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ARTIFICIAL INTELLIGENCE AS A DECISION-SUPPORT TOOL
FOR MATERIAL SELECTION IN PROSTHODONTICS:
AN ANALYTICAL REVIEW OF THE LITERATURE

Introduction. Background. The rapid development of digital dentistry and artificial intelligence (Al) is expanding the range of technologies
available for diagnosis, treatment planning, prosthetic design, and outcome prediction. Material selection remains a clinically important
component of prosthodontic treatment because the choice of restorative material must account for mechanical, functional, biological, and
esthetic requirements.

Aim. To analyze recent literature on the application of Al in prosthodontics, with particular attention to its potential role in supporting
restorative material selection, integrating clinical and digital parameters, predicting prosthetic outcomes, and personalizing treatment planning.

Materials and methods. A narrative analytical review was developed from literature published during seven completed calendar years
(January 2019-December 2025). Relevant publications were identified in PubMed/MEDLINE, Scopus, Web of Science, and NCBI resources
using combinations of terms related to artificial intelligence, machine learning, prosthodontics, dental materials, CAD/CAM, crowns, dental
prostheses, occlusion, and treatment outcomes. Publications were thematically analyzed according to Al application, type of prosthodontic
task, data source, clinical purpose, reported outcomes, and limitations.

Results. The reviewed literature demonstrates that Al is increasingly applied in prosthodontic diagnostics, treatment planning, automated
crown design, finish-line detection, occlusal assessment, prediction of prosthetic outcomes, and digital workflows. Al-assisted CAD systems
have shown potential to improve design efficiency and, in selected studies, achieve clinically acceptable crown fit. However, the evidence
remains heterogeneous with substantial differences in datasets, algorithms, validation procedures, and outcome measures. Direct evidence
supporting independently validated Al systems for individualized restorative material selection remains limited. Current evidence therefore
supports the use of Al primarily as a clinical decision-support tool rather than as an autonomous system for material selection.

Conclusions. Al has considerable potential to support individualized material selection and prosthodontic treatment planning by integrating
multiple clinical and digital parameters. At the same time, current evidence does not support treating Al as an autonomous replacement for
professional clinical judgment. Direct validation of Al systems specifically designed to select restorative materials remains limited, and many
predictive models require stronger external validation and prospective clinical evaluation. The most appropriate current framework is therefore
a human-in-the-loop decision-support model in which Al augments, rather than replaces, clinical expertise.

Key words: artificial intelligence, prosthodontics, dental materials, machine learning, CAD/CAM, clinical decision support, dental
crowns, personalized prosthetic treatment.
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MTYYHAA IHTEJEKT AAK IHCTPYMEHT HIATPUMKHN BUBOPY MATEPIAJIIB
B OPTOIIEJUYHIN CTOMATOJIOTI'TI: AHAJIITUYHUU OIVIAJ JIITEPATYPU

Beryn. AktyanbHicth. CTpiMKuii po3BUTOK HU(poBOi ctomaroiorii Ta mry4Horo intenekty (ILI) posmmpioe criekTp TEXHONOTIH,
JOCTYIHHX JUIsl 1IarHOCTHKHM, IJIaHYBAHHSI JIIKYyBAaHHS, POEKTYBAHHS OPTONEANYHUX KOHCTPYKIIil Ta MPOTrHO3yBaHHs pe3ysibraTiB. Bubip
Matepialty 3aJIHIIAETHCS BAKIIMBIM KOMIIOHCHTOM OPTOIEIMYHOTO JIIKYBAaHHS, OCKUIBKH BHOIP OPTONENIHOTO MaTepialy Mae BpaxoByBaTH
MeXaHiuHi, QyHKI[IOHaJIbHI, 010JI0TI4HI Ta €CTETUYHI BUMOTH.

