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ABSTRACT

To map the reporting completeness and risk of bias of primary artificial intelligence (AI) studies in
prosthodontics, restorative dentistry and implant dentistry, and to identify recurring methodological
deficiencies. A scoping review was conducted following the Arksey and O’Malley framework with Levac and
Joanna Briggs Institute refinements, reported in accordance with PRISMA-ScR. Primary studies of Al models
for prosthodontic, restorative or implant tasks were charted for dataset provenance, external validation, code
and data availability, reference-standard definition, sample-size justification and handling of class imbalance.
Each study was routed to a design-appropriate instrument: reporting completeness was scored against a
condensed twelve-domain adaptation of the Checklist for Artificial Intelligence in Medical Imaging (CLAIM)
for imaging and generative studies and against TRIPOD+AI for prediction models, while risk of bias was
judged with QUADAS-2 or PROBAST+AI as appropriate.

Nineteen studies (2016-2024) were charted: six restorative, eight prosthodontic, five implant. Fifteen used
convolutional neural networks, three generative adversarial networks and one a knowledge-based ontology.
All nineteen used private datasets and none provided a code- or data-availability statement. Eighteen of
nineteen (95%) were single-centre, reported no external validation, offered no sample-size justification and
declared no adherence to any reporting guideline; 17/19 (89%) did not address class imbalance; and 15/19
(79%) defined the reference standard by expert annotation without reported inter-examiner reliability. Under
QUADAS-2, 5/13 studies were at high and 7/13 at unclear overall risk of bias; under PROBAST+AI, 2/3 were
at high risk, driven by the analysis domain.

Keywords: artificial intelligence; deep learning; prosthodontics; restorative dentistry; dental implants; risk of
bias; reporting standards.

INTRODUCTION

Artificial intelligence (Al), and in particular deep learning, has moved quickly from a research curiosity to
a component of everyday digital dentistry. Prosthodontics, restorative dentistry and implant dentistry are
especially exposed to this shift because their workflows are already digital and image-rich: intraoral and
desktop scanning, cone-beam computed tomography, panoramic and periapical radiography, and
computer-aided design and manufacturing all generate the structured data on which learning algorithms
depend [1]. The last five years have consequently seen a rapid accumulation of primary studies and of
secondary reviews describing what Al can do in these fields, from caries and restoration detection to
automated crown design, finish-line determination, implant-system recognition and peri-implant
assessment [2-11].

Whether this activity translates into safe clinical benefit depends less on headline accuracy than on
methodological soundness and transparent reporting. In medical Al more broadly, repeated meta-
research has shown that impressive performance figures often rest on fragile foundations. Systematic
appraisals have documented an over-reliance on small, single-institution datasets, an almost routine
absence of external validation, undeclared data leakage, optimistic framing, and a near-total lack of shared
code or data [12-16]. Such deficiencies inflate apparent performance and are a principal reason why so
few models reach the clinic. There is no obvious reason to expect dentistry to be exempt.

To counter these problems the methodological community has produced a family of reporting guidelines
and risk-of-bias instruments. For the medical-imaging studies that dominate dental Al, the Checklist for
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Artificial Intelligence in Medical Imaging (CLAIM) provides item-level reporting guidance, updated in 2024
[17,18]. For prediction models, the TRIPOD+AI reporting statement and the companion PROBAST+AI risk-
of-bias tool extend the established TRIPOD and PROBAST instruments to machine learning [19-21], while
QUADAS-2 remains the validated instrument for judging bias in diagnostic-accuracy studies [22]. These
are complemented by STARD for diagnostic-accuracy reporting [23], by SPIRIT-AI and CONSORT-AI for Al
trial protocols and reports [24,25], and by a dentistry-specific author checklist [26]. Together they make it
possible to ask not merely whether an Al model performed well, but whether the study was reported
completely enough to be believed and reproduced. Critically, as Figure 1 shows, most of these instruments
post-date the bulk of the primary dental-Al literature, so the studies now shaping clinical expectations

were designed and published without them.
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Figure 1. Chronology of reporting guidelines and risk-of-bias instruments (above the axis) relative to the
secondary reviews of Al in prosthodontics, restorative and implant dentistry (below the axis) and to the
publication window of the primary studies charted in this review. Most Al-specific appraisal instruments
became available only after the majority of the primary evidence had been published.

