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ABSTRACT

Objectives

To assess Atrtificial Intelligence (Al) platforms, machine learning methodologies
and associated accuracies used in detecting dental caries from clinical images
and dental radiographs.

Methods

A systematic search of 8 distinct electronic databases: Scopus, Web of Science,
MEDLINE, Educational Resources Information Centre, Institute of Electrical and
Electronics Engineers Explore, Science Direct, Directory of Open Access Jour-
nals and JSTOR, was conducted from January 2000 to March 2024. Al platforms,
machine learning methodologies and associated accuracies of studies using Al
for dental caries detection were extracted along with essential study character-
istics. The quality of included studies was assessed using QUADAS-2 and the
CLAIM checklist. Meta-analysis was performed to obtain a quantitative estimate
of Al accuracy.

Results

Of the 2538 studies identified, 45 met the inclusion criteria and underwent qual-
itative synthesis. Of the 45 included studies, 33 used dental radiographs, and
12 used clinical images as datasets. A total of 21 different Al platforms were re-
ported. The accuracy ranged from 41.5% to 98.6% across reported Al platforms.
A quantitative meta-analysis across 7 studies reported a mean sensitivity of 76%
[95% CI (65% - 85%)] and specificity of 91% [(95% CI (86% - 95%)]. The area under
the curve (AUC) was 92% [95% CI (89% - 94%)], with high heterogeneity across
included studies.

Conclusion

Significant variability exists in Al performance for detecting dental caries across
different Al platforms. Meta-analysis demonstrates that Al has superior sensitivity
and equal specificity of detecting dental caries from clinical images as compared
to bitewing radiography. Although Al is promising for dental caries detection,
further refinement is necessary to achieve consistent and reliable performance
across varying imaging modalities.

INTRODUCTION

Artiﬁcial intelligence (Al) is a device’s ability to perform functions usually
associated with human intelligence, such as reasoning, learning and self-
improvement." Machine Learning (ML) is a subfield of Al in which algorithms
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are applied to learn intrinsic statistical patterns and struc-
tures to make predictions on unseen data.? One use of ML in
medicine is deep learning (DL), itself inspired by human brain
neurons by feeding data through multiple layers and filters
to identify hierarchical features, learn from each input, and
ultimately optimise accuracy and performance.® Through re-
cent advancements in computational power, data availabil-
ity and the development of improved data processing soft-
ware, Al applications have grown exponentially and guided
current healthcare research. For example, preliminary data
on Al has demonstrated performance metrics equal to or
better than trained specialists in diagnosing lymph node
metastases from tissue sections,” melanomas from clini-
cal photographs,® and pneumonia from chest radiographs.®
Such applications give promise that Al can transfer time-
consuming tasks to machines, relieve burdened healthcare
systems, make healthcare more affordable, and improve pa-
tient outcomes.

Dentistry can also benefit from Al applications. Ongo-
ing research demonstrates how Al can improve the di-
agnostic performance of dentists in the identification of
tooth numbering,” dental anomalies,® periapical patholo-
gies,” and dental caries.> Current estimates predict un-
treated primary dental caries affects 500 million children
globally,'® and 42% of children aged 5 to 10 in Australia."
This need, coupled with the rise of tele-dentistry requir-
ing dentists to screen and diagnose dental caries from
clinical images, increases the potential of Al in dentistry
today.'?

Despite the growing integration of Al in healthcare and den-
tistry, there remains a limited understanding of its diagnos-
tic performance in detecting dental caries. Key elements
such as Al methodologies, data preprocessing techniques,
and the quality of training datasets are often poorly docu-
mented, resulting in inconsistent diagnostic accuracy, insuffi-
cient training data, and a lack of standardization.® 3¢ These
gaps raise significant regulatory and ethical concerns and
hinder the full utilization of Al in enhancing diagnostic capa-
bilities. Additionally, the rapid increase of Al-based studies in
dentistry highlights the need for ongoing evaluation to bet-
ter understand the current Al landscape and its future role
in dental caries detection. The aim of this systematic review
and meta-analysis is to evaluate different Al platforms and
deep learning methods used for dental caries detection, us-
ing both clinical images and radiographs, and identify areas
for future research.

METHOD

Reporting of this systematic review followed the PRISMA -
Diagnostic Test Accuracy (DTA) Checklist," and was regis-
tered at PROSPERO (CRD42022337833).
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Eligibility Criteria

Inclusion Criteria

Published studies that (i) involved Al platforms to detect
dental caries, and (i) used radiographs or clinical images as
datasets were included. These studies were published be-
tween January 2000 and March 2024.

Exclusion Criteria

Studies that (i) did not report on the Al platform, (ii) pub-
lished in a language other than English and, (iii) were unavail-
able in full text were excluded. In addition, studies using Al
for purposes other than diagnosing dental caries have been
excluded.

Information Sources and Search

Electronic searches were conducted from January 2000 to
March 2024 using the following 8 databases: Scopus, Web of
Science, MEDLINE (PubMed), Educational Resources Infor-
mation Centre (ERIC), Institute of Electrical and Electronics
Engineers (IEEE) Explore, ScienceDirect, Directory of Open
Access Journals and JSTOR. The search strategy is detailed
in Table 1, with MeSH terms including Al, dental caries, DL,
ML, systematic review and meta-analysis.

Study Selection

Results from the search were input into EndNote 20, where
2 reviewers (LA, AS) screened the title and abstract indepen-
dently for relevance and removed duplicate results. Subse-
quently, the full-text articles were assessed against the inclu-
sion and exclusion criteria to finalise studies for qualitative
and guantitative synthesis.