Merta. [IpoanainizyBatu cyuacHy Jiteparypy mopo 3acrtocyBanns LI B opromeauuHiii cromarosorii, 3 0cOOIMBOIO yBarow a0 Horo
MOTEHIIHHOI POl y MIATPUMIL BHOOPY OPTOIEIMYHNX MaTepiaiB, IHTErparii KIIHIYHHX 1 TH(POBHX apaMeTpiB, IPOrHO3YBAHHI PE3yNIbTaTiB
OPTONEIMYHOTO JIKyBaHHS Ta MEPCOHANI3aLI] ITaHyBaHHS JIIKYBaHHS.

Marepiaan Tta Merogu. [IpoBeneHO HapaTHBHMI aHANITUYHUI OV JTEpaTypw, OIyONiKOBaHOI NPOTATOM CEMH 3aBEpIICHHX
KaJeHIapHuUX pokiB (ciuens 2019 — rpynens 2025 pp.). PeneBanthi my6mikarii Oy Busnaueni B PubMed/MEDLINE, Scopus, Web of Science
Ta pecypcax NCBI 3 BukopuctanusM KOMOiHALiH TEPMiHIB, OB’ A3aHHUX 31 IITYYHUM IHTEIEKTOM, MAIIMHHIM HAaBYaHHSIM, OPTONECANYHOIO
cromarosorieto, cromaroiorivaumu mMarepiaiamu, CAD/CAM, KOpOHKaMH, OPTONEIUYHUMH KOHCTPYKLISIMH, OKITIO3I€I0 Ta pe3yJbTaTaMu
nikyBauHs. [TyGnikanii TeMaTH4HO aHani3yBain 3a HanpsiMoM 3actocyBanHs LI, Tumom oproneanynoi 3a1adi, HKEPENOM JaHNX, KIIHITHOIO
METOI0, OTPMMaHUMH PE3YJIbTATAMH Ta 0OMEKECHHIMH.
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Pe3yabrarn. [IpoananizoBanaJtiteparypa geMoHcTpye, o LI neqasti mupiie 3acToCcoBy€ThCs B 1iarHOCTHILI BOPTONEANYHIH CTOMATOINOT I,
IUIaHyBaHHI JIIKyBaHHs, aBTOMAaTH30BaHOMY IIPOEKTYBaHHI KOPOHOK, BU3HAYCHHI JIHIT penapyBaHHs, OLIHIOBAHHI OKJII03i{, IPOrHO3yBaHHI
PEe3yIIBTaTiB OPTOIEIMYHOTO JIIKyBaHHA Ta HPpoBHX podounx mponecax. Cucremu CAD i3 minrpumkoro 11 mponeMoHCTpyBamy MoTeHIiaN
JUTSL TiABUIIEHHS e(DeKTUBHOCTI MPOEKTYBAHHS T4, Y BUOPAHHUX JOCII/UKCHHSIX, 3a0e3MeueHHs KIIHIYHO NPUIHATHOT TOYHOCTI IPHJIAraHHS
KOpOHOK. BonHouac 1oka3oBa 06a3a 3aJIMIIAETHCS HEOMHOPITHOK Yepe3 CYTTEBI BIMIHHOCTI B HA0OpaxX JNaHWX, aJrOPUTMAaX, MPOIeaypax
BaJTiJalii Ta MOKa3HUKaxX pe3yIbTaTUBHOCTI. [IpsiMi JoKa3K Ha KOPHUCTH He3aIeXHO BarrinoBaHuX cucteM L1 st inuBigyanizoBaHoro BUOOpPY
OpPTOIEANYHUX MarepiajiB 3aIuIIaThCs oOMexeHuME. OTke, CydacHi 1aHi MepeBaXHO MiATpUMYI0Th Bukopuctants LI sk iHcTpymeHTy
MITPUMKH KITiHIYHUX PIIICHb, 4 HE K ABTOHOMHOT CHCTEMHU BHOOPY MaTepiaiy.

