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Abstract: Background: Artificial intelligence (AI) is increasingly investigated for radiographic assessment of peri-implant bone 
conditions, although radiographic marginal bone loss does not alone establish a clinical diagnosis of peri-implantitis. This narrative 
review aimed to critically synthesize current evidence on AI-assisted radiographic assessment of peri-implant marginal bone levels 
and bone loss. Methods: A structured literature search was conducted in PubMed/MEDLINE and Scopus. Eligible original studies 
applying AI or machine-learning methods to human dental radiographs for peri-implant bone assessment were included in a 
qualitative synthesis. Results: Seventeen studies were included. Periapical radiographs were the predominant imaging modality, 
while panoramic radiographs and CBCT were less frequently investigated. AI applications included implant and landmark localization, 
marginal bone-level measurement and quantification, bone-loss severity and defect-morphology classification, and prediction using 
imaging-derived features. Reported performance was generally promising, although substantial heterogeneity was observed in 
datasets, target tasks, reference standards, validation strategies, and performance metrics. Conclusions: Current radiograph-based 
AI systems show potential for image analysis, quantitative assessment, and clinical decision support. However, radiographic AI 
performance should not be interpreted as autonomous diagnostic accuracy for peri-implantitis. External validation, longitudinal 
assessment, and integration with relevant clinical parameters remain priorities for future research. 
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INTRODUCTION 

Long-term implant maintenance requires surveillance of peri-implant soft tissues and supporting bone. Radiography is an essential 
objective method for identifying and longitudinally measuring peri-implant bone-level changes, but it does not directly demonstrate 
inflammation or disease activity. Periapical radiographs are generally preferred for standardized marginal bone-level assessment; 
panoramic radiographs may provide broader screening information, whereas cone-beam computed tomography (CBCT) is reserved 
for selected indications in which three-dimensional assessment is clinically justified 
[1]. 

Peri-implant health is characterized by the absence of clinical signs of inflammation. 
Peri-implant mucositis presents with bleeding and/or suppuration on gentle probing 
without bone loss beyond initial crestal remodeling. Peri-implantitis is a plaque-
associated pathological condition characterized by inflammation of the peri-implant 
mucosa and subsequent progressive loss of supporting bone [1]. Thus, peri-
implantitis is not a radiographic diagnosis alone. Diagnosis should integrate bleeding 
and/or suppuration on probing, increased probing depth relative to previous 
examinations, and radiographic bone loss beyond initial remodeling [2]. When 
previous records are unavailable, the 2017 World Workshop case definition uses 
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bleeding and/or suppuration, probing depths of at least 6 mm, and bone levels at least 3 mm apical to the most coronal intraosseous 
portion of the implant [1]. The EFP S3 guideline likewise places radiographic findings within a clinical pathway that includes probing 
findings, patient- and implant-level risk assessment, and longitudinal comparison where available [3]. 

Marginal bone loss must therefore be distinguished from peri-implantitis-related bone resorption. Early crestal change may reflect 
physiological remodeling after implant placement and loading, and a single radiograph cannot determine the biological cause of a 
bone-level change. Baseline or previous radiographs are essential whenever available, because progression beyond expected 
remodeling is more informative than an isolated measurement [1, 3]. Consequently, radiographic marginal bone loss is an imaging 
finding, while peri-implantitis is a clinical diagnosis that cannot be determined solely from radiographic information [1, 3]. When 
evaluating the effectiveness of artificial intelligence models that have only been trained on radiographic images, this distinction is 
especially crucial. 

Radiographic interpretation can nevertheless be challenging. Accurate measurement requires consistent identification of the implant 
platform, implant-abutment interface, implant apex, first bone-to-implant contact, and exposed threads. Projection error, overlapping 
anatomy, prosthetic components, image quality and implant design can obscure landmarks. Moreover, two-dimensional radiographs 
cannot fully depict buccal and lingual bone morphology. These challenges motivate automated methods that can reliably recognize 
anatomical and implant-related landmarks and measure changes at the peri-implant bone level [4, 5]. 

Artificial intelligence encompasses computational methods that perform tasks commonly associated with human reasoning or 
perception. Machine learning is a subset of AI in which algorithms learn patterns from data; deep learning is a subset of machine 
learning that uses multilayer neural networks. In dento-maxillofacial radiology, these approaches have been investigated to improve 
consistency, reduce repetitive measurement burden, and support image-based detection and classification [6, 7].  In peri-implant 
radiographic assessment, convolutional neural networks (CNNs) and related deep-learning architectures have been applied to several 
tasks, such as implant and tissue localization, landmark detection, bone-level measurement, radiographic severity grading, and defect-
pattern classification [4, 5, 8-12]. These image-analysis tasks should not be conflated with the clinical diagnosis of peri-implantitis. 

Recent systematic reviews and a meta-analysis have already summarized the performance of AI models applied to peri-implant 
radiographic assessment [13-15]. However, the available primary studies address heterogeneous imaging tasks, including implant and 
landmark localization, marginal bone-level measurement, severity grading, and defect-morphology classification. As a result, 
performance estimates for these specific tasks cannot be consistently interpreted as peri-implantitis diagnostic accuracy. The present 
review focuses on the precise radiographic task carried out by each AI model and the methodological elements that determine its 
potential clinical relevance, offering a clinically oriented interpretation of this varied evidence instead of another quantitative 
synthesis. 

Accordingly, this narrative review aims to critically synthesize current evidence on AI-assisted radiographic assessment of peri-implant 
marginal bone levels and bone loss, with particular emphasis on the specific imaging tasks performed by existing models, their 
methodological and validation characteristics, and their potential clinical applications and limitations. A further objective is to clarify 
the distinction between AI-based assessment of radiographic bone changes and the multimodal clinical diagnosis of peri-implantitis. 

MATERIALS AND METHODS 

Review Design 

This study was conceptualized as a narrative review that was complemented by a structured literature search. The objective was to 
critically synthesize the most recent evidence regarding the radiographic assessment of peri-implant marginal bone levels and bone 
loss using artificial intelligence (AI). With special attention to the particular imaging tasks carried out by each model, such as implant 
and peri-implant tissue localization, landmark detection, marginal bone-level measurement, bone-loss detection and severity grading, 
and defect-morphology classification, the review concentrated on original studies assessing AI-based analysis of dental implant 
radiographs. 

The significant methodological variety across the available studies, especially with regard to imaging modalities, AI architectures, 
target tasks, reference standards, validation techniques, and reported performance measures, led to a narrative synthesis of the 
evidence. As a result, neither quantitative pooling nor meta-analysis was carried out. 