Data Collection and Extraction

The following data, namely, bibliographic details, data
modality, dataset size (total, training, validity, test), the defini-
tion of dental caries, labelling procedure, use of annotation
tool, exclusion criteria, dentition, image augmentation, Al
platform and performance metrics were extracted. In cases
where more than one Al platform was used, results from both
platforms were extracted and included as a range. Perfor-
mance of the included studies was reported through each
study using a test dataset to assess outcomes including sen-
sitivity, specificity, accuracy, positive predictive value (PPV),
negative predictive value (NPV), F1-score and Area Under
the Receiver Operating Characteristic Curve (AUC). Evalu-
ation of the different definitions of dental caries was per-
formed by assessing the number of divisions between caries-
free and dental caries encroaching the pulp. This included
the following scales: 2-point scale (“sound” vs “carious”),
3-point scale (normal to advanced), 5-point scale,”® and 7-
point scale.””



Table 1. Search strategy.
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Search Topic and terms

#1 Artificial Intelligence: "artificial intelligence” OR “deep learning” OR “neural networks, computer” OR “machine
learning” OR “fuzzy logic”

#2 Dentistry: “dentistry” OR “tooth” OR “dental caries” OR “radiography, dental” OR “paediatric dentistry”

#3 Search #1 and #2

Reporting Standards Assessment

The reporting standard of each study was assessed through
the Checklist for Artificial Intelligence in Medical Imaging
(CLAIM).?° This best practice checklist was selected because
it was developed by a group of experts through a Del-
phi consensus process. It promotes transparency and repro-
ducibility in research by assessing 42 important factors re-
lated to Al applications. These factors include study design,
data sources, data processing, reference standards, data
splitting, Al model structure, and the use of training, valida-
tion and testing datasets. In addition, the CLAIM checklist
assesses the robustness of the statistical analysis, as well as
limitations and implications for clinical practice. By evaluat-
ing each study in this way, the quality of Al-based studies
on dental caries detection can be assessed, proving useful
recommendations for future research.

Risk of Bias (RoB) Assessment

Two reviewers (LR, AS) assessed each study for RoB using
the Quality Assessment tool for Diagnostic Accuracy Studies
(QUADAS-2).2" The QUADAS-2 tool consists of 4 domains:
patient selection, index test, reference standard, flow, and
timing. In addition, it contains 3 domains that evaluate the
applicability of each study: patient selection, index test, and
reference standard. Studies were marked as 'high RoB' if any
of the 4 domains was rated as 'no’; ‘low RoB’ if all 4 ques-
tions were rated as 'yes’; and ‘unclear RoB’ if any domains
presented unclear reporting.

Quantitative Synthesis

Data on the diagnostic accuracy of Al to detect dental caries
was extracted from individual studies, and statistical analysis
was conducted using STATA 17 software (STATA Corpora-
tion, College Station, Texas, USA) via MIDAS v.3.0 package
and METANDI module. Forest plots were generated to dis-
play the summary estimates for sensitivity and specificity of
Al in dental caries detection. The hierarchical summary re-
ceiver operating characteristic (HSROC) curve along with its
95% confidence and predictive region was generated in the
SROC space by adopting the bivariate hierarchical model
proposed by Rutter & Gatsonis.?? The impact of unobserved

heterogeneity across the studies was assessed using the |2
statistic.”

RESULTS

Study Selection and Characteristics

Initially, 2538 articles were identified. After 168 duplicate ar-
ticles were removed, 2370 articles underwent title and ab-
stract screening, 2286 articles failed to meet the inclusion
criteria, and 39 articles were excluded following full-text as-
sessment. This resulted in 45 articles in the final analysis
Figure 1, with a detailed breakdown of each study outlined in
Table 2 ,%#°¢ and Table 3.7%¢ The final 45 studies were pub-
lished between 2008 and 2024, with 41 (91%) published be-
tween 2020 and 2024. Of the 33 studies examining dental
radiographs, 17 used bitewing, 7 periapical, 4 panoramic, 1
cone beam computed tomography and 4 combined dental
radiographs. Conversely, for the 12 studies examining clini-
cal images, 4 used Digital Single Lens Reflex (DSLR) images,
4 images from mobile phones, 3 images from intraoral cam-
eras, and 1 used a combination of different clinical photos.
Annotation tools were used in 47% of all studies, with 85%
of included studies using preprocessing augmentation to in-
crease the dataset size.

Datasets Used Across Included Studies

A significant range in the dataset size input into each study
was observed, with the dental radiograph studies compris-
ing 40 to 13,887 dental radiographs and the clinical images
studies comprising 88 to 24,578 clinical images. Coupled
with this is the variety in how the data was annotated. The
included studies employed between one and twenty human
annotators with and without different annotation software,
2 studies used histological analysis, and 1 study used im-
age editing software to artificially create dental caries. The
definition and assessment of dental caries exhibited differ-
ences with a 2-point scale used in 19 studies, a 3-point scale
in 9 studies, a 4-point scale in 3 studies, a 5-point scale in
7 studies, a 6-point scale in 3 studies and a 7-point scale in
4 studies. Pooling studies that classified dental caries using
the same number of divisions demonstrated the following
mean accuracies: 2-point scale 86.1% [91% Cl 81.4% - 90.8%)],
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Table 2. Details of the studies using artificial intelligence to detect dental caries from dental radiographs.

