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ARTICLE INFO ABSTRACT
Keywords: Artificial intelligence (Al) is rapidly transforming dentistry through innovations in clinical practice, education, and
Artificial intelligence research. Machine learning, and deep learning in particular, support disease diagnosis, treatment planning, prognosis

Clinical application

prediction, and patient care. They do so by leveraging large-scale datasets from disciplines such as periodontology,
Data management

Dentistry endodontics, oral and maxillofacial surgery, orthodontics, and prosthodontics. This review first examines the tech-
nical and ethical foundations of dental Al, emphasizing data quality, representativeness, privacy protection, and stan-
dardized evaluation metrics. It then synthesizes current clinical applications, including Al-assisted diagnosis, image
interpretation, surgical planning, robotic interventions, and predictive modeling of treatment outcomes. Educational
uses of Al are examined in the context of simulation-based training, virtual reality integration, automated assessment,
and patient education. The role of Al in scientific discovery is discussed with respect to data mining, biomarker iden-
tification, drug design, literature synthesis, and peer review support. Despite its potential, dental Al adoption faces
challenges including limited and biased datasets, interoperability barriers, model interpretability, ethical concerns,
and insufficient user training. Future integration will require rigorous external validation, regulatory compliance,
seamless workflow incorporation, and interdisciplinary collaboration to ensure safety, transparency, and clinical
utility. By addressing these limitations, Al can serve as a robust, multidimensional decision-support tool to improve
diagnostic accuracy, personalizing care, and advancing dental education and research.

1. Introduction practice is still challenging. The major hurdles include technical limi-

tations, ethical concerns, and practical constraints™". Success
Artificial intelligence (Al) is ushering in a new era for scientific

and medical research and practice. In dentistry, Al technologies such
as deep learning (DL) and machine learning (ML) utilize large data-
sets and sophisticated algorithms to perform learning, reasoning, and
prediction. These capabilities far exceed the limits of conventional
methods"?!. They provide valuable support for applications in peri-
odontology, endodontics, oral and maxillofacial surgery, orthodon-
tics, and prosthodontics"*®. Artificial intelligence is rapidly

depends on having data that are sufficient in quantity, high in quality,
representative of diverse populations, and collected under standard-
ized protocols. Protecting patient privacy, using consistent evaluation
metrics, and ensuring that models remain robust and adaptable in
varied clinical settings are also essential®*. Although the abundance
of clinical data has made Al applications possible, their real-world
performance, adoption, and specialty-specific limitations still require

emerging as a key tool to enhance diagnostic accuracy, optimize  careful and objective evaluation to determine the best way forward'™.
therapeutic strategies, forecast disease progression, and improve This review provides a critical evaluation of the contemporary
overall care delivery. Its influence now extends beyond clinical care uses of Al in dentistry and roadmaps its potential future directions.
to dental education and scientific research®'?. The objectives are threefold: first, to examine the technical and

Despite significant progress, bringing Al into everyday dental ethical requirements for data management and evaluation metrics in
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dental Al models; second, to summarize current Al applications in
clinical practice, education, and research; and third, to identify
barriers to clinical translation and propose strategies for effective
integration into dentistry.

Although this review did not apply formal inclusion or exclusion
criteria, the literature was primarily drawn from high-impact journals
published within the past five years and reputable preprint servers,
supplemented by select foundational studies. Emphasis was placed
on original investigations addressing the development, validation, or
clinical deployment of artificial intelligence technologies in dentistry,
spanning diagnosis, treatment planning, education, and procedural
applications. Initial search results were screened for relevance to Al-
driven dental practice, and full texts deemed suitable were included
in the synthesis. Studies limited to theoretical models without
clinical validation or with marginal relevance to diagnostic or thera-
peutic workflows were excluded. To ensure conceptual clarity
throughout this review, definitions of major Al terminology used in
the text are included in Box 1. The hierarchical relationships among
these concepts are illustrated in Fig. 1. To avoid ambiguity, this
review focuses on practically deployed Al in dentistry such as
machine learning, deep learning, and foundation or generative
models. The review does not evaluate hypothetical artificial general
intelligence (AGI).
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Fig. 1. Hierarchy of artificial intelligence.

2. Data consideration and evaluation metrics

This section outlines the methodological considerations involved
in developing Al systems for dentistry. It begins with an examination
of data collection and standardization processes, followed by require-
ments for data privacy and security. The discussion then introduces
commonly used evaluation metrics and concludes with an overview
of preclinical validation frameworks. Collectively, these components
establish the fundamental principles of data governance and perfor-
mance assessment essential for conducting reliable and reproducible
dental Al research.

Box 1. Definitions of major terms.
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2.1. Data collection and standardization

The clinical performance and practical utility of AI models in
dentistry are contingent upon the quality, volume, and diversity of
their training and validation data™. To ensure reliability, these data-
sets must encompass broad patient demographics and anatomical and
pathological variations'"'". High quality data means having clear,
high-resolution images, accurate and consistent annotations, and
complete clinical records'”. Algorithms risk developing biases when
certain groups or conditions are underrepresented, performing well
for some patients but poorly for others. This imbalance limits the
generalizability of the model and reduces its value in dental care.
Standardizing how data are collected and processed, regardless of the
source, equipment, or methodology, is essential in reducing inconsis-
tencies and rendering Al models more dependable in real-world
dentistry!,

2.2. Data privacy and security

Protecting patient privacy and ensuring data security are funda-
mental responsibilities in Al-driven dental research. When clinical
data are collected and shared for model development, researchers
must adhere to strict legal and ethical standards. In the United States,
the Health Insurance Portability and Accountability Act (HIPAA)
governs the privacy and security of protected health information
(PHI). Centered on reinforcing individual rights, the European
Union's General Data Protection Regulation (GDPR) mandates that
the collection, processing, and storage of personal data adhere to
strict standards of transparency and consent'*..

Rigorous anonymization and de-identification procedures must be
implemented to facilitate safe and ethical collaboration among insti-
tutions. This is especially important when working with radiographic
images, clinical photographs, and electronic health records, all of
which may contain identifiable patient information"”. Ensuring that
data cannot be traced back to individuals not only builds public trust
but also makes it possible to share data responsibly for multi-center
studies and model validation. As Al becomes more integrated into
clinical workflows, maintaining high standards for data privacy will
be essential to protect patients and sustain the integrity of dental
research.

2.3. Evaluation metrics

Evaluating how well an Al model performs in dentistry requires
the use of multiple metrics, depending on the type of task the model
is designed to accomplish. These metrics help determine not only
technical accuracy but also whether the model is clinically useful.
For classification tasks (e.g. identifying the presence or absence of
caries or periodontitis), commonly used metrics include accuracy,
specificity, precision, and sensitivity. The area under the receiver

tion.

used in generative contexts.

« Artificial intelligence (AI): Computational systems capable of performing tasks that typically require human-like reasoning or percep-

* Machine learning (ML): Algorithms that learn from data to recognize patterns or make predictions.

* Deep learning (DL): A subset of ML using multilayered neural networks, such as CNNs and Transformers.

* Large language model (LLM): Transformer-based models trained on text for natural language processing tasks.

e Large multimodal model (LMM): Models trained on multiple data modalities (e.g., text and images) capable of cross-modal reasoning.
» Foundation model: A large pre-trained model adaptable to multiple downstream tasks via fine-tuning or prompting.

» Generative Al (GAI): Models capable of creating new content (text, images, 3D structures, etc.), often including LLMs and LMMs

« Artificial general intelligence (AGI): A hypothetical form of Al with human-level, general competence across domains.
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operating characteristic curve (AUC-ROC) is also used extensively
to evaluate how well a model distinguishes between categories
(Table 1).

When the goal is prediction through regression (e.g. predicting
the depth of a periodontal pocket or amount of bone loss), model
performance is usually evaluated using metrics such as mean squared
error (MSE), root mean square error (RMSE), mean absolute error
(MAE), mean absolute percentage error (MAPE), and the coefficient
of determination (R?) (Table 2).

Image segmentation is the computational process of partitioning a
digital image into distinct, meaningful regions to simplify subse-
quent analysis. In medical and dental imaging, it refers to identifying

Table 1. Evaluation metrics for classification tasks.
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and isolating specific anatomical structures or areas of interest such
as teeth, bone, root canals, or lesions within a scan or a radiograph.
For image segmentation tasks, metrics such as the Dice Similarity
Coefficient (DSC) and Intersection over Union (IoU) are used to
measure how closely the model output matches expert-defined
ground-truth™. The DSC metric assesses the spatial agreement
between a predicted segmentation and its ground truth, with 1.0 repre-
senting perfect congruence. Conversely, the loU metric, also referred
to as the Jaccard Index, defines similarity as the area of overlap
divided by the combined area of the prediction and ground truth. Both
metrics produce a normalized score ranging from 0 to 1, where an
increase in value corresponds to improved segmentation accuracy.