BucnoBku. Il mae 3Ha4HMIA MOTEHIAN T MIATPUMKH 1HAWBITyali30BaHOTO BHOOpPY MaTepiaiiB Ta IUIAaHYBaHHS OPTONEANYHOTO
JIKYBaHHS IUISXOM IHTErpauil YMCIeHHUX KIHIYHUX 1 muppoBux mapamerpis. BogHouyac cywacHi mani He miaTpumytots posrosia LI sk
aBTOHOMHOI 3aminu npodeciiiHoro kiiniuHOro pimenns. [Ipsva Banigamis cucrem LI, crienianero po3poGieHnX st BHOOPY OPTOIEIMIHNX
MartepiaiB, 3aTHIIAETECS 00MEKEHOI0, a 0araTo MPOrHOCTUYHNX MOJIENEH ITOTPEOyIOTh IPYHTOBHIIIOT 30BHIIIHBOT BaJliIalii Ta MPOCHEKTUBHOT
KiiHiuHOI owinku. OTxe, HalOUIBII JOLUTBHOI CYYacHOK MOJCIUIIO € MiAXiA «ioanHa B koHTYpi» (human-in-the-loop), 3a sikoro I

JIOTIOBHIOE, a HE 3aMIHIOE KITIHIYHY CKCIICPTHU3Y.

KunrodoBi cioBa: mTydHWid iHTENEKT, OPTONEIMYHA CTOMATOJNIOTIS, CTOMATONOTiUHI Marepianu, mammHHe HaBuaHHsi, CAD/CAM,
MiATPUMKA KIHIYHUX PillleHb, 3yOHI KOPOHKH, EPCOHATI30BaHEe OPTOMNEUYHE JTiKyBaHHSI.

Problem Statement. Material selection is a clinically
important stage of prosthodontic treatment because restor-
ative materials differ in mechanical behavior, optical prop-
erties, processing requirements, and clinical indications.
Contemporary digital prosthodontics offers a broad range
of ceramic, hybrid, composite, and metal-based options.
The increasing number of possible treatment configura-
tions makes material selection a multifactorial decision
rather than a simple choice based on a single material
property.

Traditional decision-making relies on the clinician’s
experience, scientific evidence, material characteristics,
laboratory capabilities, and patient-specific considerations.
Recent developments in Al have introduced computational
approaches capable of processing large and heterogeneous
datasets and identifying patterns that may support diag-
nosis, treatment planning, prosthetic design, and outcome
prediction [1-4].

The relevance of Al to material selection is therefore
not limited to identifying the strongest or most esthetic
material. A clinically meaningful decision may require
simultaneous consideration of restoration location,
occlusal conditions, prosthetic design, available space,
patient-related factors, digital morphology, and anticipated
functional demands. Current literature, however, contains
substantially more evidence for Al-assisted design and
diagnostics than for validated autonomous material-selec-
tion systems. This distinction is important when defining
the clinical role of Al [2—-4].

Materials and Methods. Study design. The present
work was designed as a narrative analytical review rather
than a systematic review or meta-analysis. The methodol-
ogy was structured to provide a transparent description of
the literature search and thematic analysis while avoiding
quantitative pooling of heterogeneous studies.

Search period and information sources. The review
focused on publications issued during seven completed
calendar years, from January 2019 through December
2025. Literature was searched using PubMed/MEDLINE,
Scopus, and Web of Science. NCBI resources were addi-
tionally used for bibliographic verification and access to
indexed full-text records. PubMed/MEDLINE was treated
as the principal biomedical database; NCBI was not con-
sidered a separate bibliographic database. Searches were
supplemented by reference-list checking of relevant
reviews and primary studies.

Database platforms: PubMed (https://pubmed.ncbi.
nlm.nih.gov/); Scopus (https://www.scopus.com/); Web
of Science (https://www.webofscience.com/); NCBI
(https://www.ncbi.nlm.nih.gov/).

