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Introduction to Artificial
Intelligence Applications
for Dental Caries Detection

Artificial intelligence (Al) refers to the capability of
machines to perform tasks that typically require
human intelligence. Al is firmly embedded in
society and influences how we work, shop, travel,
communicate, and even make decisions. With
it has come a new set of new terms which are
summarized in Appendix - 1. Al has revolutionized
how we live, from the apps on our mobile devices
to the services that keep our cities running.
In dental radiography, Al uses computer vision
methods and computational algorithms to analyze
dental images or augment human-like decision-
making. In dentistry, Al applications, especially
those involving machine learning (ML) or deep
learning (DL), have been developed to assist in
diagnosing various dental diseases. Al-powered
clinician decision support systems (CDSS) aim to
augment, not replace, clinician expertise. These
tools integrate diagnostic algorithms into practice
management software or imaging platforms to
flag potential lesions and recommend next steps.
For instance, certain Al tools provide real-time
annotations on digital radiographs, highlighting
areas with suspected dental caries for review.?
Decision support systems can also incorporate
risk assessment data, patient histories, and
caries activity trends to create personalized
treatment plans, potentially improving care quality.
The potential for using Al for caries detection
in radiographs and other imaging modalities,
such as clinical photographs, optical coherence
tomography images, and near-infrared light
transillumination images, has been proposed in
numerous studies.® Of note, bitewing radiographs
(BWRs) are the most extensively studied imaging
modality with Al methods as they are the most
widely used radiographs in clinical practice.
However, commercially available Al tools are not
limited to caries detection only. They can aid in
tooth segmentation and in detecting periapical and
periodontal lesions.*% Importantly, Al models using
DL-based convolutional neural networks (CNNs)®
have shown promise for identifying dental caries,
particularly in its early stages.” The integration of

Al in dental practice may ultimately reshape how
general dentists approach caries diagnosis and
treatment planning. This QRG outlines essential
considerations for general dentists on incorporating
Al in their dental practices, specifically focusing on
dental caries detection.

A Brief History of Al in
Dentistry

Al in dentistry has evolved over the past few
decades, but its adoption has accelerated in
recent years.

+ 1980 - 1999: Early research explored
computer-aided design (CAD) for dental
restorations and basic image analysis.

+ 2000 - 2010: Machine learning algorithms
emerged for tasks such as caries detection
and cephalometric analysis.

« 2010 - 2020: Deep learning (a subset of
Al) revolutionized image recognition, enabling
Al to analyze X-rays, CBCT scans, and
intraoral images with high accuracy.

+ 2020 - present: Al-powered tools became
commercially available, with FDA-cleared
devices entering the market. Today, Al is
used as an adjunct for diagnosis, treatment
planning, patient communication, and practice
management.

FDA-cleared Al Devices for
Dentistry

Al in dentistry can be classified based on its
application and functionality:

1. Diagnostic Al: Detects conditions (e.g., caries,
periodontal disease, oral cancer).

2. Predictive Al: Predicts treatment outcomes
or disease progression (e.g., orthodontic
treatment planning).

3. Generative Al: Creates treatment plans or
designs restorations (e.g., CAD/CAM for
crowns and bridges).

4. Administrative Al: Assists with practice
management, scheduling, and patient
communication.

The FDA has cleared several Al-powered dental
devices. As of December 2024, per the FDA
Artificial Intelligence and Machine Learning (Al/
ML)-Enabled Medical Devices (https://www.
fda.gov/medical-devices/software-medical-

device-samd/artificial-intelligence-and-machine-

learning-aiml-enabled-medical-devices), there
are four “Dental” approved devices and several

more dental Al devices that fall under “Radiology.”

Overall, there were 16 applications involving
dental Al on the FDA list. These devices are
designed to augment diagnostic accuracy and
streamline workflows; they are meant to assist,
not replace, human decision-making.

How Do Dental Caries
Detection Al Applications
Work?

Al in dentistry typically works through ML and DL
algorithms.® A simplified breakdown is presented
below:

1. Data Collection: Al systems are trained
on large datasets of annotated dental images
(e.9., BWRs, panoramic radiographs, intraoral
photographs, CBCT scans) and clinical data.
To ensure robustness, these datasets must be
diverse and accurately labeled by experts. They
are then divided into training, validation, and
test sets to develop and evaluate the model’s
performance.

