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Abstract—Deep learning leverages multi-layered neural
networks to analyze intricate data patterns, offering
advancements beyond traditional methods. This review paper
explores the significant impact of deep learning on diagnostic
and treatment processes across various dental specialties. In
restorative dentistry, deep learning algorithms enhance the
detection of dental caries and optimize the design of
restorations.  Orthodontics  benefits from  automated
cephalometric analysis and personalized treatment planning.
Periodontics utilizes deep learning for accurate diagnosis and
classification of periodontal diseases, as well as monitoring
disease progression. In endodontics, these technologies improve
root canal detection and treatment outcome predictions.
Prosthodontics and oral surgery leverage deep learning for
precise prosthesis design and surgical planning, enhancing
patient-specific care. Despite the promising advancements,
challenges such as data quality, model interpretability, and
regulatory issues persist. To solve these problems and get the
most out of deep learning in dentistry, the review stresses the
need for ongoing research and collaboration between different
fields. In our review, we discuss significant deep learning models
such as Convolutional Neural Networks (CNNs) and their
applications in dentistry, including tooth segmentation, lesion
detection, and orthodontic treatment planning. We also examine
the use of Generative Adversarial Networks (GANs) for
generating synthetic data to enhance training datasets. This
paper reviews recent research to provide a comprehensive
overview of how deep learning is transforming dentistry, leading
to improved patient outcomes, diagnostic accuracy, and
treatment efficiency. The advancements in Al and 3D imaging
herald a future of automated, high-quality dental diagnostics
and treatments.

Keywords—Artificial Intelligence; Deep Learning; Dental
Imaging; Generative Adversarial Networks; Neural Network;
Segmentation.

l. INTRODUCTION

This In recent years, Artificial Intelligence (Al) and Deep
Learning (DL) have made significant progress, finding
applications in a variety of fields, including healthcare [1][2].
Al involves creating machines that mimic human
intelligence, allowing them to execute tasks that usually need
human cognitive abilities. Deep learning, uses multi-layered
neural networks to recognize intricate data patterns. These

advancements are revolutionizing healthcare by boosting
diagnostic precision, optimizing treatment strategies, and
enhancing patient care. In dentistry, integration of Al and DL
is proving to be particularly transformative. From aiding in
the detection of dental caries to assisting in complex
orthodontic treatment planning [3][4], these technologies
offer the potential to significantly improve clinical practice.
For instance, deep learning algorithms can analyze dental
radiographs with remarkable accuracy [5], identifying
pathologies that might be missed by the human eye.

The relevance of Al in dentistry extends across its various
specialties, each benefiting uniquely from these technological
advancements. In restorative dentistry, Al aids in the precise
detection of caries and the design of dental restorations.
Orthodontics leverages Al for automated cephalometric
analysis and personalized treatment planning [6].
Periodontics and endodontics utilize deep learning for disease
detection and monitoring, while prosthodontics and oral
surgery benefit from Al-enhanced prosthesis design and
surgical planning [7]. Despite significant advancements,
incorporating Al in dentistry faces several challenges.
Problems with data quality, understanding model decisions,
and meeting regulatory standards are major obstacles.
Ensuring high-quality and accessible dental data for Al
training is a significant issue [8]. Furthermore, the opaque
nature of deep learning models complicates the interpretation
of their decisions, which is vital for clinical trust.
Additionally, ethical and regulatory issues, including patient
privacy and data security, must be resolved to enable the
broader use of Al in dentistry. Al has transformed dentistry
through its various applications, including diagnostic
imaging, predictive analytics, and personalized treatment
plans. Grasping the types of neural networks and techniques
employed is essential to understanding these advancements.
Convolutional Neural Networks (CNNs) are especially
potent for image-related tasks, making them indispensable in
dental imaging applications. CNNs feature layers that
automatically identify elements from raw images, such as
edges, textures, and complex patterns, facilitating precise
analysis of dental radiographs and intraoral images [9].
Recurrent Neural Networks (RNNs), such as Long Short-
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Term Memory (LSTM) networks, excel in handling
sequential data, making them valuable for predictive
modeling and analyzing time-series data like patient
treatment progress [10]. Transfer learning techniques enable
these neural networks to use pre-trained models, minimizing
the need for extensive dental-specific datasets [11].

