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Abstract
OBJECTIVES: To systematically evaluate the diagnostic performance of 
artificial intelligence (AI) systems for detecting proximal caries lesions on 
bitewing radiographs.
MATERIALS AND METHODS: Electronic searches were conducted in 
PubMed/MEDLINE, Scopus, and Web of Science for studies published 
between January 2000 and March 2026. Studies evaluating AI-based systems 
for proximal caries detection on bitewing radiographs were included.                     
True-positive, false-positive, true-negative, and false-negative values were 
extracted directly or reconstructed from reported diagnostic accuracy metrics 
when sufficient information was available. Pooled sensitivity and specificity 
were estimated separately using random-effects models on the logit scale.
RESULTS: Eleven studies were included in the qualitative synthesis, of 
which three studies provided sufficient 2×2 contingency table data for                                  
quantitative synthesis. The pooled sensitivity and specificity of AI systems 
for proximal caries detection were 0.73 (95% CI 0.70–0.75) and 0.92 (95% 
CI 0.69–0.99), respectively. Most included studies demonstrated promising 
diagnostic performance using deep learning architectures, particularly                   
convolutional neural networks and YOLO-based models.
CONCLUSION: AI systems demonstrated promising diagnostic performance 
for detecting proximal caries lesions on bitewing radiographs. However,                 
methodological heterogeneity and limited external validation remain important 
limitations. Further prospective multicenter studies are needed to confirm the 
clinical applicability of AI-assisted caries detection systems.

Keywords: artificial intelligence; deep learning; dental caries; bitewing 
radiography; diagnostic accuracy

	 Dental caries remains one of the most prevalent chronic diseases                   
worldwide and continues to represent a major public health concern affecting 
individuals across all age groups.1 Despite substantial improvements in preventive 
strategies, oral health education, and minimally invasive approaches,                      
untreated carious lesions remain highly prevalent and may lead to pain, infection, 
tooth loss, and reduced quality of life. The development of dental caries is a 
multifactorial process involving complex interactions among oral microbiota, 
host susceptibility, dietary habits, and time.2 Early detection of carious lesions 
is therefore essential to prevent disease progression and to support preventive 
and conservative treatment approaches.

	 Proximal caries lesions are particularly difficult to detect during routine 
clinical examination because the affected surfaces are not directly visible.3 
Consequently, bitewing radiography is widely used as an adjunctive                          
diagnostic method for identifying proximal lesions that may not be detectable 
through visual inspection alone.4,5 However, interpretation of bitewing                 
radiographs is inherently subjective and may vary according to clinicians’ 
experience, diagnostic thresholds, and image quality. Such variability may 
influence diagnostic consistency and treatment decision-making in daily 
clinical practice.

	 Recent advances in AI, particularly deep learning and convolutional 
neural network (CNN) algorithms, have enabled automated image analysis 
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and pattern recognition in medical and dental imaging.6-8 In 
dentistry, early investigations demonstrated that neural network 
models could assist in detecting proximal caries lesions on 
radiographic images.9 More recently, several studies have              
applied deep learning models to bitewing radiographs and 
reported promising diagnostic performance for proximal caries 
detection.10-20 These AI systems have shown potential for         
improving diagnostic consistency, reducing observer variability, 
and supporting clinicians in radiographic interpretation.

	 Nevertheless, substantial heterogeneity remains among 
published studies. Variations in dataset characteristics, imaging 
protocols, annotation methods, reference standards, validation 
strategies, and AI architectures may significantly influence reported 
diagnostic performance and limit the reproducibility and                     
generalizability of findings. Furthermore, many AI  models have 
been developed using retrospective datasets with limited external 
validation, raising concerns regarding their applicability in                   
real-world clinical settings. In addition, differences in lesion 
classification criteria and reporting of diagnostic outcomes 
complicate direct comparisons across studies.

