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Abstract

Background Accurate identification of dental implant brands from radiographic images is clinically important,
particularly when previous treatment records are unavailable. Deep learning (DL) models have shown promising
performance for automated implant classification, yet it remains unclear how reliably this performance translates
across different imaging modalities, datasets, and validation strategies.

Objective To systematically evaluate the diagnostic performance and methodological characteristics of deep
learning models for dental implant brand classification using panoramic, periapical, and mixed radiographic
datasets.

Methods This systematic review was reported in accordance with the PRISMA 2020 guidelines. PubMed, Sco-
pus, Web of Science, and IEEE Xplore databases were searched for studies published between 2020 and 2026.
Studies employing CNN-based, YOLO-based, transformer-based, AutoML, or hybrid deep learning models for
implant brand classification were included. Extracted data included imaging modality, dataset characteristics,
model architecture, validation strategy, and diagnostic performance metrics. Risk of bias was assessed using the
QUADAS-2 tool. Because the performance metrics reported across the included studies were inconsistent and
not statistically poolable, a structured narrative synthesis was performed in accordance with the Synthesis With-
out Meta-analysis (SWiM) guidelines rather than a meta-analysis.

Results Twenty studies met the inclusion criteria. Reported diagnostic accuracy ranged approximately from 75%
to 99%. Studies using smaller datasets, limited implant diversity, and manually cropped implant regions generally
reported higher performance, whereas large multicenter datasets demonstrated comparatively lower but poten-
tially more clinically realistic results. Panoramic radiographs were the most commonly used imaging modality,
although periapical and mixed datasets also demonstrated strong diagnostic capability. Earlier studies primarily
used transfer learning—based CNN architectures, while more recent investigations incorporated attention mecha-
nisms, hybrid architectures, synthetic augmentation, and automated object-detection workflows. However, true
geographically independent external validation remained uncommon.

Conclusion Deep learning models may demonstrate potential for dental implant brand classification. Neverthe-
less, diagnostic performance is influenced by dataset composition, implant diversity, preprocessing workflow,
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and validation strategy rather than model architecture alone. Future studies should prioritize multicenter external
validation, standardized reporting, explainable Al integration, and clinically applicable automated workflows.

Keywords Dental implants - Deep learning - Artificial intelligence - Implant classification - Panoramic
radiography - Systematic review

Introduction

Dental implant treatments have become one of the most widely utilized prosthetic solutions in contemporary
dentistry due to their high long-term success rates in both partially and fully edentulous patients [1]. However,
the global increase in implant placement has introduced a critical clinical challenge: the accurate identification
of previously placed implant systems [2—4]. This issue is particularly relevant in cases where patient records are
incomplete or unavailable. Furthermore, variability in implant-specific connection designs and prosthetic com-
ponents complicates appropriate restorative and surgical planning [2].

Radiographic evaluation plays a central role in implant identification. Panoramic radiographs are widely used
in clinical practice due to their ability to provide a comprehensive overview of the maxillofacial region in a stan-
dardized and accessible manner [2, 5, 6]. However, despite these advantages, panoramic imaging is subject to
inherent limitations, including geometric distortion, superimposition of anatomical structures, and reduced spa-
tial resolution compared to intraoral radiographs. In contrast, periapical radiographs may provide more detailed
visualization of implant-specific features, such as thread design, tapering, and fixture morphology, which are
essential for precise implant system identification. Nevertheless, panoramic radiographs remain one of the most
commonly available and routinely acquired imaging modalities in large-scale diagnostic workflows, making
them highly relevant for the development of automated diagnostic tools [7].

Recent advances in artificial intelligence (Al), particularly deep learning (DL)-based image analysis, have
significantly transformed medical and dental radiology [8—10]. Among these approaches, convolutional neural
networks (CNNs), YOLO-based object detection models, modern CNN and hybrid architectures, and hybrid
deep learning frameworks have increasingly been applied to radiographic image analysis. These models can learn
complex spatial patterns directly from raw radiographic images, enabling automated detection and classification
while reducing the reliance on the handcrafted feature extraction required by conventional image-analysis pipe-
lines [11-13].