Author year Data Dataset (train/  Dental caries Labelling Annot- Exclusion criteria Dentition Preproc Al platform Results (%)
modality validation/ classifi-cation procedure ation essing aug-
test) scale tool mentation
Ahmed etal.?*  BW 554 5 2 dental Y Overlapping images, PER N/A Resnet50, loU 551
(443, 55, 55) specialists images with distortion ResNext101, F1-score  53.5
and shadows, indirect Inception- V2
restorations,
Amasya etal.” CBCT 500 2 3 dento- N Edentulous patients, PER Cropping  U-Net Accuracy  92.9
maxillofacial images with exceeding and Sensitivity 87.4
radiologists artifact resizing Specificity 95.2
Ayhan et al.? BW 1170 2 1 dental Y Positioning/ technical ~ PER N/A YOLOv/ Precision  86.6
(1000, -, 170) specialist errors, fixed prosthesis, Fl-score 84.9
braces, restorations
Azhari et al.?/ BW 771 5 2 examiners N Poor quality, PRI+ PER N/A Resnet50, loU 37.7-
identifiable images, ResNext101, 47.8
duplicates, Inception- V2
restorations, braces
Bayrakdar BW 621 2 2 dental Y N/A PER Resizing,  U-Netand Sensitivity 84.0
et al.?8 (518, 50, 53) specialists horizontal VGG-16 Precision  81.0
and vertical Fl-score 84.0
flipping
Bayraktar and BW 1000 2 2 Y Restorations, 3rd N/A Rotation, ~ YOLO Accuracy 94.2
Ayan29 (800, -, 200) experienced permanent molars scaling, Sensitivity 72.3
dentists zooming Specificity 98.2
and
cropping
Cantu et al.*° BW 3686 6 4 trained N Primary dentition, PER Resizing, U-Net Accuracy 80.0
(3293, 252, 141) dentists images of poor quality random Sensitivity 75.0
transforma- Specificity 83.0
tion
Chaves®! BW 425 3 2 researchers Y Image distortion or PER Flipping,  Mask-RCNN Accuracy 754
(340, 42, 42) with caries poor angulation resizing Sensitivity 71.6
experience and
and PhD cropping
student

(continued on next page)

ID1LOVYd TVLINId d3Svd-3DNIdIAT 40 [ewinor ay |



S20¢ Y21eiN

S

Table 2 (continued)

Author year Data Dataset (train/  Dental caries Labelling Annot- Exclusion criteria Dentition Preproc Al platform Results (%)
modality validation/ classifi-cation procedure  ation essing aug-
test) scale tool mentation
Chen et al.®? PA 2900 3 1 dentist N Primary dentition, PER N/A R-CNN loU 72.0
image distortion Precision  62.0
Devito et al.3* BW 80 5 Optical N Restorations PER N/A CNN ROC 88.4
(40, -, 40) microscope
Devlin et al.3 BW 1446 2 6 dento- N Poor quality images, N/A N/A AssistDent Sensitivity 75.8
(1343, 24, 103) maxillofacial dentine caries Specificity 85.4
radiologists
Estai et al.®® BW 2468 5 3 dentists N Restorations, primary ~ PER Rotations,  ResNet-v2 Precision 87.0
(2221, -, 247) teeth, overlapping, horizontal  Inception-v3 Specificity 87.7
poor image quality, shifts, ResNet-50 F1-score  85.3
retained roots scaling,
horizontal
and vertical
flipping
Frutos et al.% BW 13887 7 6 dental Y N/A PER Horizontal  ResNet50 Precision 41.5
(4565, -, 197) specialists and vertical YOLOv5 Fl-score  45.1
flipping EfficientDet
Geethaetal’  N/A 105 2 1 dentist N N/A N/A Resizing ~ CNN Accuracy  97.1
Gunecetal®®  OPG 500 2 2 dental N N/A PER N/A CNN Sensitivity 90.7
specialists Specificity 76.0
F1-score  78.6
Imak et al.*” PA 340 2 1 dentist N image distortion, N/A Contrast,  AlexNet Accuracy 87.6
fractures, cysts and sharpening
infections filter
Kawazu et al.’0  PA 300 2 Photoshop N Dental caries, PER Resizing CNN Accuracy 780
artificial restorations and
caries on flipping
image
Kim et al.*! OPG 10,000 5 N/A Y N/A N/A Image Precision 63.5
(6000, 2000, cropping  Fast R-CNN Sensitivity 75.5
2000) Specificity 95.0

(continued on next page)
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Table 2 (continued)

Author year Data Dataset (train/  Dental caries Labelling Annot- Exclusion criteria Dentition Preproc Al platform Results (%)
modality validation/ classifi-cation procedure  ation essing aug-
test) scale tool mentation
Lee et al.*? PA 3000 3 4 dentists N Image distortion, PER Vertical InceptionV3 Accuracy 82.0
(2400, -, 600) restorations, primary flipping Sensitivity 81.0
teeth, disagreement in Specificity 83.0
diagnosis
Lee et al.? BW 304 2 2 postgradu- N Image distortion, PER Flipping,  U-Net Precision  63.3
(254, -, 50) ate dental overlapping of rotation, Recall 65.0
students proximal surfaces scaling Fl-score  64.1
Lietal® PA 4129 3 2 dentists N Primary teeth, PER Resizing,  ResNet-18 Sensitivity 80.0
(3829, -, 300) restorations, pulp cropping Specificity 79.0
therapy, low quality Fl-score  79.6
images,
Lian et al.*® OPG 1160 6 3 dentists N Primary teeth, blurred  PER Cropping  nnU-net Accuracy  98.6
(1071, -, 89) images Sensitivity 82.1
Specificity 100
Fl-score  90.2
Majanga and N/A 120 2 Hessian N N/A N/A Rotation,  U-net Accuracy  98.0
Viriri® analysis (blob scaling,
detection) resizing
Mao et al.*’ BW 278 2 3 dentists N N/A N/A Cropping, AlexNet, Accuracy 80.3
(195, -, 83) horizontal ~ GoogleNet, -90.3
and vertical Vgg19
translations ResNet50
Moran et al.*® BW 112 3 1 dental N Dental implants, N/A Rotation, ResNet and Accuracy  0-100
specialist malocclusion flipping Inception at
and different
cropping  learning rates
Oztekin et al.*?  PA 13870 2 1 dental N N/A PER Cropping, EfficientNet-BO  Accuracy 91.3
(13270, -, 600) specialist rotation, DenseNet-121 Sensitivity 85.9
zoom, ResNet-50 Specificity 96.7
flipping, F1-score 90.8
shifting

