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The revolution of digital development in healthcare is also reflected in dentistry, including
the shifting of treatment paradigms to artificial intelligence (Al). This systematic review
focuses on recent scientific literature and provides a detailed review of clinical applications
and diagnostic performance of artificial intelligence in prosthodontics. An electronic search
was carried out on MEDLINE PubMed, Cochrane, and a manual search using Google
Scholar till 30" Oct. 2024 for the last 10 years focusing on the use of artificial intelligence
in prosthodontics.

A total of eight studies meeting the pre-defined inclusion criteria were selected for detailed
analysis. Al has been applied in prosthodontics through deep learning, convolutional neural
networks, machine-vision-controlled robotics, and computer-aided planning. Outcomes
included high diagnostic accuracy, enhanced surgical precision, and streamlined prosthesis
design workflows. Accuracy rates reached up to 94.2% in identifying implant systems, and
robot-assisted placement showed significantly improved positional precision; however,
significant heterogeneity among studies precluded meta-analysis.

This systematic review signified the advances of Al in diagnostics, surgical planning, and
prosthetic design. Despite methodological limitations and heterogeneity, the findings
highlight Al's transformative potential. Future multi-center trials with standardized
outcome measures are recommended.

Keywords: Artificial intelligence, Prosthodontics, Machine learning, Restorative dentistry,
Algorithms, Diagnostic performance.

1. Introduction

efficiency, and accuracy within reduced time frames (3).

The speculations of the past are today's reality,
shaping the landscape of health science via
technological advancements. The advent of the “Fourth
Industrial Revolution,” characterized by the integration
of artificial intelligence (Al), has introduced
computational systems capable of replicating human
cognitive functions, such as analytical reasoning,
strategic planning, and informed decision-making (1). It
has revolutionized the fields of medicine and dentistry
(2), particularly through the incorporation of simulations
and robotics designed to enhance clinical precision,
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Although the routine integration of Al into dental
practice is still evolving, its presence is increasingly
evident across several domains, including diagnostic
imaging, robotic-assisted interventions, caries detection,
radiographic analysis, and the management of electronic
health records (4).

Unlike traditional diagnostic tools that rely heavily
on clinician expertise, manual interpretation of findings,
visual inspection, established treatment protocols, and
time-consuming workflows that are often inconsistent
(5), Al systems can rapidly analyze large datasets,
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identify complex patterns, and deliver consistent
outcomes with increased precision (6).

RaPid, a design assistant, has many applications in
prosthodontics. It combines numerous aspects, such as
anthropological calculations, ethnicity, face
proportions, and patient inclinations, to provide patients
with a prosthesis that fulfills their functional and esthetic
needs. It connects databases, computer-aided designs,
and knowledge-based systems (7). Also, Al is widely
adopted by lab personnel to create advanced dental
restorations that beat the set standards for form,
function, and esthetics (8).

Malishery et al. conducted research on the
performance of artificial neural networks (ANNS) in
detecting the case complexity and need for referral. The
results signified that neural networks improve
performance by increasing the speed of decision-making
and referral (9). Similarly, the results of research by
Sighiri et al. implied that the accuracy of ANNSs in
locating the apical foramen was more than that of
endodontists (10). Kise et al. conducted research on the
diagnostic performance of Al in the detection of Sjégren
syndrome and compared its performance with that of
radiologists. The research findings revealed that deep-

learning networks showed a higher diagnostic
performance (11).
While Al offered offer promising results, its

diagnostic performance and clinical application in
prosthodontics were validated through this systematic
review. This review synthesized existing data on Al’s
accuracy, sensitivity, and specificity in prosthodontic
diagnosis, patient management, and decision-making

processes. and highlights the existing gaps and
opportunities for future research.
The objective of the current review is to

systematically evaluate and generate evidence on the
clinical applications and diagnostic performance of
artificial intelligence in prosthodontics.

2. Materials and Methods

This systematic review was conducted following the
PRISMA guidelines (12). The protocol had already been
registered in PROSPERO under registration 1D
CRD42024583860.