Generative adversarial networks (GANSs), including 3D
Convolutional GANs (3DCGANS), are being investigated for
generating synthetic dental images to supplement training
data, which is particularly beneficial for 3D imaging in dental
applications [12]. UNet, an architecture renowned for
biomedical image segmentation, is extensively used for
segmenting dental structures in radiographs and CBCT scans,
improving the precision of diagnostic tools [13].
Additionally, VGG16, a deep convolutional network for
large-scale image recognition, is employed for feature
extraction and classification in dental image analysis due to
its deep architecture and reliable performance [14]. These
sophisticated neural network architectures and techniques are
central to the technological progress in Al-driven dentistry,
enhancing diagnostic accuracy and treatment outcomes.

However, ongoing research and interdisciplinary
collaboration continue to push the boundaries of what Al can
achieve in dental care. Emerging technologies hold the
promise of further advancements, and collaboration between
dental professionals, Al researchers, and other stakeholders
is essential to overcome the existing challenges and fully
realize the potential of Al in dentistry. This paper investigates
the use of DL in various dental fields as in Fig. 1,
emphasizing major developments, challenges, and future
prospects. Through a review of existing literature, we aim to
offer a thorough understanding of the impact deep learning is
having on the future of dental practice. An electronic search
was performed in the databases PubMed, Google Scholar,
Scopus, and arXiv up until April 2024. The search was
restricted to publications from 2018 onwards, considering
that the use of deep learning for image analysis has gained
significant traction in recent years.
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1. COMPARATIVE ANALYSIS OF DEEP LEARNING'S
INFLUENCE ON DENTAL PRACTICE

Advanced learning algorithms known as Artificial Neural
Networks (ANNs) are modelled after neural network
structures that are found in the human brain. These networks
are extremely versatile for a range of learning tasks, including
supervised, unsupervised, and reinforcement learning,
because they can process intricate patterns and learn from
data. Their versatility has enabled ANNSs to address a broad
spectrum of problems across different domains.

In the context of dentistry, the application of deep
learning (DL) techniques stands out as one of the most
promising areas of research. These advanced methods hold
the potential to revolutionize decision-making support
systems by enabling the precise identification of patterns
from extensive databases of images. This capability is
particularly useful for diagnostic and treatment planning
purposes. The versatility of DL algorithms extends far
beyond imaging; they can process a wide variety of
biomedical signals from a variety of sources, making them
powerful resources for dentistry [15].

The integration of DL in dentistry facilitates the
development of robust, high-performance systems that can
assist clinicians in making more accurate and efficient
decisions. For example, DL models can analyze radiographs
to detect dental caries, periodontal disease, and other oral
pathologies with a high degree of accuracy, often surpassing
human performance. Additionally, these technologies can be
used to predict the outcomes of various dental treatments,
customize patient care, and even automate routine tasks,
thereby enhancing the overall efficiency of dental practices
[16]. Furthermore, the continuous advancements in DL
algorithms and computational power are expected to drive
further innovations in dentistry. As these systems become
more sophisticated, they will likely provide even greater
insights and support, ultimately leading to improved patient
outcomes and advancing the field of dental medicine. The
ongoing research and development in this area underscore the
transformative potential of DL in dentistry, paving the way
for new diagnostic tools, treatment modalities, and
personalized patient care solutions.
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Fig. 1. Applications of deep learning (DL) in various areas of dentistry, including diagnostic imaging, disease detection, treatment planning, and personalized
care, showcasing how DL enhances precision, efficiency, and outcomes in dental practice
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A. Neural Networks for Periodontics

Billion individuals around the world suffer with
periodontitis, making it one of the best-known diseases.
Treatment is necessary to prevent tooth movement and,
eventually, tooth loss [17]. Prevention of severe periodontitis
requires prompt diagnosis and treatment. Gingival recession
and pocket probing depths are the standard clinical tools for
diagnosing periodontal disease. For clinical attachment loss,
the Periodontal Screening Index (PSI) is a common tool to
utilize. However, this clinical evaluation can be unreliable as
it depends significantly on the dentist's expertise, potentially
leading to overlooked localized periodontal tissue loss [18].