Search terms. The search strategy combined con-
trolled vocabulary and free-text terms. The princi-
pal concepts were: (“Artificial Intelligence”[MeSH]
OR “Machine Learning”[MeSH] OR “deep learning”
OR “neural network®’) AND (“Prosthodontics”’[MeSH]
OR prosthodont* OR “dental prosthesis” OR crown*
OR “fixed dental prosthesis”) AND (“dental material*”
OR zirconia OR “lithium disilicate” OR CAD/CAM
OR “computer-aided design” OR “material selection”
OR “treatment planning” OR “clinical decision support”).
Additional searches used combinations of “artificial intel-
ligence” with “prosthodontics”, “dental crown”, “occlu-
sion”, “implant prosthodontics”, “prosthetic complica-
tion*”, and “CAD/CAM”.

Eligibility criteria. Inclusion criteria were: (1) peer-re-
viewed publications in English; (2) publication within Jan-
uary 2019—December 2025; (3) studies or reviews address-
ing Al, machine learning, deep learning, or neural-network
applications relevant to prosthodontics; and (4) relevance
to diagnosis, treatment planning, prosthetic design, materi-
al-related decision-making, occlusion, prediction of com-
plications, or digital prosthodontic workflows.

Exclusion criteria were: (1) publications unrelated
to prosthodontics or dental prostheses; (2) conference
abstracts, advertisements, non-peer-reviewed materi-
als, and opinion pieces without substantive scientific
data; (3) studies in which Al was used exclusively for a
non-prosthodontic purpose; and (4) publications for which
the bibliographic record could not be verified.

Data extraction and thematic analysis. The literature
was analyzed qualitatively. For each relevant publication,
attention was directed to: type of Al technology; prost-
hodontic application; source and type of input data; clin-
ical or laboratory task; reported performance or outcome;
validation approach; and stated limitations. The findings
were organized into eight thematic categories: (1) Al as
clinical decision support; (2) personalized restorative
material selection; (3) occlusal and functional analysis;
(4) prediction of prosthetic complications; (5) Al-assisted
CAD/CAM and crown design; (6) implant-supported
prosthodontics; (7) workflow and economic implications;
and (8) ethical, legal, and clinical limitations.

Intermedical Journal, sunyck 3, 2026 p.

53




Because the included literature differed substantially
in study design, Al architecture, datasets, endpoints, and
validation methods, no meta-analysis or pooled statistical
estimate was performed. The review therefore emphasizes
the direction and clinical relevance of reported findings
rather than quantitative comparison across studies.

Results and Discussion. 1. AI as a clinical deci-
sion-support technology. The literature indicates that Al
is increasingly being investigated as an adjunct to clinical
reasoning in prosthodontics. Early systematic evidence
identified applications in prosthodontic diagnosis, treat-
ment planning, and outcome-related prediction, while also
emphasizing the limited number of clinically validated
systems [1]. More recent reviews demonstrate a broader
range of applications, including automated diagnostics,
prosthetic design, predictive analysis, and integration with
digital workflows [2—4].

Importantly, the current evidence does not justify
describing Al as an autonomous clinical consultant. The
strongest evidence concerns specific computational tasks,
whereas individualized material selection requires integra-
tion of clinical judgment, patient preferences, biological
considerations, functional demands, and the limitations
of available materials. Al can therefore be conceptualized
as a decision-support layer that organizes and interprets
information rather than replacing the clinician.

A systematic mapping review published in 2024 iden-
tified 70 reports describing artificial neural-network pre-
diction models in prosthodontics after screening 597
records. The authors reported applications in both implant
and non-implant prosthodontics and emphasized heteroge-
neity in data, architectures, evaluation metrics, and model
development [4]. This heterogeneity remains an important
consideration when transferring Al research findings into
routine clinical practice.

2. Personalized selection of restorative materials.
The concept of Al-supported material selection arises
from the multifactorial nature of prosthodontic treat-
ment. Zirconia, lithium-disilicate ceramics, resin-based
and hybrid materials, and other restorative options pos-
sess different combinations of strength, fracture behavior,
translucency, processing requirements, and clinical indi-
cations. Consequently, the clinically appropriate material
cannot be determined from a single mechanical or esthetic
parameter.