Evaluation metric Definition Formula
Confusion Matrix An nxn confusion matrix tabulates the model's classification outcomes, defined as
follows: True Positives (TP) represent correctly identified positive cases; False
Positives (FP) occur when negative cases are erroneously assigned to the positive Actual * -
class; False Negatives (FN) are positive cases that are incorrectly rejected; True
Negatives (TN) denote correctly classified negative cases. Predicted
i TP FP
- FN TN
Accuracy The proportion of correctly classified instances (both positive and negative) TP + TN
among the total number of samples. TP+ TN + FP+ FN
Precision The proportion of samples correctly identified as positive by the model out of all s
samples it predicted as positive. TP + FP
Sensitivity/Recall The proportion of actual positive samples that are correctly identified by the i
model. TP + FN
Specificity The proportion of actual negative samples tha are correctly identifide by the model. N
TN + FP
Receiver operating character- ROC curve is the relationship between true positive rate (TPR) and false positive  /
istic (ROC) curve rate (FPR) of classification model at different thresholds.
Area under the curve (AUC) The Area Under the ROC measures a model's ability to distinguish between posi- FPR = FpP
tive and negative classes. The AUC is calculated by plotting the TPR against FPR FP + TN
across different threshold values, with a range of 0-1. A higher AUC value indicates ~ 7PR = _rr
- TP + FN
better classification performance of the model.
F1-score The F1 score considers both precision and recall jointly to evaluate a model's accu- Precision X Recall
racy and coverage. Precision + Recall
Table 2. Evaluation metrics for regression tasks.
Evaluation metric Definition Formula
MSE The average of the squares of the difference between the predicted value and the true value of the 1 & 2
computational model. n £ ‘(% =3
RMSE Calculate the mean of the sum of the squares of the deviations between all predicted values and [ | 2
the true values, and then take the square root, which is the square root of the mean squared error. “; (y; = 3)
NS
MAE Computes the average of the absolute values of the difference between the predicted value and 1 <~ Y- 7]
the true value. n="" Ji
MAPE The absolute percentage error, which quantifies the prediction deviation relative to the true value. Z (y, = 7))
X 100

Symmetric mean absolute percentage
error (SMAPE)

SMAPE is an improvement over MAPE, avoiding instability when the actual value is close to zero.

lE Ly =3l % 100
n

(ly:l+15,D72

R? Represents the proportion of variance explained by the model in the total variance, with a range N .2

of 0-1. The closer R? is to 1, the stronger the explanatory power of the model.

Adjusted R?

The adjusted R? takes into account the number of features in the model to avoid blindly
increasing the features and overestimating the R?.
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Although these metrics help quantify technical performance, they
do not tell the full story. Clinical metrics such as how much the Al
model improves diagnostic speed, supports treatment planning, or
fits into dental workflows are equally important. These practical
outcomes help determine whether an Al tool is truly valuable in day-
to-day patient care.

2.4. Preclinical validation

Quantitative metrics alone are not enough to determine whether
an Al model is ready for use in dental practice. To ensure that a
model performs reliably in real-world settings, it must undergo
external validation using independent datasets that differ from the
data it was trained on. In addition, prospective dental trials are essen-
tial for evaluating the model's generalizability and robustness prior to
clinical implementation!”"®. Transparent reporting practices and stan-
dardized benchmarking frameworks are equally important. They
enable researchers to evaluate and compare Al models derived from
different studies and institutions more consistently"”. Together, these
validation steps support the safe and responsible integration of Al
into clinical dentistry by ensuring the models are accurate, reliable,
and clinically relevant.

3. Clinical applications of Al in dentistry

The integration of Al into clinical dentistry represents a paradigm
shift from conventional approaches toward data-driven, precision-
based care. This section synthesizes the current landscape of Al
applications across the entire patient journey. It begins by exploring
the role of Al in improving diagnostic accuracy and preoperative
planning, then examines the emergence of Al-assisted and robotic
therapies that enhance procedural precision. Finally, it discusses the
use of Al in predicting treatment outcomes and objectively assessing
efficacy, thereby completing the continuum from diagnosis to long-
term patient care.

3.1. Auxiliary diagnosis and preoperative planning
Artificial intelligence is increasingly used to support diagnostic

1. Data Input & Augmentation

Multisource Data Collection

«— » s
Radiographs

Intraoral images Slides

e N W

Data Preprocessing s

Data Augmentation

Fig. 2. Al-powered dental clinical workflow.
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decision-making and preoperative planning in dentistry. One of its
most significant contributions lies in analyzing complex imaging
data to help dentists make faster and more accurate clinical deci-
sions. Large vision models (LVMs), particularly those based on
convolutional neural networks (CNNs), have shown strong perfor-
mance in image and video interpretation tasks™ . In dental practice,
these models are commonly used to analyze periapical radiographs,
panoramic images, intraoral scans (IOSs), cone-beam computed
tomography (CBCT) scans, endoscopic images, and histopatho-
logical images™*’\. By automatically detecting and segmenting oral
structures, Al systems enable more efficient and consistent image
interpretation, ultimately supporting improved treatment planning.
The general Al-powered dental clinical workflow is shown in Fig. 2.

Artificial intelligence has demonstrated significant potential in
detecting common dental conditions such as plaque, caries, and root
canal morphology (Table 3). However, plaque detection remains
difficult due to ambiguous boundaries and complex variations along
tooth surfaces. To address this issue, a plaque segmentation method
was developed that achieved up to 86.4% accuracy™. Another
approach introduced a semantic decomposition network (SDNet) to
simultaneously segment teeth and dental plaque, effectively handling
boundary ambiguity at plaque-tooth interfaces and morphological
variability™. Similarly, CNN-based models for proximal caries
detection on dental radiographs have reached accuracy levels
exceeding 80%""*. These tools are expected to become even more
efficient as imaging technologies and computational models continue
to evolvel¥,

Understanding complex root canal anatomy is another area where
Al adds value. Accurate 3D modeling of root canals can enhance
minimally invasive endodontic procedures, streamline workflow, and
predict potential complications®***, A two-step approach was devel-
oped that first uses DentalNet to perform tooth instance segmenta-
tion and recognition, followed by PulpNet to accurately delineate the
boundaries between the pulp chamber and root canals®™. Capable of
generating detailed 3D models of dental anatomy within two
minutes, it serves as a highly efficient tool for surgical planning.
Other CNN models such as ResNet-101, ResNet-50, DenseNet-121,
ResNet-161, and Inception-V3 have outperformed dentists in identi-

2. Al Analysis & Feature Extraction

Lesion Anr i -» Feature Extraction
+ Location

+ Size

+ Shape

+ Texture

+ Color

3. Prediction & Output

Multimodal Prediction Network — Application

+ Plaque detection
+ Implant failure

* Restoration design
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+ Tumors diagnosis
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fying C-shaped canals in mandibular second molars®’?*, Artificial
intelligence systems have also demonstrated higher accuracy (96%)
than endodontists (76%) in identifying the correct file position
within root canals®”*", Nevertheless, many of these models were
tested on extracted teeth, which limits the certainty of their clinical
performance. A neural network-based impedance method has also
been developed that located the apical foramen with 85% accu-
racy™'!. However, the findings are limited by the small sample size
used in the study.

Artificial intelligence has also demonstrated accurate diagnostic
capabilities for other dental conditions such as taurodontism, root frac-
ture, and cracked tooth®*!(Table 3). In oral surgery, Al enables less
experienced practitioners to diagnose and classify impacted
mandibular third molars with expert-level accuracy, thereby aiding in
the assessment of surgical difficulty'™. In pediatric dentistry, Al has
been applied to the detection and classification of supernumerary teeth,
dens evaginatus, dental developmental stages, and eruption
patterns™*™*¥. Artificial intelligence shows considerable potential in
complex and subjective areas such as aesthetic dentistry. Through 3D
imaging and facial analysis, Al systems can capture detailed
anatomical and aesthetic parameters including lip-to-tooth ratios, smile
curvature, gingival display, and tooth alignment*”). By integrating both
skeletal and soft-tissue dynamics, these models can generate individu-
alized digital smile designs”™”. Such integration facilitates customized
treatment planning and enhances clinician-patient communication,
thereby improving understanding and acceptance of proposed restor-
ative outcomes.

Imaging-based Al systems have shown particular promise in
managing alveolar bone lesions such as periodontal bone loss, peri-
apical lesions, and jaw cysts. A summary of Al studies on analysis of
alveolar bone lesions is shown in Table 4. Periodontal bone loss
(PBL) measurement is crucial for staging and grading periodontitis.
Consequently, deep convolutional neural networks (DCNN) have
been developed for automated PBL detection™ . For instance, a DL-
based computer-aided diagnosis (CAD) system has been developed
for detecting PBL on periapical radiographs”'. This system achieved
an average DSC exceeding 0.91 for segmentation and a diagnostic
accuracy of 0.85 for case diagnosis. Another study focused on the
diagnosis of the severity of periodontitis using panoramic radio-
graphs by employing deep learning architectures You Only Look
Once, version 8 (YOLOv8), Mask Region-based Convolutional
Neural Network (Mask R-CNN), and TransUNet"™. YOLOVS is a
fast computer vision model that can quickly spot and mark specific
objects such as teeth or areas of bone loss in a dental image. Mask R-
CNN is able to both detect an object in an image and trace its exact
outline, which is useful for precise mapping of dental structures or
lesions. TransUNet combines two powerful image analysis methods
to capture both fine details and the overall structure, producing
highly accurate segmentations of dental tissues. The authors attained
an accuracy of 89.5% using this approach.