Artificial Intelligence has been applied to the field of
periodontics to diagnose and classify various forms of
periodontal disease [19]. Convolutional neural networks
(CNNs), for instance, were used by [18] to detect Periodontal
Bone Loss (PBL) in panoramic radiographs. An example of
a CNN model is shown in Fig. 2. A suggested CNN
algorithm's potential efficacy and accuracy for automatically
identifying teeth with damaged periodontal tissue were
assessed by authors of [20]. Reference [21] demonstrated that
a CNN algorithm created by their research team and
integrating systemic health-related data may be used to
evaluate periodontal diseases. Table | shows a detailed
comparison of different researches in periodontal dentistry.

TABLE I. COMPARISON OF PREVIOUS WORKS ON PERIODONTAL

DENTISTRY
Ref. Image Types Algorithms D:\itzz:\asset Accuracy
[18] P?riodontal pone CNN 1809 081
0ss detection
Periodontally
[20] compromised CNN 1740 0.734-0.828
teeth detection
Periodontal
[21] condition CNN 284 0.897
examination

B. Neural Networks for Orthodontics

In general, the planning of orthodontic treatment is
contingent upon the preferences and expertise of
orthodontists. Unique perspectives are brought by each
patient and orthodontist, resulting in a collaborative process
for treatment decisions. Traditionally, diagnosing
malocclusion requires significant effort from orthodontists,

Poaling

as numerous variables must be considered in cephalometric
analysis.

Al is well-suited to address orthodontic challenges [22].
Table Il shows a detailed comparison of different researches
in orthodontal dentistry. A deep learning approach that can
correctly recognize cephalometric landmarks on radiographs
was proven by authors of [23], [24] and [25] also created
algorithms that could recognize these landmarks as
accurately as human examiners. To automatically categorize
skeletons from lateral cephalometric radiographs, [26] put up
a technique.

Using lateral cephalometric radiographs, [27] suggested
an Al model to ascertain the need for surgery. Most artificial
intelligence (Al) applications for orthodontics aim to
automate the orthodontist's time-consuming and laborious
work in landmark recognition and treatment planning.
Segmenting and classifying the teeth is an important step in
orthodontic treatment planning. These tasks have also made
use of Al on a variety of sources, including radiography and
full-arch 3D digital optical scans [28]. Using 3D intraoral
scanner and CBCT data to create digital teeth models, [29]
suggested multiple Al algorithms for automatic tooth
segmentation. Their effectiveness was 500 times higher than
that of radiologists, and they were able to segment alveolar
bone in addition to teeth. Their approach proved effective
even in the most difficult cases with a wide range of dental
problems.

TABLE Il. COMPARISON OF PREVIOUS WORKS ON ORTHODONTIC

DENTISTRY
Ref. Image Types Algorithms D;tzaesSEt Accuracy
[24] | , Cephalometric CNN 1311 | 0.804-0.962
landmarks locating
Tooth
[25] landmark/axis NN 3084 0.934
detection
Skeletal 0.8951-
[26] classification CNN 56890 0.964
[28] Tooth, CNN 2000 | 0.980-0.986
segmentation
Tooth:
Tooth and alveolar 0.915
[29] bone segmentation CNN 4331 Alveolar
bone: 0.93
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Fig. 2. Example of a Convolutional Neural Network (CNN) model, illustrating the architecture and layers involved in processing images for tasks such as

segmentation, diagnosis, and treatment planning
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C. Neural Networks for Prosthodontics

A dental crown is often prepared in prosthodontics using
a multi-step process that includes tooth planning,
impressions, cast trimming, fabrication, restoration design,
try-in, and cementation. Computer-aided design and
manufacturing (CAD/CAM) systems, found in commercial
products like CEREC, Sirona, and 3Shape, have digitized the
design process. While these systems have enhanced the
efficiency of crown design by using a tooth library, they still
lack the capability to produce custom-made designs tailored
for individual patients [30].