While consensus reports and clinical practice guidelines established accepted definitions and diagnostic criteria for peri-implant 
health, peri-implant mucositis, and peri-implantitis, systematic reviews, meta-analyses, and other pertinent evidence syntheses were 
utilized to contextualize the results from the primary studies. These sources were taken into account independently of the original 
research that was part of the primary evidence synthesis. 

The distinction between the clinical diagnosis of peri-implantitis, which necessitates the integration of radiographic results with clinical 
and, if available, longitudinal data, and AI-based assessment of radiographic marginal bone alterations was given special attention. 
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Information Sources and Search Strategy 

A structured literature search was conducted in two electronic databases, PubMed/MEDLINE and Scopus, to identify studies 
investigating artificial intelligence (AI)-based radiographic assessment of peri-implant marginal bone levels and bone loss. The 
databases were searched between 15th of July and 15th of August 2026. No restrictions regarding publication date, language, or 
article type were applied at the database-search stage. 

The search strategy was developed around three main concepts: (1) artificial intelligence and machine-learning methods; (2) dental 
implants and peri-implant tissues; and (3) peri-implant marginal bone levels, bone loss, remodeling, and related bone changes. 
Database-specific search strategies were used to account for differences in indexing systems and search syntax. 

For PubMed/MEDLINE, Medical Subject Headings (MeSH) and free-text terms searched within the title and abstract fields were 
combined using Boolean operators. The final PubMed/MEDLINE search strategy was: 

("Artificial Intelligence"[Mesh] OR "artificial intelligence"[Title/Abstract] OR "Machine Learning"[Mesh] OR "machine 
learning"[Title/Abstract] OR "deep learning"[Title/Abstract] OR "convolutional neural network*"[Title/Abstract] OR 
CNN[Title/Abstract] OR "object detection"[Title/Abstract]) AND ("Dental Implants"[Mesh] OR "dental implant*"[Title/Abstract] OR 
"peri-implant"[Title/Abstract] OR "periimplant"[Title/Abstract] OR "peri-implantitis"[Title/Abstract] OR 
"periimplantitis"[Title/Abstract]) AND ("marginal bone loss"[Title/Abstract] OR "marginal bone level*"[Title/Abstract] OR "peri-
implant bone loss"[Title/Abstract] OR "periimplant bone loss"[Title/Abstract] OR "peri-implant bone level*"[Title/Abstract] OR 
"periimplant bone level*"[Title/Abstract] OR "marginal bone remodeling"[Title/Abstract] OR "marginal bone 
remodelling"[Title/Abstract] OR "peri-implant bone remodeling"[Title/Abstract] OR "peri-implant bone remodelling"[Title/Abstract] 
OR "peri-implant bone defect*"[Title/Abstract] OR "periimplant bone defect*"[Title/Abstract] OR "peri-implantitis"[Title/Abstract] 
OR "periimplantitis"[Title/Abstract]). This search retrieved 80 records. 

For Scopus, the search strategy was adapted to the database-specific TITLE-ABS-KEY syntax and was intentionally broader to account 
for differences in database indexing and terminology. The final Scopus search strategy was: TITLE-ABS-KEY (("artificial intelligence" 
OR "machine learning" OR "deep learning") AND ("dental implant" OR "peri implant" OR "peri implantitis")). This search retrieved 58 
records. 

Thus, a total of 138 records were identified through electronic database searching before duplicate removal and eligibility screening. 
A supplementary targeted search was also performed to identify potentially relevant studies not retrieved by the predefined database 
search strategies. Additional records identified through this process were assessed according to the same eligibility criteria. Records 
identified through the database and supplementary searches were subsequently evaluated according to the predefined eligibility 
criteria described below. 

Eligibility Criteria 

Studies were considered eligible for the primary evidence synthesis if they met the following criteria: (1) original peer-reviewed 
research investigating artificial intelligence, machine learning, or deep-learning methods; (2) evaluation of dental implants and/or 
peri-implant tissues using radiographic images; (3) assessment of at least one imaging task directly related to peri-implant marginal 
bone status, including peri-implant landmark or tissue detection, marginal bone-level measurement, marginal bone-loss detection or 
quantification, radiographic bone-loss severity grading, prediction of marginal bone loss using radiographic or imaging-derived 
features or peri-implant bone-defect morphology classification; (4) use of clinical human radiographic images, including periapical, 
panoramic, or cone-beam computed tomography (CBCT) images; and (5) availability of the full text in English. 

Studies describing AI-based peri-implantitis detection or peri-implantitis classification were considered eligible when the model 
assessed radiographic bone changes relevant to the scope of this review. However, such studies were classified according to the actual 
imaging task performed and were not considered to provide evidence of AI-based clinical diagnosis of peri-implantitis unless the 
reference standard incorporated appropriate clinical diagnostic parameters in addition to radiographic findings. 

Studies were excluded if they (1) investigated AI applications exclusively for implant planning or placement, anatomical segmentation 
for surgical planning, implant identification, implant-brand or implant-system recognition, or prosthetic planning without assessment 
of peri-implant marginal bone status; (2) evaluated exclusively non-radiographic data; (3) were based exclusively on animal, in vitro, 
phantom, or synthetic datasets; (4) did not assess an outcome directly related to peri-implant marginal bone level, bone loss, bone 
remodeling, or peri-implant bone-defect morphology; or (5) were case reports, conference abstracts or proceedings, editorials, 
letters, commentaries, protocols, or other non-original publications. 

Systematic reviews, meta-analyses, scoping reviews, and narrative reviews were excluded from the primary evidence synthesis. 
Consensus reports and clinical practice guidelines were used to establish clinical definitions and diagnostic criteria but were not 
considered part of the primary AI evidence set. 
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Study Selection 

All records retrieved from PubMed/MEDLINE and Scopus were screened by title and abstract for potential relevance to the predefined 
eligibility criteria. The database searches identified a total of 138 records, including 80 records from PubMed/MEDLINE and 58 records 
from Scopus. After comparison of the records retrieved from the two databases, no duplicates were identified; therefore, all 138 
records proceeded to title and abstract screening. 

During title and abstract screening, records were excluded when they clearly did not meet the eligibility criteria, including studies 
based exclusively on non-radiographic clinical or demographic data, large language models applied to simulated clinical scenarios, 
microbiome or genomic datasets, and other non-imaging approaches to peri-implant disease prediction. Following this screening, 17 
articles were considered potentially eligible and underwent full-text assessment. 

The full texts of these 17 potentially eligible articles were assessed against the predefined inclusion and exclusion criteria. One study 
was excluded at this stage because the investigated outcome was physiological peri-implant bone remodeling rather than marginal 
bone loss. Consequently, 16 studies retrieved through the database search fulfilled the eligibility criteria. None of the records retrieved 
exclusively through the Scopus search met the eligibility criteria for progression to full-text assessment. One additional eligible study 
was identified through supplementary targeted searching, resulting in a final sample of 17 original studies included in the qualitative 
synthesis. 

