.2024.1491268
http://www.ncbi.nlm.nih.gov/pubmed/39917645
https://dx.doi.org/10.1186/s13037-024-00393-0
http://www.ncbi.nlm.nih.gov/pubmed/38528562
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10964577
https://dx.doi.org/10.1038/s41746-024-01419-8
http://www.ncbi.nlm.nih.gov/pubmed/39988586
https://dx.doi.org/10.4103/jpbs.jpbs_442_25
http://www.ncbi.nlm.nih.gov/pubmed/40511031

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24.

25.

26.

27.

28.

29.

30.

Vazquez-Sebrango G, Anitua E, Macia I, Arganda-Carreras I. The role of artificial intelligence in implant
dentistry: a systematic review. Int ] Oral Maxillofac Surg. 2025;54:1098-122. [DOI] [PubMed]

Jindanil T, Marinho-Vieira LE, de-Azevedo-Vaz SL, Jacobs R. A unique artificial intelligence-based tool
for automated CBCT segmentation of mandibular incisive canal. Dentomaxillofacial Radiol. 2023;52:
20230321. [DOI] [PubMed] [PMC]

Yang F, Wu X, Zhang Y, Lang X, Yang Y, Ma L, et al. A deep learning based automated maxillary sinus
segmentation and bone grafts analysis in CBCT images. NP] Digit Med. 2025;9:90. [DOI] [PubMed]
[PMC]

Issa ], Dyszkiewicz Konwinska M, Kazimierczak N, Olszewski R. Assessing the accuracy of artificial
intelligence in mandibular canal segmentation compared to semi-automatic segmentation on cone-
beam computed tomography images. Pol ] Radiol. 2025;90:172-9. [DOI] [PubMed]

Ju], Qu Z, Qing H, Ding Y, Peng L. Evaluation of Artificial Intelligence-based diagnosis for facial
fractures, advantages compared with conventional imaging diagnosis: a systematic review and meta-
analysis. BMC Musculoskelet Disord. 2025;26:682. [DOI] [PubMed] [PMC(]

Menon SS, Jacob SA, Eldho Paul A, Kurumathur Vasudevan A, Balakrishnan B, Rajan Peter M, et al. Use
of Artificial Intelligence in Dental Implant Navigation Systems: A Scoping Review. Cureus. 2026;18:
€100776. [DOI] [PubMed] [PMC(C]

Khaohoen A, Yoda N, Rungsiyakull P, Rungsiyakull C, Taichi T. Can artificial intelligence optimize
treatment planning and outcome prediction in fixed tooth- and implant-supported prosthodontics? A
scoping review. BMC Oral Health. 2025;26:104. [DOI] [PubMed] [PMC(]

Alfaraj A, Limones A, Ahmad S, Aljubairah F, Albalaw S, Albesher M, et al. Harnessing Al in
prosthodontics and implant dentistry: An umbrella review of systematic evidence. ] Prosthodont.
2026;35:127-42. [DOI] [PubMed] [PMC(C]

Prasetia R, Liu F, Hananto JE, Purwana SZB, Kholinne E, Dilogo IH. Integrating generative artificial
intelligence into orthopaedics: A review of opportunities, challenges and future directions. ] Orthop
Surg. 2026;34:10225536261424034. [DOI] [PubMed]

Rana M, Sakkas A, Zimmermann M, Kostyuk M, Schwarz G. Artificial Intelligence in Oral and
Maxillofacial Surgery: Integrating Clinical Innovation and Workflow Optimization. ] Clin Med. 2026;
15:427. [DOI] [PubMed] [PMC(]

Prasher P, Tuteja A, Amin F, Sopaj R, Tuteja D, Eddin HS. Advancing precision: The role of digital
workflows in modern implant dentistry. Bioinformation. 2025;21:2490-5. [DOI]