Current literature supports the broader principle that
Al can integrate multiple variables relevant to prosthodon-
tic treatment. Reviews of Al in prosthodontics describe
applications in treatment planning, prosthetic design,
and prediction of treatment outcomes [2, 3, 5]. However,
direct evidence for independently validated Al systems
whose primary endpoint is the individualized selection
of a restorative material remains comparatively limited.
Therefore, statements that Al “selects the best material”
should be interpreted as a prospective or decision-support
capability rather than an established autonomous clinical
function.

A more realistic clinical model would allow the system
to process restoration location, prosthetic design, occlusal
conditions, available restorative space, digital morphol-
ogy, material properties, and patient-related factors, and

then present several evidence-based options with associ-
ated advantages and potential risks. The clinician would
remain responsible for the final selection.

This distinction also reduces the risk of overinterpre-
tation of Al performance. A prediction model can identify
statistical associations in a dataset without demonstrating
that the resulting recommendation improves patient out-
comes. External validation and prospective clinical testing
are therefore essential before Al-based material-selection
systems can be considered reliable clinical tools.

3. Occlusal and functional analysis. Occlusal condi-
tions are relevant to prosthetic prognosis because restor-
ative performance is influenced by the functional envi-
ronment in which a restoration operates. Digital occlusal
technologies can provide quantitative information that
complements conventional clinical examination. For
example, T-Scan-based assessment has been used to char-
acterize occlusal contacts and force-related parameters in
dental research [13].

The integration of quantitative occlusal information
with machine-learning approaches is potentially rele-
vant to individualized treatment planning. An Al system
could theoretically combine occlusal measurements with
restoration type, tooth position, material characteristics,
and prosthetic geometry. Nevertheless, the available evi-
dence is currently stronger for Al-assisted assessment and
prediction than for a clinically validated workflow that
converts occlusal data directly into a material recommen-
dation. This distinction should be maintained in clinical
interpretation.

Patients with parafunctional activity represent a par-
ticularly relevant population because functional loading
may influence restoration design and material require-
ments. Al-supported analysis may assist in identifying
complex interactions among variables, but such systems
require clinically representative datasets and valida-
tion across different patient populations before routine
implementation.

4. Prediction of prosthetic complications. Prediction
of prosthetic complications is one of the most developed
areas of Al research relevant to personalized treatment.
Al and machine-learning models have been investigated
for prediction and classification tasks involving prosthetic
outcomes, crown-related parameters, implant complica-
tions, and treatment performance [2, 4, 14].

The evidence is especially informative when the out-
come is clearly defined. For example, recent literature
on implant prediction models demonstrates that predic-
tion systems can incorporate patient-, implant-, and treat-
ment-related variables; however, systematic appraisal has
also shown that external validation remains uncommon
and methodological quality may be variable [14]. These
limitations are directly relevant to the interpretation of
Al-based prognostic tools in prosthodontics.

For restorative materials, potential prediction targets
include marginal or internal fit, fracture-related outcomes,
debonding, chipping, and other mechanical complications.
The clinical value of such models would be greatest if risk
estimates could be generated before fabrication, thereby
allowing the clinician to compare alternative restorative
strategies. At present, however, the evidence base remains

54

ISSN 2786-7676 (Print), ISSN 2786-7684 (Online)




heterogeneous, and predicted risk should not be treated as
a substitute for clinical assessment.

The appropriate role of Al is therefore to provide an
additional layer of quantitative risk information. The final
decision should incorporate the quality of the underlying
evidence, applicability of the dataset to the individual
patient, and clinician assessment.

5. Al-assisted CAD/CAM and digital prosthetic
design. The strongest recent evidence concerns the inte-
gration of Al with CAD/CAM workflows. Al-equipped
CAD systems have been evaluated for automated crown
design, design efficiency, finish-line detection, and resto-
ration fit [6—10].

Nagata et al. compared conventional CAD with an
Al-equipped CAD system for crown design and reported
significantly shorter design times with the Al-assisted sys-
tem. In their in vitro study, the Al-based workflow also
produced more uniform crown designs across operators
[9]. These findings support the practical value of Al for
reducing repetitive design tasks, but the study was per-
formed under controlled laboratory conditions and there-
fore cannot by itself establish clinical superiority.