2. Training: During training, supervised learning
algorithms are employed, where models learn
to classify images as “carious” or “non-carious”
by recognizing patterns in pixel intensities and
textures (Figure 1). The labeled dataset may
consist of radiographs and/or intraoral images
annotated by expert dentists, serving as the
ground truth (Gold Standard). The model learns
to map input images to corresponding caries
labels through an iterative process of adjusting
its internal parameters. Techniques such as
data augmentation, transfer learning, and cross-
validation are employed to enhance model
robustness and generalizability.

www.metdental.com
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3. Testing and Inference: Testing involves
exposing the trained model to unseen datasets to
evaluate its performance in sensitivity (the ability
of a test to correctly identify individuals/surfaces
who have a disease), specificity (the ability of a
test to correctly identify individuals/surfaces who
do not have a disease), and overall diagnostic
accuracy. Cross-validation techniques and external
validation using datasets from diverse image
capture types and different demographic patient
groups are critical for ensuring generalizability
and real-world applicability.>'%'> These datasets
must be diverse and accurately labeled by experts
to ensure robustness and to prevent model
overfitting. Continuously updating the model with
new training data and expert feedback helps
improve its performance over time. Once tested
on unseen data, the Al can analyze new patient
data and provide insights, such as detecting
abnormalities or suggesting treatment options.

4. Integration: Al tools are integrated into dental
software, allowing you to use them seamlessly in
your practice.

What is Ground Truth
Determination in Dental Al?

“Ground truth” or “Gold Standard” refers to
the reference standard or the actual, verified
diagnosis. In dental caries Al, ground truth is
derived from expert annotations on radiographs,
clinical diagnoses, or, in some cases, histological
validation. Therefore, ground truth determination
involves establishing a reliable reference standard
against which Al model predictions are compared
(e.g., the confirmed presence or absence of dental
caries versus the Al output). Establishing a reliable
ground truth is crucial for training Al models that
can accurately detect caries.

Ground truth determination in caries detection
faces several challenges:

* Subjectivity: Expert annotations can vary
significantly, introducing bias. Importantly,
annotators may have vastly different years
of experience, leading to inconsistencies in
labeling. Moreover, the subtle nature of early
caries lesions can make them difficult to
detect and annotate consistently.

Figure 1

Left image: Training label annotations on BWR with a color-coded setup -yellow: tooth of interest,
red: carious lesion, blue: adjacent tooth, green: antagonistic tooth. Right image: Unannotated
bitewing radiograph. Images modified and adapted from Boldt et al., 2024°

* Insufficient Standards: There is no
universally accepted protocol for determining
ground truth. Furthermore, obtaining a
histological validation of caries diagnosis is
often impractical, making it challenging to

establish a definitive ground truth.

* Lack of Longitudinal Data: Ground truth
often relies on cross-sectional snapshots, not
lesion progression over time.

Future advancements in dental caries Al to
optimize ground truth determination include the
following:

* Consensus Annotation: The process of
using multiple experts to reduce variability,
including an e-Delphi process involving
several rounds of blinded consensus review.
Developing standardized annotation protocols
and providing training to expert annotators
can help reduce inter-examiner variability.

o Al-Assisted Ground Truthing: Iterative
refinementof ground truth through Al feedback.
Incorporating other diagnostic modalities,
such as micro-CT, transillumination,

fluorescence, or histological validation (when

feasible), can provide additional information to

support the annotation process.

* Validation with Clinical Outcomes: Linking
Al predictions to long-term outcomes to refine
accuracy. Continuously updating and refining
the ground truth based on new evidence and

expert feedback can help improve the quality
of training data over time. By improving
ground truth determination, Al systems
can achieve higher reliability and clinical
applicability, ensuring safer integration into
dental practices.

