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Abstract 

Background: Dental implants are a popular solution for replacing missing teeth, but one potential complication is 

marginal bone loss around the implant site. Researchers have turned to artificial intelligence models for predictive 

analysis to address this concern. The objective of this systematic review was to evaluate how well artificial 

intelligence models perform in predicting the occurrence of marginal bone loss around dental implants.  

Methods: This systematic review conformed to Preferred Reporting Items for Systematic Review and Meta-

Analysis (PRISMA) 2020 guidelines. PubMed, Scopus, ScienceDirect, and Cochrane were searched from inception 

till June 7, 2023. Studies were selected based on the following predefined criteria: 1) studies investigating peri-

implant bone loss through artificial intelligence models; 2) no date restriction; and 3) studies available in English 

language. Keywords such as “artificial intelligence”, “machine learning”, “neural network”, “deep learning”, 

“dental implant”, “implant dentistry”, “peri-implant”, “marginal bone loss”, and “bone loss” were used. Two review 

authors assessed the methodological quality using the Joanna Briggs Institute Critical Appraisal Checklist for 

Quasi-Experimental Studies (non-randomized experimental studies). 

Results: Three relevant studies were included in this systematic review. Support vector machine, artificial neural 

network, logistic regression, random forest, and convolutional neural network artificial intelligence models were 

used. Cone-beam computed tomography and periapical radiographs were used to develop artificial intelligence 

models. All three research studies confirmed the effectiveness of artificial intelligence models in feasibly predicting 

peri-implant bone loss at par with dental physicians and clinicians. The overall risk of bias assessment of studies 

demonstrated a consistently low risk of bias across all included articles. 

Conclusion: The artificial intelligence models have the potential to predict marginal bone loss around dental 

implants and, therefore, can be considered for utilization and deployment in clinical practice. 
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1. Introduction 

Dental implants play a crucial role in restoring the functional capabilities of individuals with 

missing teeth [1]. Ensuring long-term stability following implantation necessitates careful monitoring and 

maintenance [2]. An important parameter that requires monitoring is marginal bone resorption. It is 

generally considered acceptable to have <1.5 mm of bone loss one year after loading, followed by an 

annual loss of 0.2 mm afterwards [3, 4]. When bone loss surpasses these thresholds, a thorough 

investigation becomes necessary, even in cases where the failure occurs gradually after osseointegration 

[5, 6].  

Experts agree that marginal bone loss is a complex condition influenced by multiple risk factors 

that act simultaneously [7]. During the early post-loading phase, occlusal force is transmitted from the 

implant to the alveolar bone, triggering bone remodelling. Additionally, several other factors, such as 

dental implant configuration [8], cortical bone thickness [9], susceptibility to periodontal disease [10], and 

smoking habits [11], can potentially impact bone remodelling and marginal bone loss. 

In clinical practice, the identification of peri-implant bone levels primarily depends on imaging. 

Cone-beam computed tomography, panoramic radiography, and periapical radiography are commonly 

utilized imaging modalities in dental practice. Cone-beam computed tomography provides a three-

dimensional visualization of the dental implant and its relationship with the surrounding alveolar bone, 

demonstrating robust accuracy in detecting peri-implant bone defects [12]. Periapical radiographs have 

also been used in studies to assess bone condition around implants [13]. Two-dimensional radiographic 

images, such as periapical radiographs, are widely favoured in clinical settings due to their cost-

effectiveness and low radiation dose. However, evaluating peri-implant marginal bone levels on 

conventional periapical radiographs can be challenging since the two-dimensional image representation 

does not fully capture the three-dimensional bone shape. Skilled clinicians are required to determine the 

boundaries of the bone around the implant and the buccal and lingual bone heights [14]. Inexperienced 

clinicians may encounter diagnostic errors and false diagnoses [15]. Additionally, interpretations of 

radiographs often exhibit variations among different observers. To address these challenges, automated 

systems for reading and analyzing periapical radiographs of dental implants have emerged as a potential 

solution. These systems can potentially improve efficiency, consistency, and accuracy in assessing 

implant-related radiographs, assisting clinicians in their diagnostic processes. 

Artificial intelligence utilizes statistical and optimization techniques to learn and identify intricate 

relationships within complex and extensive datasets. Artificial intelligence has found successful 

applications in various medical domains, including disease detection, diagnosis, and treatment [16, 17]. 

In the dental field, artificial intelligence models have been employed for predicting prognosis in dental 
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implant cases, as evidenced by several clinical studies [18-20]. These promising findings motivate us to 

systematically explore whether artificial intelligence models can outperform conventional statistical 

methods in accurately predicting a peri-implant marginal bone loss. 