A 2025 clinical study evaluated crowns designed
using generative Al and conventional CAD. The authors
reported clinically acceptable fit and broadly compara-
ble marginal accuracy when preparation margins were
well defined, while also identifying differences in spe-
cific regions and emphasizing the need for inspection of
automatically generated designs [10]. This is particularly
relevant to clinical implementation because automated
generation does not eliminate the need for professional
verification.

Al-assisted detection of crown finish lines is another
important digital application. A 2024 study evaluated
automated and semi-automated approaches for finish-line
detection using a large set of digital jaw scans [7]. Such
technologies may improve workflow efficiency, but auto-
mated recognition should still be understood as a technical
aid within a clinician- or technician-controlled workflow.

The broader evidence therefore supports a model in
which Al and CAD/CAM are integrated rather than sepa-
rated: digital data provide the input, Al performs selected
analytical or generative functions, CAD/CAM translates
the selected design into a prosthetic construction, and the
clinician or dental technician performs verification and
final approval.

6. Implant-supported prosthodontics. Implant-sup-
ported prosthodontics presents a particularly complex
decision environment because restoration design is influ-
enced by implant position, prosthetic geometry, occlusal
loading, available restorative space, and biological fac-
tors. Al has been investigated across implant dentistry for
image analysis, prediction modeling, and treatment-related
decision support [4, 5, 14].

A 2025 systematic review of prediction models for
dental implant complications and survival identified
multiple models addressing peri-implant complications,
marginal bone loss, implant loss, and related outcomes.
Although several models demonstrated good discrimina-
tion, only a small proportion had undergone external val-
idation, and the authors emphasized methodological and

reporting limitations [14]. This evidence illustrates both
the potential and the current limitations of predictive mod-
eling in implant-related prosthodontics.

For material selection in implant-supported restora-
tions, Al may eventually assist in integrating implant con-
figuration, prosthetic design, functional loading, and mate-
rial properties. At present, however, the literature supports
this primarily as a prospective decision-support applica-
tion rather than an established autonomous recommenda-
tion system.

7. Workflow efficiency and potential economic
implications. Al-assisted prosthodontic workflows may
influence efficiency by automating repetitive tasks, reduc-
ing design time, standardizing selected digital procedures,
and facilitating communication between clinical and
laboratory stages. The 2025 study by Nagata et al. pro-
vides direct evidence that Al-assisted CAD can reduce
crown-design time under controlled conditions [9].

However, economic benefit should not be assumed
solely from reduced design time. Implementation requires
software, compatible digital infrastructure, training, main-
tenance, data governance, and quality-control procedures.
The economic value of Al should therefore be evaluated
using broader outcomes such as total workflow time,
remake rates, clinician and technician workload, training
requirements, and patient-related outcomes.

At present, the literature provides a stronger rationale
for potential efficiency gains than for definitive claims
about cost savings across prosthodontic practices. Eco-
nomic conclusions should therefore remain conditional
until supported by real-world comparative studies.

8. Ethical, legal, and clinical limitations.
The introduction of Al into prosthodontics creates sev-
eral limitations that directly affect its suitability for
material-selection support. These include data quality, rep-
resentativeness of training datasets, algorithmic transpar-
ency, external validation, cybersecurity, patient privacy,
and allocation of clinical responsibility [2-5, 16].

The “black-box” nature of some machine-learning sys-
tems may complicate interpretation of recommendations.
This is particularly important when an algorithm proposes
a restorative option that differs from the clinician’s ini-
tial assessment. Explainability and traceability are there-
fore important requirements for clinical decision-support
systems.

Another concern is dataset shift. A model developed
from one population, scanner, imaging protocol, CAD
environment, or material system may not perform iden-
tically in another setting. External validation should
consequently be considered a prerequisite for clinical
generalization.