An Overview of the
Etiology, Diagnosis and
Management of Dental
Caries

Dental caries is caused by the acid-driven loss of
minerals from hard tooth structure due to plaque
microorganisms’ metabolism of fermentable
carbohydrates. During the tooth’s life span, it
is subjected to cycles of demineralization
and remineralization. When the cycles of
demineralization predominate over those of
remineralization, the tooth surface will incur a
net loss of minerals, manifested by clinical signs
of dental caries.”® The carious lesion starts at a
subclinical microscopic level. As demineralization
continues, a visual color change can be detected
only upon dryness. If unreversed through
remineralization, the mineral loss will continue, and
lesion detection will become easier and appear as
a noticeable change of color in the enamel. That
will continue as a greyish-black shadow in the
underlying dentin. As more minerals are lost,
enamel becomes undermined and weakened,
and ultimately becomes cavitated. A classification

schema (Table 1) that describes the clinical
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stages of caries is the ICDAS classification.™
Cavitated lesions, extending into dentin (ICDAS
5 & 6), are easily detected visually using a
dental probe (visual-tactile methods). On the other
hand, non-cavitated or minimally cavitated lesions
(ICDAS 2, 3 & 4) may be challenging to identify,
especially when located on proximal surfaces
where direct access to the lesion is not possible
because of the presence of an adjacent tooth.
In addition, estimating the lesion depth of those
minimally/non-cavitated lesions is challenging.

During the past two decades, modern caries
management has shifted from cavity manage-
ment to disease management through caries
prevention and early intervention.’> Consequently,
early detection of the lesions before cavitation is
considered pivotal in modern caries management.’®
Clinicians usually resort to additional diagnostic
tools to aid in detecting lesions and estimating

Table 1 - ICDAS Classification & Radiographic scores of the corresponding clinical score

the lesion depth. BWRs are widely used tools
to detect the presence of caries and assess
the lesion depth and extension in occlusal and
proximal lesions. The ICDAS radiographic scoring
system (Table 1) provides a classification for the
radiographic image of caries.

When evaluating the accuracy of radiographic
caries detection, Schwendicke and colleagues
found that dentists had low sensitivity, equaling
0.24, and higher specificity, equaling 0.97,
for the same task.'® Studies demonstrated that
adding BWRs to the visual-tactile examination,
when at least one of the diagnostic tests
is positive, will increase the sensitivity of the
combined diagnostic test but will also diminish
the specificity. Thus, more cavities are correctly
detected, but this occurs at the expense of an
increase in the number of false-positive diagnoses.
Therefore, adding diagnostic test methods also
means increasing the rate of diagnostic errors.”

(adapted from Pitts, et al.“and de Carvalho, et al.?")

BWRs are prone to errors due to superimposition
formed on the image sensor.®' Although BWRs
may be reproducible in assessing the depth of
demineralization, they cannot definitively confirm
the presence of a cavity or lesion activity. That is a
significant limitation for treatment decision-making.
Accordingly, not every dentinal lesion that appears
on a radiograph requires restoration. Too much
reliance on radiographic diagnosis inevitably leads
to overtreatment, since it suffers from a high false-
positive rate. Visual-tactile caries examination and
activity assessment circumvent this problem by
identifying most lesions indicated for treatment.”®
Nascimento and colleagues studied the distribution
of carious lesions by radiographic depth and
surface cavitation status as determined before
and after tooth separation.? They found that 66%
of lesions located radiographically in outer dentin
(RA 3) are clinically non-cavitated when examined
after teeth separation.

(CONTINUED ON NEXT PAGE)

ICDAS

Score Criteria

ICDAS
Radiographic
Score

Clinical

Criteria Radiographic

Sound surfaces show no
evidence of visible caries
(no or questionable change
0 in enamel translucency)
when viewed clean and
after prolonged air-drying (5
seconds)

None Normal

First or distinct visual
changes in enamel seen as
a carious opacity or visible
1 discoloration (white spot
lesion and/or brown carious
discoloration) upon dryness
only

RA1

Radiolucency in the outer
Y, of the enamel
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Table 1 - ICDAS Classification & Radiographic scores of the corresponding clinical score  (CONTINUED FROM PREVIOUS PAGE)

(adapted from Pitts, et al"*and de Carvalho, et al.?")

