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Featured Application

This review synthesizes current evidence on artificial intelligence-based dental crown
design, outlining prevalent algorithms, dataset characteristics, and performance metrics to
inform future development and clinical translation.

Abstract

Artificial intelligence (Al), particularly deep learning, is increasingly applied in dental
prosthetics, offering new approaches to dental crown design. This scoping review aimed
to summarize current evidence on Al-assisted crown design, focusing on algorithm types,
dataset characteristics, and evaluation methods. A comprehensive search of PubMed,
Scopus, Web of Science, and IEEE Xplore was conducted in February 2025, covering studies
published between January 2010 and February 2025. Ten studies met the inclusion criteria,
of which four developed custom AI models—mainly based on generative adversarial
networks—while six evaluated commercially available software. All studies used digitized
dental models obtained from scanned stone casts or intraoral scans, and dataset sizes varied
widely. Morphological accuracy was the most frequently reported outcome, assessed in
six studies, followed by design time and occlusal contact evaluation. While most Al-
generated crowns demonstrated clinically acceptable precision, only four studies fabricated
physical crowns and none conducted in vivo validation. These findings suggest that Al-
assisted crown design holds promise for improving anatomical accuracy and workflow
efficiency, but methodological heterogeneity and the lack of clinical validation highlight
the need for standardized evaluation protocols and further in vivo studies.

Keywords: crowns; dental prosthesis; dental prosthesis design; artificial intelligence;
deep learning

1. Introduction

Artificial intelligence (Al), a field of computer science, enables machines to perform
tasks that mimic human cognition such as learning, reasoning, and problem-solving.
Its growing ability to process large datasets and identify complex patterns has led to
widespread adoption across many disciplines [1]. In healthcare, Al plays a key role
in enhancing diagnostic accuracy, predicting disease progression, and personalizing
treatment planning [2,3].

Dentistry is actively embracing Al across multiple specialties [4]. In dental radiology, it
aids in image interpretation and pathology detection [5,6]; in periodontics, it helps forecast
disease progression and guide treatment planning [7,8]; and in orthodontics, it supports
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simulation-based therapy using digital scans [9]. Prosthodontics and implantology have
also begun applying Al to design restorations and assist with implant positioning and
identification [10-13]. Recently, several studies have highlighted the growing role of Al in
automating fixed dental prosthesis workflows, showing improvements in efficiency and
accuracy compared with conventional techniques [14,15]. These advancements collectively
contribute to improved clinical workflow and personalized patient care [16].

Among various Al techniques, machine learning (ML) allows computers to learn from
data without explicit programming. Deep learning, a subset of ML, employs layered neural
networks to automatically extract complex features and has transformed medical imaging
and diagnostics [17-21]. Convolutional Neural Networks (CNNSs), for instance, excel at
tasks like image classification, segmentation, and object detection across radiological ap-
plications and electronic health records [22,23]. Generative Adversarial Networks (GANS)
are another powerful class capable of realistic image synthesis, data augmentation, and
cross-modality translation in diagnostic imaging [24,25]. More recently, transformer-based
architectures—renowned from natural language processing—have gained traction in medi-
cal image analysis for their ability to capture long-range dependencies and improve tasks
such as segmentation and synthesis [26,27].

A particularly promising application of Al lies in the design of dental crowns. Crowns
restore function and esthetics to damaged teeth and require high precision to ensure clinical
success [28]. Al offers the potential to enhance this process by improving anatomical accu-
racy and workflow efficiency [29]. Historically, crown fabrication was a manual process
involving physical impressions and technician-made wax-ups [30]. The advent of intrao-
ral scanners and Computer-aided design/computer-aided manufacturing (CAD/CAM)
technology has since streamlined this workflow into a more standardized digital pro-
cess [31]. CAD/CAM-fabricated crowns have been shown to offer comparable accuracy to
conventional methods with greater efficiency [32-34].