Neji G, Gasparro R, Tlili M, Dhahri A, Khanfir F, Sammartino G, et al. Al-Powered Predictive Models in
Implant Dentistry: Planning, Risk Assessment, and Outcomes. ] Clin Med. 2025;15:228. [DOI]
[PubMed] [PMC]

Mun SB, Yoo SR, Kim Y], Kim K, Kim BC, Kim KG. Al-driven prediction of dental implant numbers to be
placed for patient-specific treatment planning. Int Dent J. 2025;75:103896. [DOI] [PubMed]

Szab6 V, Szabé BT, Orhan K, Veres DS, Manulis D, Ezhov M, et al. Validation of artificial intelligence
application for dental caries diagnosis on intraoral bitewing and periapical radiographs. ] Dent. 2024;
147:105105. [DOI] [PubMed]

Alqutaibi AY, Al-Zaghruri AS. ARTIFICIAL INTELLIGENCE DEMONSTRATES POTENTIAL IN
DETECTING CARIES ON BITEWING RADIOGRAPHS, BUT FURTHER HIGH-QUALITY STUDIES ARE
REQUIRED. ] Evid-Based Dent Pract. 2025;25:102087. [DOI] [PubMed]

Mirfendereski P, Li GY, Pearson AT, Kerr AR. Artificial intelligence and the diagnosis of oral cavity
cancer and oral potentially malignant disorders from clinical photographs: a narrative review. Front
Oral Health. 2025;6:1569567. [DOI] [PubMed] [PMC]

Hassanein FEA, Ahmed Y, Maher S, Barbary AE, Abou-Bakr A. Prompt-dependent performance of
multimodal Al model in oral diagnosis: a comprehensive analysis of accuracy, narrative quality,
calibration, and latency versus human experts. Sci Rep. 2025;15:37932. [DOI] [PubMed] [PMC]

Explor Med. 2026;7:1001413 | https://doi.org/10.37349/emed.2026.1001413 Page 11


https://dx.doi.org/10.1016/j.ijom.2025.04.005
http://www.ncbi.nlm.nih.gov/pubmed/40436717
https://dx.doi.org/10.1259/dmfr.20230321
http://www.ncbi.nlm.nih.gov/pubmed/37870152
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10968771
https://dx.doi.org/10.1038/s41746-025-02275-w
http://www.ncbi.nlm.nih.gov/pubmed/41469515
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12852712
https://dx.doi.org/10.5114/pjr/202477
http://www.ncbi.nlm.nih.gov/pubmed/40416521
https://dx.doi.org/10.1186/s12891-025-08842-2
http://www.ncbi.nlm.nih.gov/pubmed/40665293
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12261719
https://dx.doi.org/10.7759/cureus.100776
http://www.ncbi.nlm.nih.gov/pubmed/41646616
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12867947
https://dx.doi.org/10.1186/s12903-025-07300-8
http://www.ncbi.nlm.nih.gov/pubmed/41372901
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12809939
https://dx.doi.org/10.1111/jopr.70091
http://www.ncbi.nlm.nih.gov/pubmed/41536060
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12906322
https://dx.doi.org/10.1177/10225536261424034
http://www.ncbi.nlm.nih.gov/pubmed/41680109
https://dx.doi.org/10.3390/jcm15020427
http://www.ncbi.nlm.nih.gov/pubmed/41598365
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12841934
https://dx.doi.org/10.6026/973206300212490
https://dx.doi.org/10.3390/jcm15010228
http://www.ncbi.nlm.nih.gov/pubmed/41517477
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12786904
https://dx.doi.org/10.1016/j.identj.2025.103896
http://www.ncbi.nlm.nih.gov/pubmed/41039688
https://dx.doi.org/10.1016/j.jdent.2024.105105
http://www.ncbi.nlm.nih.gov/pubmed/38821394
https://dx.doi.org/10.1016/j.jebdp.2025.102087
http://www.ncbi.nlm.nih.gov/pubmed/39947769
https://dx.doi.org/10.3389/froh.2025.1569567
http://www.ncbi.nlm.nih.gov/pubmed/40130020
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11931071
https://dx.doi.org/10.1038/s41598-025-22979-z
http://www.ncbi.nlm.nih.gov/pubmed/41168327
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12575769

