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Introduction to dental biology

« Dental biology encompasses the study
of the structure, development, function of
tooth and its supporting structures along
with associated pathologies.

* It comprises of hard dental tissues, soft
dental tissues and supporting structures.
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Global burden of oral
diseases

Oral disease burden Oral health inequality High economic burden of oral diseases

3.5 billion 3 out of 4 > 380 billion

people globally are affected by oral diseases in 2019 gg;}g'e affected living in middle-income countries in US$ is spent for the main oral diseases in 2019

* Untreated dental caries affects Oral diseases disproportionately This represents about 4.8% of
2.5 billion people affect the most vulnerable and global direct health expenditures
« Severe periodontal disease disadvantaged populations with
affects 1 billion people people of low socioeconomic status
« Complete tooth loss affects 350 carrying a higher burden of oral
million people diseases throughout the life course
« Oral cancer affects 380,000
people

https://www.who.int/data/gho/data/themes/oral-health-data-portal.
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Limitations of conventional dental care approaches

Conventional dental care Al-driven dental care
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Introduction to Artificial intelligence

Artificial intelligence (Al) is not a new term. Alan Turing wrote in his paper “Computing Machinery and Intelligence™

in the 1950 issue of Mind:

“I believe that at the end of the century (20th), the use of words and general educated opinion will have altered so
much that one will be able to speak of machines thinking without expecting to be contradicted.”

Artificial intelligence (Al)**

Strong Al Weak
Al |
v v v ¥

« Strong Al refers to the ability Expert-based Machine Deep Neural
and intelligence of Al equaling system learning learning networks
that of humans.*** _ sed ___

- Strong Al aims to create a multi- — Inference — Supervised — Supenvise — Artificial Neural
task algorithm to  make engine learning learning Network (ANN)
decisi - itinle field *Random Forest * ResNet « Multilayer perceptron

ecisions in mu tlp e Tieldas. | Knowledge .Support Vector Machine . VGGnet .
« There are no strong Al base «K-Nearest Neighbors * Inception net Convolutional
applications up to now. — Semi- | Unsupervised Ngﬁﬁ' Network

supervised learning (. ! t)
* [e=dfitrainigp models « Autoencoders net
*Semi-supervised SVM  Deep belief networks Generative

*TuringAMHaugelandJ. Computing machinery and intelligence. MA: MIT Press Cambridge (1950) — Unsupervised | adverse

**Dir_lg H, Wu J, _Zhao W, Matinlinna JP, Burrow MF qnd Tsoi JKH (2023) Artificial intelligence in Iearning arial networks

dentistry—A review. Front. Dent. Med 4:1085251. doi: 10.3389/fdmed.2023.1085251 « K-means clusterin

***E|lowersJC. Strong and weak Al: deweyan considerations. AAAI Spring symposium: towards g ((3’051\@5)“\N

conscious Al systems (2019).

*DBSCAN



Workflow of Al iIn schematic format

Data input and
language models

Artificial Intelligence

Text

Large Language Models
understand and generate human
language, performing tasks like
text generation and analysis

B A I

Audio Image Video

Large Vision Models process visual data
like images and video, while Multimodality
Models handle diverse data types like text

and images, integrating techniques for
tasks involving different modalities

gt : Artificial intelligence (Al)
Artificial Intelllgence Any techniques that enable machines

to solve a task in a way like humans do

Machine learning (ML)

Machine learning Algorithms that allow computers to
learn from examples without being
explicitly programmed

Artificial neural Artificial neural networks (ANN)
networks Brain-inspired  machine  learning
models

Deep learning (DL)

A subset of ML which uses deep
artificial neural networks as models
and automatically builds a hierarchy
of data representations

Deep learning

https://doi.org/10.1016/j.identj.2025.02.005
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Al tools utilized in dental applications

Technology Definition Common Applications in Dentistry
ML Algorithms that learn patterns from data Caries prediction, periodontal disease
classification
DL Subset of ML using neural networks with multiple Radiograph interpretation, lesion
layers detection
CNNs Specialized for image recognition Cephalometric ar.laly5|s,l panoramic X-ray
diagnosis
NLP Understanding and generating human language Chart review, auto-generated reports,

patient communication bots

Computer vision

Visual data processing and interpretation

Tooth segmentation, restoration design,
intraoral imaging analysis

Reinforcement
learning

Learning through trial-and-error with feedback

Robotics, Al-guided surgical maneuvers

ML, machine learning; DL, deep learning; NLP, natural language processing; CNNs, convolutional neural networks

Albuhayri, F. S., Albshaier, S. J., Dashti, A. |, Alrajhi, J. F., Alhamidy, F. K., Busuhail, M. A., et al (2025). The Expanding Role of Artificial Intelligence in Dentistry: A Cross-Specialty Chairside

Perspective. Cureus, 17(12), e98449. https://doi.org/10.7759/cureus.98449
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Integration of Al component in dental practice

Appointment triage and pre
visit screening

Al chat-bots could collect
symptoms and perform risk
stratification of patients

Detecting dental caries from
radiographs

Growth and development
prediction

Al assisted caries detection
software can highlight
suspicious lesions on

radiographs, flag early enamel
lesions

- e -
/9 a0 s B

Early detection of
developmental defects

7~

-

Predict eruption timelines,
root development stages or
need for space maintainers.

