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AB ST R ACT  

Artificial intelligence (AI) has increasingly been applied to cone-beam computed tomography (CBCT) interpretation in endodontics. However, 
reported diagnostic performance varies across endodontic findings and AI-based approaches. This systematic review and meta-analysis 
evaluated the diagnostic accuracy of AI-assisted CBCT interpretation for detecting endodontic pathologies and findings. We searched 
PubMed/MEDLINE, Embase, Scopus, Web of Science, and the Cochrane Library for studies published between January 2016 and May 2026. We 
included studies evaluating AI-assisted detection, classification, or segmentation of endodontic pathologies on dental CBCT in human subjects. 
We extracted data on sensitivity, specificity, and accuracy, and assessed methodological quality using QUADAS-2. We used random-effects 
models to calculate pooled estimates, and assessed heterogeneity using Cochran’s Q and I² statistics. We performed subgroup analyses by 
diagnostic finding. We included 12 studies, contributing 31 diagnostic evaluations for sensitivity and 25 for specificity and accuracy. The pooled 
sensitivity, specificity, and accuracy were 79.82% (95% CI: 73.86–85.77), 86.80% (95% CI: 82.69–90.91), and 84.74% (95% CI: 80.53–88.96), 
respectively. Sensitivity was highest for periapical osteolytic lesions (97.10%) and apical periodontitis (88.27%), while specificity was highest for 
apical periodontitis (96.27%). For periapical radiolucency, pooled sensitivity, specificity, and accuracy were 87.89%, 71.46%, and 78.89%, 
respectively. Sensitivity, specificity, and accuracy differed significantly across diagnostic subgroups (all P < 0.001). Substantial heterogeneity was 
observed across the analyses. AI-assisted CBCT interpretation demonstrated clinically relevant diagnostic accuracy for endodontic findings, with 
performance varying by pathology. 
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Introduction 

Accurate interpretation of dental imaging is central to 

endodontic diagnosis because many pathologies are 

defined by subtle changes in tooth structure, root 

morphology, and periapical bone (1). Conventional 

periapical radiography remains widely used, but its two-

dimensional nature can obscure anatomical structures 

and lesions through superimposition (2). These 

limitations are particularly relevant when abnormalities 

extend buccolingually or involve complex root anatomy. 

A systematic review has shown that periapical 

radiographs have limited ability to reliably characterize 

periapical disease compared with histopathological 

findings (3). 

Cone-beam computed tomography (CBCT) provides 

three-dimensional visualization of the dentoalveolar 

region and can reveal findings that are difficult to 

identify on conventional radiographs (4). In endodontics, 

CBCT is used for selected diagnostic problems, including 

assessment of periapical lesions, root fractures, root 

resorption, complex canal anatomy, treatment 

complications, and the relationship of lesions to adjacent 

structures (5). The 2025 joint position statement of the 
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American Association of Endodontists and the American 

Academy of Oral and Maxillofacial Radiology 

recommends limited-field-of-view CBCT when 

conventional imaging is inconclusive or insufficient for 

specific clinical questions (6). However, CBCT 

interpretation remains affected by image noise, scatter, 

beam-hardening, and other artefacts, as well as 

differences in spatial resolution and observer experience 

(7). 

Artificial intelligence (AI), particularly deep learning, 

has been increasingly investigated for automated dental 

image analysis (8). AI systems can detect, segment, and 

classify radiographic findings by learning image features 

from labeled datasets (9). In endodontics, CBCT-based AI 

applications include detecting periapical lesions, 

segmenting teeth and root canals, identifying complex 

canal anatomy, and detecting vertical root fractures and 

other treatment-related findings (10). Setzer et al. 

reported that a deep learning model for detecting and 

segmenting periapical lesions on CBCT achieved high 

diagnostic performance, demonstrating the potential of 

automated image analysis for endodontic diagnosis (11). 

Subsequent systematic reviews have reported similarly 

high sensitivity and specificity for AI-based detection of 

periapical radiolucencies and other endodontic findings 

(12). 