The rationale for conducting this systematic review lies in the increasing significance of dental 

implantology and the potential of artificial intelligence to revolutionize its diagnostic capabilities. Dental 

implants have become a widely accepted and effective treatment option for patients with missing teeth. 

However, dental implants' long-term success and stability are contingent upon maintaining healthy peri-

implant tissues, particularly the marginal bone surrounding the implant. Detecting peri -implant marginal 

bone loss is crucial in the early identification of implant complications, such as peri-implantitis, which 

can lead to implant failure if left untreated. Traditional methods of assessing marginal bone loss rely on 

radiographic imaging and clinical examinations, are subject to observer variability and may not always 

detect subtle changes in bone levels. Herein lies the potential role of artificial intelligence in improving 

the accuracy and efficiency of peri-implant marginal bone loss detection. By conducting a systematic 

review of existing literature on the role of artificial intelligence in detecting peri-implant marginal bone 

loss, this study aims to consolidate and evaluate the available evidence. The findings of this study will 

help identify the strengths and limitations of artificial intelligence-based approaches, as well as highlight 

any existing gaps or areas that require further investigation. 

2. Subjects and Methods 

2.1 PRISMA 2020 Statement  

This systematic review confirmed the updated guidelines in the Preferred Reporting Items for 

Systematic Review and Meta-Analysis (PRISMA) 2020 Statement [21]. 

2.2 Eligibility Criteria 

The studies were selected for systematic review based on the following predefined criteria: 1) 

studies investigating peri-implant bone loss through artificial intelligence models; 2) no date restriction; 

and 3) studies available in the English language. Editorials, opinions, perspectives, letters to the editors, 

correspondences, narrative reviews, systematic reviews, meta-analyses, and conference abstracts were 

omitted. 

2.3 Population or Problem, Intervention, Comparison, Outcome (PICO) 

A PICO question was created, focusing on artificial intelligence's role in detecting peri-implant 

bone loss. The population or problem comprises the clinical relevance of artificial intelligence models in  

implant dentistry for identifying peri-implant bone loss. The intervention comprised of artificial 

intelligence models. The comparison was not applicable. The outcome was the efficacy of artificial 

intelligence models in detecting peri-implant bone loss. 
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2.4 Search Strategy and Databases 

The electronic databases PubMed, Scopus, ScienceDirect, and Cochrane were searched from 

inception till June 7, 2023. Following medical subject headings (MeSH) terms and keywords such as 

“artificial intelligence”, “machine learning”, “neural network”, “deep learning”, “dental implant”, 

“implant dentistry”, “peri-implant”, “marginal bone loss”, and “bone loss” were used in combination with 

Boolean operators (AND, OR) for precise results. The reference lists of the relevant full -text articles were 

also reviewed to find additional pertinent articles. 

2.5 Study Selection 

Two reviewers independently evaluated the retrieved articles for eligibility, and any unrelated 

articles were dismissed. We made sure that both reviewers were unaware of  each other’s decisions 

regarding the inclusion and exclusion of the articles. First, titles and then abstracts of the articles were 

reviewed and retained for full-text assessment. During the independent full-text review by the same 

authors, studies were deemed appropriate if they documented evidence of using artificial intelligence 

models in implant dentistry to identify peri-implant bone loss. Disagreements, if any, during the title, 

abstract and full-text assessments of the articles were healthily debated and resolved by discussion. 

2.6 Data Extraction 

The selected articles underwent full-text review by two independent reviewers, and the following 

information was extracted in a standardized data extraction sheet: first author’s name and year of 

publication, country, artificial intelligence model used, source of data, dataset, and main findings.  

2.7 Methodological Quality of Included Studies 

The review authors assessed the methodological quality in all of the included studies by using the 

Joanna Briggs Institute Critical Appraisal Checklist for Quasi-Experimental Studies (non-randomized 

experimental studies). The Joanna Briggs Institute Critical Appraisal Checklist consists of a 

comprehensive set of criteria that enables systematic evaluation of the key components of such studies. 

By utilizing this checklist, researchers can assess the risk of bias and methodological rigor, ensuring that 

the findings are reliable and can be confidently incorporated into evidence-based practice. Appraisal for 

each question provides a subjective assessment of the risk of bias (low, unclear, or high) [22].  