Studies describing peri-implantitis detection based on radiographic images were retained when their actual imaging task involved 
peri-implant marginal bone assessment, bone-defect classification, or related radiographic outcomes. These studies were 
subsequently categorized according to the specific radiographic task performed rather than being interpreted uniformly as studies of 
clinical peri-implantitis diagnosis. 

Any disagreement regarding eligibility or study classification was resolved through discussion among the authors until consensus was 
reached. 

The study identification, screening, eligibility assessment, and final inclusion process is summarized in Figure 1. 

Figure 1: Flow diagram of the literature search and study selection process across PubMed/MEDLINE and Scopus. AI, artificial 

intelligence; ML, machine learning; DL, deep learning. 
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Data Extraction and Evidence Synthesis 

Data were extracted from each eligible study using a structured framework designed to characterize both the clinical imaging context 
and the methodological features of the artificial intelligence models. The extracted variables included: first author and year of 
publication; study design; sample and dataset characteristics; radiographic modality; AI or machine-learning approach; specific 
radiographic task; reference standard and annotation procedure; training, validation, and test strategy; performance metrics; 
comparator, when available; and the main findings relevant to peri-implant marginal bone assessment. 

Particular attention was given to the specific imaging task performed by each model, rather than relying solely on the diagnostic 
terminology used by the original authors. Accordingly, eligible studies were categorized according to whether the AI approach was 
designed for implant or peri-implant landmark localization, marginal bone-level detection or measurement, marginal bone-loss 
detection or quantification, radiographic severity grading, peri-implant bone-defect morphology classification, or prediction of 
marginal bone loss using radiographic or imaging-derived features. 

For studies using the terms peri-implantitis detection, peri-implantitis diagnosis, or peri-implantitis classification, the reference 
standard was examined to determine whether peri-implantitis had been defined using radiographic findings alone or a combination 
of radiographic and clinical parameters. Models based exclusively on radiographic information were interpreted as assessing 
radiographic manifestations associated with peri-implant disease rather than independently establishing a clinical diagnosis of peri-
implantitis. 

Because of the heterogeneity of the included studies with respect to imaging modality, AI architecture, dataset characteristics, 
reference standards, target tasks, and reported performance measures, no quantitative meta-analysis was performed. The findings 
were therefore synthesized narratively and organized according to the principal radiographic tasks and methodological characteristics 
of the included models. Performance measures were reported as provided by the original studies and were not pooled across studies 
when the underlying tasks or reference standards differed. 

Methodological and Clinical Appraisal 

In addition to descriptive data extraction, the included studies were critically appraised with respect to methodological features that 
may influence the reliability, generalizability, and clinical interpretation of their findings. The appraisal focused on dataset size and 
composition, radiographic modality, definition of the target outcome, reference-standard and annotation procedures, data-
partitioning strategy, internal and external validation, class distribution, reported performance metrics, and comparison with clinician 
assessment when available. 

Particular attention was paid to the unit of data splitting. When multiple radiographs, implants, image sections, or longitudinal 
examinations originated from the same patient, the reported training, validation, and test procedures were examined to determine 
whether partitioning was performed at the patient level or at the image/implant level. The potential for data leakage and overly 
optimistic performance estimates was considered when independence between training and evaluation datasets could not be 
established from the reported methodology. 

The reference standard used for model development and evaluation was also examined. Studies were assessed according to whether 
annotations or diagnostic labels were established by one or more clinicians, whether examiner expertise was reported, whether 
consensus procedures or repeated assessments were used, and whether clinical information was incorporated into the reference 
standard. Particular caution was applied to studies in which radiographic bone loss or defect morphology alone was labelled as peri-
implantitis, because radiographic findings in isolation do not establish the clinical diagnosis of peri-implantitis. 

Model validation was categorized according to whether performance was evaluated using an internal test set or an independent 
external dataset. The presence of clinician comparison, multicenter data, heterogeneous imaging sources, and inclusion of different 
implant systems was additionally considered when assessing the potential generalizability of each model. Studies relying on single-
center datasets, limited implant systems, or internally derived test sets were interpreted cautiously with respect to clinical 
transferability. 

Because the included studies investigated heterogeneous AI tasks and reported different performance measures, model performance 
was interpreted within the context of the specific task and reference standard used in each study. Accuracy, sensitivity, specificity, 
precision, recall, F1-score, intersection over union, Dice coefficient, average precision, and other reported metrics were therefore not 
considered directly interchangeable across studies. High numerical performance was not interpreted as evidence of clinical diagnostic 
accuracy unless the model outcome and reference standard supported such an interpretation. 

The appraisal was used to support the narrative interpretation of the evidence rather than to generate a numerical methodological 
quality score. No studies were excluded solely on the basis of methodological limitations identified during this appraisal; instead, 
these limitations were considered when evaluating the strength and clinical applicability of the available evidence. A structured risk-
of-bias instrument, such as QUADAS-2 or PROBAST, was not applied, because the included studies addressed heterogeneous AI tasks 
(localization, measurement, severity classification, and prediction) with correspondingly different reference standards and validation 
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designs, limiting the applicability of a single standardized tool across all studies. Instead, the domains most relevant to these 
instruments — reference-standard adequacy, patient-level data partitioning, and validation strategy — were appraised narratively 
for each study within the context of its specific task. 

RESULTS 

Study Characteristics 

Seventeen original studies met the predefined eligibility criteria and were included in the qualitative synthesis. The included studies 
were published between 2020 and 2026, reflecting the relatively recent application of artificial intelligence and machine-learning 
methods to radiographic assessment of peri-implant marginal bone conditions. The studies differed substantially in terms of imaging 
modality, dataset size, AI architecture, target task, reference standard, and reported performance measures. 

Most studies used two-dimensional dental radiographs, particularly periapical radiographs, either alone or in combination with 
bitewing or panoramic images. For example, Cha et al. evaluated a modified region-based convolutional neural network (R-CNN) on 
708 periapical radiographs for detection of the marginal bone level and implant landmarks, subsequent calculation of the peri-implant 
bone-loss ratio, and classification of bone-resorption severity [4]. Liu et al. used 1,670 periapical radiographs to train and evaluate a 
Faster R-CNN model for detecting marginal bone loss around dental implants [8]. Vera et al. investigated a combined deep-learning 
and image-processing approach using 2,920 intraoral periapical and bitewing radiographs to localize implant-related structures and 
automatically determine peri-implant bone loss [5]. 