Workflow automation and
documentation

-

Parental communication tools

Automatic labelling of
suspected lesions would be
useful during child screening

- A =
. /, -@ =

Al Dental charting, diagnostic
notes, suggesting recall
intervals

~

Show disease progression
simulations, print simplified
reports for parents

Prasad P (2026) The role of artificial intelligence in diagnosing pediatric dental disorders—a narrative review. Front. Dent. Med. 6:1685359. doi: 10.3389/fdmed.2025.1685359




Overview of Al application in diverse dental specialties

* Images
» Radiographs
* Computed Tomography
* Point clouds
» Ultrasonography
» Near Infrared
Transillumination Images
Patient » Histopathologic slides
* Clinical notes
 Clinical parameters

MO LA

Input Data

https://doi.org/10.1016/j.jdent.2025.105648
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Schematic representation of Al integration in dental
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Z.Zheng, H. Yan, F.C. Setzer, K.J. Shi, M.Mupparapu, J. Li. Anatomically Constrained Deep Learning for Automating Dental CBCT Segmentation and Lesion Detection. IEEE Transactions on Automation 10
Science and Engineering, 18 (2) (2021), pp. 603-614, 10.1109/TASE.2020.3025871
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Schematic representation of Al integration in dental
bi@%%e extraction from primary diagnostic imaging modalities to aid outcome prediction in

\/

1 Step: Data collection from different sources

)

Whole Slide Image Clinical photograph Radiomic data Other (e.g. medical
history, genomic data)

2 Step: Feature extraction and Image patches 3 Step: Diagnosis prediction
( Machine learning
Cellularity mitosis e o o o
Location size & shape Q@ RGP ~ B
¢ e e e e @
Texture colour A R —>

Input data

T

Prediction

* Location, Size & Shape: Left
buccal mucosa, 1 cm diameler,
irrequiar borders.

* Texture: Rough with central
ulceration.

+ Color: Erythematous borders,
whitish center.

+ Vascularity: Abnormal tortuous
vessels.

+ Coating: Thin white coating.

* Lesion: Single, irregular
margins. U

+ Adjunct: Mild swelling, no
oxudate. -

P. Charoenlarp, O. Silkosessak-
Chaiudom, V.Vipismakul
Atypical periosteal reaction and unusual
bone involvement of ameloblastoma: a
case report with 8-year follow-up
Imaging Sci Dent, 51 (2021), pp. 195-
201, 10.5624/isd.20200264
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microbiome & oral cancer

(A)Interactions between microorganisms and the
tumor microenvironment in oral squamous
cell carcinoma (OSCC):

(1) Bacteria and fungi can enter the tumor site
through the bloodstream or (2) from nearby
tissues like periodontal pockets. (a) Their
presence can contribute to a cancerous
environment by producing harmful metabolites,
(b) triggering inflammation (c)disrupting the
balance between cell growth and cell death

(B) Data Collection and High-throughput

Sequencing Pipelines:

This panel depicts the process of collecting and

analyzing microbiome samples (from oral tissues or

fluids) using high-throughput sequencing
technologies.

(C) Machine Learning (ML) for Cancer Prediction:

This panel explains how ML algorithms (e.g., random

forest, support vector machines, artificial neural

networks) are used to analyze microbiome data and
predict cancer outcomes.

(D) ML Model Training and Evaluation:

This panel highlights the importance of ensuring the

accuracy and reliability of the ML models.

(E) Data Visualization and Correlation Analysis:

This panel describes how data visualization

techniques are used to identify patterns in the

microbiome data to identify specific microbial
signatures associated with OSCC progression

12
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in Teledentistry Dental Things Decision Diagnostic
(loDT) Support Tools
Systems
(CDSS)

« Several important milestones have emerged with the implementation of Al into teledentistry.

1st- FDA's approval of Al diagnostic tools. The acceptance of Al devices like Videa Perio Assist (VPA) validated the effectiveness
of Al in dental diagnostics, indicating a significant innovation.

2nd - Jnnovations in Clinical Decision Support Systems (CDSS) are another important milestone. Al-enabled CDSS deliver
evidence-based recommendations, improving treatment planning and outcomes.