(continued on next page)
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Table 2 (continued)

Author year Data Dataset (train/  Dental caries Labelling Annot-  Exclusion criteria Dentition Preproc Al platform Results (%)
modality validation/ classifi-cation procedure  ation essing aug-
test) scale tool mentation
Panyarak et al.’® BW 994 7 3 oral and Y severe interproximal PER Horizontal YOLOv3 Precision  32-77
maxillofacial overlap flip, Fl-score  27-75
radiologists random
transforma-
tion,
transla-
tions,
scaling
Panyarak et al>’ BW 2758 7 3 oral and Y Caries free, attrition, PER Random ResNet-18 Accuracy  46-71
maxillofacial poor image quality, movements ResNet-50 Sensitivity 68-80
radiologists severe interproximal in vertical  ResNet-101 Specificity 16-61
overlap and ResNet-152
horizontal
directions,
rotation
Pun®? BW 190 5 1 Y Caries free N/A Image en-  EfficientDet- Precision  70.6
experienced hancement Lite1 Sensitivity 62.5
dentist and Fl-score  66.1
cropping
Qayyum et al. > PA 229 2 1 dental Y N/A N/A Horizontal  ResNet-50 Accuracy  97.0
(90%, -, 10%) specialist and flip, ResNet-101
rotation, MobileNet-V3
cropping
Valizadeh et al.>* N/A 183 2 Histological N Fractures, dental N/A Cropping, FCM (fuzzy Accuracy  61-97
analysis anomalies, gross caries rotations c-means)
Ying et al.>® N/A 40 2 2 dental N Developmental PER Flipping, U-net Precision 74.0
(90%, -, 10%) specialists defects, malocclusion, rotation, Sensitivity 94.0
irregular dentition, translation, Specificity 92.0
prosthesis
Zhou et al.®® OPG 210 2 2 dentists Y N/A N/A Cropping  CNN Accuracy 82.7

F1-score 865

Abbreviations: BW, bitewing radiograph; PA, periapical radiograph; OPG, panoramic radiograph; CBCT, cone beam computed tomography; PER, permanent dentition; PRI, primary dentition; N/A, not

applicable.
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Figure 1. PRISMA flow diagram illustrating the search strategy.

[ Identification of studies via databases and registers ]

)
Records identified from databases
(Yr 2000 — 2024): 2,538
g Scopus (n = 42)
= Web of Science (n = 590)
8 MEDLINE (n =1407)
= ERIC (n = 5)
c IEEE (n = 22)
-8 Science Direct (n = 412)
= DOAJ (n = 18)
JSTOR (n =42)
—
— l
Records screened
(n=2,370)
=]
=
=
@
o
S
(2]
Full text articles assessed for eligibility
(n=84)
—/
)
3
= Studies included in review
° (n =45)
=
—

3-point scale 76.9% [95% Cl (66.8% - 87.1%)], 4-point scale
82.6% [95% CI (43.4% - 100%)], 5-point scale 79.0% [95% ClI
56.0% - 100%)], 6-point scale 79.4% [95% Cl (30.9% -100%)],
7-point scale 60.3% [95% Cl (30.1% - 90.4%)].

Variation in the Inclusion and Exclusion Criteria
across included studies

Three studies (7%) included primary and permanent denti-
tions, 15 studies (33%) did not disclose the assessed den-
tition, and 27 studies (60%) only included the permanent
dentition. In addition, 20 studies (44%) excluded images
of poor diagnostic quality, 12 studies (27%) excluded teeth
with restorations, 6 studies (13%) excluded teeth undergo-
ing fixed orthodontics, 4 studies (9%) excluded teeth with
developmental defects of enamel, 2 studies (4%) excluded
teeth with noncarious tooth structure loss and 1study ex-
cluded teeth that were caries-free.

n Volume 25, Number 1

Records removed before screening:
Duplicate records removed (n = 168)

Records excluded: 2,286

Reports excluded: 39
Not in English language (n = 2)
Wrong study design (n = 2)
Absence of deep learning models (n
=12)
Dataset not using clinical images or
dental radiographs (n = 23)