Recent advancements in Al have led to innovative
methods for crown design. By using 2D-GAN models as in
Fig. 3, author of [31] have created crowns by using technician
designs as a source of knowledge. 2D depth maps created
from 3D tooth models served as the training set for these
models. Furthermore, [32] generated crowns using a 3D-
DCGAN network that directly utilized 3D data, producing
crown morphologies that resembled real teeth. The workflow
can be made more efficient and effective by combining Al
with CAD/CAM or 3D/4D printing technologies [33]. Al has
also been applied to shade matching and CAD/CAM
restorative debonding prediction [34].

Currently, ML algorithms primarily aid in the creation of
removable dentures by doing tasks like categorizing dental
arches [35] and making predictions about how edentulous
patients’ faces would look [36].

The design process for removable prosthodontics is more
complex due to the involvement of more factors and
variables. Currently, no machine learning (ML) algorithms
are available for creating custom removable dentures,
although several expert systems were developed [37]. Table
I11. Shows a detailed comparison of different researches in
prosthodontic dentistry.

TABLE Ill. COMPARISON OF PREVIOUS WORKS ON PROSTHODONTIC

DENTISTRY
Ref. Image Types Algorithms D;aitzzzsset Accuracy
[30] Crown generation GAN 3313 0.92
[31] Crown generation GAN 780 0.936
[32] Crown generation | 3D-DCGAN 612 0.965
[33) | Crowndebonding CNN 8640 0.985
prediction
[34] Dental arch CNN 1184 0.997
classification

D. Neural Networks for maxillofacial and oral pathologies

The field of Oral and Maxillofacial Pathology (OMFP) is
dedicated to the diagnosis and study of pathological problems
that affect the oral and maxillofacial areas. Oral cancer
represents the most critical form of OMFP. As reported by
the World Health Organization (WHO), over 657,000 new
cases of oral cancer are identified each year [38]. In OMFP,
Al research has predominantly targeted the detection of
tumors and cancers through radiographic, microscopic, and
ultrasonographic images. Al is also employed to identify
irregularities in radiographs [39].

It is crucial to diagnose and identify different mucosal
lesions as soon as possible to determine whether they are
benign or malignant; surgical excision is required for
malignant lesions. However, other lesions have a similar
appearance and need to be diagnosed with radiographs and
biopsy slides. Using a microscope to examine the
morphology of stained specimens on glass slides,
pathologists can identify illnesses [40]. This painstaking task
requires considerable effort from pathologists. Of the
biopsies examined, only around 20% are malignant. Thus, Al
can serve as an invaluable tool to aid pathologists in this
process. Table 1V. shows a detailed comparison of different
researches in oral and maxillofacial pathology.
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Fig. 3. General workflow of a Generative Adversarial Network (GAN), depicting the interaction between the generator and discriminator to create and refine

synthetic dental images for enhanced data augmentation and analysis
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On intraoral optical images, [41] used a CNN method to
identify oral squamous cell carcinoma (OSCC) and oral
potentially malignant disorders (OPMDs). The use of optical
coherence tomography (OCT) has also allowed for the
differentiation of oral mucosal lesions into benign and
malignant varieties. To demonstrate the efficacy of the CNN
algorithm for early SCC diagnosis, [42] automated the
diagnosis of oral Squamous Cell Carcinoma (SCC) using
confocal laser endomicroscopy pictures. Additionally, a
CNN algorithm was employed by [43] to distinguish between
ameloblastoma and Keratocystic Odontogenic Tumors
(KCOT), two oral tumors that share radiographic
characteristics.