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

Patel JS, Kumar K, Zai A, Shin D, Willis L, Thyvalikakath TP. Developing Automated Computer
Algorithms to Track Periodontal Disease Change from Longitudinal Electronic Dental Records.
Diagnostics. 2023;13:1028. [DOI] [PubMed] [PMC(]

Rebeiz T, Lawand G, Martin W, Gonzaga L, Revilla-Ledn M, Khalaf S, et al. Development of an artificial
intelligence model for assisting periodontal therapy decision-making: A retrospective longitudinal
cohort study. ] Dent. 2025;159:105780. [DOI] [PubMed]

Song B, Liang R. Integrating artificial intelligence with smartphone-based imaging for cancer detection
in vivo. Biosens Bioelectron. 2025;271:116982. [DOI] [PubMed] [PMC]

Kapila YL. Oral health’s inextricable connection to systemic health: Special populations bring to bear
multimodal relationships and factors connecting periodontal disease to systemic diseases and
conditions. Periodontol 2000. 2021;87:11-6. [DOI] [PubMed] [PMC(]

Isola G, Polizzi A, Serra S, Boato M, Sculean A. Relationship between periodontitis and systemic
diseases: A bibliometric and visual study. Periodontol 2000. 2025;98:228-40. [DOI] [PubMed] [PMC]
Liu YCG, Lan SJ, Hirano H, Lin LM, Hori K, Lin CS, et al. Update and review of the gerodontology
prospective for 2020’s: Linking the interactions of oral (hypo)-functions to health vs. systemic
diseases. ] Dent Sci. 2021;16:757-73. [DOI] [PubMed] [PMC]

Mosaddad SA, Mahootchi P, Safari S, Rahimi H, Aghili SS. Interactions between systemic diseases and
oral microbiota shifts in the aging community: A narrative review. ] Basic Microbiol. 2023;63:831-54.
[DOI] [PubMed]

Lumelsky N. Oral-systemic immune axis: Crosstalk controlling health and disease. Front Dent Med.
2023;3:1106456. [DOI]

Foroughi M, Torabinejad M, Angelov N, Ojcius DM, Parang K, Ravnan M, et al. Bridging oral and
systemic health: exploring pathogenesis, biomarkers, and diagnostic innovations in periodontal
disease. Infection. 2025;53:2277-302. [DOI] [PubMed] [PMC(]

Bida FC, Curca FR, Lupusoru R, Virvescu DI, Scurtu M, Rotundu G, et al. The Systemic Link Between
Oral Health and Cardiovascular Disease: Contemporary Evidence, Mechanisms, and Risk Factor
Implications. Diseases. 2025;13:354. [DOI] [PubMed] [PMC]

Naka O, Chatzidou P, Sarafidou K, Anastassiadou V. Translating inflammaging: The bidirectional
relationship between oral and systemic health in geriatric prosthodontics. Arch Gerontol Geriatr Plus.
2025;2:100192. [DOI]

Martinez-Garcia M, Herndndez-Lemus E. Periodontal Inflammation and Systemic Diseases: An
Overview. Front Physiol. 2021;12:709438. [DOI]

Pham TD. Stomatognathic Diseases Reveal Bidirectional Link Between Diabetes Mellitus and Coronary
Artery Calcium: A Cross-Sectional Study Using Multi-Way Array Analysis. Health Sci Rep. 2025;8:
e71280. [DOI] [PubMed] [PMC(]

Acosta ]N, Falcone GJ, Rajpurkar P, Topol EJ. Multimodal biomedical Al. Nat Med. 2022;28:1773-84.
[DOI] [PubMed]