	 Recent systematic reviews and meta-analyses have reported 
encouraging results regarding the diagnostic accuracy of AI 
systems for detecting proximal caries lesions on bitewing               
radiographs. 21-22 Previous systematic review evidence has also 
evaluated the diagnostic accuracy of conventional methods for 
proximal caries detection, including visual examination and 
bitewing radiography.23 However, rapid developments in deep 
learning methodologies and the increasing number of newly 
published validation studies necessitate an updated and                         
comprehensive synthesis of the available evidence. Therefore, 
the aim of the present systematic review and meta-analysis was 
to evaluate the diagnostic accuracy of AI systems for detecting 
proximal caries lesions on bitewing radiographs and to summarize 
the current evidence regarding their potential clinical applicability.

Materials and Methods 

	 This study was conducted as a systematic review and                  
diagnostic test accuracy meta-analysis.24 The review                                             
methodology followed the Preferred Reporting Items for                        
Systematic Reviews and Meta-Analyses (PRISMA 2020) statement25 
and methodological recommendations from the Cochrane                 
Handbook for Systematic Reviews of Diagnostic Test Accuracy. 26 
Reporting considerations specific to diagnostic accuracy studies 
were additionally guided by the PRISMA-DTA framework.27

	 A predefined review protocol was developed prior to study 
selection and data extraction to improve methodological             
transparency and minimize potential bias. However, the protocol 
was not prospectively registered in the International Prospective 
Register of Systematic Reviews (PROSPERO).

Literature search strategy

	 Electronic database searches were conducted in PubMed/
MEDLINE, Scopus, and Web of Science for studies published 
between January 2000 and March 2026. The search strategy 

combined controlled vocabulary and free-text terms related to 
AI, proximal caries detection, and bitewing radiography.

	 The search strategy combined terms related to artificial 
intelligence, proximal caries, and bitewing radiography using 
the following Boolean structure:

(“artificial intelligence” OR “deep learning” OR 
“machine learning” OR “neural network”)

AND
(“dental caries” OR “proximal caries” OR 

“interproximal caries”)
AND

(“bitewing radiograph” OR “bitewing radiography”)

	 Reference lists of eligible studies and relevant review      
articles were also manually screened to identify additional 
potentially relevant studies. 

Eligibility criteria

	 Original primary studies were eligible if they evaluated an 
AI-based system for detecting proximal caries in human               
bitewing radiographs and reported diagnostic performance 
outcomes sufficient for qualitative evaluation. Reviews,                
editorials, animal studies, studies using non-bitewing images, 
studies without a proximal-caries outcome, and studies with-
out an AI or deep-learning model were excluded. Quantitative 
synthesis was restricted to studies with directly reported or 
reconstructable 2×2 contingency table data.

Study selection

	 Retrieved records were screened based on titles and               
abstracts according to predefined eligibility criteria.                           
Potentially eligible studies subsequently underwent full-text 
assessment. The study selection process followed the PRISMA 
2020 framework and is illustrated in Figure 1.

Data extraction

	 Data extraction was performed using a standardized extraction 
form. The following information was collected from each 
included study:

• First author and publication year  
• Country  
• Study design  
• Dataset size  
• AI architecture/model  
• Validation method  
• Reference standard  
• Diagnostic performance outcomes

	 For quantitative synthesis, true-positive, false-positive,               
true-negative, and false-negative values were extracted directly 
from included studies or reconstructed from reported diagnostic 
accuracy metrics when sufficient information was available. 
Only studies providing sufficient 2×2 contingency table data 
were included in the diagnostic test accuracy meta-analysis.
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Figure 1: PRISMA flow diagram illustrating the study selection process.

Quality assessment

	 Methodological quality assessment was performed using 
the Quality Assessment of Diagnostic Accuracy Studies-2                    
(QUADAS-2) tool.28 The following domains were evaluated:

1. Patient selection  
2. Index test  
3. Reference standard  
4. Flow and timing

	 Each domain was assessed for risk of bias and applicability 
concerns.

