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Abstract

Background: Al has become an increasingly common
option for various methods of diagnosis and workflow
support in prosthodontics and implant dentistry, although
many applications are not transparent enough and that
can limit the level of trust clinicians have in their use,
especially in med-legal matters.

Objectives: The aims of this study were to identify the
types of Al
explainability, and to suggest a method that could result

applications used, how they use
in the adoption of clinically relevant applications.
Methods: We conducted a scoping review (2013 - 2025)
based on the PRISMA-ScR method for all studies
relating to the application of Al to prosthodontic or
implant-related tasks with quantifiable results. Studies
were assigned one of four levels of explainability: none,
simple, local, or intrinsic.

Results: A total of 18 studies were included from a
search of 2,341 records and the majority of studies

reported on either implant prognosis or radiographic

assessment methods. A substantial proportion of studies

relied on black-box models, while only a minority

incorporated  clinically meaningful  explainability
approaches.
Conclusions: Overall, the current use of Al in

prosthodontics is performance-based without any regard
for explainability. We suggest using a four-tiered
explainability framework to evaluate and support the
design, implementation and maintenance of clinically
relevant applications of Al in prosthodontics.

Keywords: Explainable Al, Artificial Intelligence, Black
Box, Prosthodontics, Dental Implants.

Introduction

Treatment planning for prosthodontic rehabilitation is a
challenging and complicated, multi-faceted process with
irreversible and costly results.’® Artificial intelligence
(Al) is being utilized more frequently as a tool to
enhance clinical decision-making.*

Al can be applied in several areas of prosthodontics,

including imaging, predicting implant success, assessing
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the health of peri-implant tissues, computer-aided design

and manufacturing (CAD/CAM) workflows.>*3 Although

these solutions can yield accurate results, many of the Al

algorithms remain black boxes, which can adversely

affect the level of trust, ability to interpret the output and

provide clinical justification for its use.1*® Explainable

Al (XAIl) can address the black box constraint by

enhancing transparency through post hoc or interpretable

model methods (e.g., SHAP, LIME, Grad-CAM).}"1°

Because of the rapid increase and diversity in the

literature, a scoping review is necessary to provide a

comprehensive overview of the evidence and to identify

gaps, particularly in standardization and validation.?-2®

o Objectives

This scoping review aimed to-

1. map AI/ML/DL applications in prosthodontics

2. quantify and describe the prevalence and depth of
explainability methods

3. summarize validation practices and reporting patterns
that influence translation

4. propose a clinically oriented framework for
implementation.

The review addressed-

1. What clinical tasks have Al models been applied to
in prosthodontics?

2. How frequently are explainability methods reported
and what type of explanation is

Table 1: Information sources and record yield

provided?
3. What validation approaches and performance metrics
are used?
4. What gaps remain for safe clinical implementation?
Methods
Records were searched in PubMed, Scopus, Web of
Science and Google Scholar. Al terms related to
prosthodontic/implants were combined with outcome
measures. The review protocol followed the PRISMA
extension for scoping reviews (PRISMA-ScR.?* Any
reference lists that were previously published were
reviewed and their records were obtained via
snowballing.
The articles included in the peer-review used english
literature (study date range of 2013-2025) that examined
AI/ML/DL and how they are applied to clinical tasks
(with quantitative outcomes such as prosthodontics or
implant related tasks). Two independent reviewers
screened studies. Discrepancies were resolved by
consensus.
Excluded articles were any reviews, editorials, abstracts,
simulations that were not clinical or studies not focusing
on prosthodontics. Explainability was evaluated as an
outcome rather than as a determinant for inclusion in the

studies.