Simon BD, Ozyoruk KB, Gelikman DG, Harmon SA, Tiirkbey B. The future of multimodal artificial
intelligence models for integrating imaging and clinical metadata: a narrative review. Diagn Interv
Radiol. 2024;31:303-12. [DOI] [PubMed] [PMC]

Teoh JR, Dong ], Zuo X, Lai KW, Hasikin K, Wu X. Advancing healthcare through multimodal data
fusion: a comprehensive review of techniques and applications. Peer] Comput Sci. 2024;10:e2298.
[DOI] [PubMed] [PMC(]

Kang W, Zhang X, Zhang ], Chen X, Huang H, He B, et al. Multimodal data generative fusion method for
complex system health condition estimation. Sci Rep. 2025;15:20026. [DOI] [PubMed] [PMC]

Chen X, Xie H, Tao X, Wang FL, Leng M, Lei B. Artificial intelligence and multimodal data fusion for
smart healthcare: topic modeling and bibliometrics. Artif Intell Rev. 2024;57:e57. [DOI]

Explor Med. 2026;7:1001413 | https://doi.org/10.37349/emed.2026.1001413 Page 12


https://dx.doi.org/10.3390/diagnostics13061028
http://www.ncbi.nlm.nih.gov/pubmed/36980336
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10047444
https://dx.doi.org/10.1016/j.jdent.2025.105780
http://www.ncbi.nlm.nih.gov/pubmed/40287049
https://dx.doi.org/10.1016/j.bios.2024.116982
http://www.ncbi.nlm.nih.gov/pubmed/39616900
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11789447
https://dx.doi.org/10.1111/prd.12398
http://www.ncbi.nlm.nih.gov/pubmed/34463994
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8457130
https://dx.doi.org/10.1111/prd.12621
http://www.ncbi.nlm.nih.gov/pubmed/39775963
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12842847
https://dx.doi.org/10.1016/j.jds.2020.09.007
http://www.ncbi.nlm.nih.gov/pubmed/33854730
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8025188
https://dx.doi.org/10.1002/jobm.202300141
http://www.ncbi.nlm.nih.gov/pubmed/37173818
https://dx.doi.org/10.3389/fdmed.2022.1106456
https://dx.doi.org/10.1007/s15010-025-02568-y
http://www.ncbi.nlm.nih.gov/pubmed/40418274
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12675790
https://dx.doi.org/10.3390/diseases13110354
http://www.ncbi.nlm.nih.gov/pubmed/41294894
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12651253
https://dx.doi.org/10.1016/j.aggp.2025.100192
https://dx.doi.org/10.3389/fphys.2021.709438
https://dx.doi.org/10.1002/hsr2.71280
http://www.ncbi.nlm.nih.gov/pubmed/41030663
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12477500
https://dx.doi.org/10.1038/s41591-022-01981-2
http://www.ncbi.nlm.nih.gov/pubmed/36109635
https://dx.doi.org/10.4274/dir.2024.242631
http://www.ncbi.nlm.nih.gov/pubmed/39354728
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12239537
https://dx.doi.org/10.7717/peerj-cs.2298
http://www.ncbi.nlm.nih.gov/pubmed/39650483
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11623190
https://dx.doi.org/10.1038/s41598-025-04985-3
http://www.ncbi.nlm.nih.gov/pubmed/40481085
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12144150
https://dx.doi.org/10.1007/s10462-024-10712-7

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Zhao D, Homayounfar M, Zhen Z, Wu MZ, Yu SY, Yiu KH, et al. A Multimodal Deep Learning Approach

to Predicting Systemic Diseases from Oral Conditions. Diagnostics. 2022;12:3192. [DOI] [PubMed]
[PMC]

Zhang ], Feng S, Xue ], Zhou C, Fu S, Liu P, et al. Al-driven multimodal fusion of tongue images and
clinical indicators for identifying MAFLD patients at risk of coronary artery disease: An exploratory
study. iLIVER. 2025;4:100181. [DOI] [PubMed] [PMC(]