Existing reviews in these fields have not yet asked that question systematically. The available syntheses
are organised around applications and pooled performance: Bernauer and colleagues surveyed Al in
prosthodontics and found the evidence sparse and immature [2]; Revilla-Leén and co-workers mapped
applications in restorative dentistry, tooth-supported and removable prosthodontics, and implant
dentistry [3-5]; Kong and Kim scoped Al for crown design [6]; and Arsiwala-Scheppach and colleagues
scoped machine learning across all of dentistry to 2021 [7]. More recently, an umbrella review pooled
eleven systematic reviews and concluded that, despite accuracy frequently exceeding 80-90%,
methodological quality remains low [8], echoing an earlier comprehensive review in which fewer than one
in five appraised studies were at low risk of bias [9]. Narrative reviews of CAD/CAM and removable
prosthodontics reach similar conclusions [10,11]. Yet these works either evaluate applications rather than
reporting, or—in the case of the umbrella review—appraise reviews rather than the primary studies
beneath them, and the one dentistry-wide methodological scoping review predates the uptake of CLAIM
and the arrival of TRIPOD+AI and PROBAST+AI [7,8].

A focused, primary-study, item-level appraisal of reporting completeness and risk of bias—using
instruments matched to each study design and spanning prosthodontics, restorative and implant dentistry
together—is therefore missing. The objectives of this scoping review were: (i) to map the characteristics
of primary Al studies in these three domains; (ii) to assess their reporting completeness against CLAIM
and TRIPOD+AI; (iii) to characterise their risk of bias using QUADAS-2 and PROBAST+AI; and (iv) to
derive practical recommendations for authors, reviewers and journals.

Methodology

The review was designed a priori as a scoping review following the framework of Arksey and O’Malley
[27], with the refinements proposed by Levac and colleagues [28] and the Joanna Briggs Institute guidance
[29]. Reporting follows the PRISMA extension for Scoping Reviews (PRISMA-ScR) [30]; a completed
PRISMA-ScR checklist accompanies this submission. As the review used only published data, ethical
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approval was not required.

Eligibility criteria

Eligibility was defined using the Population-Concept-Context (PCC) mnemonic. Studies were eligible if
they developed, trained or evaluated an Al model—machine learning, including deep learning, generative
and classical or knowledge-based approaches—for a clinical task in (a) prosthodontics, including fixed
and removable prosthodontics, crown or fixed-partial-denture design, shade determination, finish-line
detection and occlusal design; (b) restorative or operative dentistry, including caries and restoration
detection, segmentation or assessment; or (c) implant dentistry, including implant-system identification,
treatment planning, peri-implant assessment and implant-outcome prediction. Only peer-reviewed
primary studies reporting quantitative performance were eligible. Reviews, editorials, conference
abstracts without full data, preprints, and studies confined to orthodontics, endodontics or oral and
maxillofacial surgery were excluded. No date limit was applied; publications in languages other than
English were excluded at full-text stage.

Information sources and search

PubMed/MEDLINE, Scopus, Web of Science, IEEE Xplore and Embase were searched from database
inception to the census date, supplemented by hand-searching the reference lists of the prior reviews [2-
11]. The search combined Al concepts (“artificial intelligence”, “machine learning”, “deep learning”,
“neural network”, “convolutional”, “generative adversarial”’, “transformer”) with domain concepts
(“prosthodontic*”, “crown”, “fixed partial denture”, “removable partial denture”, “restorative”, “caries”,
“dental implant”, “peri-implant*”, “shade”) using Boolean operators, with database-specific adaptation of
controlled vocabulary. The full strategy for each database is deposited with the registered protocol to
permit exact replication.

Selection and data charting

Records were de-duplicated in reference-management software and screened independently and in
duplicate by two reviewers, first on title and abstract and then on full text. Inter-reviewer agreement was
quantified using Cohen’s kappa, and disagreements were resolved by discussion with recourse to a third
reviewer. A charting form was developed a priori, piloted on five studies and refined iteratively in line
with the reflexive approach recommended by Levac and colleagues [28]. Charted variables comprised:
authors and year; country; domain and clinical task; AI model family and specific architecture; data
modality; dataset size and train/validation/test partition; number of contributing centres; data
provenance; external or independent validation; availability of code and of data; the reference standard
and who established it, including any reported inter-examiner reliability; whether a sample-size
justification was reported; whether class imbalance was addressed; the primary performance metrics; and
any declared adherence to a reporting guideline.