Despite these findings, the diagnostic performance of 

AI-assisted CBCT interpretation has not been uniform 

across applications. Differences in study populations, 

CBCT acquisition parameters, image quality, reference 

standards, AI architectures, and validation strategies can 

substantially affect reported accuracy (13). A systematic 

review and meta-analysis of AI for periapical 

radiolucency detection reported pooled sensitivity of 

0.94 and specificity of 0.96, but also identified 

methodological limitations, including risk of bias, 

applicability concerns, and limited external validation 

(14). Recent evidence continues to show that many 

studies use relatively small or single-centre datasets, 

while validation across different imaging devices and 

clinical populations remains limited (15). Therefore, high 

performance reported by an individual model does not 

necessarily reflect consistent diagnostic accuracy in 

routine clinical settings. The rapid expansion of AI 

research in endodontic CBCT interpretation has 

produced evidence across several distinct diagnostic 

tasks, but the findings remain fragmented. Existing 

reviews have primarily focused on individual 

applications, such as periapical radiolucency detection, 

pulp-space segmentation, or vertical root fracture 

detection (14, 16, 17). A broader quantitative assessment 

is needed to determine whether the diagnostic 

performance of AI-assisted CBCT interpretation is 

consistent across different endodontic pathologies and 

findings. 

Different endodontic abnormalities vary in imaging 

characteristics and diagnostic difficulty, and AI 

performance may therefore differ across clinical 

findings. Variations in AI models, reference standards, 

imaging protocols, and patient populations may also 

contribute to differences in reported diagnostic 

accuracy. This systematic review and meta-analysis 

therefore evaluated the accuracy of AI-assisted CBCT 

interpretation for endodontic pathologies and findings 

and explored factors associated with variation in 

diagnostic performance. 

Materials and Methods 

Study design 

This systematic review and diagnostic accuracy meta-

analysis evaluated the performance of artificial 

intelligence (AI)-assisted CBCT interpretation for 

detecting endodontic pathologies and imaging findings. 

The review was designed and reported in accordance 

with the Preferred Reporting Items for Systematic 

Reviews and Meta-Analyses for Diagnostic Test Accuracy 

Studies (PRISMA-DTA) guidelines (18). We defined all 

methodological procedures, including eligibility criteria, 

outcomes, risk-of-bias assessment, and the statistical 

analysis plan, a priori to reduce the potential for post hoc 

modifications during the review process. 

PICO framework and research question 

The research question was formulated a priori 

according to a diagnostic adaptation of the PICO 

framework: 

Population (P): The population comprised patients 

undergoing dental CBCT examination in whom 

endodontic pathologies or findings were assessed. 

Eligible studies included patients with suspected or 

established endodontic disease, previous or ongoing 
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root canal treatment, or clinical indications requiring 

CBCT assessment of teeth and periapical structures. 

Index test (I): The index test was AI-assisted 

interpretation of CBCT images to detect, classify, 

segment, or identify endodontic pathologies and 

findings. Eligible AI approaches included machine 

learning and deep learning systems, whether fully 

automated or used as computer-assisted diagnostic 

tools.  

Comparison (C): The reference standard comprised 

the method each primary study used to establish the 

presence or absence of the target endodontic pathology 

or finding.  

Outcomes (O): The primary outcomes were the 

diagnostic sensitivity and specificity of AI-assisted CBCT 

interpretation for detecting endodontic pathologies and 

findings. Secondary diagnostic outcomes included 

diagnostic accuracy, positive likelihood ratio (LR+), 

negative likelihood ratio (LR−), diagnostic odds ratio 

(DOR), area under the receiver operating characteristic 

curve (AUROC), and positive and negative predictive 

values when reported or calculable from the available 

data. We extracted true-positive (TP), false-positive (FP), 

false-negative (FN), and true-negative (TN) values when 

available to reconstruct 2 × 2 diagnostic contingency 

tables. 

Accordingly, the research question addressed the 

diagnostic accuracy of AI-assisted CBCT interpretation 

for identifying endodontic pathologies and findings.  

Eligibility criteria 

Inclusion criteria: Studies were eligible if they (1) 

evaluated human dental CBCT images; (2) assessed an 

AI-based or AI-assisted method for detecting endodontic 

pathologies or findings; (3) used an appropriate 

reference standard; (4) reported sufficient data to 

determine diagnostic accuracy; and (5) were original 

studies published in English. We included both 

retrospective and prospective diagnostic accuracy 

studies. 