With the help of ANN and SVM models, authors of [44]
were able to distinguish between dysplastic and malignant
oral lesions. When put side-by-side with biopsy data, the
CNN algorithm obtained 83% accuracy and a diagnostic time
of 38 seconds, which are in line with what oral and
maxillofacial professionals achieve. Using AlexNet, a
convolutional neural network (CNN), [45] were able to
distinguish between healthy and unhealthy mucosa in the
head and neck.

TABLE IV. COMPARISON OF PREVIOUS WORKS ON ORAL AND
MAXILLOFACIAL PATHOLOGY

Dataset

Ref. Image Types Algorithms sizes Accuracy
Mandibular molar CNN

[39] | and inferior nerve (ResNet - 571 0.7232
relation detection 50)

[41] OSCC diagnosis CNN 116 (video 0.883

CT sequences)
[43] CBCT CNN 500 0.83
[45] CBCT CNN 21 Sets 0.82

E. Neural Networks for Oral Implantology

Dental implants [46][47] involve placing implants in the
alveolar bone without the need for grinding or harming
adjacent teeth, which is a significant advantage. They are
more aesthetically pleasing and durable but also more
expensive [48]. Reference [49] initially identified ten
different dental diseases using a deep neural network model,
but found it to be more effective at identifying implants and
crowns rather than roots and caries.

Also [50] utilized Faster R-CNN to identify implants and
detect alveolar bone loss at the implant edges. Later [51]
optimized VGG16 to develop TVGG16, which reduces
computational effort and improves the accuracy of
recognizing implant manufacturers. Table V. shows a
detailed comparison of different researches in oral
implantology.

TABLE V. COMPARISON OF PREVIOUS WORKS ON ORAL IMPLANTOLOGY

Ref. | Image Types | Algorithms Dataset Size Acc;/Jrac
1670
Faster R . .
[50] X-ray CNN rad_lographlc 0.83
images
TVGG16
Panoramic by 1781 panoramic
[51] - L .
radiographs optimizing images
VGG16

F. Neural Networks for Restorative Dentistry

Treating missing teeth and providing post-dental
procedure care are the main areas of focus for restorative
dentistry [52][53]. Using mouth images, [54] fine-tuned
ResNet-18 to execute a multi-classification job, quickly
identifying one of 10 anomalies in teeth. In their
investigation, the use of these oral pictures in place of
conventional medical imaging produced noteworthy and
encouraging outcomes. In order to anticipate root locations
following orthodontic treatment, [55] generated a 3D model
of the tooth using convolutional neural networks (CNNS)
trained using cone beam computed tomography (CBCT)
scans taken before orthodontic treatment [56]. By identifying
11 different types of dental restorative materials, Takahashi's
deep learning algorithm [50] helps physicians better
understand how leftover teeth are restored.

Orthodontics utilizes CNNs and multi-stage CNNs for
automated cephalometric analysis and treatment planning,
while Faster R-CNN and GoogleNet Inception v2 enhance
the accuracy of landmark detection. Periodontics employs
CNNs and modified ANFIS for diagnosing and monitoring
periodontal diseases. In prosthodontics and oral surgery,
CNNs and Generative Adversarial Networks (GANS) assist
in prosthesis design and surgical planning, with ResNet and
AlexNet improving the classification of dental prostheses.
Additionally, transfer learning techniques enhance neural
network performance, reducing the need for extensive dental-
specific datasets. These advancements highlight the
transformative impact of DL on dental diagnostics and patient
care.

Il. COMPARISON OF DEEP LEARNING SEGMENTATION
ALGORITHMS FOR DENTISTRY

Dentistry research must prioritize early identification of
decay and other reasons for tooth loss [57][58]. Traditionally,
doctors judge the location and size of tooth defects through
visual observation and experience. However, medical
imaging technology enables more accurate identification of
tooth lesions. Different conditions require specific types of
dental films. Panoramic radiographs [59] capture images of
all teeth and both jaws, while bitewing radiographs are less
common but provide valuable information. Regardless of the
type, dental films aim to assist dentists in delivering more
precise and effective treatment. The block diagram
representation of dental segmentation and numbering is
shown in Fig. 4.