Database Coverage Records (n)
PubMed/MEDLINE Biomedical literature 1089
Scopus Multidisciplinary database 687

Web of Science Core Collection Multidisciplinary citation index 589
Google Scholar Broad scholarly search 600

Total - 2341
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Table 2: Eligibility criteria

Domain

Inclusion

Exclusion

Publication type

Peer-reviewed original research, full text Reviews, editorials, letters, abstracts only

Language & period

English, 01 Jan 2013-31 Mar 2025

Non-English; outside date range

Clinical scope

Prosthodontics/implant-related applications | Non-prosthodontic dental fields

Al component

AI/ML/DL applied to a clinical task Engineering  simulations  without clinical

interpretation

Outcomes

Quantitative performance metrics reported | No extractable quantitative outcomes

The search produced total 2,341 total. After removing duplicates (494), 1,847 titles and abstracts were reviewed and 212

full-text articles were evaluated for inclusion. Ultimately, a total of 18 studies were included in the Evidence Map.

Figure 1: PRISMA ScR flow diagram illustrating the study selection process
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The explanation of Al in prosthodontics has not been
defined using an established taxonomy. Therefore, the
classification of explainability was established prior to
the review and defined into four categories as follows-

1. No explanation (i.e. Black-Box)

2. Global Attribution for Basic Level (e.g. Feature
ranking, Coefficient)

Table 3: Explainability classification

3. Local Attribution/Instance Explanation (e.g. SHAP,
LIME, Grad-CAM)
4. Intrinsic Interpretability (i.e. Transparent Mode,

Decision Tree/Nomogram).

Level Label Operational definition

1 None (black box) No explanation beyond performance metrics, no feature/region attribution.

2 Basic global attribution Model-level summaries (feature importance, coefficients, simple rules)
without case-level reasoning.

3 Local / instance-level Case-specific explanation (e.g. SHAP, LIME) or attention heatmaps
(e.g.Grad-CAM).

4 Intrinsic interpretability Model is transparent by design (e.g. decision tree/nomogram) enabling direct
inspection.

e Study Selection, Characteristics

Among 2,341 records obtained, 18 were eligible. Figure
1 demonstrates how identification, screening for
inclusion/exclusion criteria and eligibility and inclusion
processes were involved in identifying the appropriate
studies. Study screening and selection were performed
independently by two reviewers. Titles and abstracts
were initially screened, followed by full-text evaluation
based on predefined eligibility criteria.  Any
disagreements were resolved through discussion and
consensus. A formal protocol was developed prior to
study initiation. Data were charted on study
characteristics, clinical domain, model type, input data,
validation approach and performance metrics (AUC,
accuracy, sensitivity/specificity, Dice, ICC, AE).
Findings of the selected studies were summarized
descriptively because of heterogeneity across tasks and

outcomes in Supplementary Table S1.

Study attributes were predominantly retrospective and
included single-center databases, mainly using clinical
records or radiographs or both. Some studies were multi-
center in design that reflect patient population diversity
and imaging protocols much closer to what occurs in real
world space than single center data.?®

e Clinical Domains of Studies and Performance

Reporting

Evidence was identified under three broad categories. (1)
Implant survival/failure prediction and marginal bone
loss assessments including radiomic-based trabecular
analysis (n=10) 10122531 (2) Prosthetic design/aesthetics
using CAD/CAM workflows, use of resin composites for
modelling and RPD tools and prediction of the shade of
prostheses (n=5) 3% and (3) Diagnostic and functional
applications, bruxism /TMD and tooth-level prognosis
(n=3).37-%
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Table 4: Evidence map of Al applications in prosthodontics (n=18)

Common metrics
AUC,

sensitivity/specificity, Dice

Clinical domain No. of studies Typical inputs

Implant prognosis / peri-implant | 10 Clinical records, accuracy,

radiographic assessment periapical/panoramic

radiographs, radiomics

Prosthetic design / esthetics 5 CAD/CAM parameters, | ICC, Dice, AE, accuracy
scan-derived data, material
variables, photographs
Diagnostic / functional | 3 Sensors, clinical variables, | Accuracy, AUC,
applications imaging classification metrics

Performance reporting methods used for diagnostic

investigations were AUC/accuracy, imaging
interventions used Dice metric & aesthetic outcomes
used AE. Although individual study discrimination
values tended to be high, reporting of calibration,
overfitting and external validation was lacking, which

limits clinical application.44

Table 5: Prevalence of explainability across included studies

Explainability of the models was limited to being a
"black-box" model for 44% of the models, 39% provided
only basic global attribution for the model outputs while
only a few of the reviewed studies provided clinically
relevant insights (e.g. SHAP, Grad-CAM, Intrinsically

interpretable).