Exclusion criteria: Case reports, case series, animal or 

in vitro studies, reviews, meta-analyses, editorials, 

letters, conference abstracts, and studies without an 

appropriate reference standard or sufficient diagnostic 

data were excluded. We also excluded studies that 

evaluated AI exclusively on non-CBCT images or without 

an endodontic diagnostic outcome. 

Information sources and search strategy 

We conducted a comprehensive systematic literature 

search in PubMed/MEDLINE, Embase, Scopus, Web of 

Science, and the Cochrane Library for eligible studies 

published between January 2016 and May 2026. We 

selected this search period to capture contemporary 

applications of AI in dental CBCT interpretation while 

maintaining a defined, reproducible search window. In 

addition, we manually screened the reference lists of all 

included studies and relevant systematic reviews to 

identify potentially eligible studies not retrieved through 

the electronic database searches. 

The search strategy combined controlled vocabulary 

and free-text terms related to three principal concepts: 

artificial intelligence, CBCT, and endodontic diagnosis. 

We adapted search terms to each database's indexing 

system. The core search strategy was: 

("artificial intelligence" OR "machine learning" OR 

"deep learning" OR "neural network" OR "convolutional 

neural network" OR "computer-aided diagnosis") AND 

("cone-beam computed tomography" OR CBCT OR "cone 

beam CT") AND (endodont OR "periapical lesion" OR 

"periapical patholog" OR "root fracture" OR "vertical root 

fracture" OR "root resorption" OR "root canal" OR 

"endodontic finding"). 

We imposed no restrictions based on AI architecture, 

CBCT device, voxel size, field of view, or specific 

endodontic pathology during the initial search. 

Study selection process 

All records retrieved from the electronic databases 

were imported into EndNote X8, and duplicate records 

were identified and removed before screening. Two 

reviewers independently screened the titles and 

abstracts of all retrieved records according to the 

predefined eligibility criteria. We then assessed 

potentially relevant studies by reviewing full texts. We 

excluded studies that did not meet the inclusion criteria 

and recorded the primary reason for exclusion at the full-

text stage. The two reviewers resolved disagreements 

through discussion and consensus. When consensus 

could not be reached, a third reviewer independently 

assessed the study and made the final decision. We 

documented the study identification and selection 

process using the PRISMA flow diagram. 
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Data extraction 

Two reviewers independently extracted data using a 

standardized form. Extracted variables included author, 

publication year, country, study design, sample size, 

patient characteristics, tooth type, target endodontic 

pathology or finding, and CBCT characteristics. AI-

related variables included the AI model or algorithm, 

learning approach, validation strategy, and diagnostic 

task. We also recorded reference standard 

characteristics and diagnostic criteria; we extracted 

diagnostic data, including TP, FP, FN, and TN values.  

Assessment of risk of bias 

Two reviewers independently assessed the 

methodological quality and risk of bias of the included 

studies using the Quality Assessment of Diagnostic 

Accuracy Studies-2 (QUADAS-2) tool. The assessment 

covered patient selection, index test, reference standard, 

and flow and timing, with each domain classified as 

having low, high, or unclear risk of bias. We assessed 

applicability concerns for patient selection, the index 

test, and the reference standard. We resolved 

disagreements through discussion or consultation with a 

third reviewer. 

Statistical analysis 

Statistical analyses were performed using Stata 

version 17. Diagnostic accuracy was assessed using 

sensitivity, specificity, and accuracy. When available, TP, 

FP, FN, and TN values were used to construct 2 × 2 

contingency tables. Pooled estimates were calculated 

using a random-effects model with restricted maximum 

likelihood (REML) and reported with 95% confidence 

intervals (CIs). Separate meta-analyses were conducted 

for sensitivity, specificity, and accuracy. Heterogeneity 

was assessed using Cochran's Q test, I², and τ². 

Prespecified subgroup analyses were performed 

according to the type of endodontic pathology or finding, 

including apical periodontitis, periapical lesion, 

periapical osteolytic lesion, and periapical radiolucency. 

Differences between subgroups were assessed using the 

Qb statistic. 

Forest plots were generated to present individual and 

pooled estimates. Statistical significance was defined as 

P < 0.05. 