3. Results 

3.1.Systematic Search Results 

The search methods produced a total of 99 research studies from PubMed, Scopus, ScienceDirect, 

and Cochrane. Among these, nine duplicate studies were discovered. The remaining 90 articles underwent 

screening and eligibility assessment based on their titles and abstracts. Out of these, 20 artic les were 

selected for a thorough examination of the full text. After the full-text review, 17 articles were excluded. 
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Two of the articles were excluded after the full-text review presented artificial intelligence models for 

periodontal bone loss, while one article focused on dental restoration. Additionally, one article centered 

around periapical lesion analysis, and another article specifically addressed preoperative radiographs 

using an artificial intelligence model. Twelve investigations were unrelated to artificial intelligence 

models (Figure 1). 

 

Figure 1. PRISMA Flow Diagram for Identification of Relevant Studies 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

99 studies identified from: 

PubMed (n = 9) 

Scopus (n = 9) 

ScienceDirect (n = 75) 

Cochrane (n = 6) 

9 duplicate studies removed before screening: 

- PubMed (n = 0) 

- Scopus (n = 9) 

- ScienceDirect (n = 0) 

- Cochrane (n = 0) 

Studies screened 

(n = 90) 
70 studies excluded: 

- Review articles (n = 38) 

- Trials (n = 6) 

- Hypothesis generating study (n = 1) 

- Encyclopedia (n = 1) 

- Book chapter (n = 6) 

- Conference abstracts (n = 4) 

- Case reports (n = 1) 

- Correspondence (n = 1) 

- Editorials (n = 2) 

- Mini reviews (n = 1) 

- Others (n = 9) 

Studies sought for retrieval 

(n = 20) 

Studies not retrieved 

(n = 0) 

Studies assessed for eligibility 

(n = 20) 

17 studies excluded: 

- Artificial intelligence for periodontal bone loss (n = 2) 

- Artificial intelligence for dental restoration (n = 1) 

- Artificial intelligence for periapical lesion (n = 1) 

- Artificial intelligence for preoperative radiograph (n = 1) 

- Other non-artificial intelligence articles (n = 12) 

Studies included in systematic 

review 
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3.2.Characteristics of Included Studies 

Three relevant studies were included in this systematic review. Research studies were published 

between 2020 and 2022. Two research studies were published in China [18, 19], while one was from 

Korea [20]. The following artificial intelligence models were used in the research studies: support vector 

machine, artificial neural network, logistic regression, random forest, and convolutional neural network. 

Zhang et al. (2020) used cone-beam computed tomography radiographs for artificial intelligence 

modelling, whereas Cha et al. (2021) and Liu et al. (2022) used periapical radiographs. The primary aim 

of all the research studies was to develop an artificial intelligence model that can feasibly predict marginal 

bone loss in dental implants. The dataset, data source, and main findings of the eligible research studies 

are presented in Table 1. 

Table (1) Characteristics of Studies Included in Systematic Review 

 

Author  
and Year 

Country Artificial 
Intelligence Model 

Radiographs Data Source and Dataset Main Findings 

Zhang et 
al. 2020 
[18] 

China Support vector 
machine (SVM), 
artificial neural 
network (ANN), 
logistic regression 

(LR), and random 
forest (RF) 

Cone-beam 
computed 
tomography 
(CBCT) 
radiographs 

Data Source: Department of 
Oral and Maxillofacial Surgery 
of Affiliated Stomatological 
Hospital of Nanjing Medical 
University between January 

2016 and March 2019. 
 
Dataset: Cone-beam 
computed tomography (CBCT) 
radiographs of 81 patients (41 
severe marginal bone loss 

cases and 40 normal controls) 
were examined. 

The SVM model demonstrated the 
best outcome in predicting marginal 
bone loss (AUC= 0.967, sensitivity 
= 91.67%, specificity = 100.00%), 
followed by ANN (AUC= 0.928, 

sensitivity = 91.67%, specificity = 
93.33%), LR (AUC= 0.906, 
sensitivity = 91.67%, specificity = 
93.33%), RF (AUC= 0.842, 
sensitivity = 75.00%, specificity = 

86.67%). 

Conclusion: Artificial intelligence 
models that utilize the 
morphological variation of 
trabecular bone have the potential to 

be employed collectively for 
predicting severe marginal bone 
loss. 

Cha et al. 
2021 [20] 

Korea Convolutional 
neural network 
(CNN) 

Periapical 
radiographs 

Data Source: Seoul National 
University Dental Hospital 
between December 2018 and 
June 2020. 

 
Dataset: For final analysis, 
708 periapical images were 
divided into upper and lower 
periapical radiographs. Each 
subset was further categorized 

into training, validation, and 
test datasets for subsequent 
analysis and model 
development. 