2.1 Inclusion and Exclusion Criteria
The articles included in the review should meet the
following inclusion criteria:
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e Atrticles available in the English language.

e Atrticles published in the last 10 years (up to October
2024).

e Studies that have utilized Al for diagnosis, planning
of treatment, designing, and fabrication of
prostheses.

e The study designs included cross-sectional studies,
randomized controlled trials, case-control studies,
cohort studies, and clinical trials.

The following studies were excluded:

o Articles for which full text was unavailable.

e Research using theoretical Al models without
clinical application.

e Al applications in non-prosthodontic dental
specialties (e.g. orthodontics and periodontics)
unless directly related to prosthodontics.

e Basic research on Al algorithms without clinical
relevance to prosthodontic practice.

2.2 Information Sources

A systematic electronic search of Cochrane and
PubMed MEDLINE databases was performed on 5™
November 2024, for English-language publications.
Additionally, manual searches were performed using
Google Scholar on the same date.

2.2.1 Search Strategy

A search strategy was developed based on the PICO
criteria  followed by an electronic search. The
formulated PICO question was as follows: What are the
current clinical applications and diagnostic performance
of Al in prosthodontics?

Search syntax was categorized as:

P (Population) —prosthodontics.

I (Intervention) - artificial intelligence.

C (Comparison) -not applicable.

O (Outcome) -clinical applications and diagnostic
performance.

Search syntax incorporated MeSH terms and free-
text keywords: (“Artificial Intelligence”[Mesh] OR
"machine learning” OR "neural network*" OR "deep
learning™) AND  (“Prosthodontics"[Mesh]  OR
"prosthetic treatment” OR "dental implant*") AND
("Clinical application*" OR "diagnostic performance"
OR accuracy OR sensitivity OR specificity).

2.3 Data Extraction

Two reviewers (AHJ and AA) independently
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screened titles and abstracts retrieved from the databases
that met the pre-defined criteria. Full text was considered
when inadequate information was extracted from the titles
and abstracts. The final list of articles was composed for
further evaluation by a full-text analysis of the pertinent
articles independently by the two reviewers. Any
potential disagreements were resolved by discussion.

The information collected from the selected articles
is presented in Table 1.

2.4 Risk of Bias Assessment
This assessment was performed as follows.

e Randomized Controlled Trials (RCTs): Cochrane
Risk of Bias Tool (RoB 2)

o Cross-sectional studies and case series: Joanna
Briggs Institute (JBI) Critical Appraisal Checklist for
Analytical Cross-sectional studies and case series.

o Diagnostic accuracy study: QUADAS-2

e Experimental study (non-randomized): ROBIN-1

—
£ Records identified from*: Recor QS removed before
= Cochrane (n=18) screening:
E MEDLINE (n=69) -, Duplicate records
= Google Scholar (n=3) removed
= (n=4)
b=
N
= }
& Record luded
= Records screened:86 — ecords exclude
g (n =54)
<
W
— }
Records excluded:
* Full text not available
(6)
= Sought for retrieval :32 *  Literature review (1)
EJ) * Not directly related to
= prosthodontics (7)
— * Not matching the
i inclusion criteria (09)
* Systematic review (1)
5
= Studies included in review
S (n=8)
=

3. Results

3.1 Included Studies
The systematic search from the mentioned databases

was completed on November 6, 2024. After removing

duplicates, 86 articles were screened for titles. Abstract
screening was performed for 32 articles. Subsequently,

a full-text analysis of 19 articles was performed to

evaluate whether the inclusion criteria were met. After

further evaluation, 13 articles were excluded for the
following reasons:

o Al applications not directly related to prosthodontics
(n=T7).

o Full-text inaccessible (n = 6).

o Additionally, a manual search using Google Scholar
also retrieved two other articles that met the pre-
defined inclusion criteria. A total of eight full-text
articles were finally selected for further analysis
(Figure 1).