Results 

PRISMA Flow Description 

The study selection process followed PRISMA 

guidelines and is illustrated in Figure 1. A total of 248 

records were initially identified. After removal of 

duplicates, 172 unique records remained for title and 

abstract screening. During this phase, 47 studies were 

excluded because they were irrelevant to the research 

question, used inappropriate study designs (e.g., 

reviews, case reports, case series, or conference 

abstracts), evaluated non-CBCT imaging, or did not 

assess AI-assisted detection of endodontic pathologies or 

findings. In the eligibility assessment stage, we reviewed 

25 full-text articles in detail. Of these, 13 studies were 

excluded because they lacked an appropriate reference 

standard, did not provide sufficient diagnostic accuracy 

data, did not evaluate an endodontic outcome, or did not 

meet the predefined inclusion criteria. Ultimately, 12 

studies met the predefined eligibility criteria and were 

included in the present systematic review and diagnostic 

accuracy meta-analysis. 

 
Figure 1. PRISMA 2020 Flow Diagram. 
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Characteristics of Included Studies 

Table 1 summarizes the characteristics of the 12 

included studies. All studies used CBCT-based datasets 

and evaluated AI-assisted detection, classification, or 

segmentation of endodontic pathologies, predominantly 

periapical lesions. Most studies were retrospective and 

used CNN- or U-Net-based models, with validation 

performed using independent test sets or cross-

validation. 

Table 1. Characteristics of Included Studies. 

Study, year Design Sample Population/te
eth 

Target 
finding 

CBCT 
dataset 

AI model Diagnostic task Reference 
standard 

Validation 

Al Fartousi 
et al., 2026 
(19) 

Retrospective 
diagnostic accuracy 

358 
teeth/16
7 scans 

Root-filled 
teeth; 72.1% 
with apical 
lesions 

Apical 
lesion and 
endodonti
c findings 

Private 
practice, 
Germany
; voxel 
125–160 
µm 

Diagnocat AIS, 
CNN 

Tooth-level 
detection 

Two blinded 
endodontists; 
senior expert for 
disagreements 

Independent 
evaluation; no 
external cohort 

Öksüzoğlu 
et al., 2026 
(20) 

Retrospective 
development/validati
on 

140 
scans; 
347 
lesions 

Adults with 
≥1 periapical 
lesion 

Periapical 
lesion 

Türkiye; 
voxel 0.3 
mm 

nnU-Net v2 3D lesion 
segmentation/dete
ction 

Manual 
segmentation; 
senior 
endodontist 
review 

80/10/10% 
train/validation/
test 

Allihaibi et 
al., 2025 
(21) 

Retrospective 
diagnostic accuracy 

134 
molars; 
327 roots 

Molars 
requiring root 
canal 
treatment 

Periapical 
radiolucen
cy 

London; 
4×4 cm 
FOV 

Diagnocat, deep 
CNN 

Tooth- and root-
level detection 

Two blinded 
experienced 
endodontists 

Independent 
evaluation; no 
external cohort 

Chadgal, 
2025 (21) 

Retrospective 
comparative 

180 
patient; 
250 scans 

Patients with 
suspected 
periapical 
lesions 

Early 
periapical 
pathology 

Tertiary 
dental 
centre; 
paramete
rs NR 

3D voxel-based 
CNN 

Lesion detection Three 
endodontists; 
consensus 

Separate test set; 
no external 
validation 

Chau et al., 
2025 (22) 

Model 
development/compa
rison 

185 scans NR Periapical 
lesion 

CBCT 
paramete
rs NR 

CBCT-SAM; U-
Net, PAL-Net 

Detection and 
segmentation 

Manual 
segmentation; 
radiologist 
validation 

Training/validati
on 

Hadzic et 
al., 2024 
(23) 

Retrospective 
validation 

195 CBCT 
images; 
2,947 
teeth 

Adults with 
routine CBCT 
scans 

Periapical 
lesion 

Austria; 
voxel 0.2 
mm 

SpatialConfigurat
ion-Net + U-Net 

Tooth-level 
detection 

Consensus of 3 
investigators 

Independent test 
set; same centre 

Kazimiercz
ak et al., 
2024 (24) 