Statistical analysis

	 Pooled sensitivity and specificity estimates were calculated 
based on extracted 2×2 contingency table data. Pooled estimates 
and 95% confidence intervals were back-transformed to the 
probability scale. Although bivariate random-effects models are 
generally recommended for jointly synthesizing sensitivity and 
specificity29, such a model was not used because only three 
studies provided complete 2×2 data, making reliable estimation 
of the between-study covariance difficult. Forest plots were 
generated to display study-level and pooled estimates.  Statistical 

analyses and graphical visualizations were performed using R 
statistical software with diagnostic meta-analysis packages.  
When contingency counts were reconstructed from reported 
sensitivity, specificity, prevalence, and sample size, values were 
rounded to the nearest whole number while preserving internal 
consistency.

Results

	 The literature search identified 1,142 records across 
PubMed/MEDLINE, Scopus, and Web of Science databases. 
After removal of 318 duplicate records, 824 records remained 
for title and abstract screening. Following initial screening, 
769 records were excluded because they did not meet the               
eligibility criteria. Fifty-five reports were sought for retrieval, 
of which three could not be obtained. Consequently, 52                     
full-text articles were assessed for eligibility. After full-text 
evaluation, 41 studies were excluded for the following reasons: 
• No diagnostic accuracy data (n = 19) • No proximal caries 
outcome (n = 10) • No AI/deep learning model (n = 6) • Not 
a primary study or insufficient data (n = 4) • Other reasons (n = 2). 
Ultimately, 11 studies were included in the qualitative synthesis, 
and three studies with complete 2×2 contingency data were                
included in the quantitative synthesis.

Identification of studies via databases and registers
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Records identified from:
Databases (n = 1,142)
• PubMed/MEDLINE (n = 412)
• Scopus (n = 486)
• Web of Science (n = 244)

Records removed before screening:
Duplicate records removed (n = 318)
Records marked as ineligible by automation
tools (n = 0)
Records removed for other reasons (n = 0)

Records excluded
(n = 769)
Irrelevant to topic, non-dental imaging,
non-AI studies, non-bitewing radiographs,
animal studies, reviews, editorials, etc.

Reports excluded (n = 41)
No diagnostic accuracy data (n = 19)
No proximal caries outcome (n = 10)
No AI/deep learning model (n = 6)
Not primary study / insufficient data (n = 4)
Other reasons (n = 2)

Al = artificial intelligence ; 2x2 = two-by-two contingency table; PRISMA = Preferred Reporting Items for Systematic Reviews and Meta-Analyses.

Reports not retrieved
(n = 3)

Records screened
(n = 824)

Reports sought for retrieval
(n = 55)

Reports assessed for eligibility
(n = 52)

Studies included in qualitative synthesis
(n = 11)
Studies included in quantitative synthesis
(meta-analysis)
Studies with complete 2×2 contingency data (n = 3)
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	 The included studies were published between 2020 and 
2025 and evaluated various AI systems for proximal caries 
detection on bitewing radiographs (Table 1).

	 Across the included studies, various deep learning                       
architectures were evaluated, including convolutional neural 
networks (CNNs), U-Net models, Faster R-CNN frameworks, 
and YOLO-based detection systems. Dataset sizes varied 
substantially among studies, ranging from fewer than 500 
radiographs to large multicenter datasets containing more than 
13,000 bitewing images.

	 Most studies used retrospective datasets with internal 
validation approaches. Reference standards primarily involved 
expert consensus annotations by experienced dentists, oral 
radiologists, or calibrated evaluators. In some studies,                    
diagnostic findings were additionally compared with clinical 

examination results or established caries classification systems 
(e.g., ICCMS). None of the included studies reported external 
validation using a fully independent institutional dataset. 

Risk of bias assessment

	 The methodological quality of the included studies was 
assessed using the QUADAS-2 tool. Overall, most studies 
demonstrated low risk of bias in the index test and reference 
standard domains. However, several studies showed unclear 
or high risk of bias in patient selection due to retrospective 
dataset selection and limited external validation. The summary 
of the risk-of-bias assessment is presented in Figure 2.