Finally, Al should not be presented as an autonomous
substitute for professional responsibility. Current evidence
supports a human-in-the-loop model in which Al provides
analysis, prediction, or alternative treatment scenarios,
while the clinician retains responsibility for diagnosis,
treatment planning, informed consent, material selection,
and patient care [2, 3, 16].

Limitations of the present review. This review has
several limitations. First, it is a narrative analytical review
and does not follow the full protocol of a systematic
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review with duplicate independent screening, formal risk-
of-bias assessment, and quantitative synthesis. Second,
the literature is heterogenecous, with substantial differ-
ences in Al methods, datasets, clinical tasks, and outcome
measures. Third, direct evidence specifically addressing
Al-driven selection of restorative materials is less exten-
sive than evidence concerning Al-assisted design, diag-
nosis, and prediction. Accordingly, conclusions regard-
ing autonomous material selection should be considered
preliminary.

The seven-year publication window was selected to
provide a consistent temporal criterion as requested for the
review. Older publications may nevertheless remain rele-
vant for methodological background where they are cited
by the recent evidence base.

Conclusions. Artificial intelligence is increasingly
integrated into prosthodontic diagnosis, treatment plan-
ning, digital design, prediction modeling, and CAD/CAM
workflows. The current literature demonstrates that Al can
support specific technical and analytical tasks, including
automated crown design, finish-line detection, quantita-
tive assessment, and prediction of selected prosthodontic
outcomes.

The potential role of Al in restorative material selec-
tion is particularly promising because material choice is a
multifactorial clinical decision. By integrating patient-re-
lated, functional, morphological, digital, and material-spe-
cific parameters, Al-based decision-support systems may
help clinicians compare alternative restorative strategies in
a more structured and individualized manner.

At the same time, current evidence does not support
treating Al as an autonomous replacement for professional
clinical judgment. Direct validation of Al systems specifi-
cally designed to select restorative materials remains lim-
ited, and many predictive models require stronger external
validation and prospective clinical evaluation. The most

appropriate current framework is therefore a human-in-
the-loop decision-support model in which Al augments,
rather than replaces, clinical expertise.

Future research should prioritize prospective multi-
center studies, standardized reporting of datasets and algo-
rithms, external validation, explainable Al, and clinically
meaningful endpoints. Particular attention should be given
to models that integrate material properties with occlusal,
anatomical, prosthetic, and patient-related parameters and
that can demonstrate whether Al-supported recommenda-
tions actually improve clinical outcomes.

The development of such validated systems could con-
tribute to a transition from generalized material-selection
protocols toward more individualized prosthodontic deci-
sion-making while maintaining clinician oversight and
responsibility.

Future Research Directions. Future investigations
should focus on: (1) development of validated Al mod-
els specifically addressing restorative material selection;
(2) integration of CAD/CAM morphology, occlusal data,
material properties, and patient-specific variables; (3)
prospective multicenter validation; (4) transparent report-
ing of datasets, algorithms, and performance metrics;
(5) explainable Al interfaces suitable for clinical use; (6)
assessment of model performance across different scan-
ners, CAD platforms, materials, and patient populations;
and (7) evaluation of clinical, economic, and patient-re-
ported outcomes associated with Al-supported material
selection.

Declaration of Al-assisted tools. During the prepa-
ration of this manuscript, an artificial intelligence-based
language tool was used for language editing and improve-
ment of clarity. The author independently reviewed and
verified the scientific content, interpretation of the lit-
erature, references, and final conclusions and takes full
responsibility for the content of the manuscript.

REFERENCES

1. Bernauer SA, Zitzmann NU, Joda T. The use and performance of artificial intelligence in prosthodontics: a systematic
review. Sensors (Basel). 2021;21(19):6628. doi:10.3390/s21196628.

2. Revilla-Leén M, Gémez-Polo M, Vyas S, et al. Artificial intelligence models for tooth-supported fixed and removable
prosthodontics: a systematic review. J Prosthet Dent. 2023;129(2):276-292. doi:10.1016/j.prosdent.2021.06.001.