Retrospective 
diagnostic accuracy 

49 
patients; 
1,223 
teeth 

Mean age 41 
y; suspected 
periapical 
lesions 

Periapical 
lesion 

Poland; 
voxel 0.3 
mm 

Diagnocat, CNN Tooth-level 
detection 

Consensus of 
orthodontist and 
radiologist 

Independent 
evaluation; no 
external cohort 

Fu et al., 
2024 (25) 

Retrospective 
multicentre 

279 
patients; 
4,951 
teeth 

Permanent 
dentition; AP 
prevalence 6–
13% 

Apical 
periodonti
tis 

4 
institutio
ns, China 

PAL-Net, 3D U-
Net CNN 

Detection and 
segmentation 

Endodontists + 
pathology/radiol
ogy records 

5-fold CV; 
independent and 
3-centre external 
validation 

Calazans et 
al., 2022 
(26) 

Retrospective 
diagnostic accuracy 

1,000 
treated 
molars 

Endodonticall
y treated 
maxillary 
molars 

Periapical 
lesion 

Brazil; 
voxel 
0.13–
0.40 mm 

Siamese CNN; 
DenseNet-
121/VGG-16 

Tooth-level 
classification 

Oral radiologist 60/20/20% 
train/validation/
test 

Kirnbauer 
et al., 2022 
(27) 

Retrospective 
development/validati
on 

144 
volumes; 
2,128 
teeth 

Adult teeth 
with 
completed 
roots 

Periapical 
lesion 

Austria; 
voxel 0.2 
mm 

SpatialConfigurat
ion-Net + 3D U-
Net 

Detection and 
segmentation 

Oral radiologist 4-fold cross-
validation; no 
external 
validation 

Orhan et 
al., 2020 
(28) 

Retrospective 
diagnostic accuracy 

153 
lesions/1
09 
patients 

Teeth with 
periapical 
lesions 

Periapical 
lesion 

Türkiye; 
voxel 
0.075–
0.2 mm 

Diagnocat, U-Net-
like CNN 

Detection, 
localization, volume 

Oral radiologist Hold-out test set; 
no external 
validation 

Setzer et 
al., 2020 
(11) 

Retrospective 
algorithm study 

20 
volumes; 
61 roots 

Patients 
referred for 
endodontic 
treatment 

Periapical 
lesion 

USA; 
voxel 
0.125 
mm 

Multilabel U-Net Root-level detection 
and segmentation 

Three clinical 
reviewers 

5-fold cross-
validation; no 
external 
validation 

Risk of bias 

In the patient selection domain, 6 studies had a low 

risk of bias, while 6 had an unclear risk. For the index 

test, 10 studies had a low risk of bias, and 2 had an 

unclear risk. All 12 studies were judged to have a low risk 

of bias for the reference standard and flow and timing 

domains. Regarding applicability, 6 studies showed low 

concern and 6 studies showed unclear concern in the 

patient selection domain. Applicability concerns for the 

index test were low in 10 studies and unclear in 2 

studies. All studies showed low concern regarding the 

applicability of the reference standard (Table 2). 
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Table 2. QUADAS-2 assessment of the included studies. 

Study Patient 

selection 

Index 

test 

Reference 

standard 

F & timing Applicability: Patient 

selection 

Applicability: Index 

test 

Applicability: 

Reference standard 

Al Fartousi et al., 2026 

(19) 
              

Öksüzoğlu et al., 2026 (20)               

Allihaibi et al., 2025 (29)               

Chadgal, 2025 (21)               

Chau et al., 2025 (22)               

Hadzic et al., 2024 (23)               

Kazimierczak et al., 2024 

(24) 
              

Fu et al., 2024 (25)               

Calazans et al., 2022 (26)               

Kirnbauer et al., 2022 (27)               

Orhan et al., 2020 (28)               

Setzer et al., 2020 (11)               

Low risk   High risk   Unclear risk   

Diagnostic sensitivity 

Subgroup analysis showed that sensitivity of AI-

assisted CBCT interpretation differed by the type of 

endodontic finding. Across the 31 diagnostic evaluations, 

the overall pooled sensitivity was 79.82% (95% CI, 

73.86–85.77%). Pooled sensitivity was highest for 

periapical osteolytic lesions (97.10%; 95% CI, 94.81–

99.39%), followed by apical periodontitis (88.27%; 95% 

CI, 76.98–99.56%) and periapical radiolucency (87.89%; 

95% CI, 82.42–93.36%). The lowest pooled sensitivity 

was observed for periapical lesions, at 74.38% (95% CI, 

66.38–82.37%). The estimate for periapical osteolytic 

lesions was based on a single study (Figure 2). 