Wu Z, Pan S, Chen F, Long G, Zhang C, Yu PS. A Comprehensive Survey on Graph Neural Networks.
IEEE Trans Neural Netw Learn Syst. 2021;32:4-24. [DOI] [PubMed]

Biittner M, Leser U, Schneider L, Schwendicke F. Natural Language Processing: Chances and
Challenges in Dentistry. ] Dent. 2024;141:104796. [DOI]

Chuang YS, Lee CT, Lin GH, Brandon R, Jiang X, Walji MF, et al. Cross-institutional dental electronic
health record entity extraction via generative artificial intelligence and synthetic notes. JAMIA Open.
2025;8:00af061. [DOI] [PubMed]

Rieke N, Hancox ], Li W, Milletari F, Roth HR, Albarqouni S, et al. The future of digital health with
federated learning. NP] Digit Med. 2020;3:119. [DOI] [PubMed]

Arina P, Kaczorek MR, Hofmaenner DA, Pisciotta W, Refinetti P, Singer M, et al. Prediction of
Complications and Prognostication in Perioperative Medicine: A Systematic Review and PROBAST
Assessment of Machine Learning Tools. Anesthesiology. 2023;140:85-101. [DOI] [PubMed] [PMC(]

Fu D, Shu X, Zhou G, Ji M, Liao G, Zou L. Connection between oral health and chronic diseases.
MedComm. 2025;6:e70052. [DOI] [PubMed] [PMC(]

Liu S, Li X, Jiang S, Liu D, Wang J. A Review of Advances in Multimodal Treatment Strategies for
Chronic Disorders of Consciousness Following Severe Traumatic Brain Injury. Int] Gen Med. 2025;18:
771-86. [DOI] [PubMed] [PMC(]

Danish S, Sadeghi-Niaraki A, Khan SU, Dang LM, Tightiz L, Moon H. A comprehensive survey of
Vision—Language Models: Pretrained models, fine-tuning, prompt engineering, adapters, and
benchmark datasets. Inf Fusion. 2026;126:103623. [DOI]

Corso G, Stark H, Jegelka S, Jaakkola T, Barzilay R. Graph neural networks. Nat Rev Methods Primers.
2024;4:e4. [DOI]

Hangloo S, Arora B. Multimodal fusion techniques: Review, data representation, information fusion,
and application areas. Neurocomputing. 2025;649:130827. [DOI]

Pham TD. A deep learning vision—language model for diagnosing pediatric dental diseases. Intell-
Based Med. 2026;13:100364. [DOI]

Yadalam PK, Natarajan PM, Mosaddad SA, Heboyan A. Graph neural networks-based prediction of
drug gene association of P2X receptors in periodontal pain. ] Oral Biol Craniofacial Res. 2024;14:
335-8. [DOI] [PubMed] [PMC(]

Liu ], Hao ], Lin H, Pan W, Yang |, Feng Y, et al. Deep learning-enabled 3D multimodal fusion of cone-
beam CT and intraoral mesh scans for clinically applicable tooth-bone reconstruction. Patterns. 2023;
4:100825. [DOI] [PubMed] [PMC(]

Yurdem B, Kuzlu M, Gullu MK, Catak FO, Tabassum M. Federated learning: Overview, strategies,
applications, tools and future directions. Heliyon. 2024;10:e38137. [DOI] [PubMed] [PMC(]

Pham T. Ethical and legal considerations in healthcare Al: innovation and policy for safe and fair use.
R Soc Open Sci. 2025;12:241873. [DOI] [PubMed] [PMC(]

Sun K, Wang X, Miao X, Zhao Q. A review of Al edge devices and lightweight CNN and LLM deployment.
Neurocomputing. 2025;614:128791. [DOI]

Dangi RR, Sharma A, Vageriya V. Transforming Healthcare in Low-Resource Settings With Artificial