	 The diagnostic performance outcomes of the included AI 
systems are summarized in Table 2.

Study
Cantu et al.10

Mertens et al.11

Lee et al. 12

Bayraktar and 
Ayan13

Chen et al.14

García-Cañas 
et al.15

Kunt et al.16

Pérez de 
Frutos et al.17

Tichý et al.18

Ayhan et al.19

Alsolamy et al.20

2020

2021

2021

2022

2022

2022

2023

2024

2024

2025

2025

3,686 radiographs

140 radiographs;  
22 dentists

354 radiographs

1,000 radiographs: 
800 training and 200 
test radiographs
978 radiographs; 
10,899 proximal 
surfaces
300 radiographs

3,989 radiographs; 
7,257 carious lesions

13,887 annotated 
radiographs; 
197-image 
consensus test set
Test subset from the 
Kunt et al. dataset

2,150 radiographs; 
test set of 150 
radiographs and 
2,160 proximal 
surfaces
1,354 radiographs

Germany

Germany

South 
Korea

Turkey

China

Spain

Czech 
Republic

Norway

Czech 
Republic

Turkey

Saudi 
Arabia

Retrospective 
diagnostic study

Randomized 
diagnostic reader 
study

Retrospective 
diagnostic study

Retrospective 
diagnostic study

Retrospective 
diagnostic study

Diagnostic 
accuracy study

Retrospective 
model-development 
study
Retrospective 
diagnostic study

Experimental 
reader-compari-
son study

Comparative 
diagnostic study

Retrospective 
model-development 
study

CNN-based 
segmentation model

Fully convolutional 
neural network

U-Net-based CNN

Modified YOLO-based 
CNN

Faster R-CNN

CNN-based diagnostic 
software

YOLOv5, Faster 
R-CNN, RetinaNet, 
and EfficientDet
YOLOv5, RetinaNet, 
and EfficientDet

Deep-learning 
detection models

YOLO-based detection 
models

YOLOv11-based 
object-detection and 
instance-segmentation 
models

Training, validation, 
and test split

Randomized 
crossover reader 
comparison

Training and 
evaluation split

Hold-out test set

Hold-out test set

Independent 
diagnostic 
evaluation
Training, validation, 
and test split

Five-fold 
cross-validation and 
consensus test set

AI–dentist 
comparison

Hold-out test set 
and dentist 
comparison

Training, validation, 
and test split

Pixel-wise 
annotations by four 
experienced dentists
Consensus of four 
independent experts 
with adjudication by 
a fifth expert
Consensus 
annotations by 
trained observers
Annotations by two 
experienced dentists

Consensus of two 
endodontists and 
one radiologist
Clinical and 
radiographic 
reference assessment
Expert bounding-box 
annotations

Consensus of six 
dental clinicians

Consensus caries 
annotations

Expert annotations

ICCMS-based 
expert consensus 
annotations30

Lesion-detection 
performance

Diagnostic 
performance with 
versus without AI 
assistance
Precision, sensitivity, 
and F1-score

Accuracy, sensitivity, 
specificity, PPV, NPV, 
and AUC
Accuracy, sensitivity, 
specificity, PPV, NPV, 
F1-score, and AUC
Sensitivity, specificity, 
PPV, NPV, and 
accuracy
Precision, recall, 
F1-score, and 
average precision
Object-detection 
performance

Detection 
performance and 
interobserver 
agreement
Precision, recall, 
specificity, F1-score, 
and Youden index

Precision, recall, 
F1-score, mAP, lesion 
localization, and 
severity classification

No

No

No

No

No

No

No

No

No

No

No

Year Country Dataset size 
and unit

AI model Validation method Reference 
standard

External 
validation

Main outcomesStudy designStudy

Table 1: Characteristics of included studies evaluating artificial intelligence systems for proximal caries detection on bitewing 
radiographs