The scope of the included AI applications extended beyond direct marginal bone-loss detection. Some models were developed to 
identify implants, peri-implant tissues, or radiographic landmarks required for subsequent measurements, whereas others quantified 
marginal bone levels, classified the severity of radiographic bone loss, characterized peri-implant bone-defect morphology, or 
distinguished radiographic patterns labelled by the original investigators as peri-implantitis. More recent studies also investigated 
three-dimensional CBCT-based assessment and prediction of marginal bone loss using imaging-derived features. Consequently, the 
included studies represented several related but methodologically distinct AI tasks rather than a homogeneous group of diagnostic 
models. 

Convolutional neural networks and related deep-learning architectures predominated among the included studies. The investigated 
approaches included region-based CNNs, Faster R-CNN, YOLO variants, U-Net-based segmentation, conventional CNN classifiers, and 
combined object-detection and image-processing pipelines. A smaller subset used conventional machine-learning algorithms applied 
to quantitative imaging-derived features. This methodological diversity was accompanied by substantial variation in model outputs 
and evaluation metrics, ranging from landmark localization and segmentation measures to sensitivity, specificity, precision, recall, F1-
score, accuracy, and agreement with clinician assessments. 

An important source of heterogeneity concerned the definition of the target condition. While some studies explicitly evaluated 
marginal bone level or marginal bone loss as a radiographic outcome, others described their models as detecting or diagnosing peri-
implantitis on radiographs. These studies were retained when their actual AI task fulfilled the eligibility criteria but were interpreted 
according to the radiographic feature assessed and the reference standard used. Therefore, the use of the term peri-implantitis by 
the original authors was not considered, by itself, evidence that the model established a clinical diagnosis of peri-implantitis. 

The principal characteristics of the 17 included studies, including imaging modality, dataset characteristics, AI approach, radiographic 
task, reference standard, and principal outcomes are summarized in Table 1, and their methodological and validation features in Table 
2. 

Table 1: Main characteristics of the studies included in the qualitative synthesis 

Study 
Imaging modality / 

dataset 
AI approach 

Primary radiographic 
task 

Reference standard / 
annotation 

Main reported outcome 

Su et al., 
2026 [16] 

Periapical radiographs; 
708 images; 3i and Xive 
implants 

YOLOv8 + 
custom 
segmentation + 
alveolar crest 
detection + 
EfficientNet-B3 

Implant localization and 
classification of peri-
implant bone-loss 
severity 

Expert/manual 
radiographic assessment 

YOLOv8 precision 99.39%, sensitivity 
98.63%; 12-class accuracy 97.42% 

Efeoglu 
et al., 
2026 [17] 

Panoramic 
radiographs; 144 
patients 

Mask R-CNN 
(ResNet-50) + 
radiomics/ML 

Detection of 
radiographic peri-
implant abnormalities 

Regions segmented by 
two dentomaxillofacial 
radiology residents; ICC 
0.97 

Mask R-CNN F1-score 0.84; AUC 0.86 

Adnan et 
al., 2026 
[18] 

Sequential periapical 
radiographs; 2,960 
retained images 

Six-model DL 
cascade 

Implant/ROI detection 
and automated MBL 
quantification 

Specialist-established 
reference standard 

MBL model mAP 75.0%, precision 73.0%, 
recall 69.8% 



 

 

616 

 

Madani 
et al., 
2026 [19] 

CBCT; 699 2D sections YOLOv8 
MBL detection and 
severity grading 

Four radiographic classes 
according to percentage 
of implant length affected 

Accuracy, precision, recall and F1 ≈ 0.90; 
mAP@0.5 = 0.889 

Gao et 
al., 2025 
[20] 

Periapical radiographs YOLOv8-pose 

Landmark/keypoint 
detection, MBL 
quantification and 
severity prediction 

Radiographic keypoints 
associated with peri-
implant bone loss 

Keypoint precision >98%; severity 
accuracy 0.906 and 0.844 for the two 
implant sides 

Khan et 
al., 2025 
[21] 

CBCT; 150 patients, 
212 implants 

CNN-based 
system 

Implant classification 
and peri-implant bone-
defect/disease 
detection 

Clinical and radiographic 
assessment validated by 
two oral radiologists 

Sensitivity 91.8%, specificity 93.4%, AUC 
0.94 

Lee et al., 
2025 [12] 

Panoramic; 1,075 
radiographs, 2,250 
implant sites 

Ensemble 
YOLOv8 

Bone-defect 
morphology and 
severity classification 

Expert annotations; 
comparison with 
periodontal surgeons 

AI overall accuracy 85.33% vs 75.6% 
mean surgeon accuracy 

Kibcak et 
al., 2025 
[22] 

Orthopantomographs; 
7,696 images 

U-Net + CNN 
Implant segmentation 
and radiographic peri-
implantitis classification 

Clinical 
identification/assessment 
by medical professionals 

Segmentation DSC 0.986; classification 
F1-score 0.835 

Lee et al., 
2024 [10] 

Periapical radiographs; 
800 images 

YOLOv7 
Detection and 
classification of MBL 
severity 

Radiographically defined 
severity classes 

Specificity 100%, precision 100%, recall 
94.44%, F1-score 97.10% 

Vera et 
al., 2023 
[5] 

Periapical and bitewing 
radiographs; 2,920 
images 

YOLOv3 + 
image-
processing 
pipeline 

Implant/prosthesis 
localization, landmark 
detection and MBL 
measurement 

Dentist-defined reference 
landmarks 

mAP@0.5 varied according to detected 
structure; automated bone-loss 
measurements obtained 

Chen et 
al., 2023 
[23] 

Periapical radiographs 
CNN-based 
system 

Implant localization and 
grading of peri-implant 
bone damage 

Radiographic assessment 
according to implant 
thread involvement 

Implant localization accuracy 89.31%; 
damage-grading accuracy 90.45% 

Zhang et 
al., 2023 
[24] 

529 periapical + 551 
panoramic images; 248 
patients 

Deep 
CNN/hybrid 
imaging model 

Implant-outcome 
classification 
incorporating MBL 

Radiographic 
classification of failure 
with MBL, failure without 
MBL, and success 

Combined-image accuracy 87%; AUC 
0.972 for failure with MBL 

Jang et 
al., 2022 
[9] 

Periapical radiographs; 
300 images 

Faster R-CNN 
with transfer 
learning 

Implant and peri-
implant tissue 
localization 

Manually labelled 
implant/peri-implant 
tissue regions 

Precision 0.977, recall 0.992, F1-score 
0.984, mean IoU 0.907 

Liu et al., 
2022 [8] 

Periapical radiographs; 
1,670 images 

Faster R-CNN 
Direct detection of peri-
implant MBL 

Clinician annotation with 
expert confirmation 

Agreement with expert: κ=0.547 for 
bone-loss sites and κ=0.568 for implants 
with bone loss 

Cha et al., 
2021 [4] 