3. Al Hendi KD, Alyami MH, Alkahtany M, Dwivedi A, Alsaqour HG. Artificial intelligence in prosthodontics.
Bioinformation. 2024;20(3):238-242. doi:10.6026/973206300200238.

4. Bobeica O, lorga D. Artificial neural networks development in prosthodontics: a systematic mapping review. J Dent.

2024;151:105385. doi:10.1016/j.jdent.2024.105385.

5. AljulayfiIS, Almatrafi AH, Althubaitiy RO, etal. The potential of artificial intelligence in prosthodontics: a comprehensive
review. Med Sci Monit. 2024;30:¢944310. doi:10.12659/MSM.944310.
6. Kong HJ, Kim YL. Application of artificial intelligence in dental crown prosthesis: a scoping review. BMC Oral Health.

2024;24:937. doi:10.1186/512903-024-04657-0.

7. Choi J, Ahn J, Park JM. Deep learning-based automated detection of the dental crown finish line: an accuracy study.
J Prosthet Dent. 2024;132(6):1286.¢1-1286.¢9. doi:10.1016/j.prosdent.2023.11.018.

8. Bardideh E, Lal Alizadeh F, Amiri M, Ghorbani M. Designing an artificial intelligence system for dental occlusion
classification using intraoral photographs: a comparative analysis between artificial intelligence-based and clinical diagnoses.
Am J Orthod Dentofacial Orthop. 2024;166(2):125-137. doi:10.1016/j.ajod0.2024.03.012.

9. Nagata K, Inoue E, Nakashizu T, et al. Verification of the accuracy and design time of crowns designed with artificial
intelligence. J Adv Prosthodont. 2025;17(1):1-10. doi:10.4047/jap.2025.17.1.1.

10. Win TT, Mai HN, Kim SY, et al. Fit accuracy of complete crowns fabricated by generative artificial intelligence design:
a comparative clinical study. J Adv Prosthodont. 2025;17(4):224-234. doi:10.4047/jap.2025.17.4.224.

11. Rokaya D, Jaghsi AA, Jagtap R, Srimaneepong V. Artificial intelligence in dentistry and dental biomaterials. Front Dent

Med. 2024;5:1525505. doi:10.3389/fdmed.2024.1525505.

56

ISSN 2786-7676 (Print), ISSN 2786-7684 (Online)




12. losif L, Tancu AMC, Amza OE, Gheorghe GF, Dimitriu B, Imre M. Al in prosthodontics: a narrative review bridging
established knowledge and innovation gaps across regions and emerging frontiers. Prosthesis. 2024;6(6):1281-1299.
doi:10.3390/prosthesis6060092.

13. Vladutu DE, Ionescu M, Noveri L, et al. Aspects of dental occlusion assessed with the T-Scan system among
a group of Romanian dental students in a cross-sectional study. Int J Environ Res Public Health. 2023;20(6):4877.
doi:10.3390/ijerph20064877.

14. Zhu Y, Du M, Li P, et al. Prediction models for the complication incidence and survival rate of dental implants—a
systematic review and critical appraisal. Int J Implant Dent. 2025;11:5. doi:10.1186/s40729-025-00590-1.

15. Tafuri G, Xhajanka E, Hysenaj N, Sinjari B. Mechanical and biocompatibility testing of zirconia and lithium disilicate
ceramics: an in vitro study. J Prosthet Dent. 2025;133(2):593.e1-593.¢8. doi:10.1016/j.prosdent.2024.09.031.

16. Schwendicke F, Mohammad Rahimi H, Tichy A. Artificial intelligence in prosthodontics. Dent Clin North Am.
2025;69(2):315-326. doi:10.1016/j.cden.2024.11.009.

Jara nepioro HaJXo[pKeHHs cTarTi 10 BuganHs: 22.07.2026
Jlara npuiHATTS CTATTI 10 APYKY Micis peuensyBanus: 14.08.2026
Jara my6nikanii (onpumtonsennst) crarti: 09.10.2026

Intermedical Journal, sunyck 3, 2026 p. 57