Substantial between-study variation was observed in 

the apical periodontitis and periapical lesion subgroups. 

For apical periodontitis, sensitivity estimates ranged 

from 61.2% to 99.0%, with very high heterogeneity (Q = 

160.08, P < 0.001; I² = 96.76%; τ² = 187.463). In the 

periapical lesion subgroup, individual sensitivity 

estimates ranged from 35.71% to 100.0%, and 

heterogeneity was also very high (Q = 714.73, P < 0.001; 

I² = 97.98%; τ² = 297.860). The periapical radiolucency 

subgroup showed lower heterogeneity, with a pooled 

sensitivity of 87.89% and I² of 54.99% (Q = 6.70, P = 

0.082) (Figure 2). 

The between-subgroup comparison was statistically 

significant (Qb = 35.96, χ²(3), P < 0.001), indicating that 

sensitivity differed across the four endodontic finding 

categories. Within the periapical radiolucency subgroup, 

sensitivity was higher for tooth-level detection than for 

root-level detection in both preoperative and 

postoperative assessments. The sensitivity estimates 

were 93.9% for preoperative tooth-level detection, 

86.2% for preoperative root-level detection, 88.6% for 

postoperative tooth-level detection, and 80.3% for 

postoperative root-level detection. Overall 

heterogeneity across the diagnostic evaluations was 

extremely high (Q = 952.89, P < 0.001; I² = 99.15%; τ² = 

259.870) (Figure 2). 



Journal of Oral and Dental Health Nexus 

 

7 

 

 
Figure 2. Forest plot of pooled sensitivity of artificial intelligence-assisted CBCT interpretation for the 

detection of endodontic pathologies and findings. 
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Figure 3. Forest plot of pooled specificity of artificial intelligence-assisted CBCT interpretation for the 

detection of endodontic pathologies and findings. 
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Diagnostic specificity 

Subgroup analysis showed that the specificity of AI-

assisted CBCT interpretation differed across the four 

endodontic finding categories. Across 25 diagnostic 

evaluations, the overall pooled specificity was 86.80% 

(95% CI, 82.69–90.91%). The highest pooled specificity 

was observed for apical periodontitis (96.27%; 95% CI, 

95.31–97.24%), followed by periapical osteolytic lesions 

(88.00%; 95% CI, 85.71–90.29%) and periapical lesions 

(86.36%; 95% CI, 82.34–90.38%). The lowest pooled 

specificity was observed for periapical radiolucency, at 

71.46% (95% CI, 63.18–79.73%) (Figure 3). 

For apical periodontitis, specificity estimates ranged 

from 95.0% to 99.1%, with no evidence of statistical 

heterogeneity (Q = 1.22, P = 0.943; I² = 0%). In contrast, 

substantial heterogeneity was observed for periapical 

lesions (Q = 47.26, P < 0.001; I² = 75.25%; τ² = 37.988) 

and periapical radiolucency (Q = 16.83, P = 0.001; I² = 

80.37%; τ² = 55.967). The periapical osteolytic lesion 

subgroup included a single evaluation and therefore did 

not permit estimation of between-study heterogeneity. 

Overall heterogeneity was very high (Q = 319.21, P < 

0.001; I² = 94.03%; τ² = 92.020) (Figure 3). 

The test for subgroup differences was statistically 

significant (Qb = 89.31, χ²(3), P < 0.001), indicating that 

specificity varied substantially by endodontic finding. 

Within the periapical radiolucency subgroup, specificity 

ranged from 63.3% to 79.9%. Preoperative specificity 

was 65.2% at the tooth level and 79.9% at the root level, 

whereas postoperative specificity was 63.3% at the 

tooth level and 77.0% at the root level. These findings 

indicate that specificity varied more across the included 

evaluations for some diagnostic targets than for others, 

with the most consistent specificity observed for apical 

periodontitis (Figure 3). 