The mean object keypoint similarity 
(OKS) values of the model were 
0.8748, 0.9029, and 0.8885 for 
upper, lower, and total test datasets, 

respectively. The mean OKS of a 
dentist for the total test dataset was 
0.9012. 
 
Conclusion: No statistically 
significant distinction was observed 

in the detection of landmarks around 
dental implants between the CNN 
model and dental clinicians. 
Therefore, the CNN model can be 
effectively employed to measure the 
radiographic peri-implant bone loss 
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ratio, enabling the assessment of 
peri-implantitis severity. 

Liu et al. 
2022 [19] 

China Convolutional 
neural network 
(CNN) 

Periapical 
radiographs 

Data Source: Peking 
University School and Hospital 

of Stomatology. 
 
Dataset: A total of 2500 
periapical radiographs of bone-
level implants were collected. 
Of which, 835 images 

exhibiting marginal bone loss 
around the implants were 
identified and classified as the 
case group. To form the 
control group, 835 radiographs 
were randomly selected from 

the primary dataset, 
specifically from those that did 
not display any marginal bone 
loss around the implants. 

The evaluation metrics of the 
artificial intelligence model are 

comparable to those of a resident 
dentist. There is a moderate to 
substantial level of agreement 
between artificial intelligence model 
and the expert in detecting marginal 
bone loss around dental implants, 

with κ values of 0.547 and 0.568 for 
bone loss sites and bone loss 
implants, respectively. 
 
Conclusion: The application of 
CNN on periapical radiographs has 

yielded a highly promising auxiliary 
diagnostic tool for the identification 
of peri-implant bone loss. 

 

3.3.Risk of Bias Findings 

The overall risk of bias assessment of studies demonstrated a consistently low risk of bias across 

all included articles. Regarding Question 1, all three studies [18-20] exhibited a low risk of bias. As for 

Question 4, Zhang et al. (2020) [18] and Liu et al. (2022) [19], excluding Cha et al. (2021) [20], maintained 

a low risk of bias. All studies [18-20] were identified as having a low risk of bias for Questions 8 and 9. 

Lastly, Questions 2, 3, 5, 6, and 7 were deemed irrelevant for this systematic review (Figure 2)  

 

 

Figure 2. Risk of Bias Assessment through Joanna Briggs Institute Critical Appraisal 

Checklist for Quasi-Experimental Studies 
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4. Discussion 

Artificial intelligence models offer promising opportunities for predicting marginal bone loss 

around dental implants due to their ability to analyze complex datasets and identify patterns that may not 

be easily discernible through traditional statistical methods. By incorporating various input parameters 

such as patient characteristics, implant features, and relevant clinical variables, artificial intelligence 

models can generate accurate predictions regarding the likelihood and severity of marginal bone loss [18-

20]. The present systematic review aimed to evaluate the performance of artificial intelligence models in 

predicting peri-implant marginal bone loss in dental implant patients. The findings of this review highlight 

the potential of artificial intelligence models in enhancing our understanding and management of marginal 

bone loss complications. 

The utilization of artificial intelligence models in this context may have signif icant clinical 

implications. Early detection of marginal bone loss is crucial for timely intervention and appropriate 

treatment planning. Artificial intelligence models can aid in identifying individuals at higher risk of 

developing marginal bone loss, allowing clinicians to implement preventive measures and tailored 

management strategies. This can ultimately improve long-term implant survival rates and enhance patient 

outcomes [18-20]. 

This systematic review included three studies published between 2020 and 2022 from China and 

Korea that designed artificial intelligence models to determine marginal bone loss around dental implants 

[18-20]. Zhang et al. (2020) explored the potential of employing machine learning algorithms that utilize 

trabeculae microstructure parameters to forecast the likelihood of severe marginal bone loss development. 

In this study, the investigators recruited 81 participants, comprising 41 individuals with severe marginal 

bone loss around implant and 40 normal controls. To predict the occurrence of severe marginal bone loss, 

four artificial intelligence models were employed: support vector machine, artificial neural network, 

logistic regression, and random forest. The performance of these models was evaluated using metrics of 

the area under the receiver operating characteristic curve (ROC) and Area Under A Curve (AUC), 

sensitivity, and specificity. During the initial stages of functional loading, significant increases in the 

structure model index and trabecular pattern factor were observed in peri-implant alveolar bone among 

severe marginal bone loss cases. Among the artificial intelligence models tested, the support vector 

machine model yielded the highest predictive accuracy for marginal bone loss with AUC of 0.967, 

sensitivity of 91.67%, and specificity of 100.00%. The artificial neural network model followed closely 

with AUC of 0.928, sensitivity of 91.67%, and specificity of 93.33%, while the logistic regression model 

with AUC of 0.906, sensitivity of 91.67%, and specificity of 93.33% and random forest model with AUC 
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of 0.842, sensitivity of 75.00%, and specificity of 86.67% exhibited slightly lower performance. The study 

concluded artificial intelligence models that utilize morphological variations in the trabecular bone to have 

the potential to predict the occurrence of severe marginal bone loss around dental implants [18]. 