Note: Dataset size and outcome measures are reported according to the unit of analysis used in each original study. Kunt et al.16 and Tichý et al.18 used related datasets and should not be 
interpreted as independent study populations.
Abbreviations: AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; CNN, convolutional neural network; ICCMS, International Caries Classification and                 
Management System; mAP, mean average precision; NPV, negative predictive value; PPV, positive predictive value; R-CNN, region-based convolutional neural network; YOLO, You Only Look Once.
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Quantitative synthesis

	 Three studies provided complete 2×2 contingency table 
data and were included in the diagnostic test accuracy                    
meta-analysis. The contingency data used for quantitative 
synthesis are presented in Table 2.

	 Across the three studies included in the quantitative synthesis, 
the pooled sensitivity was 0.73 (95% CI 0.70–0.75), whereas 
the pooled specificity was 0.92 (95% CI 0.69–0.99). Study-
level sensitivity estimates were consistent, ranging from 0.72 
to 0.73. In contrast, specificity estimates ranged from 0.73 to 
0.98, resulting in substantial between-study heterogeneity and 
a wide confidence interval for the pooled specificity estimate.

 	 Forest plots of study-level and pooled sensitivity and 
specificity estimates are presented in Figures 3 and 4,                          
respectively.

Figure 2: QUADAS-2 assessment summarizing the risk of bias and applicability concerns of the included studies.

Note: The unit of analysis was the proximal surface. The 2×2 contingency counts were reported directly or reconstructed from the 
original studies.

Bayraktar and Ayan (2022)13

Chen et al. (2022)14

Ayhan et al. (2025)19

201
388
648

31
116
347

1,682
1,435
922

77
148
243

0.72
0.72
0.73

0.98
0.93
0.73

Study True 
positive

False 
positive

True 
negative

False 
negative

Sensitivity Specificity

Table 2: Diagnostic performance data of studies included in the quantitative synthesis.

	  The pooled sensitivity and specificity estimates derived 
from the separate random-effects models are presented in 
Table 3.

	 Pooled sensitivity and specificity were estimated                        
separately using random-effects models on the logit scale.

	 Because only three studies provided complete 2×2                     
contingency table data for quantitative synthesis, subgroup 
analyses and publication-bias assessments were not considered 
sufficiently robust for reliable interpretation. Diagnostic                 
performance was therefore interpreted primarily from the 
pooled sensitivity and specificity estimates and their                         
confidence intervals.
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Figure 3: Forest plot of study-level sensitivity estimates for AI systems detecting proximal caries lesions on bitewing radiographs.

Figure 4: Forest plot of study-level specificity estimates for AI systems detecting proximal caries lesions on bitewing radiographs.
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Discussion 

	 Our findings are broadly consistent with previous                          
meta-analyses by Ammar et al.21 and Carvalho et al.22, which 
also reported favorable diagnostic performance of AI-assisted 
proximal caries detection systems on bitewing radiographs.

	 The present systematic review and diagnostic test                      
accuracy meta-analysis evaluated the performance of AI systems 
for detecting proximal caries lesions on bitewing radiographs. 
The findings demonstrated promising diagnostic performance, 
with pooled sensitivity and specificity estimates of 0.73 and 
0.92, respectively. These results suggest that AI algorithms 
may serve as useful adjunctive tools for supporting                                     
radiographic caries detection; however, the estimates should 
be interpreted cautiously because only three studies                               
contributed to the quantitative synthesis.