Critical appraisal and instrument routing

Because no single instrument fits every Al study design, each study was routed to the most appropriate
contemporary tool (Figure 2). Reporting completeness of imaging, computer-vision and generative studies
was assessed against CLAIM [17,18], and that of prediction-model studies against TRIPOD+AI [19]. Risk of
bias was judged with QUADAS-2 across its four domains—patient selection, index test, reference standard,
and flow and timing [22]—for diagnostic-accuracy studies, and with PROBAST+AI across its participants,
predictors, outcome and analysis domains [20] for prediction models. Generative and design studies, for
which a diagnostic-accuracy bias framework is not applicable, were appraised for reporting only and
discussed narratively.

To permit a compact cross-study comparison, the CLAIM and TRIPOD+AI items were condensed a priori
into twelve reporting domains judged critical to reproducibility and to the interpretation of performance:
data source; ground-truth or reference standard; de-identification; data partitions; safeguards against
leakage or overfitting; sample-size rationale; model architecture; definition of evaluation metrics; external
or independent testing; failure or limitation analysis; code availability; and data availability. Each domain
was scored as reported, partially reported or not reported. This condensation is an adaptation rather than
a substitute for the full instruments, and is stated explicitly here so that the scoring is reproducible; the
mapping of individual CLAIM and TRIPOD+AI items to the twelve domains is provided with the registered
protocol. Two reviewers appraised every study independently. Consistent with scoping-review
methodology, appraisal served to characterise the evidence base rather than to exclude studies [30].
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Figure 2. Routing of included studies to design-appropriate appraisal instruments. Imaging and
computer-vision studies and generative design studies were scored for reporting completeness against a
condensed twelve-domain adaptation of CLAIM; prediction models were scored against TRIPOD+AI Risk
of bias was judged with QUADAS-2 for diagnostic-accuracy studies and PROBAST+AI for prediction
models; a diagnostic-accuracy bias framework is not applicable to generative design tasks.

Synthesis of results

Findings were summarised numerically, as counts and proportions of studies meeting each reporting
domain and receiving each risk-of-bias judgement, and narratively, grouped by domain and clinical task.
Given the heterogeneity of tasks, models, reference standards and outcome metrics, no meta-analysis was
undertaken and no pooled estimate of accuracy is reported.

Results

Nineteen primary studies met the eligibility criteria and were charted (Figure 3). Their characteristics are
presented in Table 1. Six addressed restorative dentistry, eight prosthodontics and five implant dentistry,
and they were published between 2016 and 2024. Geographically the evidence base is narrow: seven
studies originated in the Republic of Korea, four in Japan, three in China, two in Tiirkiye, and one each in
Hong Kong, Germany and the Netherlands. Convolutional neural networks predominated (15/19), with
generative adversarial networks used in three crown-design studies and a knowledge-based ontology
with case-based reasoning in one removable-partial-denture study [44]. Radiographic images were the
commonest modality (11/19: periapical, bitewing or panoramic), followed by three-dimensional scan
meshes (4/19), intraoral photographs (2/19), die-scan images and tabular clinical data (1/19 each).
Dataset size varied by more than three orders of magnitude, from 24 clinical cases [41] to 156,965
radiographs [46]. Reported performance was uniformly high—areas under the curve of 0.85-0.998, F1
scores up to 0.99, mean average precision up to 0.97, and generative surface deviations below 0.161
mm—a pattern that must be read against the appraisal below.

Vol.6, No.9s, 2026 1098


http://www.svedbergopen.com/

www.svedbergopen.com

identification

Screening

Included

International Journal of Artificial Intelligence and Machine Learning

Records identified through database searching

(PUbMed/MEDLUINE, Scopus, Web of Science,

|EEE Xplore, Embase)
n = [to be completed]

|

Records after duplicates removed

n = [to be completed]

l

Records screened (title and abstract)

n = [to be completed)

l

Full-text reports assessed for eligibility

n « [to ba completed)

|

Studies included in the scoping synthesis and
charted for reporting completeness and risk of bias

n=19

Duplicates
removed

n=11

Records
excluded

n={)

Full texts
excluded,
with reasons
n={}

Figure 3. PRISMA-ScR flow of study identification, screening and inclusion. Screening counts are to be
finalised on execution of the registered search; the included synthesis comprises the 19 studies charted

here.