Explainability level Studies (n) Percentage
None (black box) 8 44%

Basic global attribution 7 39%

Local / instance-level explanations 2 11%
Intrinsic interpretability 1 6%

Discussion

Existing literature on artificial intelligence in
prosthodontics has predominantly focused on model
accuracy often overlooking the importance of
transparency, interpretability and clinical accountability.
While high-performance metrics are encouraging, they
do not necessarily translate into safe or reliable clinical
decision-making particularly in prosthodontic treatments
where outcomes are often irreversible and financially
significant.

The limited adoption of explainability techniques
observed in this review reflects a broader trend in

medical Al research where performance optimization has

©2026 1IDSIR, All Rights Reserved

traditionally been prioritized over interpretability.
However, in clinical disciplines such as prosthodontics,
the ability to understand and justify model outputs is
essential not only for clinician confidence but also for
patient communication and medico-legal responsibility.
The overwhelming majority of included studies were
retrospective  and  single-centre, which inflates
performance metrics and does not account for variations
in imaging protocols, operator skill, or patient
demographics. Only one study used an intrinsically
interpretable model (Level 4) and 44% were complete
black boxes, making medico-legal justification for

clinical decisions impossible. None of the implant

D~
o0

LB R R E NN RENRNERRERRERNERNERNRERERERERERNERNRNERERERERERERNENERRERRERERNERNERENRERERRERERNRENRERERERERRENNERENENRNERNERNERHNRHN.]! g’o

[\
A,



Dr. Rubina Ali, et al. International Journal of Dental Science and Innovative Research (IJDSIR)

prognosis studies reported calibration metrics (e.g.
calibration plots, Brier scores) which are essential to
judge the reliability of probabile predictions. Prosthetic
design studies lacked clinically meaningful external
validation, color prediction models for instance, were
tested on benchtop specimens rather than on direct
intraoral outcomes.

The proposed four-layer framework addresses these gaps
by shifting the focus from purely data-driven model
development toward clinically meaningful integration.
By  prioritizing relevant

clinically questions,

incorporating interpretable modeling strategies and
aligning outputs with clinician needs, Al systems can
become more trustworthy and implementable in real-
world settings.

Proposed four-layer framework for clinical
implementation

Limitations identified in existing Al systems were
primarily the use of black-box models, insufficient
validation and limited to no clinician-centric
These
development of an XAl framework with four layers
(Figure 2)-

1) Clinical issue focus - Prioritize high-value, clinically

explanations. limitations have led to the

relevant and impactful questions as opposed to data-
driven predictions based on the model learning from
historical data.

2) Transparency in models - Build interpretable models
through the integration of XAl tools or build
interpretable models.

3) Clinician-focused explanations - Create clinician-
friendly output such as heatmaps or other clinician-
friendly output and validate with clinician feedback.

4) Integration of XAl into workflow - Integrate XAl into
existing clinical systems, providing the ability for

clinician oversight and override.

©2026 1IDSIR, All Rights Reserved

The goal of this framework is to change Al systems used
for hospital decisions from an isolated focus on model
accuracy versus trustworthiness and auditable decision
support systems within the clinical setting.4>4¢

Figure 2: Schematic of the Four-Layer XAl Framework

for prosthodontic applications

| LAYER 1: PROBLEM FORMULATION
| * Clinical Question (e.g., "Predict MBL > 2mm")
| * Output Type: Risk Score / Recommendation
| + Target User: Prosthodontist / Implant Surgeon

| LAYER 2: MODEL DESIGN

| + Data: CBCT, Radiographs, Clinical Variables

| + Selection: Gradient Boosting, Random Forest, CNNs
| + Strategy: Balance accuracy with interpretability