	 Dental caries remains one of the most prevalent chronic 
oral diseases worldwide and continues to represent a significant 
public health burden. Early detection of proximal caries lesions 
is particularly important because non-cavitated lesions may 
be managed using preventive and minimally invasive                         
approaches before extensive structural damage occurs.                  
Bitewing radiography remains the standard imaging modality 
for detecting proximal lesions that are difficult to identify 
through visual examination alone. However, radiographic 
interpretation may vary considerably among clinicians depending 
on clinical experience, diagnostic thresholds, and image                
quality. Such variability has contributed to growing interest in 
computer-assisted diagnostic systems in dentistry.6,8

	 Recent advances in AI, particularly deep learning                     
techniques, have enabled automated image analysis with               
increasingly high diagnostic capability. Most studies included 
in the present review applied convolutional neural network 
(CNN)-based architectures, while more recent investigations 
evaluated object-detection frameworks such as YOLO-based 
systems. Overall, the included studies demonstrated favorable 
diagnostic performance across different AI architectures, 
suggesting that deep learning approaches may provide reliable 
support for proximal caries detection on bitewing radiographs.
The pooled sensitivity estimate was moderate and consistent 
across the three studies. In contrast, specificity varied substantially 
across studies, ranging from 0.73 to 0.98, resulting in a wide 
confidence interval around the pooled specificity estimate. 
This heterogeneity may reflect differences in dataset composition, 
lesion prevalence, image acquisition protocols, annotation 
procedures, and AI training strategies. Although high specificity 
is clinically desirable because false-positive diagnoses may 
lead to unnecessary restorative intervention, the imprecision of 
the pooled specificity estimate warrants cautious interpretation.

Table 3: Pooled diagnostic accuracy estimates of AI systems 
for detecting proximal caries lesions on bitewing radiographs

Sensitivity
Specificity

Outcome Pooled estimate
0.73 (0.70 – 0.75)
0.92 (0.69 – 0.99)

	 Several methodological limitations should be considered 
when interpreting the findings of this review. First, most             
included studies used retrospective datasets and internal                 
validation approaches, which may increase the risk of selection 
bias and limit external generalizability. Second, substantial 
heterogeneity was observed across studies regarding dataset 
size, AI architecture, validation methodology, and reference 
standards. Third, only a limited number of studies performed 
external validation using independent multicenter datasets. 
These limitations highlight the need for more standardized 
methodological frameworks in future AI diagnostic research.

	 Another important limitation relates to the availability of 
diagnostic contingency data. Several studies did not directly 
report true-positive, false-positive, true-negative, and                    
false-negative values. Consequently, some contingency tables 
included in the quantitative synthesis were reconstructed from 
reported diagnostic accuracy metrics. Although this approach 
has been used in diagnostic meta-analysis research,                                  
reconstructed estimates may introduce additional uncertainty 
into pooled analyses.

	 Despite these limitations, the present study provides an 
updated synthesis of current evidence regarding AI-assisted 
proximal caries detection on bitewing radiographs. The                    
findings support the growing potential of AI systems to enhance 
radiographic interpretation and improve diagnostic consistency 
in dental practice. Nevertheless, AI systems should be                      
considered adjunctive decision-support tools rather than                  
replacements for professional clinical judgment.

	 Future research should focus on prospective multicenter 
validation studies, standardized reporting of diagnostic                  
contingency data, and external validation across diverse patient 
populations. Improved methodological transparency and                 
reproducible reporting will be essential for determining the 
true clinical applicability of AI-assisted diagnostic systems in 
dentistry.

	 Overall, the findings of this systematic review and                
diagnostic test accuracy meta-analysis suggest that AI systems 
demonstrate promising diagnostic performance for detecting 
proximal caries lesions on bitewing radiographs. Continued 
methodological refinement and prospective clinical validation 
will be important for facilitating the integration of AI-assisted 
diagnostic tools into routine dental practice.

Strengths and Limitations

	 This study has several strengths. First, a comprehensive 
systematic literature search was conducted across multiple 
electronic databases following the PRISMA 2020 statement 
and PRISMA-DTA reporting considerations. Second,                       
methodological quality was assessed using the QUADAS-2 
tool, allowing structured evaluation of risk of bias and                        
applicability concerns. Third, quantitative synthesis used 
separate random-effects meta-analyses of logit-transformed 
sensitivity and specificity based on 2×2 contingency data. 
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