Intelligence: Recent Developments and Outcomes. Public Health Nurs. 2024;42:1017-30. [DOI]
[PubMed]

Explor Med. 2026;7:1001413 | https://doi.org/10.37349/emed.2026.1001413 Page 13


https://dx.doi.org/10.3390/diagnostics12123192
http://www.ncbi.nlm.nih.gov/pubmed/36553200
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9777898
https://dx.doi.org/10.1016/j.iliver.2025.100181
http://www.ncbi.nlm.nih.gov/pubmed/41054419
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12496237
https://dx.doi.org/10.1109/tnnls.2020.2978386
http://www.ncbi.nlm.nih.gov/pubmed/32217482
https://dx.doi.org/10.1016/j.jdent.2023.104796
https://dx.doi.org/10.1093/jamiaopen/ooaf061
http://www.ncbi.nlm.nih.gov/pubmed/40584736
https://dx.doi.org/10.1038/s41746-020-00323-1
http://www.ncbi.nlm.nih.gov/pubmed/33015372
https://dx.doi.org/10.1097/aln.0000000000004764
http://www.ncbi.nlm.nih.gov/pubmed/37944114
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11146190
https://dx.doi.org/10.1002/mco2.70052
http://www.ncbi.nlm.nih.gov/pubmed/39811802
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11731113
https://dx.doi.org/10.2147/ijgm.s502086
http://www.ncbi.nlm.nih.gov/pubmed/39967766
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11834669
https://dx.doi.org/10.1016/j.inffus.2025.103623
https://dx.doi.org/10.1038/s43586-024-00294-7
https://dx.doi.org/10.1016/j.neucom.2025.130827
https://dx.doi.org/10.1016/j.ibmed.2026.100364
https://dx.doi.org/10.1016/j.jobcr.2024.04.008
http://www.ncbi.nlm.nih.gov/pubmed/38680473
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11053325
https://dx.doi.org/10.1016/j.patter.2023.100825
http://www.ncbi.nlm.nih.gov/pubmed/37720330
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC10499902
https://dx.doi.org/10.1016/j.heliyon.2024.e38137
http://www.ncbi.nlm.nih.gov/pubmed/39391509
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC11466570
https://dx.doi.org/10.1098/rsos.241873
http://www.ncbi.nlm.nih.gov/pubmed/40370601
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC12076083
https://dx.doi.org/10.1016/j.neucom.2024.128791
https://dx.doi.org/10.1111/phn.13500
http://www.ncbi.nlm.nih.gov/pubmed/39629887

	Abstract
	Keywords
	Introduction
	AI in facial trauma: from detection to design
	Imaging intelligence for triage and diagnosis
	Virtual surgical planning and PSIs
	Perioperative risk prediction

	AI in dental implant planning and digital workflows
	Automated imaging analysis and implant site assessment
	Prosthetically driven planning and virtual surgical simulation
	Guided surgery and digital workflow integration
	Predictive modelling and outcome optimisation
	Current evidence and translational considerations

	AI in oral health: prevention, early diagnosis, and prognosis
	Automated detection across modalities
	Risk stratification and personalised prevention
	Community and mobile screening

	Oral-systemic interconnections: a new frontier for multimodal AI
	Bidirectional biology and clinical consequences
	Multimodal fusion and graph representations
	Population-scale discovery

	The integrative triangle as a conceptual and translational paradigm
	Current evidence and clinical maturity
	Facial trauma as a probe of systemic resilience
	Oral health as a mediating state
	Systemic disease as a feedback driver
	AI-based progress toward integration
	Closed-loop learning as a unifying principle

	Ethical, regulatory, and explainability considerations for integrative AI
	Conceptual scope and current limitations
	Future directions
	Conclusions
	Abbreviations
	Declarations
	Author contributions
	Conflicts of interest
	Ethical approval
	Consent to participate
	Consent to publication
	Availability of data and materials
	Funding
	Copyright

	Publisher’s note
	References