Despite these advances, panoramic-based models often disagree
with the clinical gold standard of probing measurements, resulting in
potential inaccuracies in measurement and classification””?. New
approaches are emerging that integrate clinical knowledge into Al
workflows. The hybrid classification framework HC-Net incorpo-
rates the diagnostic approach of experienced dentists to improve
sensitivity for diagnosing periodontal disease™. The PerioAl system
integrates a large-scale multicenter dataset of intraoral scan and
CBCT images from 2 507 patients. This system simulates clinical
diagnostic workflows and calculates gingiva-bone distance (GBD)
with a remarkably low error margin of 0.040 mm. It also provides
visual information on gingival recession and alveolar bone loss,

Dental Research 1 (2026) 113-136

enabling automated and non-invasive periodontal diagnosis particu-
larly in early stages”**’!. More novel concepts have also been intro-
duced into Al classification models for periodontal disease. A novel
ABductive Multi-Instance Multi-Label learning (AB-MIML) method
has been developed for fine-grained modeling of periodontal disease
classification. This approach combines the idea of multi-instance
learning, where each case is represented by multiple related data
points, with multi-label learning, which allows the model to assign
more than one diagnosis or classification to the same case. The
"abductive" component integrates logical reasoning based on domain
knowledge, enabling the model to generate clinically meaningful
explanations for its predictions. By incorporating prior professional
knowledge into the classification process, AB-MIML enhances diag-
nostic accuracy and interpretability in periodontal imaging”™**”.

Cone beam computed tomography-based Al models generally
outperform those based on periapical radiographs for diagnosing
periapical lesions. This is probably attributed to the added three-
dimensional details that CBCT provides®™. Studies that employed
U-Net models or their variants for the detection of apical periodon-
titis reported that the overall detection rates on periapical film and
CBCT imaging are 3.5% and 52.2% respectively”™. The use of
CBCT for diagnosing periapical lesions has been enhanced with Peri-
apical Lesion Network (PAL-Net), a three-dimensional convolutional
neural network (3D-CNN) designed specifically for detecting and
segmenting periapical lesions in CBCT images. This 3d-CNN-based
Al algorithm achieved an average DSC of 0.87"!. Despite these
advances, early-stage periapical lesions remain difficult to identify
because limited bone resorption prevents the formation of clear radio-
lucency; even experienced endodontists missed 39% of such cases
on small field-of-view CBCT scans'®'. To address this challenge, a
segment anything model (SAM) has been developed for CBCT to
autonomously detect subtle lesions™. The SAM is a deep learning
framework designed to generalize segmentation tasks by identifying
and outlining objects in images without requiring extensive
retraining for each new application. In the context of CBCT imaging,
it can adapt to different lesion shapes, sizes, and locations that results
in accurate detection even in early or atypical presentations. For the
diagnosis of jaw cysts, a decision support system has been intro-
duced that achieved 100% accuracy in distinguishing periapical cysts
from odontogenic keratocysts!®.

Image analysis based on Al also exhibits potential in facilitating
the identification of head and neck tumors (Table 5). A systematic
review evaluating the use of Al for detecting head and neck squa-
mous cell carcinoma via CT, positron emission tomography (PET),
magnetic resonance imaging (MRI), or panoramic radiography
demonstrated accuracy (82.6%-100%), sensitivity (74%-99.68%), and
specificity (66.6%-90.1%) of Al systems'®®. AT models have been
trained by combining clinical data from intraoral and endoscopic
images to differentiate among oral cancers, potentially malignant disor-
ders, benign diseases, and normal mucosa. This approach achieved
respective accuracy rates of 80.3%, 82.1%, 84.2%, and 94.1%,
Unsupervised machine learning was applied to whole-slide images of
histopathological slides, successfully identifying oropharyngeal squa-
mous cell carcinoma (OSCC) and delineating tissue compartments
within tissue microarrays. Pixel-level F1 scores of 80%-81% were
achieved, meaning that the model could correctly classify individual
pixels as epithelial or stromal tissue with a balance of precision and
recall”). Deep learning algorithms applied to stimulated Raman scat-
tering (SRS) histology can detect cancerous tissue at surgical
margins with high accuracy. In this approach, a 34-layer residual
CNN (ResNet) is trained to classify SRS images, enabling reliable
distinction between normal and cancerous tissue. The use of SRS
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produces real-time, label-free microscopic images. When these
images are analyzed by the trained Al model, surgeons can immedi-
ately verify that all tumor tissue has been removed while preserving
healthy tissue!®®,

Apart from image analysis, Al may be used for preoperative plan-
ning of implant placement. It can help determine the optimal implant
position by considering anatomical structures such as the inferior
alveolar nerve and maxillary sinus'®7?. Predictive models that incor-
porate patient-specific data can further refine treatment plans by esti-
mating the likelihood of treatment success or complications”!. This
development enables dentists to tailor interventions with greater
precision. By leveraging machine learning, neural networks, and
computer vision, Al equips orthodontists with data-driven tools.
These tools facilitate the creation of highly personalized treatment
plans, which are informed by each patient's unique dental and skel-
etal characteristics to guide clinical decision-making”’*”. The
predictive capability of advanced Al systems for anticipating tooth
movement is built upon the analysis of diverse patient data,
including 3D scans, X-rays, and detailed anatomical models. This
predictive capability helps orthodontists achieve more effective
outcomes with fewer complications or delays*"®.

Although Al models have achieved high accuracy in dental image
analysis, their translation from laboratory research to clinical applica-
tion remains challenging. Most existing models are trained on high-
quality, standardized imaging datasets, whereas primary care environ-
ments often involve variability in equipment performance and image
quality, which can substantially affect model reliability. Moreover,
many studies are conducted under controlled experimental conditions
and seldom evaluate model performance across diverse patient popula-
tions such as children, elderly individuals, or those with distinct oral
anatomical characteristics. Successful clinical integration also depends
on compatibility with existing dental workflows, the availability of
user training, and overall cost-effectiveness. Future work should there-
fore prioritize multi-center, prospective validation, the development
of device-agnostic and lightweight models, and the creation of imple-
mentation guidelines adaptable to various resource settings. These
steps are essential to ensure that Al-assisted diagnostic systems
achieve robust generalizability, reliability, and equitable accessibility
in real-world dental care.

3.2. Artificial intelligence-assisted therapy

The integration of Al and robotic systems in dental practice offers
distinct benefits such as real-time intraoperative decision-making,
enhanced surgical precision, shorter operation time, adaptive control
based on individual patient anatomy, and a lower risk of intraoperative
complications”*”®!. Currently, the most established and widely
applied dental robotic technologies are found in oral and maxillofa-
cial surgery, orthodontics, and implantology™®! The da Vinci
Surgical System (dVSS; Intuitive Surgery, Inc., Sunnyvale, CA,
USA) is the leading clinically used platform in oral and maxillofacial
surgery. This platform is used in procedures such as transoral robotic
surgery, neck dissection, and related interventions®™*'. Different
robotic techniques have also been proposed for orthognathic surgery,
including systems equipped with optical navigation and hard-tissue
lasers that can autonomously perform osteotomies according to
preoperative plans™'. These systems help overcome human limita-
tions such as reduced dexterity, surgical tremors, and operator
fatigue™™. Robotics is also showing potential in cleft palate repair,
with the ability to reduce vascular, neural, and mucosal injury and at
the same time enhance surgical precision and efficiency™”.

One of the most recognized robotic innovations is the archwire
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bending robot. This robot was first introduced through the Suresmile
orthodontic platform in 2001®. Over the past decade, the combina-
tion of robotic linear bending technology with computer-aided
design and computer-aided manufacturing (CAD/CAM) has signifi-
cantly enhanced the efficiency and accuracy of custom archwire
production™. Robotics powered by Al facilitates can now handle
complex orthodontic tasks with remarkable precision, such as
placing brackets, adjusting archwires, and performing intraoral
scans, reducing human error and improving workflow efficiency.
Other robotic systems have since been developed for producing
customized CAD/CAM devices for both labial and lingual orth-
odontic applications. These systems include Suresmile, which uses
digital imaging and CAD/CAM technology to design and robotically
bend customized archwires; Incognito, a fully customized lingual
bracket system for aesthetic treatment; LAMDA, a robotic or CAD/
CAM-based system for archwire customization; Insignia, which digi-
tally designs both brackets and wires for a tailored fit; and BRIUS,
an independent tooth movement system that uses customized nickel-
titanium arms for precise, bracket-free orthodontic correction™’,
Despite these advances, most of these systems are still limited to
simulation and experimental testing and have not yet reached routine
clinical use.

In dental implant surgery, robotic systems are increasingly used to
achieve highly accurate positioning and angulation of implants, with
several platforms already available for routine clinical use. In 2017,
Yomi, a robotic dental implant navigation system developed by
Neocis Inc. (Miami, FL, USA), became the first commercial robotic
oral implant system to receive U.S. Food and Drug Administration
(FDA) approval®™. Yomi uses haptic guidance and multisensory feed-
back to support minimally invasive procedures, allowing real-time
surgical plan modifications through its integrated software. This tech-
nology streamlines implant placement, improves accuracy, and
enhances clinical efficacy. That same year, China carried out its first
autonomous robotic oral implant surgery, restoring two missing teeth
within one hour. The crowns placed during the procedure provided
optimal occlusion, aesthetics, and stability™. More recently, in 2022,
a robotic system in Beijing completed a precise anterior tooth
implant surgery in only 20 minutes™’.