ICDAS L . ICDAS L . .
Score Criteria Clinical Radiographic Criteria Radiographic
Score
Distinct visual changes
in enamel seen as a
carious opacity or visible
discoloration (white spot
2 lesion and/or brown carious RA2 Radi0|ucency in the inner
discoloration) without Y of the enamel + EDJ
dryness.
No evidence of surface
breakdown or underlying
dentin shadowing
A white or brown spot
3 lesion with localized enamel RA3 Radiolucency limited to the
breakdown, without visible outer 1/3 of dentin
dentin exposure
An underly|r)g dent!n Radiolucency reaching the
4 | Shadow, which obviously RB4 middle 1/3 of dentin
originated on the surface
being evaluated
A distinct cavity in opaque Radiolucency reaching
5 or discolored enamel with RC5 the inner 1/3 of dentin,
visible dentin clinically cavitated
An extensive cavity into . .
6 dentin probably extending RC6 Radiolucency into the pulp,

towards the pulp

clinically cavitated
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Current Evidence for
Al-Based Caries Diagnostic
Tools

Mertens and colleagues conducted a randomized
trial investigating a commercially available Al
software product that utilized a DL-CNN for
caries detection, which was employed randomly
by 22 dentists.?? The results showed increased
sensitivity for enamel lesions, but not early or
advanced dentin lesions. They concluded that
Al could increase dentists’ diagnostic accuracy,
mainly by increasing their sensitivity for detecting
enamel lesions, but may also increase the decision
to recommend invasive therapies. Schwendicke
and colleagues investigated the cost-effectiveness
of using Al for proximal caries detection.? They
determined that utilizing Al to support proximal
caries detection on BWRs was more cost-effective
than detection without Al. This was attributed
to a higher likelihood of detecting early caries
lesions, which can be managed with non-invasive
therapies, thereby avoiding costly invasive
treatments. Not surprisingly, this outcome only
held true for early lesions that were treated non-
invasively. They concluded that Al-associated
early caries detection may potentially lower
healthcare costs.

When using Al for caries risk assessment, a
systematic review concluded that Al models
used for dental caries prediction, detection,
and diagnosis have demonstrated excellent
performance and can be used in clinical practice
for identifying patients with higher caries risk.?*
Al models can also enhance diagnostic accuracy,
treatment quality, and patient outcomes. The
authors added that these models can assist
dentists as a supportive tool in clinical practice
and assist non-dental professionals in detecting
and diagnosing dental caries more accurately
in schools and rural health centers. However,
there are limitations related to the size and
heterogeneity of the datasets reported in most
of the studies reviewed. Hence, these models
need additional training and validation for better
performance.®

A recent systematic review and meta-analysis
investigated the diagnostic accuracy of Al for
approximal carious lesions on BWRs.? The
review showed a moderate capacity for identifying
true positives among decayed teeth and a high
ability to exclude healthy teeth, with a strong
overall diagnostic performance. It was concluded
that Al models demonstrate clinically acceptable
diagnostic accuracy for approximal caries on
BWRs, which may prove valuable for preliminary
screening. However, the dentist should verify
positive findings

to prevent unnecessary

treatments and ensure timely diagnosis.?®

Some studies employ a man versus machine
comparative design whereby the Al prediction
is compared to human prediction. In their study,
Tichy and colleagues compared the detection of
caries in BWRs performed by experienced and
novice dentists versus an automated DL-CNN
method.? They found that repeatable and accurate
caries detection in BWRs is challenging even for
experienced dentists, which was confirmed by the
marked differences between expert annotators.
The tested Al model consistently outperformed
novices, and its performance was similar to or
superior to that of highly experienced experts.
They concluded that the tested Al model could
provide a useful second opinion for dentists,
especially those with limited clinical experience,
and help improve the accuracy and repeatability
of caries detection.

Limitations of Al for
General Dental Practice

Despite its promoted promise, Al in caries
detection faces several limitations. These include:

1. Dataset Bias: Training datasets often lack
diversity regarding patient demographics
and imaging equipment, adversely affecting
model generalizability. For instance, Al
models trained on data from one population
or imaging system may not generalize well to
others, limiting their broad applicability.

2. Over-reliance on Al: Clinicians may blindly
trust Al outputs without applying critical
judgment.

3. Regulatory and Ethical Challenges: The
lack of standardized protocols and regulatory
frameworks for Al in dentistry prevents
widespread adoption. Informed consent and
data privacy issues should be important
considerations before implementation in
dental practice.

4. Limited Access: High costs and technical
barriers can prevent smaller practices from
implementing Al solutions. Additionally,
integrating Al seamlessly into existing
dental practice workflows and ensuring user
acceptance remains a challenge.