Al Platforms

The accuracy of the platforms was established by assessing
it against the test dataset. Eighteen of the studies (40%) did
not report on the size of the test dataset, with the remain-
ing 27 studies using an average of 14.8%, [95% CI (10.8% -
18.9%)] of the total available data. Accuracy, sensitivity, speci-
ficity, and F1-scores had the following respective ranges:
41.5% to 98.6%, 18.5% to 94%, 38.5% to 100%, and 45.1%
to 92.2%. The mean accuracy of correctly diagnosing dental
caries was 78.2% [95% Cl (72.0% - 84.4%)] for clinical image
studies and 81.5% [95% Cl (72.7% - 90.3%)] for dental radio-
graph studies. Of the included studies, 21 different Al plat-
forms were used, including ResNet-50 in 11 studies, U-Net
in 8 studies, YOLO in 7 studies, Inception-V3 and R-CNN in
6 studies and ResNet101 in 5 studies. The accuracy ranges
of these platforms were observed at 41% to 97% for ResNet-
50, 74% to 99% for U-Net, 42% to 89% for YOLO, 43% to 87%
for Inception-V3 and 60% to 87% for R-CNN. The various Al
platforms used for dental caries detection using dental ra-
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Figure 2. Risk of bias assessment using quality assessment tool for diagnostic accuracy studies (QUADAS-2).
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diographs and clinical images are tabulated in Table 2 and
3.

RoB assessment

ROB demonstrated that the index test domain showed the
highest degree of bias, with 16 studies (36%) categorised
with a high ROB Figure 2. Nine studies (20%) were found to
have a low ROB of all 4 domains Table 4 and 5, the per-
formance of these 9 studies with low ROB demonstrated a
mean accuracy of 86.6% [95% Cl (75.8% - 97.5%)], sensitivity
of 70.4 [95% Cl (52.4% - 88.5%)], and specificity of 89.2% [95%
Cl (83.4% - 95.0%)].

CLAIM checklist

The findings from applying the CLAIM checklist to the 45
studies include 84% of the studies not calculating sample
size, 76% of the studies not measuring the inter- and in-
trarater variability, 27% of studies not commenting on their
studies’ limitations and none of the studies validating their
model on external data Supplementary File 1.

Quantitative Analysis

Due to limited data reporting, the meta-analysis included
only 7 studies: 5 using dental radiographs and 2 using clin-
ical images. The overall summary estimates for Al in dental
caries detection showed a sensitivity of 76% [95% CI (65% -
85%)] and a specificity of 91% [95% Cl (86% - 95%)], as seen
in Figure 3. The HSROC curve generated using the bivari-
ate hierarchical model indicated an AUC of 92% [95% ClI
(89% - 94%)], shown in Figure 4. Heterogeneity, assessed by
Higgins' I?, was 99.1% for sensitivity and 98% for specificity,
demonstrating high heterogeneity across the studies.

Subgroup Analysis

For the 5 studies that used dental radiographs, the summary
estimates showed a sensitivity of 73% [95% ClI (59% - 84%)]
and specificity of 91% [95% Cl (82% - 96%)] for Al in detect-
ing dental caries Supplementary Figure 5. The AUC for these
studies was 90% [95% Cl (87% - 92%)] Supplementary Figure
6. Heterogeneity was 99.5% for sensitivity and 99% for speci-
ficity, indicating significant heterogeneity.

For the 2 studies that used clinical images, the summary es-
timates for Al in detecting dental caries showed a sensitivity
of 83% [95% CI (74% - 90%)] and a specificity of 92% [95%
Cl (88% - 95%)] Supplementary Figure 7. The AUC for these
studies was 95% [95% Cl (92% - 96%)] Supplementary Figure
8. Heterogeneity was 89.3% for sensitivity and 65% for speci-
ficity, indicating high heterogeneity for sensitivity but lower
heterogeneity for specificity.

DISCUSSION

This systematic review and meta-analysis aimed to examine
the different Al platforms and deep learning methods used
for dental caries detection, using both clinical images and
radiographs, and identify areas for future research. Follow-
ing the appraisal and synthesis of the included studies, this
systematic review and meta-analysis established the sensitiv-
ity and specificity of Al detecting dental caries was 76% and
91% respectively. However, these figures fail to identify the
significant limitations of current research using Al to detect
dental caries, which requires further discussion.

First, standardisation for dental caries’ identification, classi-
fication and annotation is essential. This systematic review
found that the included studies identified dental caries us-
ing up to 20 human experts and classified dental caries using
a 2 to 7-point scale. As a result, each of the 45 platforms is
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Table 3. Details of the studies using artificial intelligence to detect dental caries from clinical images.

Author year ~ Data Dataset Dental Labelling  Annotation  Exclusion Dentition  Pre-processing Al platform Results (%)
modality  (train/ caries proce- tool criteria augmentation
validation classifica-  dure
/test) tion
scale
Askar etal.”’  DSLR 434 3 2 dental Y Fixed N/A Cropping and SqueezeNet  Accuracy  88.0
specialists orthodontics resizing of images Sensitivity ~ 58.0
Specificity ~ 85.0
F1-score 68.0
Ding et al.>8 Mobile 640 2 N/A Y Fixed PER Rotations, colour YOLOv3 Precision 77-100
phone (570, -, 70) orthodontics, changes F1-score 50-80
restricted mouth
opening
Felsch DSLR 18179 5 1 experi- Y Restorations, PRI and Cropped, rotate, SegFormer- Accuracy 90-99
etal ™ enced orthodontic PER resized, randomly B5 Sensitivity ~ 37-89
dentist appliances, rare distorted Specificity ~ 91-99
dental diseases
Kim et al.®® Intraoral 610 3 2 dentists N Low resolution N/A Resized, contrast ResNext Precision 83.5
camera (410, 90, photos enhancement F1-score 84.3
90)
Kuhnisch DSLR 2417 3 1 dentist N Non-carious PER Resizing, rotations, MobileNetV2  Accuracy 92.5
et al ¢’ (1891, 47, hard tissue cropping Sensitivity  89.6
479) defects, Specificity  94.3
restorations
Mehdizadeh ~ N/A 1020 7 1dentist Y N/A PRI and Rotation, height VGG-16 Accuracy  47-79
etal.®? PER and width shifts, ResNet-50 Specificity  81-100

scaling, horizontal
and vertical flipping

Inception-v3  Fl-score 66-83

(continued on next page)
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Table 3 (continued)