In prosthodontics, there is a growing demand for automated tech-
nologies that can be translated into everyday clinical use. One early
breakthrough was LaserBot, a miniature robotic system that uses
femtosecond laser ablation for precise removal of carious tissue and
crown preparation®. Building on this concept, researchers at Peking
University School of Stomatology developed the world's first fully
automated robotic tooth preparation system”. This platform
combines robotic automation with femtosecond laser technology to
perform autonomous, highly accurate tooth preparation for prosthetic
restorations. Advances are also being made in streamlining denture
arrangement, with robotic workflows showing improvements in both
efficiency and accuracy™. Apart from restorative dentistry, robotics
is finding applications in therapeutic care. Massage and oral training
robots have been tested experimentally for treating myofascial pain
and restricted mouth opening, achieving an efficacy rate of 70.3%".
Neurological rehabilitative exoskeleton robots are also being investi-
gated for the rehabilitation of temporomandibular disorders
(TMD)*.

Significant progress has been made in applying nano-machines to
dentistry. The science of nano-machines centers on the engineering of
devices whose functional components operate at the nanoscale®®*,
Nano-machines incorporating nano-electromechanical systems
(NEMS) and low-intensity pulsed ultrasound (LIPUS) have been
shown in animal studies to accelerate tooth movement™*!. The
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development of smart brackets with integrated nano-mechanical
sensors has enabled orthodontists to apply forces with high preci-
sion™, In addition, nano-sensors have been tested for remotely moni-
toring the wear of removable devices to generate objective data on
tooth abrasion®,

Micro-machines designed to target dental pulp biofilms can navi-
gate the complex anatomy of root canal systems, enabling in-situ
delivery of antimicrobial agents or bioactive substances for chemical
disinfection or tissue regeneration””*". Future applications may
include detecting, treating, and removing biofilms linked to other
infectious diseases, as well as preventing biofouling on dental
devices or implants™ ', In the long term, nano-machines could be
used for application of local anesthesia, dentition reconstruction,
permanent treatment of dentin hypersensitivity, one-time completion
of orthodontic adjustments, continuous maintenance of oral health
using mechanical scalers, caries removal, or restoration of dental
defects caused by caries. A summary of studies on analysis of dental
robots is presented in Table 6.

Advancing oral robotics and related technologies depends on
close collaboration among multiple disciplines. These innovations
have the potential to transform dental surgery by integrating Al-
assisted therapy, making diagnosis and treatment more accessible
and consistent, and easing the workload for dentists. The majority of
current applications, however, are still under active development.
Development of Al in dentistry is concentrated in root canal therapy,
tooth preparation, denture adjustment, and implant surgery. As it
stands, these systems function mainly as supportive tools that require
the participation of skilled operators and the involvement of high
development costs. Future Al research should focus on creating auto-
mated surgical systems that are minimally invasive, highly precise,
and capable of real-time monitoring to ensure both efficacy and
safety.

3.3. Artificial intelligence-assisted efficacy prediction and outcome
evaluation

Artificial intelligence models can analyze risk factors and predict
treatment outcomes to support clinicians in making personalized,
evidence-based decisions. By processing large, complex datasets, Al
can provide objective, data-driven insights that support tailored treat-
ment planning. For example, a weighted gene co-expression network
analysis model has been used to predict the likelihood of premolar
and molar extractions in patients with periodontitis, with accuracy
rates of 73.4% and 82.8%, respectively!. Through machine
learning, factors linked to periodontitis risk have been identified,
encompassing smoking, limited education, high-income poverty
ratios, and elevated albumin and ALT levels in individuals with
diabetes"”. Another model used Local Interpretable Model-Agnostic
Explanations (LIME), an algorithm that explains the predictions of
any Al model by approximating them with a simpler, more interpre-
table model in the vicinity of a given prediction, to identify which
factors contributed most to periodontitis risk. This approach identi-
fied systemic conditions such as arthritis, sleep disorders, hyperten-
sion, high cholesterol, and obesity as significant contributors to peri-
odontitis, findings that align with established clinical comorbidi-
ties!"”),

In pediatric dentistry, Al can analyze dental records, 3D scans,
genetic data, and other health information to flag children at risk of
developing malocclusion, allowing for early preventive interven-
tion"””. Machine learning-based oral health assessment toolkits have
also been developed to estimate the Children's Oral Health Status
Index (COHSI) and determine referral needs, achieving 84% sensi-
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tivity and 30% specificity!*.

For caries prediction, the Shapley additive explanations (SHAP)
algorithm applied to an XGBoost model has achieved area under the
curve (AUC) values above 0.70 in test sets. This study established
that several factors were strongly associated with permanent tooth
caries, such as a history of caries, use of non-fluoride toothpaste, low
parental education, frequent sugar consumption, infrequent dental
visits, and poor parental perception of their child's oral health™*,
Similar approaches are being tested for community-level caries risk
assessment in public health programs!'*®,

In implant dentistry, Al-assisted predictive models can estimate
success or failure probabilities based on surgical factors like bone
quality and implant positioning, along with patient-related variables
including smoking status and systemic health conditions""”. These
tools enable dentists to identify patients at higher risk for complica-
tions and implement preventive strategies or closer follow-up to
improve outcomes.

Artificial intelligence systems are increasingly used for objective
evaluation of treatment outcomes by analyzing follow-up data and
radiological images. These systems provide continuous, quantifiable
criteria for evaluating treatment success"”. A back propagation (BP)
model (an artificial neural network training method that fine-tunes
model weights by sending prediction errors backward through the
network) has been used to predict whether patients would experience
pain after root canal treatment. The model achieved a prediction
accuracy as high as 95.6%"*!. Artificial intelligence can also
examine the visualized status of root canal fillings in CBCT images,
identifying adequate filling, overfilling, underfilling, and voids with
accuracy exceeding 80%!"'". Gradient boosting machine models are
built in a stage-wise manner, with each subsequent decision tree
focused on mitigating the errors made by the current collection of
trees. Random forest models average predictions from many decision
trees to reduce overfitting. Both approaches have demonstrated
strong performance in predicting the prognosis of endodontic micro-
surgery, with AUC values of 0.88 and 0.83, respectively". These
results are consistent with another AI model that reported an accu-
racy range of 57.96%-90.20%, an AUC of 95.63%, and a sensitivity
of 91.39%!"'?. These automated models can help clinicians anticipate
complications and tailor follow-up care.

In orthodontics, current AI models reach about 73% accuracy in
predicting treatment outcomes, although complex cases remain chal-
lenging""”!. When forecasting results, Al outperforms traditional
linear regression in predicting 6 of 32 soft tissue landmarks. It also
demonstrates strong performance in estimating post-treatment facial
changes. However, it is less reliable for predicting lip-tooth relation-
ships!"¥. Artificial intelligence-integrated remote monitoring plat-
forms such as Dental Monitoring® (DM, Paris, France) are also being
used to maintain continuity of care, improve plaque control, and
reduce the risk of caries!"* ", These applications demonstrate the
increasing role of Al in enhancing orthodontic care!"'”.