Periapical radiographs; 
708 images 

Modified 
region-based 
CNN 

Implant landmark 
detection, MBL 
measurement and 
severity classification 

Clinician-defined implant 
top, apex and marginal 
bone landmarks 

No significant difference between AI and 
clinician landmark localization; 
automated bone-loss ratio calculated 

Zhang et 
al., 2020 
[25] 

CBCT; 81 patients 

SVM, ANN, 
logistic 
regression and 
random forest 

Prediction of severe 
MBL from CBCT-derived 
trabecular features 

Severe-MBL versus 
control classification 

Best SVM: AUC 0.967, sensitivity 
91.67%, specificity 100% 

Mao et 
al., 2026 
[11] 

Periapical radiographs; 
780 images (1,210 
dental implants) 

YOLO-based 
deep learning + 
image 
processing 

Peri-implant region 
detection and 
radiographic bone-loss 
severity assessment 

Radiographic peri-
implant bone-loss 
severity (three grades) 

Automated bone-loss severity 
assessment; performance varied by 
severity category 

Radiographic Modalities and Dataset Characteristics 

Two-dimensional dental radiographs represented the predominant imaging source among the included studies. Periapical radiographs 
were the most frequently investigated modality and were used for implant and peri-implant landmark localization, marginal bone-
level measurement, bone-loss detection and quantification, and radiographic severity classification [4,8–11, 16, 18, 20, 23]. 

Panoramic radiographs were evaluated either independently or in combination with intraoral images. Kibcak et al. used 
orthopantomographs for implant segmentation and classification of peri-implant conditions [22], whereas Lee et al. investigated 
panoramic images for automated classification of peri-implant bone-defect morphology and severity [12]. Efeoglu et al. combined 
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deep-learning-based segmentation with radiomic analysis of panoramic radiographs [17]. Zhang et al. incorporated both periapical 
and panoramic radiographs into a deep-learning framework for implant-outcome prediction involving marginal bone loss [24]. Vera 
et al. included both periapical and bitewing radiographs in an automated pipeline for implant-related landmark detection and marginal 
bone assessment [5]. 

Three-dimensional imaging was less frequently represented. Madani and Bashizadeh Fakhar applied a YOLOv8-based approach to 
two-dimensional sections derived from CBCT datasets for detection and grading of peri-implant marginal bone loss [19]. Khan et al. 
investigated a CNN-based approach using CBCT data for implant classification and peri-implant disease assessment [21]. Zhang et al. 
used CBCT-derived trabecular microstructural parameters as input variables for machine-learning models designed to predict severe 
marginal bone loss [25]. 

Dataset size varied substantially among the included studies. Zhang et al. evaluated CBCT-derived features in 81 patients [25], Jang et 
al. used 300 periapical radiographs [9], and Cha et al. and Su et al. each evaluated 708 periapical radiographs [4,16]. Liu et al. used 
1,670 periapical radiographs [8]. Larger image datasets included 2,920 intraoral radiographs in the study by Vera et al. [5], 2,960 
retained periapical images in the study by Adnan et al. [18], and 7,696 orthopantomographs in the study by Kibcak et al. [22]. The unit 
of analysis also varied across studies, with datasets reported according to patients, implants, radiographs, implant sites, or image 
sections. 

AI Tasks in Peri-Implant Marginal Bone Assessment 

The included studies addressed different radiographic tasks, including implant and peri-implant structure localization, landmark 
detection, marginal bone-level measurement, bone-loss detection and quantification, severity grading, bone-defect classification, and 
prediction based on imaging-derived features. The studies were therefore grouped according to the principal AI-assisted radiographic 
task investigated. 

 Implant, Tissue, and Landmark Localization 

Several studies incorporated automated localization or landmark detection either as the primary task or as an initial component of a 
multi-stage bone-assessment workflow. Jang et al. developed a Faster R-CNN model using 300 periapical radiographs for automated 
detection of dental implants and peri-implant tissues. The model achieved a precision of 0.977, recall of 0.992, F1-score of 0.984, and 
mean intersection over union of 0.907 [9]. Cha et al. used a modified region-based CNN to identify the implant top, implant apex, and 
marginal bone level on periapical radiographs. These landmarks were subsequently used to calculate the ratio of marginal bone loss 
to implant length. The study reported no significant differences between model- and clinician-derived landmark localization 
measurements [4]. Vera et al. combined deep learning and image-processing techniques for automatic identification of implants, 
prosthetic components, and reference landmarks on periapical and bitewing radiographs. The detected landmarks were subsequently 
used for automated assessment of peri-implant marginal bone changes [5]. Localization was also incorporated into more recent multi-
stage approaches. Adnan et al. developed a six-model deep-learning cascade that included image alignment, region-of-interest 
detection, implant-related structure identification, and subsequent marginal bone-loss estimation from sequential periapical 
radiographs [18]. Gao et al. used a YOLOv8-pose model for detection of radiographic keypoints required for automated MBL 
measurement, reporting keypoint-detection precision above 98% [20]. Su et al. combined YOLOv8-based implant localization with 
segmentation, alveolar crest detection, and subsequent classification of peri-implant bone-loss levels [16]. 

Marginal Bone-Level Measurement and Bone-Loss Quantification 

Several studies investigated automated detection, measurement, or quantification of peri-implant marginal bone loss using two-
dimensional radiographic images [4, 5, 8, 18, 20]. Cha et al. developed a region-based CNN approach for peri-implant bone-loss 
measurement on periapical radiographs. Following identification of the implant top, apex, and marginal bone level, the system 
calculated marginal bone loss relative to implant length [4]. Vera et al. combined deep learning with image-processing techniques to 
identify implants, prosthetic structures, and relevant reference points on periapical and bitewing radiographs. These landmarks were 
subsequently used to determine peri-implant marginal bone-level measurements [5]. Liu et al. evaluated a Faster R-CNN model using 
1,670 periapical radiographs for automated detection of marginal bone loss around dental implants. Agreement between the model 
and expert assessment was reported with κ values of 0.547 for bone-loss sites and 0.568 for implants presenting bone loss [8]. Adnan 
et al. developed a multi-stage deep-learning cascade for automated marginal bone-loss assessment from sequential periapical 
radiographs. Following image alignment and localization steps, the MBL component achieved a mean average precision of 75.0%, 
precision of 73.0%, and recall of 69.8% [18]. Gao et al. applied a YOLOv8-pose architecture to detect key radiographic landmarks and 
calculate peri-implant marginal bone loss from periapical radiographs. Keypoint-detection precision exceeded 98%, while the 
subsequent severity assessment achieved accuracies of 0.906 and 0.844 for the two implant sides [20]. 