Despite these improvements, crown design remains a complex process requiring both
anatomical expertise and clinical judgment [35]. While research on Al-assisted crown
design has been expanding rapidly [29], there is still a lack of comprehensive reviews
that examine the specific algorithms employed and their relevance to clinically important
outcomes such as crown morphology, fit, and occlusion.

Therefore, the purpose of this scoping review is to map and synthesize the current
evidence on artificial intelligence-assisted dental crown design and to discuss its potential
clinical implications.

The central research question guiding this review is:

“How has artificial intelligence been applied to dental crown design, and what is the
current evidence regarding its accuracy, efficiency, and potential clinical relevance?”

2. Methodology
2.1. Protocol

The methodological framework of this review is illustrated in Figure 1. The review
process followed the guidelines outlined in the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses extension for Scoping Reviews (PRISMA-ScR) [36]. This study
aimed to explore how Al has been applied to the design of full-coverage dental crowns and
to assess its reported performance.

To better align with scoping review methodology, we structured our research frame-
work using the PCC (Population, Concept, Context) model [37]:

Population (P): Studies involving the design of dental crowns in the field of prosthodontics,
based on digital datasets such as scanned stone casts or intraoral scans.
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Concept (C): Application of artificial intelligence models or software for dental crown
design, including performance evaluation.

Context (C): Studies conducted in prosthodontic research or clinical laboratory settings,
focusing on Al-driven crown design.

Literature search Study selection Qualitative analysis

=01

= [ Almodel ] [Innuldalaandsamples:ze]

[ Performance metrics ][ Purpose and conclusion ]

[ ]| |L I |C ]

Studies selected for review (n=10)

A
PubMed Scopus
Total records identified (n=206)
(n=49) (n=81)
Web of Science IEEE Xplore
(n=34) (n=42)

Figure 1. Overview of the scoping review workflow.

2.2. Literature Search

A comprehensive electronic search was conducted in February 2025 across PubMed,
Scopus, Web of Science, and IEEE Xplore. Both MeSH terms and free-text keywords were
used, combining relevant terms with Boolean operators. The main search strategy included

7

combinations of terms related to dental crowns (“dental crown,” “dental prosthesis,’

7 oa

“dental prosthesis design”) and artificial intelligence (“artificial intelligence,” “machine
learning,” “deep learning”). Search expressions were adapted for each database to ensure
compatibility and reproducibility. All search results from the four databases were exported
into Microsoft Excel (version 2021; Microsoft Corp., Redmond, WA, USA). Duplicate records
were identified by comparing titles, authors, and DOIs and were manually removed by the
reviewers to ensure accuracy.

The selection process was conducted in three stages. First, all potentially relevant
studies were identified using the predefined search string. Second, titles and abstracts were
screened to exclude studies unrelated to dental crown design or those not involving Al-
based applications. Finally, the full texts of the remaining articles were carefully reviewed
to confirm their eligibility based on predefined inclusion and exclusion criteria. The overall
process, including the number of studies excluded at each stage, is summarized in the

PRISMA-ScR flow diagram (Figure 2).

PubMed Scopus Web of Science |IEEE Xplore
(n=49) (n=81) (n=34) (n=42)
=
S
l
S
€
§ Records identified in total
= (n=206)
Records after duplicates

removed
=3 n=99
=
=
\
5
(%]

Titles and abstract screened s Records excluded

(n=99) (n=82)
. \
% Full text articles excluded (n=7)
=l Full papers interrogated for Reasons:
[m] eligibility —> | 3articles did not include full crowns

(n=17) 1 article did not finalize the design

1 article focused on implants
l 1 article did not use artificial intelligence

- 1 article used conventional CAD
§ Studies included in
° qualitative analysis
= (n=10)

Figure 2. PRISMA-ScR flow diagram illustrating the study selection process.
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2.3. Eligibility Criteria
Inclusion criteria were as follows:

1.  Peer-reviewed original research articles presenting primary data.
Studies specifically focused on full-coverage crown restorations.
Publications available in English, dated between January 2010 and February 2025.