Al can estimate the longevity and debonding risk of CAD/CAM
restorations. A recent scoping review highlighted how Al is being used
to improve crown margin delineation, optimize color matching, and
predict the probability of debonding!*'"*! For example, Al-based
systems have been developed to analyze color coordinates (L, a, b*) of
lithium disilicate ceramic restorations under varying conditions, such
as differences in ceramic thickness, shade, and translucency. These
systems evaluate the influence of different substrate colors, including
white, black, and natural enamel and dentin shades (A-D). Using
these datasets, AI models can predict optimal shade combinations
and simulate visual outcomes, thereby supporting clinicians in
achieving more consistent and personalized esthetic results'*”. More-
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Table 6. Artificial intelligence studies on dental robots.
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Authors (year) Research objectives Results Ref. No
Shao, et al. (2024) To introduce a robot-assisted AR surgical navigation system The system achieved the following accuracy (mean error + SD). [80]
designed to enhance precision and safety in mandibular recon- AR guidance: mandible osteotomy: 1.61 + 0.62 mm, fibula oste-
struction by delivering real-time robotic guidance during oste- otomy: 1.08 + 0.28 mm, mandible reconstruction: 1.36 + 0.22 mm.
otomy. AR-robot guidance: mandible osteotomy: 1.47 + 0.46 mm, fibula
osteotomy: 0.98 * 0.24 mm, mandible reconstruction: 1.20 + 0.36
mm.
Oh, etal. (2022) To develop a platform that leverages the magnetically guided STARS enable automated microscale biofilm sampling from [99]
assembly of nanoparticles into Topography-Adaptive Robotic complex 3D surfaces while performing mechanochemical cleaning
Superstructures (STARS), enabling precise biofilm removal and via brushing/flossing-like motions. This integrated approach for
diagnostic sampling. simultaneous biofilm removal and pathogen detection promises
autonomous platforms for advancing oral care and hard-to-reach
surface biofilm management.
Babeer, et al. To engineer a modular microrobotic platform based on iron oxide Two microrobotic platforms were developed: (1) magnetically [97]
(2022) nanoparticles (NPs) possessing concurrent catalytic and magnetic controlled nanoparticle microswarms for biofilm disruption/
functionalities, designed for targeted biofilm removal and sampling, and (2) radiographically visible soft helicoids with
retrieval in a tetherless manner. catalytic-magnetic nanoparticles for precise root canal navigation.
Both systems demonstrated effective biofilm removal with
microscale precision in ex vivo models, unimpeded by
surrounding dental tissues.
Gjerde, et al. To evaluate the agreement between objectively measured Among 2400 recorded nights, 2108 (84.6%) had complete paired [96]
(2018) mandibular advancement device (MAD) usage, recorded by a data. Reliability between self-reported and sensor-measured MAD
built-in thermal sensor. usage was high (ICC=0.847), with absolute agreement of -0.17 h
(95% CI: -1.81 to 1.47). Missing data were mainly from diaries
(technical failures: 0.25%).
Yuan, et al. (2016) To evaluate the performance metrics of a new robotic tooth prepa- ~ The automated preparation achieved high accuracy in 15 molars: [91]
ration technique. shape error 0.05-0.17 mm, occlusal depth error 0.097 mm,
convergence angle error 1.0°, with an average preparation time of
17 minutes per tooth.
Khan, etal. (2016) To assess the technical feasibility of trans-oral robotic surgery TORCS has demonstrated technical viability in paediatric cleft [87]
(TORCS) for achieving surgical access to the posterior pharyngeal surgery. Its short learning curve is attributed to intuitive instru-
wall and palate in cleft patients. mentation and simplified dissection, and it offers potential for
reduced secondary trauma and improved surgeon ergonomics
compared to conventional techniques.
Ariji, et al. (2015) To determine the therapeutic outcomes and safety profile of a The robot-assisted massage protocol (10 N, 16 min/session, 5 [92]
standardized robot-assisted massage protocol for the masseter sessions over 9.5 weeks) proved safe with no adverse events,
and temporalis muscles. achieving 70.3% treatment efficacy. Effective treatment was asso-
ciated with reduced masseter muscle thickness in responsive
patients.
Wang, et al. (2014) To present a miniature robotic system (LaserBot) for precise The device features a 25 x 22 x 57 mm intraoral working end with [90]
tooth crown preparation through femtosecond laser ablation of 40 pm laser repeatability accuracy. Beam manipulation param-
carious tissue. eters meet dental operative requirements, and ablation efficacy
has been verified on both synthetic materials and natural teeth.
Kang, et al. (2010) To describe the application of da Vinci S system in modified Robot-assisted MRND is a safe and technically feasible procedure [84]
radical neck dissection (MRND) of thyroid cancer. that provides excellent cosmetic outcomes. As such, it represents
a viable surgical option for patients with low-risk, well-
differentiated thyroid cancer and lateral neck node metastasis.
Mah, etal. (2001) To describe the SureSmile process as an integrates advanced tech- The SureSmile workflow began with 3D intraoral scanning using [88]

nologies to provide orthodontists with a tool for high-precision,
efficient treatment.

the OraScanner, which utilizes structured light projection for
dental surface digitization.

over, convolutional neural network models can analyze digital scan
images to predict the likelihood of debonding in CAD/CAM resin
crowns, with reported prediction accuracies of up to 98.5%"". In
addition, ensemble learning approaches such as random forests,
gradient boosting, and support vector machines have been explored
to identify the most influential factors affecting restoration durability.
These factors include occlusal stress distribution, material properties,
and patient-specific variables. The integration of Al into crown
design and performance prediction substantially reduces design time
and enhances precision compared to conventional CAD or manual
workflows!"””. However, transparency regarding algorithmic develop-
ment, validation datasets, and performance benchmarking remains
limited. Future research should prioritize interpretable models, stan-
dardized evaluation metrics, and long-term clinical validation to ensure
the reliability of these predictive systems in restorative practice.

125

4. Artificial intelligence in dental education and training

Apart from clinical practice, Al is profoundly reshaping dental
education and training by enabling personalized, interactive, and
scalable learning experiences. This section examines the multifac-
eted roles of Al in shaping the next generation of dental profes-
sionals. It explores the development of Al-powered educational tools
that enhance learning for both students and instructors, evaluates its
applications in patient education and management, and addresses
critical issues related to academic integrity and fairness that accom-
pany the adoption of these advanced technologies.

4.1. Auxiliary tools for students and educators

Mastering complex theory and clinical skills places high demands
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on dental students. Adaptive Al applications can significantly
enhance both learning depth and comprehension. Artificial
intelligence-driven clinical decision support systems (CDSS) are
evolving from auxiliary tools into valuable teaching resources.
Digital and Al-assisted cephalometric training has been shown to
improve landmark identification accuracy in preclinical orthodontic
education™. Similarly, Al-assisted proximal caries assessment in bite-
wing X-rays can strengthen student training or help diagnose deep
caries and identify pulpitis'>'**, One of these approaches simulates
the clinical diagnostic reasoning process for jaw cysts, enabling
students to better understand the deductive methodology behind
clinical diagnoses!'*".

The transformative impact of artificial intelligence in dental
education is achieved through its integration with extended reality
(XR), which provides immersive simulation environments. Within
these systems, Al functions as the enabling component of a
continuous operational loop: it captures user actions through sensors
and computer vision, evaluates performance using machine learning
models trained on expert data, and delivers individualized feedback
to enhance learning outcome™. Current examples include the
Simodont Dental Trainer developed by Nissin Dental Products
Europe B. V. (Nieuw-Vennep, the Netherlands), and the Unidental
simulator produced by Unidraw (Shenzhen, China). Both simulators
are used for training in tooth and cavity preparation, and studies
show their effectiveness is comparable to traditional phantom head
models. They have also proven useful for training endodontic proce-
dures!"""*"" " Artificial intelligence is further enhancing these plat-
forms through game-based learning software such as AiDental, a
joint project created by Dr. David Botsko and Dr. Ahmed Mahrous.
Their goal was to "gamify" dental learning using digital applications
tailored for students, particularly in removable partial denture (RPD)
design and treatment planning. The software provides automated
feedback to improve students' learning experience and engagement!®),

Another example is SDMentor, a virtual reality-based intelligent
tutoring system designed for teaching surgical decision-making in
root canal procedures. It immerses students in a realistic virtual
dental operatory which provides 3D stereoscopic visuals and haptic
feedback to simulate the tactile sensation of drilling and interacting
with dental structures. An intelligent Al tutor continuously monitors
student actions during procedures like administering anesthesia,
placing a rubber dam, and accessing the canal. The Al tutor provides
context-sensitive guidance, hints, and corrections based on those
actions. In a randomized controlled trial, SDMentor significantly
improved procedural knowledge, situational awareness, and overall
performance of the participated students!*"

From a conceptual perspective, these systems form an integrated
technological stack. At the foundation lies the XR hardware such as
head-mounted displays integrated with haptic interfaces, that creates
a multisensory, immersive learning environment. The core Al
modules responsible for perception and performance assessment
depend on this hardware for data input. These modules use computer
vision to interpret user actions and machine learning models to
evaluate performance against expert-derived benchmarks**'"**. The
resulting evaluations initiate a feedback loop through which Al-
generated outputs update visual, auditory, and haptic displays in real
time. This process is supported by data pipelines that continuously
collect, annotate, and process training data to refine the underlying
model"**), Together, these components define clear system dependen-
cies: the perceptual capabilities of Al are limited by the fidelity of
sensor inputs provided by the XR hardware, while its evaluative
range remains constrained by the representativeness of the training
data!"!,
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Robotic technology in dental education helps bridge the gap
between classroom theory and real-world practice by giving students
invaluable hands-on experience. In simulation-based training,
robotics often functions as the haptic interface that provides force
feedback to replicate tactile sensations. Apart from simulation,
robotics serves as an independent physical system the movements
and responses of which may be directed by Al. The earliest recorded
dental training robot dates back to 1969"*"., Since then, training simu-
lators like SIMROID have emerged. Created through a partnership
between J. Morita Corporation (Osaka, Japan) and Nippon Dental
University, this humanoid robot not only looks and behaves like a
real patient but can also mimic facial expressions and physical reac-
tions. These features make it ideal for training in doctor-patient
communication, evaluating student treatment attitudes, and assessing
clinical skills!*". In this context, Al may be used for the purpose of
natural language processing to facilitate patient-response speech
synthesis, or for the application of computer vision to monitor
student behavior. Specialized systems such as orthodontic bonding
practice robots offer real-time feedback during repeated practice
sessions, helping students rapidly build proficiency™. In another
innovation, researchers integrated a stereoscopic vision navigation
system into a surgical robotic arm to enable remote control of proce-
dures!*?, This represents another form of Al-robotics integration, in
which Al-driven visual perception and planning modules directly
guide the robotic control system. Additional systems that use speech
synthesis to mimic patient responses help instructors assess both
technical and communication skills as students train. Together, these
platforms create supervised, realistic learning environments where
students can develop both interpersonal and procedural confidence!®.

Artificial intelligence chatbots are increasingly being explored as
educational tools in dentistry, offering interactive and personalized
learning experiences that help students prepare for clinical practice.
Large language models such as ChatGPT, Gemini, Claude, Deep-
seek, and Copilot use natural language processing to understand
questions and provide detailed, context-aware answers. However,
their performance on dental topics exhibits considerable variability.
This heterogeneity stems from fundamental differences in training
data composition, model architectures, and fine-tuning strategies.
When evaluated for accuracy on multiple-choice oral pathology ques-
tions, each model showed distinct strengths: ChatGPT-1 achieved the
highest overall success in oral pathology topics, Claude performed
best with case-based scenarios, and Deepseek excelled in purely
knowledge-based questions'"”). The superior performance of
ChatGPT on broad oral pathology questions likely reflects its
training on a large and diverse dataset, whereas the proficiency of
Claude in case-based reasoning may result from architectural optimi-
zation that enhance logical inference.