Author year ~ Data Dataset Dental Labelling  Annotation  Exclusion Dentition  Pre-processing Al platform Results (%)
modality  (train/ caries proce- tool criteria augmentation
validation  classifica-  dure
/test) tion
scale
Moutselos Intraoral 88 6 2 dentists Y Restorations, PER Horizontal and Mask R-CNN  Accuracy 59.6
et al 3 Camera (79, -, 9) teeth with vertical flipping,
hypoplastic or rotations, shear,
hypomineralised scaling
areas
Park et al.®* Intraoral 2348 4 1 dentist Y Blurred, PER Shifting, blurring, U-Net Precision 87.4
camera (1638, duplicate or image symmetry ResNet-18 Sensitivity  89.0
410, 300) unintended Faster
images R-CNN
Taregetal.®®>  Mobile 233 3 3dentists Y Molar teeth PER Blurring, focus ResNet50 Accuracy 78.9
phone (107, 28, changes, light ResNet101
33) filters, angulation VGG16
changes AlexNet
DenseNet
YOLO
Thanh etal.®®  Mobile 2652 4 1dentist  N/A Restorations, N/A Flipping and YOLOvV3 Accuracy 61-69
Phone (1902, -, enamel defects rotation Faster Sensitivity ~ 0-37
750) R-CNN Specificity ~ 71-100
RetinaNet
SSD
Yoon etal.®”  DSLR 24578 4 20 data Y Mirror scratches,  PER Resizing, flipping, R-CNN Accuracy 93-98
labellers obstructed random shifting, Sensitivity ~ 71-78
images, primary photometric Specificity ~ 96-99
teeth, duplicate distortions
images,
out-of-focus
images
Zhang Mobile 3932 2 3dentists N N/A PER Shifting, rotation, ConvNet Sensitivity ~ 68.7
et al.%® Phone (2507, hue/chroma/exposure Specificity  81.9
300, 1125) changes

Abbreviations: DSLR, Digital Single Lens Reflex Camera; PER, permanent dentition; PRI, primary dentition; N/A, not applicable.
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Table 4. QUADAS 2 assessment of included studies using artificial intelligence to detect dental caries from dental radiographs.

Study risk of bias applicability concerns

Patient Index Reference flow and patient index test reference

selection test standard timing selection standard
Ahmed et al.?* Unknown Low Low Low Unknown Low Low
Amasya et al.? Low Low Low Low Low Low Low
Ayhan et al.? Low Low High Low Low Low High
Azhari et al.”’ Low Low Unknown Low Low Low Low
Bayrakdar et al.”® Low Low High Low Unknown High High
Bayraktar and Ayan®’ Low Low High Unknown Low High High
Cantu et al.*° Low Low Low Low Low Low Low
Chaves et al.*! Unknown Low Unknown Low Unknown Low High
Chen et al.*? Unknown High Low Low Unknown High Low
Devito et al.® High High High Low High High High
Devlin et al.3* Low Low Low Low Low Low Low
Estai et al.®® Unknown Low Low Low Unknown Low Low
Frutos et al.% Unknown High Low Low Low High Low
Geetha et al.¥ High High High Low High High High
Gunec et al.% Unknown High High Low Unknown Unknown High
Imak et al.>” Unknown High High Low Unknown High High

(continued on next page)
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Table 4 (continued)

Study risk of bias applicability concerns
Patient Index Reference flow and patient index test reference
selection test standard timing selection standard
Kawazu et al.*0 High Low High Low High Low High
Kim et al.%! Low High Unknown Low Low High Unknown
Lee et al.® Low Low Low Low Low Low Low
Lee et al.®? High Low Low Low High Low Low
Li et al. Low Low Low Low Low Low Low
Lian et al.*® Low Low Low Low Low Low Low
Majanga and Viriri* High High High Unknown High High High
Mao et al.”’ Low Low High Low Low High High
Moran et al.* Unknown High Low Low Unknown High Low
Oztekin et al.*? Unknown High High Low Unknown High High
Panyarak et al.” Low Low Low Low Low Unknown Low
Panyarak et al.”" Low Low Low Low Low Unknown Low
Pun®? High High Low Low High High Unknown
Qayyum et al.>? High High Unknown Unknown High High Unknown
Valizadeh et al.>* High Low Low Low High Low Low
Ying et al.>® High Unknown Low Low High High Low
Zhou et al.®® Unknown High High Unknown High High High
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Table 5. QUADAS 2 assessment of included studies using artificial intelligence to detect dental caries from clinical images.

Study risk of bias applicability concerns

Patient Index Reference flow and patient index test reference

selection test standard timing selection standard
Askar et al.”’ Unknown Low Low Low Low Low Low
Ding et al.?® Low High High Low Low High High
Felsch et al.”? High Unknown Low Low High unknown Low
Kim et al.% Unknown Low Low Low Unknown Low Low
Kuhnisch et al.®! Low Low Low Low Low Low Low
Mehdizadeh et al.®? High High Low Low High High Low
Moutselos et al.®® High Low Low Unknown High Low Low
Park et al.* Low Unknown Low Low Unknown Unknown Low
Tareq et al.®® Low Low Low Low High Low Low
Thanh et al.% Low Low Low Low Low Low Low
Yoon et al.¢’ Low Low Low Low Low Low Low
Zhang et al.%® Low High High Low Low High High

Figure 3. Forest plot for sensitivity and specificity.