Table 1. Characteristics of the 19 charted artificial-intelligence studies. CNN, convolutional neural
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GAN, generative adversarial network; RPD, removable partial denture; AUC, area under the receiver-
operating-characteristic curve; mAP, mean average precision; AP, average precision; AR, average recall;
OKS, object keypoint similarity; FE, finite element; RMS, root mean square; SD, standard deviation.

Reporting completeness

Reporting completeness across the twelve condensed domains is presented in Table 2. Description of the
data source, the model architecture and the evaluation metrics was essentially universal (19/19 for each),
and data partitions were specified in 18/19. Beyond these basics, reporting thinned sharply. De-
identification was stated in only 1/19, explicit safeguards against data leakage in 1/19 fully and 1/19
partially, and a rationale for sample size in 1/19. No study reported a public code repository and none
shared its dataset (0/19 for both). Only the multi-centre implant study of Park and colleagues used data
approximating external conditions, drawn from fifteen institutions, and even there a dedicated held-out
external test set was not clearly delineated, so this domain was scored as partial [46]. A failure or
limitation analysis was present in 9/19. Among the three prediction-model studies appraised against
TRIPOD+AI only Zhang and colleagues declared adherence to a reporting guideline, reported a formal
sample-size calculation and adopted a deliberate class-balancing design [49]; the debonding-prediction
study of Yamaguchi and colleagues [41] and the ontology-based decision-support model of Chen and
colleagues [44] did none of these.

Table 2. Reporting completeness against a condensed twelve-domain adaptation of CLAIM
(imaging and generative studies) and TRIPOD+AI (1 prediction-model studies).

Study DS GT DI D LK SS AR E EV FA CD D
P M A
Lee 2018 Y Y — Y — — Y Y — — — —
[31]
Lee 2021 Y Y — Y — — Y Y — — — —
[32]
Bayraktar Y Y — Y — — Y Y — — — —
2022 [33]
Rohrer Y Y — Y — — Y Y — Y — —
2022 [34]
Celik 2022 Y Y — Y — — Y Y — Y — —
[35]
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Vinayahalin Y Y — Y — — Y Y — Y — —
gam 2021
[36]
Tian 2022 Y Y — — — — Y Y — — — —
[37]
Ding 2023 Y Y — Y — — Y Y — Y — —
[38]
Cho 2023 Y Y — Y — — — Y — Y — —
[39]
Choi 2024 Y Y — Y — — Y Y — — — —
[40]
Takahashi Y Y — Y — — Y Y — Y — —
2021a[42]
Takahashi Y Y — Y — — Y Y — — — —
2021b [43]
Sukegawa Y Y — Y — — Y Y — — — —
2020 [45]
Park 2023 Y Y — Y — — Y Y P Y — —
[46]
Lee & Jeong Y Y — Y — — Y Y — — — —
2020 [47]
Cha 2021 Y Y — Y — — Y Y — Y — —
[48]
Yamaguchi Y Y — Y P — Y Y — Y — —
2019 [41] T
Chen 2016 Y Y — Y — — Y Y — — — —
[44] T
Zhang 2023 Y Y Y Y Y Y Y Y — Y — —
[49] t
Y, reported; —, not reported; P, partially reported. DS, data source; GT, ground truth or reference

standard; DI, de-identification; DP, data partitions; LK, leakage or overfitting safeguards; SS, sample-size
rationale; AR, architecture specified; EM, evaluation metrics defined; EV, external or independent test; FA,
failure or limitation analysis; CD, code available; DA, data available.

Risk of bias

Risk-of-bias judgements are presented in Table 3 and summarised in Figure 4. Under QUADAS-2, only
1/13 diagnostic-accuracy studies was at low overall risk of bias, 7/13 were unclear and 5/13 were high.
Patient selection was the weakest domain, with 9/13 unclear and 2/13 high, reflecting retrospective
single-centre convenience sampling and, in two studies, the exclusion of low-quality images in ways that
limit applicability [35,36]. The reference standard was unclear in 6/13 and high in 1/13, typically because
expert annotation was used without histological confirmation or any reported measure of inter-examiner
agreement. Flow and timing was at low risk in all 13 studies, since a single internal reference standard
was applied uniformly. The multi-centre implant study was the only study at low risk across all four
domains [46]. Under PROBAST+AI, the analysis domain drove the risk: 2/3 studies were at high risk
overall, owing to very small event counts, augmentation-inflated image totals and absent external
validation in the debonding model (24 cases) [41] and the decision-support model (104 cases) [44], while
the implant-failure model was more robust but still limited by its single-centre design [49].