LAYER 3: EXPLANATION & EVALUATION
* Generate: SHAP (Tabular), Grad-CAM (Images)
+ Visualization: Heatmaps, Risk Force Plots
+ Validate: User studies (clinician understanding) I_I
3 =
| LAYER 4: INTEGRATION & GOVERNANCE AV
[ « Embed in Planning Software (Implant Studio / EHR)
\ + Documentation (Save rationale to patient chart)
| + Oversight (Monitor bias, update models)

=
J C
N

Limitations

e The search was restricted to English-language
publications in four databases. Therefore, relevant
studies in other languages or indexed elsewhere may
have been missed.

e Grey literature, preprints and ongoing clinical trial
registries were not systematically searched which
could introduce publication bias favoring positive
results.

e The explainability classification framework while
based on existing taxonomies (e.g. from DARPA’s
XAl program) was developed and applied post hoc
by the authors. Subjectivity in assigning a level,
particularly between ‘“none” and “basic global
attribution” cannot be excluded.

e The small number of finally included studies (n=18)
and high heterogeneity in outcome metrics prevented
any quantitative synthesis, limiting the ability to

provide comparative performance benchmarks.
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e Formal risk-of-bias assessment was not performed
(as typical for scoping reviews), therefore, the quality
of the evidence underpinning the high reported
performance values remains unverified.

Future prospects

Based on the gaps identified, the following avenues

should be prioritized-

e Mandatory Reporting of Explainability- Future Al
studies in prosthodontics should routinely classify
and report their explainability level using a
standardised framework (such as the four-level
system proposed here). Journal reviewers and editors
should consider use of XAl a proxy for clinical
readiness.

e Prospective  Multicentric  Validation-  High-

performing models must undergo rigorous external

validation across multiple clinics and imaging
devices. Prospective study designs (e.g. embedded in
digital workflow trials) are essential to evaluate true
impact on treatment planning and patient outcomes.

e Adoption of Intrinsically Interpretable Models-

Wherever possible, researchers should prioritize

Level 4 (intrinsic interpretability) models (e.g.

scoring systems, nomograms, decision trees) over

black-box

explanations as these offer the greatest transparency

models accompanied by post-hoc

for regulatory and medico-legal approval.
e Clinician-Centered XAl

must be co-designed with prosthodontists to produce

Interfaces- Explanations

clinically actionable heatmaps or decision rationales

(e.g.implant predicted to fail because of low
trabecular bone density at site x). The impact of such
interfaces on clinician trust, decision time and
diagnostic accuracy should be measured.

e Standardised Guidelines for Dental Al- The dental

community should develop an extension of TRIPOD-

©2026 1IDSIR, All Rights Reserved

Al or CONSORT-AI specific to prosthodontic and
implant applications integrating minimally required
XAl and calibration metrics.

e Integration of Prospective Registries- Developers
should embed Al modules into ongoing implant
registries to continuously monitor for data drift and
to provide real-world evidence for regulatory
approval.

Comparison with Existing XAl Initiatives

The proposed framework departs meaningfully from

earlier XAl models by embedding clinical actionability at

its core rather than stopping at algorithmic transparency.

DARPA’s three-pillar XAl

models,

program emphasizes

explainable explanation interfaces, and
psychological models of explanation, all of which are
research-oriented and aimed at improving
human-machine collaboration in general settings.'* While
foundational, that program does not provide a pathway
for translating explanations into daily clinical workflows
or for meeting the specific medico-legal requirements of
high-stakes  disciplines.