In another assessment, ChatGPT-4 demonstrated strong profi-
ciency on American Academy of Periodontology (AAP) in-service
examination questions'*. The large language model achieved an
overall accuracy of 79.6% in 1312 questions from 2020 to 2023,
statistically outperforming earlier ChatGPT versions and periodontal
residents in all exam years. In another evaluation of the 2023 AAP in-
service written exam that included 311 multiple-choice questions,
ChatGPT-4 correctly answered 73.6% compared to 57.9% for
ChatGPT-3.5""), These results suggest that ChatGPT-4 can answer
periodontal clinical questions with accuracy levels that exceed both
human and earlier Al model benchmarks.

Conversely, the relatively lower accuracy of certain models on
specialized board-style examinations may reflect limitations in their
dental-specific training data or in their general reasoning capabilities. In
a study evaluating seven chatbots on 100 multiple-choice endodontic

126



ER. Tay, R. Loveless and T.D. Ravenel

questions aligned with the American Board of Endodontics Written
Exam, Gemini Advanced, GPT-3.5, GPT-40, and Claude 3.5 Sonnet
each achieved accuracy rates near 71%, while Microsoft Copilot
performed poorly at 48%!"*. In another investigation involving 100
multiple-choice questions derived from standard endodontic text-
books, ChatGPT-40 and MedGebra GPT-40 delivered exceptionally
high correct-answer rates (90%-93%), whereas Gemini Advanced
and Meta Llama 3 scored significantly lower (73%-75%)"*".

Accordingly, models trained on extensive, high-quality scientific
and biomedical corpora tend to demonstrate a stronger understanding
of clinical concepts and terminology. Architectural differences such
as parameter scale and attention mechanisms also play a crucial role
in shaping reasoning capacity, influencing how effectively models
manage case-based scenarios beyond factual recall. Moreover,
targeted fine-tuning on medical or scientific question-answer data-
sets further enhances performance in specialized domains such as
dentistry. Nevertheless, despite the potential of AI chatbots as supple-
mentary educational tools, dental students express concerns
regarding the use of non-specialized Al and note disparities between
generative Al (GAI) and traditional learning resources'**'*!. Conse-
quently, although large language models (LLMs) represent valuable
adjunct tools for dental education and preparation for examination,
their implementation requires careful oversight.

4.2. Patient education

Artificial intelligence chatbots are also useful for patient educa-
tion and general medical guidance. In orthodontics, Al-generated
educational materials have been shown to be more popular among
patients than traditional printed resources, offering greater informa-
tional value, improving satisfaction and treatment readiness, and
reducing dentists' workload"*". Studies have confirmed that these Al-
created resources enhance content comprehensiveness, practicality,
and clarity while also helping to reduce patient anxiety about dental
procedures!*'.

Artificial intelligence-based virtual assistance holds particular
promise for pediatric patient care, especially for behavior manage-
ment. These tools can explain procedures, provide feedback, and
engage children in interactive tasks to divert their attention during
treatment. For example, the "Smile Machine" chatbot implemented
among school-aged children in Brazil provided indirect oral hygiene
guidance that contributed to a reduced plaque index"*'*!. Similarly,
the "Robotutor" toothbrushing machine may reduce the chairside
time of dentists and facilitate effective demonstration of the "Bass
brushing technique""*. Collectively, research indicates that Al-
driven devices can help children manage dental anxiety and stress,
ultimately supporting better cooperation and behavior during clinical

Care[l45-l46].

4.3. Academic integrity and fairness

To safeguard academic integrity in dental education, artificial
intelligence provides an objective solution, employing robust
methods to identify fraudulent activities in examination settings that
would traditionally go undetected"*”". Artificial intelligence-powered
proctoring systems provide real-time monitoring during both written
and practical assessments, allowing prompt detection of potential
violations and ensuring fair, impartial evaluations. For example, Al
can analyze and compare features such as root canal morphology and
periapical radiolucency in sequential radiographs, verifying that each
set of images corresponds to the same tooth and thereby reducing

opportunities for cheating**.,
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Apart from invigilating, Al supports automatic grading of a wide
range of educational tasks, including radiographic interpretation,
written assignments, and clinical case analyses. This automation
reduces the workload of educators while improving the consistency
and objectivity of assessments, particularly in remote examination
environments'*,

The integration of Al into dental education has also accelerated the
creation of resource-sharing platforms that host high-quality learning
materials, virtual simulations, and interactive case libraries. These plat-
forms help narrow educational gaps between institutions by providing
students in under-resourced regions with access to advanced training
tools. Furthermore, Al facilitates global collaboration by connecting
students and educators worldwide. This gesture enables the exchange
of knowledge, resources, and teaching methodologies to enrich dental
education in diverse educational settings.

5. Artificial intelligence in scientific discovery

The role of Al in dentistry extends beyond the clinic and class-
room into the realm of scientific inquiry, where it is accelerating the
pace of discovery. This section examines how Al functions as a
powerful engine for knowledge generation and synthesis. It discusses
its applications in processing complex datasets to identify novel
biological insights and biomarkers, explores its growing use in
academic text generation and literature management, and assesses its
potential to strengthen the rigor and efficiency of the peer review
process.

5.1. Assisting data analysis and interpretation

Artificial intelligence is transforming dental research by stream-
lining hypothesis generation and improving experimental design. It
also supports multimodal analysis by integrating clinical records,
medical imaging, genomic sequences, and proteomic data to reveal
patterns that might be missed with conventional methods. Although
CNN-based segmentation is primarily designed for diagnostic use,
its ability to identify previously unrecognized anatomical structures
contributes to data-driven discovery. In this review, the term "scien-
tific discovery" encompasses Al applications that facilitate the
generation, synthesis, and validation of new knowledge across
biomedical and dental research domains. In epidemiological studies,
CNN-based segmentation has been used to process large datasets,
enabling population-level investigations of root canal anatomical
variations"", With diagnostic accuracy that often rivals or exceeds
that of experts, CNNs have been successfully applied to diverse tasks
including caries detection on bitewings, severity classification of
periodontal bone loss on panoramics, and identification of periapical
lesions on CBCT scans.

EfficientNet-B3 is a type of CNN architecture developed by
Google Al that is designed to achieve high accuracy in image classifi-
cation tasks by using fewer computational resources compared to
traditional deep learning models. In dentistry, Efficient-B3 has been
used for detecting caries, identifying periapical lesions, classifying
oral lesions, and automating tooth numbering in panoramic radio-
graphs. By combining the EfficientNet-B3 model with sampling tech-
niques, CNN achieved 98.33% accuracy in classifying cells as non-
cancerous, chemotherapy-sensitive, or chemotherapy-resistant. By
training and combining the predictions of multiple models, the
ensemble learning method achieved a superior performance, further
reducing RMSE to 0.16!"",

The use of generative Al (GAI), particularly foundation models
such as LLMs and LMMs, has expanded the exploratory boundaries of
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dental research. Generative artificial intelligence has opened new path-
ways for designing novel drugs and biomaterials by integrating multi-
modal data such as images, chemical structures, and gene sequences.
Automated text-mining approaches have been used to identify shared
molecular targets between periodontitis and coronary heart disease for
comorbid monitoring!"*", The analytical process identified serpin
family A member 1 and transferrin as pivotal genes linking breast
cancer and periodontitis. This discovery led to the identification of
12 candidate drugs with promising potential for broader therapeutic
use!"?. To explore shared diagnostic genes and mechanisms between
periodontitis and primary Sjogren's syndrome, studies have leveraged a
combination of bioinformatics and machine learning"”. In this context,
the Kolmogorov-Arnold Network has been used to predict drug-gene
associations, including those related to histone deacetylase 1 inhibitor
drugs in periodontitis'**"**, These innovative strategies enable rapid
screening and optimization of molecules with desired properties,
supporting the development of antibacterial dental materials, regenera-
tive scaffolds, and targeted therapies for oral diseases'*”. Continued
improvements in these models, along with enhanced safety and accu-
racy metrics, will be essential to further optimize their application in
drugdiscovery.

Machine learning algorithms can process and interpret complex
datasets from omics studies in basic and translational research. This
helps in the identification of biomarkers for oral diseases and poten-
tial therapeutic targets. One study employed ML methods to screen
potential endoplasmic reticulum stress (ERS)-related biomarkers for
periodontitis, including serpin family A member 1 (SERPINA1),
endoplasmic reticulum lectin 1 (ERLECI), and von Willebrand
factor!*. The protein SERPINA1 encodes alpha-1 antitrypsin, a
protease inhibitor involved in controlling inflammation and tissue
degradation. The ERLECI1 plays a role in protein quality control
within the endoplasmic reticulum by recognizing misfolded glyco-
proteins. The VWF is a glycoprotein critical for platelet adhesion and
blood clotting; its dysregulation has been linked to inflammatory and
vascular changes. These biomarkers form the basis for developing
early diagnostic tools and targeted treatments for periodontitis. This
approach enhances the understanding of disease mechanisms and
also guides the development of precision therapy.