Table 3. Risk-of-bias judgements. For QUADAS-2, D1-D4 denote patient selection, index test, reference
standard, and flow and timing. For PROBAST+AI, D1-D4 denote participants, predictors, outcome and
analysis. Generative and design studies [37-39] were appraised for reporting completeness only (Table 2)
and are discussed narratively.

Study Instrument D1 D2 D3 D4 Overall
Lee 2018 [31] QUADAS-2 Unclear Unclear High Low High
Lee 2021 [32] QUADAS-2 Unclear Low Unclear Low High
Bayraktar2022 QUADAS-2 Unclear Unclear Unclear Low Unclear
[33]
Rohrer2022 [34] QUADAS-2 Low Low Unclear Low Unclear
Celik 2022 [35] QUADAS-2 High Unclear Unclear Low High
Vinayahalingam QUADAS-2 High Low Low Low High
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2021 [36]
Choi 2024 [40] QUADAS-2 Unclear Unclear Unclear Low Unclear
Takahashi 2021a QUADAS-2 Unclear High Low Low High
[42]
Takahashi QUADAS-2 Unclear Unclear Low Low Unclear
2021b [43]
Sukegawa 2020 QUADAS-2 Unclear Unclear Low Low Unclear
[45]
Park 2023 [46] QUADAS-2 Low Low Low Low Low
Lee & Jeong QUADAS-2 Unclear Unclear Low Low Unclear
2020 [47]
Cha 2021 [48] QUADAS-2 Unclear Unclear Unclear Low Unclear
Yamaguchi 2019 PROBAST+A Unclear Low Low High High
[41] |
Chen 2016 [44] PROBAST+A Unclear Unclear Low High High
I
Zhang 2023 [49] PROBAST+A Low Low Low Unclea Unclear
I r
QUADAS-2 (diagnostic-accuracy studies, n = 13) PROBAST+AI (prediction models, n = 3)
100 1 100 4
=
80 4 &0 4
o = 2
5 80 4 § 80 4
g g
E 3
E 40 4 ':ﬂ‘ 40 T
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Figure 4. Distribution of risk-of-bias judgements by domain. Numbers within the bars are counts of
studies. Patient selection and reference standard are the weakest QUADAS-2 domains; the analysis
domain dominates risk under PROBAST+AL

Recurring deficiencies across the evidence base

Aggregated across all nineteen studies, the deficiencies were strikingly consistent (Figure 5). Every study
used a private, non-public dataset and none provided a code- or data-availability statement (19/19 for
each). Eighteen of nineteen (95%) drew on a single centre, reported no external or independent
validation, offered no sample-size justification, declared no adherence to any reporting guideline and gave
no de-identification statement. Class imbalance was left unaddressed in 17/19 (89%), and in 15/19 (79%)
the reference standard was an expert annotation for which no inter-examiner reliability was reported.
These patterns held across all three clinical domains and were largely independent of the specific task, the
imaging modality or the size of the dataset.
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Private {non-public) dataset 100% {19/19)
No code-availability statement 100% {1919}
Ko datz-availability statement 100% {19/19)
Single-centre data source 95% {18/19)
No extemal or independent validation 95% {18/19)
No sample-size justification 95% (18/19)
No declared reporting-quideline adherence 95% (18/19)
Class Imbalance not addressed §9% (17/19)
Referance standard without reported 19% (15/19)

inter-examiner reliablity

No de-identification statement 95% {18/19)

| ' ' 1 ' T

0 20 40 60 1] 100
Proportion of included studies (%), n=19

Figure 5. Prevalence of key reporting and methodological deficiencies across the 19 charted studies.
Percentages are of all included studies; counts are given in parentheses.

Discussion

This scoping review appraised, at the level of individual reporting domains and across prosthodontics,
restorative and implant dentistry together, how completely primary Al studies are reported and how far
they are at risk of bias. The central finding is a marked disconnect between performance and provenance:
studies report near-ceiling accuracy while omitting the very information—external validation, dataset
access, code, sample-size rationale and reference-standard reliability—that would allow those claims to
be trusted, reproduced or generalised. In this respect dental Al closely mirrors the wider medical-Al
literature, in which comparable appraisals have repeatedly found high apparent accuracy resting on non-
reproducible, internally validated, single-centre designs [12-16].