Cha et al. (2021) assessed the deep convolutional neural network to identify the marginal bone 

level, top, and apex of dental implants on periapical radiographs. The study aimed to develop an automated 

artificial intelligence model capable of determining the percentage of bone loss and classifying the severity 

of bone resorption. To achieve this, the authors utilized a modified region-based convolutional neural 

network that was trained using transfer learning with the Microsoft Common Objects in Context dataset. 

The dataset consisted of 708 periapical radiographic images, which were split into training (n = 508), 

validation (n = 100), and test (n = 100) sets. They employed random data augmentation to enhance the 

training dataset. To evaluate the performance, average precision, average recall, and mean object keypoint 

similarity was calculated, and compared the mean object keypoint similarity values of artificial  

intelligence model with those of a dental clinician. By detecting specific keypoints, the authors were able 

to measure and classify radiographic bone loss. Notably, there was no statistically significant difference 

between modified region-based convolutional neural network model and the dental clinician in terms of 

detecting bone loss landmarks around dental implants. Consequently, the authors concluded that modified 

region-based convolutional neural network model can indeed effectively measure the radiographic peri-

implant bone loss ratio, providing a means to assess the severity of peri-implantitis [20]. 

Liu et al. (2022) investigated the precision of an artificial intelligence model application in 

identifying marginal bone loss on periapical radiographs. Specifically, a Faster region-based 

convolutional neural network was developed and instructed for this purpose. The study dataset comprised 

a total of 1670 periapical radiographic images, which were categorized into training (n = 1370), validation 

(n = 150), and test (n = 150) sets. Various evaluation parameters such as sensitivity, specificity, mistake 

diagnostic rate, omission diagnostic rate, and positive predictive value were utilized to assess the system's 

performance. The study also compared the artificial intelligence model with dental clinicians by 

employing kappa (κ) statistics. The artificial intelligence model’s evaluation metrics were found to be 

equivalent to those of a resident dentist. The agreement between the artificial intelligence model and 

expert clinicians in detecting marginal bone loss around dental implants was moderate to substantial, with 

κ values of 0.547 and 0.568 for bone loss sites and bone loss implants, respectively. Based on the analysis 

of periapical radiographs using the Faster region-based convolutional neural network approach, the 

authors confirmed the potential of this artificial intelligence model as an adjunct diagnostic tool for 

detecting peri-implant bone loss [19]. 
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However, it is important to acknowledge certain limitations and considerations associated with the 

use of artificial intelligence models in predicting peri-implant marginal bone loss. Firstly, the availability 

and quality of data used for training the artificial intelligence models can significantly impact their 

performance and generalizability. Therefore, efforts should be made to ensure the inclusion of diverse and 

representative datasets to enhance the accuracy and reliability of the predictions. Furthermore, while 

artificial intelligence models can provide valuable predictions, they should not replace clinical expertise 

and judgment. The integration of artificial intelligence models should be seen as a supportive tool rather 

than a substitute for clinical decision-making. It is essential for clinicians to interpret the artificial 

intelligence-generated predictions in conjunction with their own expertise and consider individual patient 

factors when formulating treatment plans. 

Future research should focus on refining and validating artificial intelligence models specifically 

tailored for predicting peri-implant marginal bone loss. Prospective studies with larger sample sizes and 

longer follow-up periods would provide more robust evidence regarding the performance and 

effectiveness of these models. Additionally, efforts should be made to develop user-friendly interfaces 

and decision-support systems that facilitate the seamless integration of artificial intelligence models into 

clinical practice.  

5. Conclusion 

To summarize, artificial intelligence models show promise in identifying the marginal bone loss 

around dental implants. Their ability to analyze complex datasets and generate accurate predictions offers 

opportunities for early detection and targeted intervention. However, these models are still in the 

developmental phase. As the use of artificial intelligence in implant dentistry continues to expand, it is 

crucial to assess the effectiveness and reliability of these models before recommending their use in clinical 

practice. 
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