Figure 1: Flowchart of the search strategy

3.2 Descriptive Analysis

Full-text analysis of the eight included studies has
highlighted the widespread use of Al across various
prosthodontic disciplines. Direct comparisons were not
possible due to the heterogeneity of the included studies.
Study design for two of the included studies were
randomized controlled trials (RCTs), two were
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experimental, one was a clinical trial, one was a retrospective
observational study, one was a diagnostic accuracy study,
and one was a translational study. Also, there was significant
variation in the number of datasets used and the outcome
variable being measured. Subsequently, a descriptive
approach was adopted for data analysis. Of the publications,
four studies emphasized radiographic image analysis. There
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was a significant variation in the number of training datasets
used in these studies (129-10770). Four of the included
studies explored convolutional neural network (CNN)
models, one study used an artificial neural network (ANN)
model, another study utilized intrinsic Al and algorithms for
surface anatomy identification, and two studies employed a
machine-vision-controlled collaborative robotic system—
see Table 1.

3.2.1 Summary of Descriptive Synthesis
e Study designs: 2 RCTs, 2 experimental, 1 diagnostic

accuracy, 1 clinical trial, 1 translational, 1 retrospective
study.

e Al models: CNNs (n=4), ANN (n=1), machine
vision-controlled robotics VCR (n=2), 3D re-
construction algorithms (n=1).

o Applications: Implant system classification, robotic-
assisted placement, prosthesis design, anatomical
identification.

e Outcome metrics included accuracy (up to 94.2%),
precision, area under the curve (AUC) (up to 0.971),
angular deviation, and classification of error rates.

Table 1: Characteristics and results of the included studies
. Training/
First Author Study Design n Validation test Aim of Study Al Application Outcome
(year) country Datasets D datasets
atasets
Mohammed Retrospective | 1258 - - This study aimed to provide | The study applied 28 different deep | ConvNeXt_small
AH.  Lubbad | observational | panoramic an effective solution for the | learning models, which included: | achieved the highest
(2024), Turkey | study radiographs autonomous identification | 18 Convolutional Neural Network | accuracy of 94.2% in
(13) of dental implant brands | (CNN) models: VGG, ResNet, | classifying dental
through a deep learning- | DenseNet, EfficientNet, RegNet, | implant brands.
based computer diagnostic | ConvNeXt.
system. 10 Vision Transformer models:
Swin and Vision Transformer.
Alessandro Prospective - - - This study aims to assess | Al-driven surface anatomy | Dynamic navigation is
Pozzi  (2024), | clinical trial navigation accuracy for | identification. reliable for accurate
Italy (14) complete-arch implant implant placement. The
placement with immediate Al-driven  calibration
loading of digitally pre- protocol made fiducial-
fabricated provisions. free registration as
accurate as fiducial-
based methods.
Shi-Chong Translational | - - - This study aimed to report | Machine vision-controlled | Robot-assisted surgery
Qiao  (2023), | study (included the accuracy of robot- | collaborative robot. provides superior
China (15) both in vitro assisted dental implant accuracy compared to
model analysis placement in a pre-clinical traditional methods,
and a clinical model and further apply the such as static guides and
case series) robotic system in a clinical dynamic navigation.
case series.
Mohammed Experimental | 500 chet | 70/20% 10% The study aims to develop a | Six  pre-trained  convolutional | DenseNet169 achieved
Al- Study images deep learning-based model | neural networks (CNNs): AlexNet, | the highest performance
Sarem(2022), for automatically detecting | VGG16, VGG19, ResNet50, | with a precision of 0.98
Saudi  Arabia, and classifying missing | DenseNet169, MobileNetV3. and an overall accuracy
Yemen (16) teeth in CBCT images to of 93.33% for detecting
aid in dental implant missing teeth regions.
planning.

Jun-Yu Shi | Randomized
(2024), China | controlled trial
(17

The aim of this study was to | Haptic ~ and machine-vision- | The main outcome of
compare  the implant | controlled collaborative robotic | the study showed that

accuracy, safety, and | system. robot-assisted  implant
morbidity between robot- placement had
assisted and  freehand significantly better
dental implant placement positional accuracy than
using a haptic and machine- freehand placement.

vision-controlled
collaborative surgery robot.