The result is consistent with, and extends, the existing dental evidence. Prior reviews concluded that
methodological quality in this field is low and that few studies reach a low risk of bias [2,8,9], but they
reached that conclusion largely as an adjunct to describing applications and performance, or—in the case
of the umbrella review—by appraising reviews rather than the primary studies beneath them [8]. By
routing each primary study to a design-appropriate, Al-specific instrument, the present review converts
that general impression into a specificc domain-level diagnosis and updates the dentistry-wide
methodological scoping review that predated these instruments [7]. It also demonstrates that the
deficiencies are not confined to any one sub-discipline: caries detection, crown design and implant
identification share almost the same reporting profile, which points to a field-wide norm rather than to
isolated shortcomings.

The chronology in Figure 1 helps explain, though it does not excuse, this pattern. Fifteen of the nineteen
studies were published before TRIPOD+AI and the CLAIM update became available, and all of them before
PROBAST+AIL Authors were therefore working without instruments that now define the expected
standard. The corollary is that the field should improve rapidly if these instruments are adopted, and that
reviews such as this one need periodic repetition to detect whether that improvement is occurring.

These findings matter clinically. A model that has never been tested outside the institution and scanner on
which it was built cannot be assumed to perform there, and a reference standard defined by a single
unblinded annotator may encode that annotator’s errors as ground truth. The problem is compounded in
prosthodontics by the frequent use of undisclosed commercial CAD algorithms as comparators or
components, because neither their training data nor their decision logic can be scrutinised. Without
external validation and transparent reporting, the high accuracies now populating the literature offer
weak assurance of real-world benefit and may foster premature confidence among clinicians and
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manufacturers alike.

Several concrete steps would improve the situation:

Authors should adopt CLAIM or TRIPOD+AI when designing and writing Al studies, and should appraise
their own risk of bias with QUADAS-2 or PROBAST+AI before submission.

The reference standard should be defined explicitly, established by more than one calibrated examiner,
and accompanied by a reported measure of inter-examiner reliability.

Sample size should be justified prospectively, and the handling of class imbalance stated; augmentation
should never be presented as an increase in independent sample size.

Partitioning should be performed at patient rather than image level, and safeguards against data leakage
described explicitly.

External validation on data from a different centre, scanner or time period should become an expectation
rather than an exception.

Code and de-identified data should be shared wherever ethically and legally possible, and shared public
benchmarks for prosthodontic and implant tasks should be developed to enable independent replication.
Journals in the field, including this one, could accelerate the shift by requiring a completed Al reporting
checklist at submission, as several imaging and prediction-model journals now do.

Strengths and limitations

The principal strength of this review is its design-matched, domain-level appraisal across three clinical
fields, which yields a more actionable picture than application-focused syntheses. Several limitations
should be acknowledged. As a scoping review it maps and characterises the evidence without pooling it, so
no quantitative estimate of diagnostic accuracy is offered. The twelve-domain condensation of CLAIM and
TRIPOD+AI, while stated a priori and reproducible, is an adaptation and is not interchangeable with item-
by-item scoring against the full instruments; absolute completeness rates would differ under full scoring,
although the relative pattern is unlikely to change. Some appraisal items could be scored only from the
accessible portions of full texts; where a detail was absent from the sources available it was recorded as
not reported, which is epistemically distinct from confirming that the authors did not perform the step,
and the ratings are therefore provisional pending confirmation against the complete published records.
Excluding non-English publications may have narrowed the geographical range further. Finally, the field is
evolving quickly, and the search should be refreshed immediately before publication so that recent
studies—which may report to a higher standard—are captured.

Conclusions

Within prosthodontics, restorative and implant dentistry, Al studies report consistently high accuracy but
fall well short of contemporary reporting and risk-of-bias standards. External validation is almost never
performed, code and data are not shared, sample sizes are not justified, and reference standards are often
incompletely characterised. Until these gaps are closed through standardised reporting, external
validation and open-science practices, current performance claims should be regarded as promising but
unproven, and clinical adoption should proceed with corresponding caution.
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