5. False Positives/Negatives: Another
limitation is the potential for Al to produce
false positive or false negative results,
leading to over- or under-treatment. While
improving, Al still generates diagnostic errors
that require clinician oversight.

What Does the Future Hold
for Al in Dentistry?

Future advancements in Al for dental caries
detection aim to address the limitations mentioned
above through:

1. Larger and More Diverse Datasets: Multi-
center collaborations to create global image
repositories will improve model performance
across populations.

2. Integration of Multimodal Data: Combining
radiographic, clinical, and patient history data
could enhance Al-driven diagnostics.

3. Real-Time Al Applications: Innovations
like chairside Al tools integrated into intraoral
scanners or handheld imaging devices may
improve usability.

4. Standardized Evaluation Metrics: Cross-
study standardization will ensure uniform research
reporting and generalizability of results, as well as
a benchmark to assess new Al dental devices.?

www.metdental.com
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5. Explainable Al and Regulatory Frameworks:
Explainable Al (XAI) techniques that provide
insights into the model’s decision-making
process can enhance trust and interpretability
for clinicians (showing how and why decisions
were made).?® Establishing clear guidelines for
the validation, approval, ethical, and responsible
use of Al in dentistry should be at the core
of dental Al development and planning.".?72°
Dento-legal perspectives involving more routine
and widespread use of Al in dental practice
are in the nascent stages. Issues about liability
and insurance remain unanswered. Case law
addressing Al in related areas of healthcare may
further inform dentistry

As Al evolves and improves, it may become a
valuable tool for delivering high-quality, patient-
centered care. Some potential future uses of Al in
dentistry include:

+ Personalized Treatment: Al may assist the
clinician in developing more tailored treatment
plans based on individual patient data.

+ Diagnostic adjunct for diagnosis: Al
assessment tools may flag dental disease
and generate a differential diagnosis for the
clinician to consider.

+ Robotics: Al-powered robots may assist in
surgeries and other procedures.

+ Teledentistry: Al has the potential to expand
remote monitoring and virtual consultations.

+ Integration with electronic health records
(EHRs): Al systems can seamlessly integrate
with EHRs to improve holistic decision-making.

+ Education: New chatbots and Large Language
Learning Models (LLMs) may provide additional
avenues for patient and student education.

Conclusions

Most studies and reviews stress three essential
points for the effective use of Al in caries
management:

First: Al aims to support clinical judgment, not to
replace it. The final interpretation of Al findings
and decision-making should be correlated with
a clinical examination performed by the clinician.

Second: To maximize the cost-effectiveness of
using Al and achieve maximum preservation of
the natural tooth structure, early (non-cavitated)
lesions should be managed non-restoratively.
Otherwise, Al use will lead to overtreatment.

Third: While numerous studies attest to the
potential of Al-augmented caries detection,
confirmatory validation studies are lacking. Due
to the wide variability between the numerous Al
models and protocols addressing their training,
more well-designed and standardized clinical trial
studies are needed to confirm and recommend
their use in everyday clinical practice.

Accordingly, dental clinicians considering
incorporating Al-augmented caries detection
tools into their practice should understand their
limitations. Finally, dental clinicians should refer
to the American Dental Association’s Artificial
Intelligence in Dentistry website for additional

information  (https://www.ada.org/resources/
practice/dental-standards/artificial-intelligence-in-

dentistry).

7

www.metdental.com



Appendix 1

Term
Accuracy

Al (Artificial Intelligence)

Algorithm

Annotation

Classification

CNN

(Convolutional Neural Network)

Cross-validation

DL (Deep Learning)
Ensemble Methods
Feature Extraction
Ground Truth

ML (Machine Learning)

Neural Network

Object Detection

Overfitting
Postprocessing

Precision
Preprocessing
Recall

ROC Curve
Segmentation
Sensitivity
Specificity
Supervised Learning
Test Data

Training Data
Transfer Learning
Underfitting
Unsupervised Learning

Validation Data
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Fundamental Al Terminology

Definition
Percentage of correct diagnoses made by the Al system on dental images

Computer systems that can perform tasks typically requiring human intelligence, such as identifying dental caries
from radiographs