Shi S. (2021), | Randomized
China controlled trial
(18)

The aim of this study was to | Computer-aided 3D reconstruction | Experimental group,
observe the effect of | technology using a PB neural | which used the Al-

intelligent three- dimensional | network algorithm. driven 3D reconstruction
(3D) computer- aided re- technology, had
construction technology in significantly better
the process of single-tooth treatment outcomes than
implantation,  particularly the  control  group
focusing on  improving (traditional ~ methods).
preoperative diagnosis, Specifically, 82.67% of
operation plan design, and cases in the experimental
the accuracy of the surgical group were rated as
procedure. "excellent" compared to

65.33% in the control
group, showing the
advantages of Al in
improving clinical
accuracy and outcomes.
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Jae-Hong Lee | Diagnostic 10,770 6,462 2,154 The aim of this study was to | GoogLeNet Inception-v3, a deep | The GoogLeNet
(2020), South | accuracy study | cropped images images evaluate the efficacy of a | CNN architecture. Inception-v3 deep CNN
Korea radiographic | /Validation deep convolutional neural architecture achieved an
(19) images (from | Dataset: network (CNN) algorithm AUC of 0.971 (95% ClI,
5390 2,154 for the identification and 0.963-0.978) for the
panoramic images classification of dental identification and
and 5380 implant systems. classification of dental
periapical implant systems,
radiographs) outperforming a board-
certified  periodontist
who had an AUC of
0.925.
Stefan  Raith | Experimental | 129 Used the [ 5 The aim of thisstudy wasto | The  study implemented an|The cusp Distance
(2017), study digitalized majority of | mandibles | develop and evaluate an | Artificial Neural Network (ANN) [ Method (CDM)
Germany jaw scans (69 | the available | per cross- | Artificial Neural Network | using Python, with the help of the | achieved  the  best
(20) upper and 60 | data for | validation | (ANN) to classify specific | PyBrain library. performance, with a
lower jaws) training. set (with | features of a tooth based on classification error rate
13 or 12| 3D scan data, with potential as low as 6.72%.
Cross- applications in chairside
validation | manufacturing workflows
sets) for dental prosthetics.

Risk of bias assessment was performed for each study. The results are summarized in Table 2 (A-E)

Table 2 (A): Risk of bias for RCTs

Alessandro pozzi (2024) Jun-yu shi (2023) Shi s (2024)
?eindomlzatlon process (item 1) Low risk Low risk Low risk
1.2 Low risk Low risk Low risk
1.3 Low risk Low risk Low risk
E.f;‘ect of assignment to intervention (item 2.a) Some concern Some concern Some concern
2.2 Some concern Some concern Some concern
2.3 Low risk Low risk Low risk
2.4 Low risk Low risk Low risk
2.5 Low risk Low risk Low risk
2.6 Low risk Low risk Low risk
2.7 Low risk Low risk Low risk
Effect of adhering to intervention (item 2.b) Low risk Low risk Low risk
2.1
2.2 Low risk Low risk Low risk
2.3 Low risk Low risk Low risk
2.4 Low risk Low risk Low risk
2.5 Low risk Low risk Low risk
2.6 Low risk Low risk Low risk
Missing outcome data (item 3) Low risk Low risk Low risk
3.1
3.2 Low risk Low risk Low risk
3.3 Low risk Low risk Low risk
3.4 Low risk Low risk Low risk
Measurement of the outcome (item 4) S
a1 ome concern Some concern Some concern
4.2 Low risk Low risk Low risk
4.3 Low risk Low risk Low risk
4.4 Some concern Some concern Some concern
4.5 Low risk Low risk Low risk
Selection of the reported studies (item 5)
51 Low risk Low risk Low risk
5.2 Low risk Low risk Low risk
5.3 Low risk Low risk Low risk
Overall risk of bias Low risk Low risk Low risk
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Table 2 (B): Risk of bias for experimental studies