Sl

Exclusion criteria included:

Studies not directly related to dental crown design (e.g., studies on implants).
Articles lacking objective performance data or outcome measures.
Studies for which the full text was unavailable.

L e

Reviews, opinion pieces, and editorial letters.

2.4. Quality Assessment of Included Studies

A quality assessment was conducted to evaluate methodological transparency and
clinical applicability. Each study was reviewed for three objective aspects: (1) whether the
Al methodology was clearly described, (2) whether physical crowns were fabricated for
validation, and (3) whether in vivo validation was performed.

Two independent reviewers (H.J. K. and Y.L.K.) evaluated the titles and abstracts
of the identified articles based on predefined inclusion and exclusion criteria. If the in-
formation provided in the titles and abstracts was deemed insufficient for determining
relevance, a comprehensive review of the full text was conducted. Both reviewers carefully
assessed studies that appeared to meet the eligibility criteria and collaboratively selected
articles for further analysis. In cases of disagreement, the reviewers revisited the eligi-
bility criteria and discussed the evidence thoroughly until full agreement was achieved,
ensuring a transparent and unbiased selection process. Data extracted from the included
studies were organized and charted using Microsoft Excel. This software was used to sys-
tematically manage study characteristics and evaluation metrics, facilitating a structured
qualitative synthesis.

3. Results
3.1. Selection of Sources

Figure 2 presents the article selection process conducted in accordance with the
PRISMA-ScR guidelines. The initial electronic search yielded a total of 206 records. After
removing duplicates, 99 unique records remained for screening. Following a review of
titles and abstracts, 17 articles were selected for full-text evaluation. Of these, 7 were
excluded for not fulfilling the predefined inclusion criteria. Ultimately, 10 studies met all
eligibility requirements and were included in the qualitative synthesis (Table 1). The two
reviewers independently assessed the studies and reached full agreement on final selection
and classification.
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Table 1. Summary of included articles on Al applications in dental crown prosthesis.

Conclusion and

Author and Year Purpose Al System or Algorithm Dataset Type and Size Performance Metrics Suggestions Limitations
To assess the precision of Th;gégfsiicdeigﬁlAN
Al-generated single-molar Digitized casts (159 for roduced sin le-mo}llar In vitro onlyv: small
Chau et al., 2024 [38] dental prostheses using a 3D GAN training and 10 for Morphological differences P 8 ] IO oniys
° . crowns closely resembling validation dataset
novel 3D GAN-based validation)
the morphology of natural
approach teeth.
To evaluate how The findings demonstrate
AI?:;;flzzteesdczlrigl;;oi%th Digitized casts (250 for Occlusal morpholo sint }Eaettlzifgzrilxzn&fi n Teeth movement
Chau et al., 2022 [39] P P GAN training and 50 for TPhology & °SI8 within periodontal ligament
occlusal morphology and o . 3D position by accurately learning .
. T validation) - was not considered
spatial positioning to morphological features
natural dentition. from adjacent teeth
. Al-assisted anterior crowns
To compare anterior crown achieved clinicall
designs produced by a deep Y Relied on proprietary
learning-based Al tool with Al software Crown morphology acceptable morphology and commercial Al software
Cakmak et al., 2024 [40] thogse created usin Dentbird Crown; 25 digitized casts Incisal path esthetics, though slight with undisclosed
. & Imagoworks Dimensions deviations in the incisal .
conventional CAD . . algorithms
workflows path may require technician
adjustments
. . While Al-powered
To investigate the Al software . - platforms reduced design
performance of two (1) Automate; 3Shape Time efficiency time, they did not Proprietary algorithms; no
Wu et al., 2025 [41] Al-driven crown design .Y P. 33 digitized casts Morphological accuracy ne, they P Y a8 ’
- (2) Dentbird crown; > . consistently outperform clinical test
platforms relative to Marginal line . .
Imagoworks experienced technicians in

conventional CAD software

morphological accuracy

Tian et al., 2022 [42]

To develop and test a
two-stage GAN model for
reconstructing dental crown
surfaces from digitized
dentition data

Two-stage deep GAN

Digitized casts
(700 for training and 80 for
validation)

Occlusal morphology

The proposed DCPR-GAN
architecture outperformed
conventional approaches in
generating detailed 3D
crown morphology.