A. Tooth Image Segmentation and Labeling

Accurately marking three-dimensional tooth surfaces is
still a challenge in computer-aided treatment [60]. As the first
stage of computer-aided diagnosis, tooth image segmentation
is essential to medical image processing. The techniques for
segmenting and annotating dental images are reviewed in this
section and are included in Table VI.
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Fig. 4. Pipeline for tooth segmentation, detection, and numbering, illustrating the sequential steps from image preprocessing, segmentation using deep learning
models, to the final detection and numbering of individual teeth for clinical analysis

TABLE VI. COMPARISON OF PREVIOUS STUDIES ON VARIOUS DEEP LEARNING SEGMENTATION ALGORITHMS FOR DENTISTRY

[59] CBCT Scans Mixed-scale dense CNN

Ref | Image Types Algorithms Characteristics Performance
F1:0.64
[55] PR’s SWin — U-Net U-shaped encoders and decoders with skip-connections Mean: 0.47
Accuracy: 0.88
F1:0.80
. . genetic algorithm to segment individual tooth images and detect Mean:0.75
[56] OPG Images Automatic segmentation gap valleys. 10U:0.80
Accuracy: 0.73
F1:0.96
[57] CT Images Grey-scale r_norphological Enhanced segmentation and C(_Junting using morphological Mean: 0.98
and filtering operations. Acc:0.93
10U:0.94
[58] Paqoramic Trainipg on smaller Cropping reduces information Io_ss, improving CNN-based |Eb:%?953
Radiographs images segmentation. Sensitivity: 0.95
Jaw: 0.93
Segments jaws, teeth, and background for orthodontic treatment 0.90

planning. -Teeth: 0.199mm

mechanism

0.20
) NASNet multi- Classifies cavities, fillings, implants with high accuracy without Accuracy: 0.93
[60] | X-ray Images classification data enhancement. loU: 0.96
U-Net with attention . . . MPA: 0.86
[61] CT Images Adds attention mechanism for better tooth contour definition. loU: 0.84

Accuracy: 0.84

[62] | X-ray Images CNN and RCNN

Multi-class segmentation including implant devices for

Sensitivity: 0.75

interpretable results. Precision: .084

Acc: 0.77

Segments teeth individually using 3D U-Net, with framework for Acc: 0.96

[63] CBCT 3D U-Net 9 /idually using 5L U-INet, loU: 0.82

image size specification. A
Precision: 0.98

Local ternary encoder- . Acc: 0.94

[65] | X-ray Images decoder NN Improves LBCDNN for better tooth contour extraction. Dice: 0.92
[66] | X-ray Images CNN Introduced three additional detalled_classmcatlon labels for tooth )

segmentation.
An encoder-decoder constructed using a transformer and ~ with NASNet for multi-classification, without data

including skip-connections is used by Swin-Unet, which was
presented by [61], to precisely segment teeth on panoramic
radiographs. Reference [52] proposed an automatic
segmentation system for OPG images, employing a line
removal technique and genetic algorithm to detect tooth
boundaries and gap valleys. Also [63] enhanced
segmentation and counting using grey-scale morphological
operations. Before using CNN, [64] recommended practicing
with smaller, equidistant visuals to minimize information
loss. Reference [65] used a mixed-scale dense CNN for
segmenting jaws, teeth, and background in orthodontic
treatment planning. Authors of [66] achieved high accuracy

enhancement during pre-processing. Reference [67]
enhanced U-Net with an attention mechanism for improved
segmentation efficiency.