Bone-Loss Severity and Defect-Morphology Classification 

Several studies applied deep-learning models to classify the severity or morphological characteristics of peri-implant bone loss [10–
12, 16, 19, 21–23]. Lee et al. developed a YOLOv7-based model using 800 periapical radiographs for classification of radiographic peri-
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implant bone-loss severity. The model achieved a specificity and precision of 100%, recall of 94.44%, and F1-score of 97.10% [10]. 
Because these figures were obtained on a 100-image internal test set, the near-ceiling specificity and precision should be interpreted 
with caution. Mao et al. combined deep learning and image-processing methods for automated assessment of peri-implant disease 
severity on periapical radiographs. The workflow included localization of peri-implant regions followed by classification according to 
predefined radiographic severity categories [11]. Su et al. combined implant localization, alveolar crest detection, segmentation, and 
classification components for automated assessment of peri-implant marginal bone-loss levels on periapical radiographs. The 
multiclass classification component achieved an accuracy of 97.42% [16]. Madani and Bashizadeh Fakhar applied YOLOv8 to 699 two-
dimensional sections derived from CBCT datasets. Marginal bone loss was classified into four categories according to the proportion 
of implant length affected. Accuracy, precision, recall, and F1-score were approximately 0.90, with an mAP@0.5 of 0.889 [19]. Lee et 
al. evaluated an ensemble YOLOv8 model using panoramic radiographs for classification of peri-implant bone-defect morphology and 
severity. The model achieved an overall accuracy of 85.33%, compared with a mean accuracy of 75.6% among the periodontal 
surgeons included as comparators [12]. Kibcak et al. combined U-Net-based implant segmentation with CNN-based classification on 
orthopantomographs. The segmentation model achieved a Dice similarity coefficient of 0.986, whereas the classification component 
showed a precision of 0.777, recall of 0.903, and F1-score of 0.835 [22]. Khan et al. evaluated a CNN-based approach using CBCT data 
for dental implant classification and peri-implant disease detection. The reported sensitivity was 91.8%, specificity 93.4%, and AUC 
0.94 [21]. Chen et al. used a CNN-based system for implant localization and grading of peri-implant bone damage on periapical 
radiographs, reporting accuracies of 89.31% for implant localization and 90.45% for grading of peri-implant damage [23]. 

 Prediction Models Using Imaging-Derived Features 

A smaller subset of the included studies investigated predictive applications of artificial intelligence using radiographic images or 
quantitative imaging-derived features rather than direct detection or measurement of marginal bone loss [24, 25]. Zhang et al. 
developed a deep-learning approach for dental implant outcome prediction using periapical and panoramic radiographs obtained 
from 248 patients. The dataset included 529 periapical and 551 panoramic images, and implant outcomes were categorized as failure 
with marginal bone loss, failure without marginal bone loss, or success. Models were developed using periapical and panoramic 
images separately and in combination. The combined-image approach achieved an overall prediction accuracy of 87%, while an AUC 
of 0.972 was reported for the classification of implant failure associated with marginal bone loss [24]. In a different predictive 
approach, Zhang et al. investigated whether trabecular microstructural parameters extracted from CBCT images could predict severe 
marginal bone loss around mandibular dental implants. The study included 81 patients, comprising 41 cases with severe marginal 
bone loss and 40 controls. Several machine-learning algorithms were evaluated, including support vector machine, artificial neural 
network, logistic regression, and random forest models. The support vector machine achieved the highest reported performance, 
with an AUC of 0.967, sensitivity of 91.67%, and specificity of 100% [25]. Thus, among the included studies, predictive approaches 
comprised both direct analysis of radiographic images for implant-outcome classification and machine-learning analysis of 
quantitative features extracted from CBCT datasets [24, 25]. Notably, neither predictive study was prospective or longitudinal: Zhang 
et al. [24] performed cross-sectional classification of implant outcomes, and Zhang et al. [25] used a 41-versus-40 case–control design, 
so the reported 100% specificity [25] most plausibly reflects the small, balanced internal sample rather than an ability to forecast 
future bone loss from a baseline radiograph. This reinforces that progression over time, rather than a single image, is the clinically 
decisive signal. 

Model Performance and Validation Characteristics 

The included studies used heterogeneous performance measures according to the specific AI task investigated. Object-detection and 
localization models were commonly evaluated using precision, recall, F1-score, intersection over union (IoU), and mean average 
precision (mAP), whereas classification models more frequently reported accuracy, sensitivity, specificity, F1-score, and area under 
the receiver operating characteristic curve (AUC) [8–12, 16–25]. Studies involving quantitative bone-level assessment additionally 
reported agreement with expert measurements or comparisons between automated and manually derived values [4, 5, 8, 18, 20]. 

Validation strategies also varied across studies. Several investigations divided available datasets into training, validation, and/or test 
subsets. Cha et al. used 508 periapical radiographs for training, 100 for validation, and 100 for testing [4]. Lee et al. divided 800 
periapical radiographs into 600 training, 100 validation, and 100 test images [10], whereas Madani and Bashizadeh Fakhar used an 
80:10:10 allocation for training, testing, and validation datasets [19]. Kibcak et al. used a 70:15:15 distribution for training, validation, 
and testing [22]. 

Other studies used different internal evaluation strategies. Jang et al. allocated 80% of 300 periapical radiographs to training and 20% 
to testing [9], while Lee et al. used 80% of their panoramic dataset for training and 20% for testing [12]. Vera et al. reported a 50:50 
division for the deep-learning component of their image-analysis workflow [5]. Adnan et al. evaluated individual components of their 
multi-model cascade and additionally compared automated marginal bone-loss severity scores with specialist-derived reference 
assessments [18]. 

Comparison with human observers was incorporated into several studies. Cha et al. compared AI-derived landmark localization with 
clinician measurements [4], while Lee et al. compared the performance of their AI model for peri-implant bone-defect classification 
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with that of periodontal surgeons [12]. Liu et al. assessed agreement between model predictions and expert interpretation using 
Cohen's kappa [8]. 

Reference-standard and annotation procedures differed among the included investigations. Depending on the study, radiographic 
regions, landmarks, bone-loss measurements, or severity categories were established by dentists, dental specialists, oral and 
maxillofacial radiologists, periodontal specialists, or combinations of expert assessors [4, 5, 8, 12, 18, 21]. Some studies reported 
interobserver or agreement measures as part of the reference-standard procedure, whereas others provided more limited 
information regarding annotation reproducibility. 

When these methodological features are tabulated across the 17 included studies (Table 2), several patterns become quantifiable. 
The reference standard was derived from radiographic information alone in 16 of the 17 studies; only Khan et al. [21] reported 
incorporating clinical assessment. No study reported independent external validation on a separate dataset, and none explicitly 
described patient-level data partitioning; where the partition was specified, data were divided at the image or radiograph level. A 
direct comparison against clinician performance was reported in four studies [4, 8, 12, 18]. Near-ceiling performance on small internal 
test sets was observed in several reports, including 100% specificity and precision in Lee et al. [10] (100-image test set) and 100% 
specificity in Zhang et al. [25] (41 cases, 40 controls). These counts substantiate the central caution of this review: with a single 
exception, current radiograph-based models are trained and evaluated against radiographic reference standards, so their reported 
performance reflects reproduction of radiographic labels rather than a validated clinical diagnosis of peri-implantitis. 