Similarly, Holzinger’s

human-in-the-loop paradigm advocates for iterative
interaction between the Al system and the human expert,
but it remains principally a model-training philosophy
rather than a deployment framework.** CONSORT-AI
and SPIRIT-AI, in turn, are reporting guidelines that
ensure trial transparency, not operational blueprints for
designing and integrating Al into real clinical
environments.*®

A dentistry-specific framework is necessary because
prosthodontic and implant interventions are irreversible,
financially significant, and often rely on imaging data
whose interpretation demands visually grounded
justifications that are meaningful to the clinician and the
Generic biomedical Al frameworks

patient. rarely

account for the combined need for case-level visual
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evidence (e.g. a heatmap of implant-site bone loss) and
for an auditable override mechanism that a prosthodontist
can use when the AI’s recommendation contradicts
clinical experience. The four-layer framework explicitly
adds these components: Layer 3 (Clinician-focused
explanations) translates model outputs into actionable,
human-readable formats co-designed with practitioners,
and Layer 4 (Integration of XAl into workflow) embeds
the system into existing clinical infrastructure, preserving
clinician oversight and override capability. Most current
biomedical XAl models stop at post-hoc saliency maps
or feature importance rankings-our framework builds
upon those principles but extends them into a complete
implementation cycle grounded in the realities of
prosthodontic care.

Conclusion

The use of Artificial Intelligence technologies will
increasingly take place in prosthodontics, particularly
concerning implant prognosis, radiographic evaluation
and computer aided design (CAD)/computer aided
(CAM)