Study Id : SENSITIVITY (95% CI) Study Id : SPECIFICITY (95% CI)
| |
| |
| |
| |
| |
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I |
Park et al. 2022 7-:7 074[066-081] Park et al 2022 *-1'— 089[0.82-093]
| |
| |
Lietal 2022 - 077[0.71-083] Lietal. 2022 —— | 0.81[0.75-0.86]
| |
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Kuhnisch et al. 2022 : —® | 090[084-094] Kuhnisch et al. 2022 :—-- 094[0.91-0.97]
| |
| |
Deviin et al. 2021 O 058[0.55-0.61] Devlin et al. 2021 . 0.93[0.92-0.94]
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Figure 4. Summary receiver operating characteristic
curve (sROC) for predictive studies.
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trained, validated, and tested to assess dental caries at dif-
ferent locations, from an initial “ename
a cavitated “dentine” carious lesion encroaching the pulp.
In addition, each platform’s development and assessment
reflect the quality and standardisation of the initial annota-
tions. In assessing this, the QUADAS-2 and CLAIM checklists
found that of the included studies, 31% exhibited a high RoB
in their reference standard domain, and 76% did not report
on the calibration of their annotations. Therefore, the accu-
racy of these annotations remains to be determined. This
uncertainty is further highlighted through Kawazu and col-

|u

carious lesion to

leagues using imaging processing software to artificially cre-
ate dental caries onto sound teeth,’ and multiple authors
simplifying standardised dental caries classification systems
such as the International Caries Detection and Assessment
System (ICDAS) from a 7-point scale to a 3-point scale. ¢
Through changing dental caries classification systems and
artificially creating dental caries, Al platforms restrict their
ability to be replicated and compared against 1 another,
as well as the generalisability of an Al platform on external
datasets.

Second, the 45 included studies highlight significant varia-
tions in their overall dataset sizes ranging from 40 to 24,578
images. This variation impacts the reliability and validity of
each platform in detecting dental caries and limits its gen-
eralisability. Coupled with this is the size of the test dataset,
which, on average, represented 14.8% of the overall dataset,
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with 40% of the studies failing to report this. As a result, the
variation in dataset size between the included articles intro-
duces further heterogeneity and makes further analysis less
meaningful.

Third, this systematic review found variations in inclusion and
exclusion criteria, with 27% of the included studies excluding
teeth with restorations and 9% excluding teeth with devel-
opmental defects of enamel (DDEs). In having too broad ex-
clusion criteria, Al platforms risk making themselves not ap-
plicable to a wide range of patients, demonstrated through
the prevalence of DDEs estimated at 33%,°” and 77% of Aus-
tralian adults having at least 1 dental restoration.”® However,
as dental caries is associated with DDEs with an odds ratio
of 2.21,”" and an estimated 3.6% of restorations having sec-
ondary caries,”” there are clear benefits for future Al plat-
forms attempting to overcome these limitations.

Several Al platforms are currently used to create the algo-
rithms underpinning each deep learning framework. This
systematic review found 21 different Al platforms from the
45 included studies with similar accuracy ranges observed
in the studies using ResNet-50, U-Net, YOLO Inception-
V3 and R-CNN. Such similarities in the different platforms
are also displayed within studies, as Tareq and colleagues
used the same dataset on 5 different Al platforms, including
VGG16, ResNet-50, ResNet-101, AlexNet, and DenseNet121
to achieve accuracies between 78.3% and 87.0%.%° This com-
parison between Al platforms is even more complex after
considering the learning rate used. This learning rate is a nu-
merical size of the updated hyperparameters.’ Authors need
to balance using enough data for the network to produce
meaningful results while keeping this manageable to ensure
the process can be completed quickly and without excessive
memory requirements.”* Moran and colleagues assessed the
performance of 0.1, 0.001 and 0.001 learning rates to con-
clude that 0.001 was the most accurate.”® However due to
the lack of standardization in the learning rates of each of
the 45 included studies, further complexity is created that
makes comparisons between studies more difficult.

1 growing observation from the included studies is using the
Al platform using tooth surface segmentation to improve its
accuracy. Park and colleagues investigated this process to
demonstrate an improvement in precision from 75% to 87%
following tooth surface segmentation.®* It is believed that by
removing the background noise and blur, Al platforms can
focus on the tooth surface and, therefore, arrive at a more ac-
curate diagnosis. However, this has yet to be assessed com-
prehensively.

While an in-depth analysis of the architecture of each of
these platforms is beyond the scope of this systematic re-
view, future research should examine these variations to bet-
ter understand how algorithms can enhance the resolution
and, ultimately, the accuracy of their outputs. This research
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is needed now more than ever, as He and colleagues re-
port that increasing layers in a convolutional neural network
(CNN) resulted in over-saturation and the degradation of the
platform’s performance.”* In addition, due to the black box
problem, whereby Al cannot explain how it arrived at its con-
clusion, little is known about the benefits or potential harms
of each Al platform’s architecture.