Table 2: Methodological and clinical appraisal of the 17 included studies, derived from the characteristics reported in each primary 

study. 

Study Reference standard Data split (unit) External 
validation 

Clinician 
comparison Interpretive flag 

Cha et al., 2021 [4] Radiographic-only Image-level (508/100/100) No Yes — 

Vera et al., 2023 [5] Radiographic-only Image-level (50:50) No No — 

Liu et al., 2022 [8] Radiographic-only NR No Yes Moderate agreement (κ 0.55–
0.57) 

Jang et al., 2022 [9] Radiographic-only Image-level (80/20) No No Near-ceiling F1 0.984 

Lee et al., 2024 [10] Radiographic-only Image-level (600/100/100) No No 100% specificity/precision; test 
n=100 

Mao et al., 2026 [11] Radiographic-only NR No No — 

Lee et al., 2025 [12] Radiographic-only Image-level (80/20) No Yes vs periodontal surgeons 

Su et al., 2026 [16] Radiographic-only NR No No Near-ceiling precision 99.4%; 
accuracy 97.4% 

Efeoglu et al., 2026 [17] Radiographic-only NR No No — 

Adnan et al., 2026 [18] Radiographic-only NR No Yes vs specialist reference 

Madani & Bashizadeh 
Fakhar, 2026 [19] 

Radiographic-only 
(CBCT 2D sections) Image-level (80:10:10) No No — 

Gao et al., 2025 [20] Radiographic-only NR No No — 

Khan et al., 2025 [21] Radiographic + clinical NR No No Only study incorporating clinical 
data 

Kibcak et al., 2025 [22] Radiographic-only† Image-level (70:15:15) No No †label termed clinical but applied 
to radiographs 

Chen et al., 2023 [23] Radiographic-only NR No No — 

Zhang et al., 2023 [24] Radiographic-only NR (248 patients) No No Prediction but cross-sectional 

Zhang et al., 2020 [25] Radiographic-only NR (81 patients) No No Prediction but case–control; 
100% specificity 

Entries for external validation and data-partitioning unit reflect what was reported; cells marked NR were not explicitly reported and 
were not independently verified against the source datasets. RS, reference standard; NR, not reported; κ, Cohen kappa. 
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DISCUSSION 

The present review identified 17 original studies investigating artificial intelligence for radiographic assessment of peri-implant bone 
conditions. The available evidence demonstrates a rapid expansion of AI applications in this field, particularly during the most recent 
years, but also reveals substantial heterogeneity in imaging modalities, dataset characteristics, model architectures, target tasks, 
reference standards, and performance metrics. Most studies relied on two-dimensional radiographs, particularly periapical images, 
while panoramic radiographs and CBCT-based approaches were less frequently investigated. Importantly, the reviewed models did 
not address a single diagnostic task. Their applications ranged from implant and landmark localization to marginal bone-level 
measurement, detection and quantification of bone loss, severity grading, defect-morphology classification, and prediction based on 
imaging-derived features [4,5,8–12,16–25]. 

This distinction between AI tasks is clinically important when interpreting the available evidence. Localization models can identify 
implants, peri-implant tissues, or anatomical landmarks with high technical performance, as demonstrated by Jang et al. [9] and by 
the localization components incorporated into several multi-stage workflows [4, 5, 16, 18, 20]. Such tasks provide the technical basis 
for subsequent automated measurements but do not themselves represent disease detection. Similarly, models developed for 
quantitative assessment provide estimates of marginal bone levels or the extent of bone loss [4,5,8,18,20], whereas classification 
models assign images to predefined radiographic severity or defect categories [10–12, 16, 19, 21–23]. Consequently, performance 
values reported for these different tasks should not be interpreted as measures of the same clinical outcome. 

A central issue emerging from the reviewed literature is the distinction between radiographically detected marginal bone loss and 
clinically diagnosed peri-implantitis. According to the 2017 World Workshop, peri-implantitis is a plaque-associated pathological 
condition characterized by inflammation of the peri-implant mucosa and progressive loss of supporting bone [1]. Diagnostic 
assessment therefore requires integration of clinical inflammatory findings, probing information, and radiographic bone-level changes 
rather than radiographic evidence alone [1, 3]. Marginal bone loss identified on an image is consequently an imaging finding whose 
clinical significance depends on its magnitude, progression, timing, and association with clinical signs of disease. Early crestal 
remodeling after implant placement and loading must also be distinguished from progressive pathological bone loss. 

This distinction is particularly relevant because several studies included in the present review use terms such as peri-implantitis 
detection, peri-implant disease detection, or peri-implantitis severity for models whose principal input consists of radiographic images 
[10–12, 21–23]. These studies provide valuable evidence regarding automated recognition of peri-implant bone alterations, but 
terminology should reflect the actual information available to the algorithm. When a model receives only a radiograph and no 
information regarding bleeding or suppuration on probing, probing depth, previous bone levels, or other clinical findings, its output 
is more appropriately interpreted as detection or classification of radiographic features associated with peri-implant bone loss rather 
than an autonomous clinical diagnosis of peri-implantitis. This distinction is especially important when previous radiographs are 
unavailable, because a single image cannot establish whether an observed bone level represents stable remodeling or progressive 
disease [1, 3]. 

The reported performance of the investigated models was generally promising, although direct numerical comparisons should be 
approached cautiously. Localization models reported high precision and recall, with Jang et al. achieving an F1-score of 0.984 [9], 
while several severity-classification systems reported accuracies or F1-scores approaching or exceeding 90% [10, 16, 19, 23]. Lee et 
al. reported an overall accuracy of 85.33% for AI-based classification of peri-implant bone-defect morphology and severity, compared 
with a mean accuracy of 75.6% among periodontal surgeons [12]. In contrast, Liu et al. reported only moderate agreement between 
their Faster R-CNN model and expert assessment, with κ values of 0.547 for bone-loss sites and 0.568 for implants presenting bone 
loss [8]. Adnan et al. reported a mean average precision of 75.0%, precision of 73.0%, and recall of 69.8% for the marginal bone-loss 
component of their multi-stage system [18]. These differences illustrate that apparently high performance in one technical task cannot 
be directly compared with performance obtained using another endpoint or metric. 