Recent studies have delineated potentially causal, cell type —
specific gene interactions in periodontitis by integrating bulk tran-
scriptome profiling with ML feature selection, Mendelian randomiza-
tion, and single-cell RNA sequencing. For example, differentially
expressed genes (DEGs) and weighted gene co-expression network
analysis (WGCNA) were combined with ensemble ML models such
as extreme gradient boosting (XGBoost) to identify immune-related
candidate genes!"". In that study, adoption of expression quantitative
trait loci (eQTL)-based Mendelian randomization confirmed causal
links for CD93, CD69, and chemokine ligand 6 (CXCL6). The use of
single-cell RNA sequencing further localized these genes to specific
immune compartments, thereby supporting their potential use in diag-
nostic models and patient risk stratification. Furthermore, recent
prospective and regulatory-focused studies have been incorporated to
reflect real-world clinical implementation and device variability. For
instance, Al predictive analytics have been employed to explore how
titanium surface characteristics influence macrophage polarization,
using methods such as random forests, extreme gradient boosting,
and multilayer perceptrons to elucidate complex biomaterial-cell
interactions and guide immunomodulatory design!*". These develop-
ments exemplify the translational potential of Al beyond model
evaluation toward clinical application.

Complementary work that combines Mendelian randomization
with single-cell RNA sequencing cell states highlights myeloid
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dendritic cells as crucial participants and identifies LIM domain and
actin-binding 1 (LIMA1) as a causally associated biomarker. Ligand-
receptor analyses further revealed intensified crosstalk in disease,
suggesting monitoring value for immuno-inflammatory activity'**.
Other integrative pipelines pair Gene Expression Omnibus (GEO) data-
sets, weighted gene co-expression network analysis (WGCNA),
machine learning, and Mendelian randomization to nominate Human
Leukocyte Antigen C (HLA-C) as a risk gene. Single-cell RNA
sequencing places its enrichment in plasmablasts, and in silico docking
points to drug-repurposing avenues (e. g. metronidazole-HLA-C
binding), thereby linking genetic liability to therapeutic hypotheses'*”.
Machine learning combined with single-cell RNA sequencing studies
focused on oxidative stress programs converge on collagen type IV
alpha 2 chain (COL4A2) in endothelial and stromal cells and C-X-C
motif CXCL6 in epithelial cells as biomarker candidates. These find-
ings reinforce pathway-level targets that may be monitored longitudi-
nally during therapy"®".

The aforementioned frameworks use Mendelian randomization to
prioritize causal signals from genome-wide association studies
(GWAS) and eQTL. Machine learning is then applied to build predic-
tive panels. Single-cell RNA sequencing assigns those signals to the
responsible cell types and interaction networks. This end-to-end
strategy supports predictive diagnostics, cell type-specific moni-
toring, and rational target selection in periodontitis.

The Al framework DrugReflector has demonstrated the capacity
to enhance compound prioritization in phenotypic screening by inte-
grating multi-omics and chemical feature data"®l. A notable example
of its translational success is the identification and prioritization of
Ponatinib, a clinically approved tyrosine kinase inhibitor used in the
treatment of Philadelphia chromosome—positive B-cell acute lympho-
blastic leukemia®!. This outcome validated the biological relevance
of the model and highlighted its potential to recognize compounds
with proven clinical efficacy. Such cases exemplify how Al frame-
works can accelerate the drug discovery pipeline and may guide
similar computational approaches for developing therapeutics in oral
and dental research.

5.2. Facilitating text generation

The advancement of GAI models such as ChatGPT and associ-
ated Al technologies is reshaping scientific writing practices. A
survey of 3838 postdoctoral researchers found that 31% regularly
use GAI tools, with text optimization being the most common appli-
cation (63% of users)"*). The high quality of Al-generated scientific
text is largely due to training on extensive scientific datasets and the
use of advanced natural language processing (NLP) algorithms.
Researchers can generate coherent and contextually relevant text by
providing specific prompts or structured input data!**l,

Apart from text generation, Al-powered NLP tools are increas-
ingly used to manage the rapidly expanding dental literature. These
tools assist in systematic reviews by facilitating data extraction,
detecting emerging research trends, and enabling more efficient
evidence synthesis!"®. These updates also align the review with
recent high-quality systematic reviews and meta-analyses, thereby
improving representativeness and methodological balance in the
reported findings!*'",

Artificial intelligence tools can also improve writing efficiency by
quickly identifying and correcting linguistic errors, thereby
enhancing clarity and readability. This serves to streamline the manu-
script preparation process, cutting down on both time and resource
expenditure. However, the output of Al models may lack the depth,
originality, and critical insight characteristic of expert human
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writing. Overreliance on Al-generated content risks constraining the
cognitive engagement of research scientists, homogenizing writing
styles, and introducing unintentional plagiarism or inaccuracies!**.
Although Al is not yet capable of operating independently in schol-
arly writing, it can serve as a valuable aid in writing scientific review
articles with vigorous human contribution"*’.

5.3. Supporting academic peer review

Peer review is an essential process for safeguarding the quality
and accuracy of scientific research before publication. The integra-
tion of ChatGPT and other large language model-based systems is
expected to further evolve and transform academic publishing by
increasing automation and processing speed"’”. These systems can
assist journal editors in handling routine administrative tasks,
providing language editing and proofreading, and analyzing submis-
sion histories. They may also help improve the quality of reviews
and mitigate reviewer shortages, ultimately saving time and stream-
lining the peer review process' ",

In the traditional peer review process, reviewers often use highly
technical language, and their feedback can be subjective, leading to
considerable variability among reviewers. Such subjectivity may
compromise the fairness and accuracy of evaluations, introducing
potential biases. ChatGPT analysis of peer review reports has identi-
fied potential gender bias in scientific publishing, with female first
authors more likely to receive impolite reviewer comments. Senior
female authors also tended to receive higher review scores, possibly
reflecting stricter publication thresholds''’”. The use of ChatGPT-4
has also revealed significant regional disparities in peer review, with
papers from the Middle East, Latin America, and Africa receiving
notably lower scores!'””. These findings suggest that Al may be used
to evaluate the effectiveness of bias-prevention interventions aimed
at improving review fairness. However, challenges remain. The
inherent opacity of LLMs in terms of their training data, internal
workings, and data handling can embed biases and compromise
confidentiality, posing direct challenges to the reproducibility and
reliability of generated reports''”"'7*.

6. Challenges in dental AI implementation

Despite its transformative potential, the ethical and widespread inte-
gration of Al into dentistry faces several important challenges that must
be systematically addressed. This section critically examines barriers
encountered in technical, ethical, and practical domains. It begins by
analyzing the data limitations that restrict model performance and
generalizability, followed by ethical concerns related to patient privacy
and algorithmic accountability. The discussion then explores chal-
lenges in model interpretability and user competence and concludes
with considerations of academic integrity within an Al-augmented
professional landscape. These challenges are visually summarized in
Fig. 3.

6.1. Data limitations

The efficacy of Al models in dentistry is directly contingent upon
the quality, volume, and representativeness of their training and vali-
dation datasets™. Current limitations include insufficient clinical
data collection protocols and restricted imaging sources. These data
are often derived from single institutions using specific equipment,
which results in excessive uniformity!'”!. This homogeneity raises
concerns about diagnostic generalizability for diverse -clinical
scenarios'”!. In aesthetic dentistry, databases lacking adequate repre-
sentation of diverse cultural, age, gender, and ethnic groups further
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Challenges
in dental Al

Cognitive
deficits,
Fig.3. Technical, ethical, and practical challengesin dental Alimplementation.
reduce prediction accuracy in specific populations'’. In addition,
persistent gaps in measurement and validation protocols for dental
data compromise the reliability of Al outputs'!. Aggregating datasets
from multiple institutions remains challenging due to technical
barriers. Examples of these barriers are incompatible formats, incon-
sistent annotations, and cross-system interoperability issues. Algo-
rithmic biases may be perpetuated when training data contain system-
atic errors or narrow perspectives!*.

Class imbalance is another common issue, as normal cases typi-
cally far outnumber pathological samples. This imbalance can
produce models that perform well on common conditions but fail to
detect rare pathologies accurately™. Addressing this issue requires
targeted strategies such as data augmentation, synthetic data genera-
tion, and deliberate collection of rare cases to improve model robust-
ness'".

Data drift refers to the phenomenon in which the underlying distri-
bution of healthcare data changes over time due to evolving dental
practices, changes in patient demographics, or advancements in diag-
nostic technologies"”. In dentistry, these changes may cause Al
models trained on outdated data to degrade in performance, reducing
their clinical relevance!'’.

Constructing high-quality, labeled, and annotated datasets in
dentistry is both resource-intensive and time-consuming. Ensuring
annotation accuracy particularly for subtle dental manifestations and
subtle imaging features requires the expertise of trained dental
professionals. This dependence on manual labeling inevitably intro-
duces variability and potential errors, which can propagate into Al
models and compromise prediction accuracy!’. Achieving robust
datasets demands close collaboration among dentists, data scientists,
and engineers. Such a demand creates both operational and financial
challenges for research teams and institutions"’®. To sustain clinical
utility, AI models must be continuously monitored and periodically
retrained with updated datasets to account for evolving diagnostic
standards, patient demographics, and technological advances!".