Simulation only; no clinical
validation

Liu et al., 2024 [43]

To explore Al-assisted
workflows for designing
various dental restorations
and assess their clinical
feasibility

Al software
PrintIn DentDesign; Printin

45 digitized dental models
(15 for full crowns)

3D trueness

Time spent

Margin gap
Accuracy

Al-based workflows
enhanced both efficiency
and accuracy in dental
restoration fabrication,
supporting potential clinical
applicability

Limited number of crowns;
in vitro only
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Table 1. Cont.

Performance Metrics

Conclusion and
Suggestions

Limitations

Author and Year

Purpose

Al System or Algorithm

Dataset Type and Size

CAD designs exhibited

Chen et al., 2022 [44]

To compare occlusal
morphology and fracture
resistance of lithium
disilicate crowns designed
using knowledge-based Al
and CAD software

Al software
CEREC; Sironal Dental

12 digitized casts

Occlusal morphology
Fractural behavior

Cusp angle

superior performance
compared to the
knowledge-based Al
system, indicating the need
for further refinement of
Al-driven workflows.

The 3D-DCGAN achieved
highly accurate crown

Lack of an analysis of
occlusal contact and
function

FEA findings may be
limited by complex crown

Ding et al., 2023 [45]

To propose a 3D deep
convolutional GAN for
personalized dental crown
design and validate its
biomechanical performance

3D deep convolutional
GAN (DCGAN)

Digitized casts
(600 for training and
12 for validation)

Occlusal contact
Dynamic finite element
analysis

geometries and successfully
simulated biomechanical
behavior similar to natural
dentition

GAN-powered design
software demonstrated

geometry and unmodeled
variables

Cho et al., 2023 [46]

To evaluate time efficiency,
occlusal morphology, and
internal fit of crowns
designed by GAN-based
dental software compared
with traditional CAD tools

Al software
Dentbird Crown;
Imagoworks

30 digitized casts

Working time
Occlusal morphology
Internal fit
Finish line

Tooth morphology

faster design times and
lower morphological
deviation compared to
conventional CAD
approaches.

Al-designed crowns
showed clinically

Proprietary software; small
dataset

it focused solely on

Cho et al., 2024 [47]

To compare morphology,
occlusion, and proximal
contacts of crowns
generated by two deep
learning-based platforms
with technician-made

Al software
Automate; 3Shape
Dentbird Crown;
Imagoworks

30 digitized casts

Internal fit
Margin location
Occlusal contact
Proximal contact

comparable performance to
technician-based designs in
internal fit and occlusal
contacts

posterior virtual crowns;
anterior cases may yield
different results

designs
CAD: computer-aided design, DCGAN: deep convolutional generative adversarial network, DCPR-GAN: two-stage deep generative adversarial network, GAN: generative

adversarial network.
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3.2. Publication Trends by Year

Among the 10 studies included in this review, the earliest was published in 2022, with
a notable increase in publications observed in 2023 and 2024. Specifically, three studies
were published in 2022, two in 2023, four in 2024, and one in 2025, reflecting a growing
interest in the application of Al for dental crown design.

3.3. Al Architecture

Of the 10 studies included in this review, four developed custom artificial intelligence
models based on generative adversarial networks (GANs). These studies trained their
algorithms using datasets of digitized natural dentition to generate 3D crown morphologies.

The remaining six studies utilized commercially available Al-powered crown design
software. These platforms were employed without modification of their underlying algo-
rithms, and specific architectural details were not disclosed in the respective publications.