A set of rules or instructions that a computer follows to solve problems

Process of labeling dental images with diagnostic information for Al training

Al task of categorizing dental images into predefined classes (e.g., healthy, carious, restored)

A deep learning architecture particularly effective for image analysis, commonly used for dental X-ray interpretation

Technique to assess Al model performance by testing on different subsets of data

A subset of ML using neural networks with multiple layers to automatically extract features from dental images
Combining multiple Al models to improve diagnostic performance

Process of identifying relevant characteristics in dental images (e.g., bone density, tooth boundaries)

Verified diagnoses from dental experts used as the standard for training and testing Al

A subset of Al where algorithms learn patterns from data without being explicitly programmed, used for tasks like
caries detection

A computing system inspired by biological neural networks, consisting of interconnected nodes that process dental
image data

Al technique to locate and identify specific structures in dental images (e.g., implants, fractures)

When an Al model performs well on training data but poorly on new dental images
Refinement of Al results to improve diagnostic accuracy or presentation

Proportion of positive Al predictions that are actually correct

Steps to prepare dental images for Al analysis (e.g., noise reduction, contrast enhancement)
Proportion of actual positive cases that the Al system correctly identifies

Graph showing Al model performance across different diagnostic thresholds

Process of dividing dental images into distinct regions (e.g., teeth, bone, soft tissue, pathology)
Al system’s ability to correctly identify positive cases (e.g., detecting actual caries)

Al system'’s ability to correctly identify negative cases (e.g., confirming healthy teeth)

ML approach using labeled dental images to train models for specific diagnostic tasks

Final dataset of dental images used to evaluate the trained model’s real-world performance
Collection of dental images with known diagnoses used to teach Al systems to recognize patterns
Using pre-trained Al models and adapting them for specific dental imaging tasks

When an Al model is too simple to capture important patterns in dental images

ML approach that finds hidden patterns in dental images without labeled examples

Separate set of dental images used to test Al model training performance during development

www.metdental.com
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Internet Users: This page is intended to assist you in fast and accurate testing when completing the “Online Exam.”
We suggest reviewing the questions and then circling your answers on this page prior to completing the online exam.

(1.0 CE Credit Contact Hour) Please circle the correct answer. 70% equals passing grade.

1. What is the primary aim of Al-powered clinician 6. Which of these approaches is required to ensure

decision support systems (CDSS) in dentistry?
a. To replace clinician expertise

b. To augment clinician expertise

c. To automate all dental procedures

d. To eliminate the need for radiographs

. In the context of dental Al training, what does “ground
truth” refer to?
a. The actual tooth structure
b. The reference standard or verified diagnosis
c. The Al's final prediction
d. The patient’s self-reported symptoms

. Which imaging modality has been most extensively
studied with Al methods for caries detection?
a. CBCT scans
b. Intraoral photographs
c. Bitewing radiographs
d. Panoramic radiographs

. Studies have shown that ___ percent of the lesions
detected radiographically within outer dentin are
clinically non-cavitated.

a. 66
b. 77
c. 55
d. 33

. What is considered the main risk of Al implementation
in dental practice?
a. High implementation costs
b. Patient privacy concerns
c. Over-reliance on Al outputs without critical judgment
d. Increased treatment time

optimal results when integrating Al in dental practice?
a. Complete reliance on Al diagnostics

b. Elimination of traditional diagnostic methods

c. Use of Al findings in conjunction with clinical examination

d. Replacement of radiographic imaging

7. What is the best method to improve ground truth

determination in dental Al?

a. Single expert annotation

b. Consensus annotation using multiple experts
c. Annotation by non-experts

d. Automated annotation without human input

8. Which of the following is identified as a key component

of “Explainable Al” (XAl) in dentistry?

a. Faster processing speeds

b. Lower cost implementation

c. Automated treatment planning

d. Insights into the model’'s decision-making process

9. When combining BWR with visual-tactile diagnosis, the

combined diagnostic outcome will show:
a. Higher sensitivity and specificity

b.. Higher sensitivity and lower specificity

c. Lower sensitivity and specificity

d. Lower sensitivity and higher specificity

10. When a clinician detects cavitation into outer- mid

dentin on a surface, this lesion is coded as ICDAS__
lesion:
a. 2
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