Heterogeneity in reference standards represents another important consideration. Ground truth across the included studies was 
established using different approaches, including clinician-defined landmarks, manually annotated bone levels, study-specific severity 
thresholds, expert radiographic classifications, and, in some cases, combinations of clinical and radiographic findings [4, 5, 8, 12, 18, 
21]. The expertise and number of annotators also varied. This is particularly relevant for supervised learning, because model 
performance is inherently linked to the labels used during training and evaluation. An algorithm trained to reproduce a radiographic 
severity classification can, at best, reproduce that classification with a certain degree of accuracy; its performance cannot 
automatically be extrapolated to a broader clinical diagnosis that was not represented in the reference standard. 

Dataset characteristics and validation strategies further influence interpretation of the reported results. Dataset sizes ranged from 
relatively small patient cohorts to collections containing several thousand radiographs [4, 5, 8, 9, 16,18,22,25]. However, the number 
of images does not necessarily represent the number of statistically independent clinical observations, as individual patients may 
contribute multiple implants, bilateral measurements, sequential examinations, or several images. In AI research, the level at which 
data are separated into training, validation, and test sets is therefore important. If images originating from the same patient or implant 
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are distributed across different subsets, similarities between related observations may contribute to optimistic estimates of model 
performance. Clear reporting of patient-level data partitioning is consequently desirable in future investigations. 

Another limitation of the current evidence is the predominance of internal validation. Most studies developed and evaluated their 
algorithms within datasets originating from a limited number of institutions, imaging systems, or patient populations [4, 5, 8–12, 16–
25]. Models may therefore learn characteristics related not only to peri-implant bone morphology but also to acquisition protocols, 
image quality, implant design, or dataset-specific patterns. Independent external validation using images acquired in different clinical 
environments is necessary to establish whether reported performance can be reproduced across populations, radiographic systems, 
implant brands, and operators. This requirement is particularly relevant for peri-implant imaging because implant geometry, thread 
design, prosthetic components, image projection, and superimposition can substantially alter radiographic appearance. 

The predominance of periapical radiographs among the included studies is clinically understandable because these images are 
routinely obtained during implant follow-up and provide relatively detailed visualization of mesial and distal marginal bone levels 
[4,8–11, 16, 18, 20, 23]. Nevertheless, two-dimensional imaging has intrinsic anatomical limitations. Buccal and lingual bone 
morphology cannot be directly represented, and projection geometry may influence the apparent relationship between the implant 
and marginal bone. CBCT-based AI approaches may provide additional three-dimensional information [19, 21, 25], but their role 
should be interpreted within established principles of radiological justification, since CBCT is not indicated as a routine substitute for 
intraoral radiography solely for peri-implant surveillance. 

An especially relevant potential application of AI may therefore be measurement support and longitudinal monitoring rather than 
autonomous diagnosis. Automated identification of the implant platform, apex, marginal bone contact, and other reference 
landmarks could reduce the time required for repeated measurements and improve consistency between follow-up examinations [4, 
5, 18, 20]. Systems capable of aligning sequential radiographs and quantifying changes over time, such as the approach investigated 
by Adnan et al. [18], may be particularly valuable because progression of bone loss provides more clinically meaningful information 
than an isolated radiographic measurement. AI-generated measurements could therefore function as decision-support information 
to be integrated with probing findings, inflammatory signs, risk factors, and previous examinations. 

The present findings are broadly consistent with previous evidence syntheses reporting promising performance of AI methods for 
peri-implant radiographic analysis [13–15]. However, systematic reviews that aggregate diagnostic-performance estimates face an 
important conceptual challenge when the underlying studies evaluate different target tasks. Localization, segmentation, marginal 
bone-level measurement, severity classification, defect-morphology recognition, and prediction are technically and clinically distinct 
endpoints. Pooling or comparing performance estimates without accounting for these differences may obscure what an algorithm 
has actually been validated to accomplish. The present review therefore emphasizes task-specific interpretation of the available 
evidence rather than treating all radiographic AI models as diagnostic systems for peri-implantitis. 

A practical consequence of this task-based reading is a figure that pooled-accuracy syntheses [13–15] do not surface: 16 of the 17 
studies established their reference standard from radiographic information alone (Table 2), so a single summary estimate of diagnostic 
accuracy risks describing agreement with radiographic labels rather than detection of clinical disease. The review itself has several 
limitations. Only PubMed and Scopus were used for the structured database search, and one additional eligible study was identified 
through supplementary targeted searching. Although the search strategy was designed around AI, dental implants, and peri-implant 
bone outcomes, relevant studies using different terminology may not have been retrieved. The heterogeneity of the included studies 
precluded meaningful quantitative pooling and supported a narrative synthesis. Furthermore, differences in study design, imaging 
modality, reference standards, dataset composition, model architecture, and reported performance measures limited direct 
comparisons between individual algorithms. The rapidly evolving nature of AI research should also be considered, as recently 
developed models may not yet have undergone independent replication or external clinical validation. 

Future research should prioritize transparent reporting of dataset composition, patient-level separation of training and test data, 
clearly defined annotation protocols, interobserver agreement where appropriate, and independent external validation. Multicenter 
datasets incorporating different radiographic systems and implant designs would improve assessment of model generalizability. 
Longitudinal datasets are particularly important for distinguishing stable peri-implant bone levels from progressive changes. Finally, 
future systems intended specifically to support peri-implantitis diagnosis should integrate radiographic analysis with relevant clinical 
variables, including bleeding and/or suppuration on probing, probing depth, previous bone-level measurements, and patient- and 
implant-level risk information. Such multimodal approaches would more closely correspond to the clinical definition of peri-implantitis 
than models based solely on radiographic appearance [1, 3]. 

CONCLUSION 

Artificial intelligence shows promising potential for supporting the radiographic assessment of peri-implant marginal bone conditions. 
Current applications include implant and landmark localization, marginal bone-level measurement and quantification, radiographic 
severity and defect-morphology classification, and prediction based on imaging-derived features. However, the available evidence 
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remains heterogeneous with respect to imaging modalities, datasets, reference standards, AI architectures, validation strategies, and 
reported performance metrics. 

Importantly, AI performance in detecting or classifying radiographic bone alterations should not be interpreted as equivalent to 
diagnostic accuracy for peri-implantitis. Marginal bone loss is a radiographic finding, whereas peri-implantitis is a clinical condition 
whose diagnosis requires integration of inflammatory signs, probing findings, and progressive bone loss [1, 3]. Accordingly, current 
radiograph-based AI systems are better regarded as tools for image analysis, quantitative assessment, and clinical decision support 
rather than autonomous diagnostic systems. 

Future studies should prioritize standardized outcome definitions, transparent annotation and validation procedures, patient-level 
data partitioning, independent external validation, and multicenter datasets. Longitudinal and multimodal models integrating 
radiographic changes with relevant clinical parameters may provide a more appropriate basis for the development of AI-assisted 
systems for peri-implant disease assessment. 
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