3.4. Dataset Characteristics

All 10 studies utilized digitized dental models as input data for both training and
evaluation. These models were obtained either by scanning stone casts or through direct
intraoral scanning.

The size of the datasets varied significantly across studies. Those involving the
development of custom Al models employed relatively large training sets, typically ranging
from 159 to 700 cases, to facilitate robust learning of dental morphology. In contrast, studies
that focused on evaluating commercially available Al software used smaller datasets,
generally comprising between 12 and 33 cases, reflecting an emphasis on performance
comparison rather than algorithm training.

3.5. Outcome Metrics

Among the included studies, morphological accuracy was the most frequently evalu-
ated aspect. Six studies assessed the similarity between Al-generated crowns and reference
models using root-mean-square (RMS) error, which quantifies the average deviation be-
tween the two 3D surfaces. RMS values under 100 um were generally considered clinically
acceptable, though thresholds were not consistently defined across studies.

In addition to morphology, several studies also evaluated parameters related to the
functional performance of crowns, including occlusal contact points, cusp angles, and tooth
axis alignment. These metrics were typically assessed through digital superimposition
techniques or virtual articulation simulations to determine biomechanical relevance.

Design time was another commonly reported metric, evaluated in three studies by
comparing the duration of Al-assisted crown design with conventional CAD/CAM work-
flows. Across these studies, Al integration reduced the design process by approximately
30-50%, demonstrating a clear benefit in workflow efficiency.

However, despite the variety of reported metrics, there was no standardized evaluation
framework across studies. Differences in definitions, measurement tools, and thresholds
limited direct comparisons and highlight the need for unified guidelines to assess the
accuracy and clinical performance of Al-generated crowns.

3.6. Quality Assessment of Included Studies

To evaluate the methodological transparency and clinical applicability of the included
studies, we assessed whether the Al methodology was clearly described, whether physical
crowns were fabricated, and whether in vivo validation was conducted. Table 2 summarizes
the findings.
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Table 2. Quality assessment of included studies.
Study Al Type Physical Crown Fabrication In Vivo Validation

Chau et al., 2024 [38] Custom GAN Yes No
Chau et al., 2022 [39] Custom GAN No No
Cakmak et al., 2024 [40] Commercial No No
Wu et al., 2025 [41] Commercial Yes No
Tian et al., 2022 [42] Custom GAN No No
Liu et al., 2024 [43] Commercial Yes No
Chen et al., 2022 [44] Commercial Yes No
Ding et al., 2023 [45] Custom GAN No No
Cho et al., 2023 [46] Commercial No No
Cho et al., 2024 [47] Commercial No No

GAN: generative adversarial network.

4. Discussion
4.1. Summary of Findings

This scoping review identified and analyzed ten studies focusing on the application of
Al in the design of dental crowns. Among them, four studies developed custom Al models
based on GANSs, while six utilized commercially available Al-powered crown design soft-
ware. The studies employed a variety of evaluation metrics, with morphological accuracy
being the most common. Functional parameters such as occlusal contact and cusp angle,
as well as time efficiency, were also evaluated. Overall, Al-assisted crown design showed
promising potential for improving productivity and standardization in prosthodontics.
However, differences in dataset size, Al architecture, and outcome measures limit the
comparability of findings and the generalizability of clinical implications.

4.2. Al Architectures for Crown Design

The studies included in this review employed a range of Al architectures, with GANs
being the most prevalent. Chau et al. [38,39], Tian et al. [42], and Ding et al. [45] used
customized GAN-based models to replicate crown morphology by learning from digitized
casts of natural dentition. Advanced modifications, such as two-stage GANs and 3D deep
convolutional GANs, aimed to improve accuracy in surface geometry and occlusal function.

GAN-based algorithms have also been widely adopted in various areas of dentistry,
particularly in tasks requiring three-dimensional anatomical reconstruction. Originally
introduced by Goodfellow et al. [48], GANs are composed of two competing neural
networks—a generator and a discriminator—that iteratively improve each other’s per-
formance through adversarial training. This architecture enables the generation of highly
realistic 3D morphological structures, which is especially useful in restorative dentistry.