potential for using Al for decision support in clinical

manufacturing workflows. However, the

practice lacks adequate understanding and consistent

standards regarding the degree of explainability of Al

technologies. Future studies of Al technologies used in

decision support should include transparency and

rigorous validation methods as fundamental prerequisites

for providing safe, accountable and clinically relevant

decision support.
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Study | Country/S | Clinical | Sample Size | Al Method| Input Perfor Valid | Transpar | Explaina] Key Limitation|Clinical
[Year | etting Objective| & Population Data mance ation | ency bility Findings Implication
Level Method S
IMPLANT PROGNOSIS & SURVIVAL STUDIES
Huang | China, Predict 862 Deep Clinical | AUC: Inter | Level 1 | None High-risk|Single- Enable
202210 | University | implant | implants, learning + 0.89 nal identified|center, no | preventive
hospital loss risk | Adults, >1yr | (CNN) radiogra only 6 months |external interventio
follow-up phic pre- validation | ns
failure
Rekaw | USA, Web- 1,165 Random Clinical | Accura | Inter | Level 2 Feature | Smoking | Limited t¢ Real-time
ek Multi- based patients, forest paramet | cy: nal -basic import | & structured risk
2023 | practice failure Complete ers 84% only | global ance diabetes | data assessment
predictor | data required strongest
predictors
Ha South Identify | 222 SVM, Clinica | AUC: 5- Level 2 | Feature |ML Small Personali
2018%2 | Korea, prognost | implants,201 | ANN | data 0.82 fold basic ranking |outperfor | sample | zed
Dental ic 0-2015 cVv global med size treatment
hospital factors placement traditional planning
statistics
Zhang | China, Predict 148 Random Trabec | AUC: Inter | Level 2 Feature |Trabecular] Mandib | Pre-
H Hospital bone loss | implants, forest ular 0.91 nal basic import |parameters le only | operative
2020% from Mandibular parame only | global ance predicted risk
trabecular | only ters 2-year loss stratificat
structure ion
Zhu China, Two| Predict 316 patients, | Deep CBCT | AUC: Exter | Level 4 | None |AnatomicaLimited to| Surgical
202525 | centers sinus Sinus lift learning radiom | 0.94 nal (Intrinsi | features |sinus planning
elevation | candidates ics (n=7 | ¢c) key to procedures| optimizat
complicati 8) prediction ion
ons
Kheder| Multi- Explaina | 2,845 Gradient | Clinical | AUC: Exter | Level3 | SHAP |[Individual| Retrosp | Patient
2025%" | center, 3 ble implants, 5- | boosting | variables 0.93 nal (Local/i | (local+ |risk ective counseling
countries implant | year follow- valid | nstance) | global) |factors design with
survival | up ation quantified specific
risks
RADIOGRAPHIC DETECTION & ANALYSIS
Zhang | China, Detect 400 images, CNN Radiog | Accura | Test | Level3 | Grad- Visual Binary Early
C University | failing Periapical/pa raphs cy: set Local/in | CAM localizati | classific | detection
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202328 | clinic implants | noramic 91% (20%) | stance on of ation system
failure only
indicators
Cha South Measure | 800 R-CNN Periapi | ICC: Test | Level1 | None Automa | 2D Standardiz
2021%° | Korea, peri- implants, cal 0.86 set (None) ted measure | ed
Dental implant | Digital radiogr (30%) measure | ments monitoring
hospital bone radiographs aphs ments only
loss match
experts
Kibcak| Turkey, Detect 1,200 U-Net OPG Dice: Inter | Level1 | None |High Single Screening
2025%° | University | peri- implants, 0.88 nal (None) segmenta |imaging [for general
implanti | OPG images only tion modality (dentists
tis accuracy
Troiano | Italy, Predict 95 Radiomic | Intraoral| AUC: Boot | Level 2 | Feature | Texture | Small  |Distinguish
20233t | Private physiolog | implants,1- analysis radiogra| 0.78 strap | Basic selection| features | sample |normal vs.
practice ical year follow- phs global predictive pathological
remodelin | up
g
PROSTHETIC DESIGN & ESTHETICS
Farook| Australia, | Automate| 120 crowns, CNN + Digital | Accura | Hold- | Level 1 None Precise | Laborat |[CAD/CAM
202333 | University | crown Digital 3D scans cy: out (None) margin | ory automation
margin preparations 94% (25%) line setting
detection detection| only
LiH Japan, Optimize | 144 Interpreta |Material | R 10- Level 4 Intrinsic |Filler Not Material
2022% | Research |CAD/CA | composites, ble ML composi | 0.92 fold (Intrinsic)| architect|content tested selection
institute M Experimental tion Ccv ure most clinically| guidance
composite | materials influential
properties
Takaha| Japan, Classify | 500 cases, CNN Arch Accura | Test | Levell | None |Automated Limited | Speeds
shi University | RPD Kennedy images | cy: set (None) design to design
202135 framewo | classifications 88% (20%) initiation | classific | process
rks ation
Mahro | USA, Educatio | 150 designs, | Decision | Design | Accura | 70:3 | Level 4 Decision | Improved| Educatio | Training
us Dental nal RPD | Student tree parame | cy: 0 (Intrinsic)fules student | nal tool
20233 | school tool projects ters 85% split performa| context | potential
nce only
Kose | Brazil, Predict 60 ANN Color AE: Leav | Level2 | Weight | AE Single Shade
20233 | University | ceramic | restorations, measur | 1.8+0.6 | e- (Basic analysis | within ceramic | selection
shade Leucite- ements one- | global) clinical | system | support
reinforced out accepta
bility
FUNCTIONAL DIAGNOSIS
O'Hare| Ireland, ‘ Detect ‘ 25 patients, | SVM ‘ MEMS ‘ Sensiti ‘ Real- ‘ Level 1 ‘ None ‘ High ‘ Small ‘ Objective
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2021%7 | University | bruxism | Suspected sensor | vity: time | (None) grinding | sample | diagnosis
episodes | bruxism data 92% test detection tool
rate
Lee South Assess 495 patients, | XG Boost | Clinical | AUC: 5- Level 2 | Feature |Psychologi Self- Screening
KS Korea, TMD TMD question| 0.87 fold (Basic import |cal factors| reported | prioritizati
2021% | Dental risk questionnaire naire cv global) ance significant| data only| on
hospital factors
Lee SJ | Japan, Predict 3,000 teeth, Random Clinical | AUC: Test Level 1 None |Periodonta] No Treatment
2022% | University | tooth Complete forest + 0.91 set (None) | status external | planning
prognosis| records radiogra (30%) most validati | support
phic predictive | on
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