3d - Al-powered chatbots and virtual assistants that can help patients communicate and engage, making dental care more

accessible
https://doi.org/10.1016/j.dentre.2025.100154
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Challenge associated with Al implementation in teledentistry

Challenge

Infrastructure and
Connectivity Issues

Lack of Professional
Readiness and Training

Data Security and
Privacy Concerns

Integration with Existing
Systems

Cost and Financial
Considerations

Description

Limited broadband access and unstable
connections hinder telecommunication
and data transfer

Dental professionals may lack the
necessary skills and knowledge to
effectively use Al technologies

The handling of sensitive patient
information raises concerns about data
breaches and unauthorized access

Difficulty in integrating Al solutions with
current dental practice management
systems can disrupt workflows

High costs associated with
implementing Al technologies may deter
practices from adopting them

Impact on teledentistry
proposed

Reduces the effectiveness of remote
consultations and diagnostics

Results in underutilization of Al tools,
leading to inefficiencies in practice

Erodes patient trust and could lead to
legal repercussions for dental
practices

Causes delays in adoption and may
lead to resistance from practitioners

Limits access to advanced
technologies, particularly for smaller
practices or those in underserved
areas

Solution

Invest in robust telecommunication
infrastructure and explore satellite
internet solutions for rural areas

Implement comprehensive training
programs and continuous education
initiatives focused on Al applications in
dentistry

Adopt strong cybersecurity measures,
including encryption, regular audits,
and compliance with regulations like

HIPAA

Develop standardized APIs and
interoperability frameworks to facilitate
seamless integration of Al tools

Explore funding opportunities, grants,

or partnerships to subsidize costs for
dental practices adopting Al solutions

14
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Al in oral public health surveillance and real time tools
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Real-time examples of some Al applications in dental

High-performance deep learning

Automatep II(QILQ g y algorithm used in dentistry for real-

operations and provides Enhances diagnostics and time object detection and

smart insights for _ _ patient education with Al- segmentation in imaging

practice management PrOY'deS 2417 patient powered imaging Improves diagnostic {TTTTTIITTTTITTT T 1
mmmTTTmTTooooosmmooog assistance and optimizes 7Tl accuracy and  streamlines | YOLO (YO u On |y E
i Care stack ] front desk operations i OverJ et i workflows with  Al-driven | : ]
[ N J rmmmm e Lo rUR ! EY I Y S — =1 i lee On CE) E

' Al chatbot " Videahealth |

Planmeca

Streamlines charting

Augments diagnostic
confidence and office

processes with voice- _ Integrates Al into existing Facilitates precise management with Al-
activated periodontal Romexis Dentrix systems for diagnostics with Al- powered X-ray analysis
charting ~  TTTTTTTTTTTTTTTTTTTTTTTTTTTTT enhanced diagnostics based 3D image

Optimizes imaging analysis

workflows and patient
interactions with Al

https://www.remedo.io/blog/ai-
tools-in-dentistry-for-patient-care
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Al'in Dentistry




diseases, cavitles, elc.

Al in dentistry can improve
workflow automation by
handling billing, paperwork
work and insurance checks.

https://emitrr.com/blog/ai-for-dentistry/

Al surpasses humans in
analyzing intraoral
images, CBCT, and x-ray Better diagnosis

)
a planning \

Benefits of
Using Artificial e
Workflow  [ntelligence in
automation .
Dentistry

scans to detect ngzored
abnormalities, gum enta
treatment

Improved
patient

a engagement

Cost savings

-

Al can save costs by reducing errors in manual
entries, appointment bookings, and ensuring 24/7

availability without adding extra staff.

Using algorithms and
outcomes of past procedures,
dental Al can predict how
orthodontic treatments  will
affect the patient and suggest
better treatment planning.

Dental Al tools can improve
patient engagement by sending
automated appointment
reminders & follow-up texts, and
being available 24/7, helping
simplify appointment scheduling

and more.
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Challenges of Al in dentistry and potential

Data Inconsistency
Solution: Data Normalization &

Validation Evolving Compliance Needs
Q Solution: Integrate

Compliance Early

Legacy System Integration

Solution: Modular Al

Dentist Skepticism @
Solution: Clear Al Insights

Integration
Aging Al Models
Solution: Continuous
Monitoring & Updates Misapplication of Al
@ Solution: Define Al
Boundaries

https://appinventiv.com/blog/ai-in-dentistry/
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Al in Dental Biology
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“The future of dentistry lies not in replacing clinicians w
but in integrating Al to augment human decision-makir

For Future Collaboration and ldeas,
Contact:

Dr. Vini Mehta
Director (Research)

Dr. D. Y. Patil Dental College & Hospital,
Pune

1 vini.mehta@dpu.edu.in
1 +91 9021887668
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