In addition to crown design, GANs have been used to reconstruct root canal systems,
synthesize tooth surfaces, and generate realistic 3D dental arch forms. For instance, Yang
et al. [49] developed a 3D GAN model to simulate root canal morphology for endodontic
planning. These applications highlight the utility of GANSs in producing anatomically
precise 3D models essential for diagnosis, planning, and prosthetic design [50].

Some studies also utilized commercially available Al design platforms that integrate
GAN and convolutional neural network (CNN) technologies within semi-automated CAD
workflows. These tools were often compared with technician-generated or traditional
CAD/CAM designs to evaluate usability in real-world clinical settings. However, a notable
limitation of such Al-driven design platforms is that their underlying algorithms are often
proprietary and not publicly disclosed, which limits transparency and hinders objective
performance validation.
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4.3. Performance of Al-Designed Crowns

Performance outcomes varied across studies but were generally positive in terms of
morphological accuracy and efficiency. Ding et al. [45] reported highly accurate crown
surfaces with RMS error within clinically acceptable thresholds. Cakmak et al. [34] and
Cho et al. [40] found that Al-generated crowns exhibited comparable occlusal morphology
to those designed manually, although minor deviations in anterior guidance and contact
points were noted. Internal fit and marginal adaptation were examined using methods
such as CBCT and microscopy, and Al designs were close to technician-level outputs but
sometimes required post-processing [41,43,46,47].

In terms of time efficiency, Wu et al. [41], Liu et al. [43], and Cho et al. [46] demonstrated
that AI design software significantly reduced working time, highlighting one of the key
advantages of Al integration. In addition to prosthodontics, Al has demonstrated time-
saving benefits in other dental specialties. In orthodontics, Al-based cephalometric analysis
has been shown to reduce landmarking time by over 50% compared to manual tracing while
maintaining comparable accuracy [51]. Similarly, in implantology, Al-assisted segmentation
and planning significantly shortened CBCT analysis time, with some studies reporting
reductions of up to 50% [52,53]. These findings support the broader applicability of Al in
enhancing clinical efficiency across various dental workflows.

4.4. Dataset Characteristics and Real-World Applications

The datasets used for model training and validation varied significantly across studies
in both size and type. Most utilized digitized casts of natural dentition with sizes ranging
from as few as 12 cases [44] to over 700 [42]. In studies employing commercially available
Al software, dataset sizes were generally smaller, as the algorithms were pre-trained and
did not require task-specific model training by the researchers. This limited the ability to
evaluate how training data characteristics influenced model performance.

The limited size and scope of existing datasets pose notable challenges to Al generaliz-
ability; however, recent dental AI studies trained on large, multi-center
datasets—such as over 150,000 implant radiographs—have demonstrated significantly
improved diagnostic performance even with low-quality images [54]. This highlights the
critical need for multi-institutional dataset development to validate Al tools across diverse
clinical conditions.

Notably, only four studies [38,41,43,44] proceeded to fabricate physical crowns based
on Al-generated designs to evaluate clinical fit and function. The remaining studies
relied solely on digital evaluations, limiting our ability to assess real-world applicability,
generalizability, and reproducibility of Al-generated crowns.

4.5. Outcome Metrics: Lack of Standardization

A major challenge in comparing the performance of Al-designed crowns is the hetero-
geneity of outcome metrics. Studies employed a wide range of parameters, including RMS,
intersection-over-union, cusp angle, internal gap, marginal fit, and occlusal contact points.
However, inconsistencies in how these metrics were defined and measured make it difficult
to directly compare results across studies. Furthermore, none of the included studies evalu-
ated long-term clinical outcomes such as crown durability, patient-reported satisfaction, or
functional wear during mastication. All studies were conducted in vitro, without in vivo
trials or real-world follow-up, which significantly limits the ability to assess the true clinical
effectiveness of Al-designed crowns. To advance this field, future research must incorporate
standardized evaluation frameworks that include both quantitative accuracy metrics and
qualitative clinical performance indicators.
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To improve transparency and replicability, the adoption of Al-specific reporting stan-
dards such as CONSORT-AI is recommended; studies have shown that adherence to such
guidelines significantly enhances methodological clarity in Al clinical trials [55,56].