. Domain Domain Domain Domain Domain Domain Domain Overall risk
First author(year)
1 2 3 4 5 6 7 of bias
Stefan Raith (2017) Moderate risk Low risk Lowrisk | Lowrisk | Lowrisk | Lowrisk | Moderate risk Low risk
Mohammed al-sarem (2022) | Moderate risk | Low risk Lowrisk | Lowrisk | Lowrisk | Lowrisk | Moderate risk Low risk
Table 2 (C): Risk of bias for case series
First author Domain | Domain | Domain | Domain | Domain | Domain | Domain | Domain | Domain | Domain | Overall
(year) 1 2 3 4 5 6 7 8 9 10 Risk
Shi-chong  giao
Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes Low risk
(2023)
Table 2 (D): Risk of bias for cross-sectional studies
. Domain | Domain | Domain | Domain | Domain | Domain | Domain Domain | Overall
First author (year) )
1 2 3 4 5 6 7 8 risk
Mohammed a.H. Lubbad (2024) Yes Yes Yes Yes No No Yes Yes Low
Table 2 (E): Risk of bias for diagnostic accuracy studies
First author (year) Patient selection Index test Reference standard Flow and timings Overall risk
Jae-hong lee (2020) Moderate risk Low risk Moderate risk Low risk Moderate
4. Discussion emphasized advancements in Al-driven surgical
This  systematic  review  emphasizes the planning and precision. The results of the study by Shi-
transformative potential of Al across various Chong Qiao et al. have mentioned that there is a marked

prosthodontic disciplines. Al has been incorporated in
treatment planning, identification, and placement of
dental implants and in designing prostheses to enhance
conventional workflows, improve diagnostic accuracy,
and enhance clinical outcomes.

According to this review, the use of convolutional
neural networks (CNNs) has significantly enhanced
diagnostic accuracy. Lee et al. reported an AUC of 0.971
for classifying dental implants, thus surpassing human
expertise. This aligns with the existing evidence
reinforcing the similar diagnostic performance of CNNs
in caries detection as well as the detection of
pathologies, underscoring AI’s reliability and
consistency in radiographic interpretation (21).
Similarly, the study of Al-Sarem et al. showed the ability
of deep-learning models to detect missing teeth in cone
beam computed tomography (CBCT) images, a result
endorsed by Jang et al., who narrated comparable
accuracy in using deep learning for tooth segmentation
(22). These findings collectively confirm AI’s ability to
rationalize diagnostic workflows in prosthodontics.

In addition to diagnostics, this review has

reduction in apex and angular deviation during robot-
assisted implant placement. Pozzi et al. confirmed these
findings by validating the efficacy of Al in navigation-
guided implant procedures and achieving an accuracy
comparable to that of fiducial-based systems. Such
evidence highlights AI’s ability to improve procedural
outcomes by reducing surgical errors, in concordance
with existing literature findings by Datta et al. signifying
the improved accuracy and precision of robot-assisted
maxillofacial surgeries (23).

The literature primarily focuses on the integration of
Al with digital workflows, underscoring its ability to
synchronize conventional approaches while reducing
human effort and time. Raith et al. employed an artificial
neural network (ANN) for dental cusp classification and
expedited the automated chairside manufacturing of
prostheses.

This review carried out a meticulous assessment of
popular Al applications using appropriate risk of bias
tools to ensure credibility and limit the chances of error.
While presenting promising results, this review
unambiguously identifies limitations that support the
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challenges reported in the existing literature. A
substantial challenge for the synthesis of results is the
heterogeneity observed in the study methodologies and
metrics. This problem is particularly evident in studies
employing various performance measures, including,
but not limited to, the area under the curve (AUC),
angular deviations, and error rates. Furthermore, most of
the studies focused on technical accuracy instead of
patient-centered outcomes, such as satisfaction and
long-term  success rates.  Additionally, ethical
considerations in adopting Al must prioritize
transparency, data security, and bias.

5. Conclusions

In conclusion, this systematic review signified the
advances of Al in diagnostics, surgical planning, and
prosthetic design, reinforcing the prevailing evidence on
the transformative potential of artificial intelligence in
prosthodontics. However, generalizability is limited by
the absence of large-scale, multi-center, randomized
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