Pooling the performance of studies using a low risk of bias
or different dental caries classification scales did not demon-
strate a statistical difference from the overall pooled accu-
racy ranges. An explanation for this could include the lim-
ited number of included studies using 4, 6 and 7-point den-
tal caries classification scales, thereby increasing the level
of uncertainty in the 95% confidence interval, the additional
complexity for the Al platform to identify subtle changes
in enamel carious lesions, and the heterogeneity of the
datasets whereby multiple variables are contributing to the
outcomes. These variables include the type of Al architec-
ture, dataset size, use and application of augmented data,
and the robustness of the dental caries annotations. Conse-
quently, the current published data using Al to detect den-
tal caries cannot isolate individual factors for comparison be-
tween studies, and the only method for comparison is to test
each Al platform against a standardised and universally ac-
cepted external test dataset.

With high levels of heterogeneity only 7 stud-
ies,?:26,34,44,52,61.64 \yere found suitable for meta-analysis.
Overall, good sensitivity and specificity were noted across 5
studies.”?0:34.61.% This could be due to many of these stud-
ies using a large sample size. However, analysis by Amasya
and coworkers demonstrated high sensitivity and specificity
irrespective of the small sample size used (n=500) and ab-
sence of an annotation tool.?® This study did however use a
dichotomous caries classification and a rich dataset consist-
ing of CBCTs. Conversely, Li and colleagues exhibited poor
sROC scores despite its larger sample size (n=4129). This
may be attributed to using periapical radiographs as a data
modality, not using an annotation tool and ResNet-18 as an
Al platform.* Another study by Pun and colleagues showed
a wide discrepancy in sensitivity (77%) and specificity (33%)
values in the sROC plot. Potential reasons include a small
sample size (n = 190), caries classification using 5 segmenta-
tion categories, labelling procedure done by 1 experienced
dentist, poor image quality and Efficient DetLite 1 as an Al
platform.>

Al for dental caries detection brings several other potential
implications. One key advantage is its ability to process and
analysis large volumes of data rapidly, which can enhance
diagnostic efficiency in busy clinical settings. Al tools can
also standardize diagnostic practices by reducing human er-
ror and variability among practitioners, potentially leading to
more consistent outcomes.” However, there are notable dis-
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advantages as well. Al systems are often trained on specific
datasets that may not fully represent the diverse population
seen in real-world dental practices, potentially leading to bi-
ased or less accurate outcomes in certain patient groups.w5
Additionally, the integration of Al into dental practices may
require significant investments in modern technologies and
ongoing staff training, which could present financial and lo-
gistical challenges for clinics.®> As Al continues to evolve, it
is essential for dental professionals to balance the potential
benefits with an understanding of Al's current limitations and
the need for human oversight in the diagnostic process.

This systematic review and meta-analysis demonstrates a
robust and scientifically sound approach to evaluating Al's
accuracy in detecting dental caries. The reported accu-
racy aligns with previous systematic review by Mohammad-
Rahimi and colleagues (71% - 96%),° Revilla-Leon and col-
leagues (76% - 88%),'* Talpur and colleagues (69% - 97%),"
and Rokhshad and colleagues at (60% - 98%).”° This review
however, stands out by pooling data from 45 included stud-
ies published up to March 2024 and focuses on key method-
ological factors influencing Al performance in dental caries
detection. A thorough search across 8 major databases
ensured a comprehensive coverage of relevant literature,
and the use of the CLAIM checklist ensured transparency
and consistency in reporting. By incorporating studies uti-
lizing both dental radiographs and clinical images, this re-
view offers a deeper insight into the impact of data modal-
ity on Al accuracy. While this meta-analysis was restricted
to eligible studies, the inclusion of subgroup analyses on
pooled sensitivity and specificity further strengthens the
findings. One acknowledged limitation is the exclusion of
non-English studies, which may affect the generalizability of
the conclusions. Nonetheless, this review contributes signif-
icantly to the growing evidence on the role of Al in dental
diagnostics.

Future studies using Al to detect dental caries need to learn
from the limitations of existing research to validate their
performance, utilise funding most appropriately and ulti-
mately improve patient outcomes. This includes ensuring fu-
ture studies meet minimum reporting standards, such as the
STARD-AI protocol,”® CLAIM,?® and the 2021 checklist cre-
ated by Schwendicke and co-workers.”” Also, it is essential
to address data protection for each platform, ensuring that
clinical images can be deidentified to meet legal standards
like the Health Insurance Portability and Accountability Act
(HIPAA) in the United States and the General Data Protec-
tion Regulation (GDPR) in the European Union. After this, a
standardised test dataset should serve as a gold standard
for evaluating future Al platforms. This dataset should ide-
ally include high-quality, diverse dental radiographs and clin-
ical images that have been calibrated and annotated accord-
ing to standardised, reproducible dental caries classification
scales, with input from multiple international centres.



CONCLUSION

Significant variability exists in Al performance for detecting
dental caries, with reported accuracy ranging from 41.5% to
98.6% across different Al platforms. Meta-analysis indicates
a mean sensitivity of 76% and specificity of 91% for Al-based
caries detection, with subgroup analysis showing marginally
higher sensitivity for clinical images than dental radiographs.
Although Al is promising for dental caries detection, further
refinement is necessary to achieve consistent and reliable
performance across varying imaging modalities.

Clinical Significance

Al holds significant potential in dental caries detection, but
its performance remains variable, with accuracy rates span-
ning from 41.5% to 98.6%. Due to this inconsistency, current
Al tools are not yet reliable enough to replace traditional
diagnostic methods. Instead, they should be considered as
valuable supplementary aids in clinical practice. To fully har-
ness the impact of Al in dental diagnostics, further refine-
ment and rigorous validation are essential to ensure consis-
tent and dependable applications in real-world clinical set-
tings.
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