4.6. Clinical Relevance and Limitations

While Al systems show potential to streamline crown design and reduce reliance on
technician experience, several limitations remain. Compared with traditional CAD/CAM
workflows—which are well validated for predictable and accurate outcomes—AlI-based
tools are still in the early stages of clinical integration. Current evidence suggests that Al
can achieve comparable morphological accuracy while significantly reducing design time,
indicating its value as a complementary tool rather than a replacement for CAD/CAM.

However, most studies relied on retrospective datasets or in silico evaluations without
in vivo validation, limiting the generalizability of their findings. Minor discrepancies in
occlusal morphology or incisal paths observed in Al-generated crowns may affect anterior
guidance, often necessitating manual adjustment [40]. Additionally, knowledge-based or
rule-based systems, such as the one described by Chen et al. [44], demonstrated lower
performance compared to technician-driven CAD workflows, emphasizing the need for
more advanced data-driven models.

Challenges such as training bias, overfitting, and limited dataset diversity remain
critical barriers to broader clinical applicability. Until prospective trials and real-world
validations are conducted, Al-assisted crown design should be regarded as a supportive
technology that complements, rather than replaces, clinician expertise and traditional
CAD/CAM processes.

This scoping review also has several limitations. First, we did not conduct a formal risk
of bias assessment or meta-analysis, as our primary goal was to map the existing evidence
rather than synthesize quantitative findings. Second, all included studies were conducted
in vitro, and none reported long-term clinical outcomes or in vivo validations, which limits
the generalizability of our conclusions. Therefore, the findings should be interpreted
cautiously, and further in vivo studies are necessary to validate the clinical applicability of
Al-assisted dental crown design. Lastly, substantial heterogeneity across Al algorithms,
datasets, and outcome metrics among the included studies prevented direct comparison
and meta-analytic synthesis. These factors should be considered when interpreting the
findings of this review.

4.7. Future Directions

Future research should aim to expand dataset size and diversity, including various
tooth types, arch positions, and occlusal schemes. Collaborations between academic
institutions, industry partners, and multi-center research groups will be essential to validate
Al-assisted crown design systems under real-world conditions. Large-scale clinical trials
are particularly important for assessing long-term success, reproducibility, and integration
into routine dental workflows. Additionally, the development of explainable Al models
can foster clinician trust and enhance understanding of decision-making processes. Finally,
establishing regulatory guidelines and standardized performance benchmarks will be
critical to safely and effectively incorporating Al into prosthodontic practice.

5. Conclusions

This scoping review highlights the emerging role of artificial intelligence, particularly
deep learning models such as GANSs, in the design of dental crowns. Al systems demon-
strated favorable outcomes in replicating crown morphology and reducing working time
compared to traditional methods. However, as the current evidence is derived exclusively
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from in vitro studies, there is a pressing need for well-designed in vivo trials to confirm the
clinical performance and reliability of Al-generated crowns.

To fully realize the clinical potential of Al in prosthodontics, future research must
focus on expanding dataset diversity, standardizing evaluation protocols, and validating
Al-designed crowns in real-world settings. With continued development and rigorous
assessment, Al is poised to become an essential tool in crown prosthesis design that will
enhance precision, efficiency, and patient care.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence
ML Machine learning
CAD/CAM  Computer-aided design/computer-aided manufacturing
CAD Computer-aided design
DCGAN Deep convolutional generative adversarial network
DCPR-GAN  Two-stage deep generative adversarial network
GAN Generative adversarial network
RMS Root-mean-square
CNN Convolutional neural network
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