6.2. Ethical considerations

Ethical considerations in dental Al primarily center on patient
privacy, data security, and informed consent"”. Ensuring ethically and
legally compliant access to medical data, and at the same time
protecting patient confidentiality, remains a major barrier to advancing
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dental Al models. To address this issue, technical approaches such as
differential privacy, federated learning, homomorphic encryption, and
swarm learning have been developed and explored!” ™. These tech-
nologies are developed to safeguard patient privacy and maintain the
integrity and representativeness of global data distributions.
Integration of Al into dental workflows introduces additional
ethical challenges apart from data handling. Traditional healthcare
relies on direct physician-patient interactions, but Al-driven systems
may alter these dynamics, potentially affecting trust and communica-
tion. Furthermore, questions about accountability and liability arise
when Al tools contribute to or influence clinical decision-making"?.
Clear guidelines and governance frameworks will be essential to
address these concerns and ensure their responsible deployment.

6.3. Model interpretability

Data-driven Al is built on complex computational methods that
detect patterns in large datasets and use these patterns to generate
predictions or recommendations. For example, in dentistry, a CNN
trained on thousands of radiographic images may flag early carious
lesions by recognizing subtle pixel patterns invisible to the human
eye. However, the reasoning behind such outputs is often opaque,
meaning that the internal processes and feature-weighting decisions
made by the Al model are not readily visible or understandable to the
user. This challenge is commonly referred to as the black box
problem. Because of this problem, clinicians have difficulty in veri-
fying whether the conclusions made by Al are based on clinically
relevant patterns, spurious correlations in the training data, or simply
hallucinations. In clinical dentistry, such uncertainty may result in
inappropriate treatment recommendations, delayed diagnosis, or
missed pathologies. These issues ultimately undermine trust in Al-
assisted decision-making and can limit confidence in its therapeutic
value!™,

Explainable Al (XAI) addresses the challenge of opaque Al
decision-making by providing clear insights into the reasoning
process'"*¥. The approach refers to a collection of methodologies and
tools aimed at making Al model outputs and underlying operations
more understandable to human wusers, particularly clinicians*.
These methods may be broadly categorized into intrinsic interpret-
ability, where the model itself is designed to be transparent (e.g. deci-
sion trees, linear regression), and post-hoc explainability, where
opaque models such as deep neural networks are analyzed after
training to reveal their reasoning!*",

The primary goal of XAl is to elucidate how an Al system arrives
at its predictions, thereby enhancing transparency and interpret-
ability. For example, in dental radiographic analysis, Gradient-
weighted Class Activation Mapping (Grad-CAM) may be used to
highlight the specific regions of an image that contributed most to a
model's prediction of caries*. This allows clinicians to verify
whether the Al is focusing on anatomically relevant areas rather than
irrelevant artifacts.

Another method for "opening the black box" uses SHapley Addi-
tive exPlanations (SHAP) values in predictive modeling to quantify
the contribution of each clinical variable to the final risk score!'™”,
This is a model-agnostic method (i.e. works with any kind of Al
model irrespective of how it is trained) within the broader field of
XAI that helps increase Al transparency by providing a clear, quanti-
tative breakdown of how each input feature contributes to a model's
prediction for a given case. A recent large-scale study using dental
electronic health records from 89 937 patients over a 16-year period
applied XGBoost models to evaluate the influence of social determi-
nants of health on the progression of periodontal disease. The use of
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SHAP analysis revealed that factors such as higher social vulner-
ability index, poverty, population density, fewer dental offices, more
fast-food restaurants, longer travel times, higher stress levels,
tobacco use, and multiple comorbidities were the leading predictors
of disease progression®. These explainable outputs highlight how
SHAP can identify and rank both clinical and non-clinical predictors,
aiding clinicians in integrating broader contextual factors into peri-
odontal risk assessment and management.

6.4. Cognitive deficits

Insufficient awareness of Al limitations, operational boundaries,
and maintenance requirements affect both developers and dental
practitioners. On the developer side, engineers and data scientists
may lack in-depth familiarity with clinical workflows, diagnostic
subtleties, or patient-specific factors that influence tool applicability.
This gap may generate models that perform well in controlled valida-
tion settings but fail to integrate seamlessly into real-world dental
practice, limiting their clinical utility.

On the user side, dentists may not be fully informed about the
circumstances under which Al tools require recalibration, retraining, or
software updates. As a result, they may inadvertently continue using
models that have degraded in accuracy due to data drift, outdated
training datasets, or changes in diagnostic protocols. This unawareness
poses risks to patient care, especially when Al outputs are relied upon
without adequate cross-checking against clinical judgment.

For example, Al-based periodontal bone loss detection models
trained solely on high-quality periapical radiographs may underper-
form when applied to lower-resolution panoramic images used in
routine screening, producing inconsistent results if recalibration is
neglected™®. Similarly, in automated caries detection, CNNs opti-
mized on bitewing radiographs from a single clinic have shown
decreased accuracy when deployed in multi-clinic environments with
different imaging hardware and exposure settings'*".

In aesthetic dentistry, Al tools face inherent tensions between
data-driven outputs and subjective human standards. For example,
smile design software may focus too heavily on symmetry and stan-
dardized tooth proportions taken from large aggregated datasets,
while overlooking the cultural nuances or individual preferences that
shape a patient's unique sense of an attractive smile™'". This may
result in restorations that are technically precise but perceived as
unnatural by patients.

Addressing these cognitive challenges requires consistent interdis-
ciplinary collaboration among Al developers, dental professionals,
and educators. Structured training on Al tool limitations, continuous
updates on performance standards, and clear guidelines for deploy-
ment and maintenance are critical to ensure trustworthy and effective
Al-supported care in dentistry.

6.5. Academic integrity

The most common concern among dental educators and students
when using large multimodal models (LMMs) such as ChatGPT is
academic integrity!®”. Reliance on Al-assisted education brings into
question the accuracy and reliability of the information these systems
deliver!”!. As Al becomes increasingly integrated into dental educa-
tion, over-reliance on these tools risks diminishing the student's own
clinical reasoning and problem-solving skills"*’. In addition, the
absence of direct teacher-student interaction in Al-assisted learning
may weaken interpersonal dynamics, which are essential for fostering
empathy and emotional intelligence in future clinicians'*",

In dentistry, for example, a student might use ChatGPT to
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generate a complete treatment plan for a complex restorative case
without critically evaluating the rationale or cross-checking with
evidence-based guidelines. While the Al-generated plan may appear
comprehensive, it can contain oversights such as omitting patient-
specific considerations like parafunctional habits or periodontal
status; these considerations are likely to emerge only through clinical
reasoning and direct patient interaction. If the student submits this
work without disclosure, it not only undermines academic integrity
but also reduces opportunities for skill development!"*®.

Educators must implement clear regulations governing Al use,
ensuring that Al-generated content is explicitly acknowledged in
submissions and references!"’”. Furthermore, developing reliable
tools to detect Al-generated text and integrating Al literacy into
dental curricula will be critical to fostering responsible use.

6.6. Humanistic care

A fundamental limitation of Al in dentistry lies in its inability to
replicate the humanistic dimensions of clinical care. Unlike human
practitioners, Al systems lack subjective experience, emotional
understanding, and a genuine concern for patient well-being. This
deficit manifests throughout the patient journey. In diagnostic
contexts, Al may accurately identify pathology but cannot recognize
or alleviate patient anxiety!”. During treatment planning and
delivery, particularly in sensitive procedures, Al-driven or robotic
systems operate with technical precision but cannot offer the reassur-
ance, contextual judgment, or empathetic presence of a human clini-
cian!”?" Certain Al systems are capable of integrating natural
language processing, facial recognition, or sentiment analysis to
simulate empathetic communication, such as detecting stress cues,
modulating tone, or providing explanatory support. However, these
simulated behavior are ultimately algorithmic constructs generated
from data rather than authentic expressions of empathy™'>". A
balanced and ethically responsible approach is to employ Al as a
complementary tool that augments, rather than replaces, the clini-
cian's role. Ultimately, patient care can benefit from both techno-
logical advancement and genuine human connection by combining
the analytical precision of Al with the empathy and communication

skills of a clinician*2*,

7. Conclusion

Artificial intelligence holds considerable promise in dentistry,
from improving diagnosis and treatment planning to supporting
education and research. If used well, Al can help clinicians work
more efficiently, tailor care to individual patients, and provide educa-
tors and students with new ways to learn and engage with the latest
scientific evidence. These benefits will only be realized if existing
challenges are addressed. Data quality, ethical safeguards, and the
need for transparent, explainable models remain essential. Dentists
and students alike must understand both the strengths and the limits
of Al, so that it is used to guide, and not replace clinical judgment.
Clear usage guidelines, continuous model monitoring, and the ability
to detect and label Al-generated content will help maintain academic
integrity, preserve trust in clinical decision-making, and safeguard
the human elements of dental care. Artificial intelligence is not a
replacement for the human side of dentistry. With thoughtful integra-
tion, respect for patient privacy, and a commitment to continuous
improvement, it can become a trusted part of everyday practice, one
that supports clinicians, enriches education, and ultimately improves
the quality of care patients receive.

This review has several limitations that point toward future
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research priorities. Presenting clinical applications as a narrative list,
while comprehensive, underscores the need for standardized taxono-
mies that classify Al systems by task family, data type, and readiness
level. Future efforts should establish task-specific reporting stan-
dards and a common evaluation framework for consistent metric
alignment and cross-task comparison. Such harmonization will be
essential for translating exploratory studies into validated clinical
decision-support systems.
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