Accuracy 

Subgroup analysis showed that accuracy of AI-

assisted CBCT interpretation varied by endodontic 

finding. Across 25 diagnostic evaluations, the overall 

pooled accuracy was 84.74% (95% CI, 80.53–88.96%). 

The highest pooled accuracy was observed for apical 

periodontitis, at 92.75% (95% CI, 83.94–101.57%), 

followed by periapical osteolytic lesions, at 88.90% 

(95% CI, 86.61–91.19%), and periapical lesions, at 

82.67% (95% CI, 77.08–88.26%). The lowest pooled 

accuracy was observed for periapical radiolucency, at 

78.89% (95% CI, 74.83–82.95%). The estimate for 

periapical osteolytic lesions was based on a single 

diagnostic evaluation. 

Substantial heterogeneity was observed within the 

apical periodontitis subgroup, with accuracy estimates 

ranging from 70.7% to 98.3% (Q = 71.32, P < 0.001; I² = 

94.62%; τ² = 110.158). The periapical lesion subgroup 

also showed considerable heterogeneity, with accuracy 

estimates ranging from 65.99% to 99.35% (Q = 74.20, P 

< 0.001; I² = 87.90%; τ² = 90.754). In contrast, 

heterogeneity within the periapical radiolucency 

subgroup was not statistically significant (Q = 3.97, P = 

0.265; I² = 21.67%; τ² = 3.783). Overall heterogeneity 

across the 25 diagnostic evaluations was very high (Q = 

328.76, P < 0.001; I² = 94.35%; τ² = 97.517) (Figure 4). 

The test for subgroup differences was statistically 

significant (Qb = 21.42, χ²(3), P < 0.001), indicating that 

pooled accuracy differed across the four endodontic 

finding categories. Within the periapical radiolucency 

subgroup, accuracy was 79.1% for preoperative tooth-

level detection, 82.6% for preoperative root-level 

detection, 71.6% for postoperative tooth-level detection, 

and 77.7% for postoperative root-level detection. Among 

individual evaluations in the apical periodontitis 

subgroup, accuracy ranged from 70.7% to 98.3%, 

whereas for periapical lesions it ranged from 65.99% to 

99.35% (Figure 4). 
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Figure 4. Forest plot of pooled accuracy of artificial intelligence-assisted CBCT interpretation for the 

detection of endodontic pathologies and findings. 
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Discussion 

The present systematic review and meta-analysis 

evaluated the diagnostic performance of artificial 

intelligence-assisted interpretation of dental CBCT for 

endodontic pathologies and findings. Across 12 included 

studies, AI achieved a pooled sensitivity of 79.82%, 

specificity of 86.80%, and accuracy of 84.74%. 

Diagnostic performance varied significantly by target 

finding. Sensitivity was highest for periapical osteolytic 

lesions (97.10%) and apical periodontitis (88.27%), 

whereas periapical lesions showed lower sensitivity 

(74.38%). Specificity was highest for apical periodontitis 

(96.27%) and lowest for periapical radiolucency 

(71.46%). These differences suggest that AI performance 

depends on the diagnostic target rather than remaining 

consistent across endodontic CBCT applications. The 

pooled estimates were lower than those reported in the 

meta-analysis by Sadr et al., which found a sensitivity of 

92.5% and specificity of 85.2% for deep learning-based 

detection of periapical radiolucent lesions (30). Pul and 

Schwendicke similarly reported pooled sensitivity and 

specificity of 94% and 96%, respectively, for AI-based 

detection of periapical radiolucencies (14)). The lower 

sensitivity and specificity observed in the present 

analysis may partly reflect its broader scope. Unlike 

these reviews, which focused predominantly on 

periapical radiolucency, the present study included 

several endodontic targets and restricted the analysis to 

CBCT. Differences in diagnostic definitions, anatomical 

units, disease prevalence, and AI tasks may therefore 

have contributed to the lower pooled estimates. 