The reference [68] incorporated implant devices into
multi-class segmentation by utilizing CNN and RCNN, and
the findings were interpretable. Three-dimensional U-Net,
which treats each tooth as if it were a class, was proposed by
[69] as a method for multi-class segmentation. DL network
combinations were investigated in [70], with a particular
emphasis on VGG and ResNet models. The extraction of
dental contours was also improved by [71] by the utilization
of a local ternary encoder-decoder neural network. After that,

Rajashree Nambiar, A Comprehensive Review of Al and Deep Learning Applications in Dentistry: From Image

Segmentation to Treatment Planning



Journal of Robotics and Control (JRC)

ISSN: 2715-5072

1750

[72] presented a brand-new teeth classification system that
included descriptive labelling.

To use dental and medical data for machine learning (ML)
training, it is crucial to handle its complexity, sensitivity, and
limited validation methods with care [73]. Electronic medical
records often have low data integrity, lacking systematic
allocation and randomness; for example, hospital data may
overrepresent severe cases, while wearable device data may
reflect overly healthy individuals. Additionally, disparities in
healthcare systems across different regions can result in data
that may be precise but not broadly accurate, leading to biases
in Al applications [74]. Studies have explored ways to
mitigate the impact of such long-tailed data in ML [75].
Furthermore, the results of Al models are often not directly
applicable to clinical settings, as the single outputs from most
current medical Al applications only partially address the
complex decision-making needs in clinical practice.

In conclusion, the SWin-Unet, U-Net with attention
mechanism, 3D U-Net, NASNet, and LTPEDN models are
notably effective for dental segmentation tasks. These deep
learning methods have shown outstanding performance in
terms of accuracy, precision, and efficiency in various dental
imaging applications.

V. CONCLUSION AND FUTURE WORK

The integration of Al and DL in dentistry has shown
transformative  potential by significantly enhancing
diagnostic precision, treatment planning, and patient care. Al
technologies, particularly deep learning algorithms, excel in
analyzing dental radiographs, detecting pathologies, and
aiding complex orthodontic and prosthodontic procedures. In
periodontics, Al effectively diagnoses and categorizes
periodontal diseases, improving early detection and treatment
outcomes. Orthodontics has benefited from automated
cephalometric analysis and personalized treatment planning,
reducing labor-intensive tasks and increasing accuracy. In
prosthodontics, Al has revolutionized the design process for
dental restorations, especially crowns, through advanced
CAD/CAM systems and generative adversarial networks,
improving workflow efficiency and customization. Despite
these advancements, challenges such as data quality,
interpretability of Al models, and regulatory compliance
remain. Ensuring high-quality, accessible dental data and
addressing ethical and privacy concerns are essential for
broader Al adoption in dentistry. Al can assist in everything
from material research and diagnostic tools to treatment
planning and post-treatment monitoring, enhancing overall
patient care and operational efficiency.

Future research should aim to overcome existing
challenges to fully leverage Al in dentistry by developing
robust data management systems that ensure high-quality
dental datasets for training Al models and enhancing the
interpretability of Al algorithms to make their decision-
making processes more transparent to clinicians. Establishing
comprehensive regulatory frameworks addressing ethical,
legal, and privacy concerns is essential for the safe and
effective integration of Al into dental practice, requiring
collaboration among Al researchers, dental professionals, and
regulatory bodies [76][77]. Further exploration of Al
applications in underdeveloped areas of dentistry, such as

designing removable dentures and planning dental implants,
could lead to significant advancements. Investigating Al's
potential in personalized patient care, predictive analytics,
and real-time diagnostic support is also crucial. By
addressing these future directions, the dental field can
continue to innovate and improve patient outcomes,
ultimately advancing the standard of care in dental medicine.
As dental data collection increases, integrating DL with such
data will likely enhance results further. Given DL's
requirement for extensive data, initiatives to collect more data
are crucial. Storing this data locally is impractical as it grows,
so cloud services are becoming a preferred solution due to
their scalability and processing power. Cloud services also
enable the integration of various data sources, such as X-ray
images and clinical records, leading to more robust
predictions [78]-[80]. This integration supports precision
medicine, allowing for more personalized treatments and
improved patient outcomes.
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