The findings were more comparable with the CBCT-

specific meta-analysis by Dashti et al. for detection of 

second mesiobuccal canals. That study reported pooled 

sensitivity of 82% and specificity of 74%, while deep 

learning models achieved sensitivity of 87%, specificity 

of 90%, and accuracy of 84% (31). These estimates are 

close to the overall performance observed in the present 

analysis, particularly for sensitivity and accuracy. 

However, Dashti et al. included only four studies and 

evaluated a specific anatomical finding, whereas the 

present review incorporated multiple endodontic 

pathologies and findings. This difference further 

supports the importance of considering the diagnostic 

target when comparing AI performance across studies. 

Subgroup analysis showed substantial differences 

among endodontic findings. Apical periodontitis had 

relatively high sensitivity and specificity, whereas 

periapical radiolucency had lower specificity (71.46%). 

Periapical radiolucency sensitivity also varied by 

diagnostic unit. Tooth-level assessment showed higher 

sensitivity than root-level assessment in both 

preoperative and postoperative evaluations. This 

pattern suggests that the anatomical scale at which AI 

makes a prediction may affect diagnostic performance. 

Similarly, previous research on AI-based endodontic 

diagnosis has reported variation by imaging task, 

anatomical target, and evaluation strategy (14, 31). 

Heterogeneity was substantial in the overall analyses, 

with I² values of 99.15% for sensitivity, 94.03% for 

specificity, and 94.35% for accuracy. We also observed 

significant differences between diagnostic subgroups for 

sensitivity, specificity, and accuracy (all P < 0.001). Such 

heterogeneity is consistent with previous meta-analyses 

of AI in dental imaging. Dashti et al. reported 

considerable heterogeneity among CBCT-based studies, 

and broader dental AI meta-analyses have also shown 

substantial between-study variation (32). Differences in 

CBCT voxel size, acquisition protocols, sample 

composition, lesion prevalence, AI architecture, 

annotation procedures, and validation strategy are likely 

contributors to this variability. Methodological 

characteristics also require consideration. Six studies 

had unclear risk of bias in patient selection, and two had 

unclear risk for the index test, although all studies had 

low risk of bias for the reference standard and flow and 

timing. Previous reviews of AI-based endodontic 

diagnosis have reported similar methodological 

concerns (14, 30). In addition, most included studies 

were retrospective, and several relied on internal 

validation or cross-validation. Although these 

approaches are appropriate for model development, 

external validation using independent datasets from 

different institutions and CBCT systems is needed to 

establish whether reported performance is reproducible 

in routine clinical settings. Studies incorporating 

multicentre external validation, such as Fu et al., provide 

stronger evidence of generalizability than single-centre 

evaluations (25). 

Overall, the findings indicate that AI-assisted CBCT 

interpretation can provide useful diagnostic 

performance for several endodontic findings. Still, the 

pooled estimates should not be interpreted as a uniform 
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performance measure for all clinical applications. The 

significant variation between diagnostic targets and the 

high heterogeneity across studies indicate that future 

research should use clearly defined diagnostic outcomes, 

standardized reference standards, and independent 

multicentre validation. At this stage of evidence, AI-

based CBCT interpretation is better considered an 

adjunct to clinical and radiographic assessment rather 

than a replacement for expert diagnosis. This study has 

several limitations. Only 12 studies were included, and 

substantial heterogeneity was observed across the 

pooled analyses. Most studies were retrospective, with 

several relying on internal rather than external 

validation. Differences in AI models, diagnostic targets, 

CBCT parameters, reference standards, and diagnostic 

units may have contributed to the observed variability. 

In addition, unclear risk of bias in patient selection in 

several studies may limit the generalizability of the 

findings. 

Conclusion 

AI-assisted interpretation of dental CBCT 

demonstrated promising diagnostic performance for 

endodontic pathologies, with pooled sensitivity, 

specificity, and accuracy of 79.82%, 86.80%, and 

84.74%, respectively. Performance varied across 

diagnostic targets, with higher estimates for apical 

periodontitis and periapical osteolytic lesions. However, 

substantial heterogeneity and methodological 

limitations across studies restrict the generalizability of 

the pooled estimates. Further multicentre studies using 

standardized diagnostic criteria and independent 

external validation are needed before AI-assisted CBCT 

interpretation can be routinely integrated into 

endodontic diagnosis. 
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