In the context of implant identification, CNN-based models have demonstrated the ability to recognize subtle
morphological characteristics of implant systems from radiographic images, thereby facilitating automatic clas-
sification of implant brands and reducing operator-dependent variability [2, 5, 14]. Previous studies have reported
promising diagnostic performance, with accuracy values ranging approximately between 75% and 99% [2, 5,
14-18].

Given the increasing heterogeneity in study designs, imaging modalities, and deep learning methodologies,
there is a critical need for a comprehensive and methodologically robust synthesis of the existing literature. In
particular, variations in dataset composition, number of implant classes, validation strategies, and reporting stan-
dards complicate direct comparison of model performance across studies. Furthermore, the potential for selection
bias—particularly in reviews that selectively include high-performing models—may lead to overestimation of
diagnostic capabilities. To our knowledge, this is the first systematic review synthesizing implant classification
studies across panoramic, periapical, and mixed imaging modalities while explicitly examining methodological
heterogeneity and validation strategies.

Therefore, this systematic review aims to evaluate the diagnostic performance of deep learning models for
dental implant brand classification across different radiographic modalities, including panoramic, periapical,
and mixed datasets. In addition, this review investigates the impact of methodological factors—such as model

B BMC BMC Oral Health



https://doi.org/10.1186/512903-026-09926-8 Article in Press

architecture, data augmentation strategies, and validation approaches—on reported performance outcomes, with
a focus on identifying sources of variability and potential bias in the current literature.

Materials and methods

Study design and reporting guidelines

This systematic review was reported in accordance with the PRISMA 2020 statement for reporting systematic
reviews [19]. Additionally, the synthesis of findings without meta-analysis was reported in accordance with the
Synthesis Without Meta-analysis (SWiM) reporting guideline [20].

The review was guided by the following question: in patients undergoing radiographic evaluation, what is the
diagnostic performance of deep learning models for dental implant brand or system classification on panoramic,
periapical, or mixed radiographs, and which methodological factors influence the reported performance?

The review protocol was not prospectively registered; however, to enhance transparency, the protocol was
deposited in the Open Science Framework (OSF) after completion of the review (registration DOI: https://doi.
org/10.17605/0OSF.I0/984AP ). The eligibility criteria, search strategy, and synthesis methods were established
before study selection, and no post hoc methodological modifications were introduced. Nevertheless, the eligibil-
ity criteria, search strategy, and synthesis methods were established before completion of study selection and data
synthesis, and no post hoc methodological modifications were introduced during the review process.

Eligibility criteria

The eligibility criteria were defined based on study design, imaging modality, methodological characteristics, and
outcomes of interest.

Inclusion criteria

Original research articles employing deep learning architectures, including CNN-, transformer-, YOLO-,
AutoML-, or hybrid models, for dental implant brand or system classification. These architecture families repre-
sent distinct design paradigms: standard CNNs perform whole-image classification, YOLO-based models jointly
localize and classify the implant, and transformer-based and AutoML frameworks differ in how features are
learned. Object-detection architectures were included explicitly, as they are increasingly used in recent implant
studies.

Studies using panoramic, periapical, or mixed radiographic datasets were included to better reflect real-world
clinical imaging conditions and reduce modality-related selection bias.

Reporting at least one diagnostic performance metric (e.g., accuracy, AUC, F1-score, sensitivity, specificity).

Published in peer-reviewed journals between January 2020 and June 2026.

Articles written in English. The restriction to English-language articles was applied for feasibility; the resulting
potential for language bias is acknowledged as a limitation.

Exclusion criteria
Studies focusing exclusively on implant detection or segmentation without explicit implant brand classification
outcomes were excluded.

Non—deep learning approaches (e.g., classical machine learning or rule-based systems).
Studies lacking sufficient methodological transparency (e.g., missing validation details).
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Studies based exclusively on synthetic or simulated datasets without real clinical radiographic images were
excluded.

Reviews, conference abstracts, editorials, or non-peer-reviewed literature.

When duplicate publications or substantially overlapping datasets addressed the same research question, only
the most comprehensive version was included. When overlapping datasets were used to address distinct objec-
tives, such as robustness testing or human—Al comparison, this overlap was recorded and considered during
interpretation.

No performance-based thresholds (e.g., accuracy cut-offs) were applied as inclusion or exclusion criteria in
order to avoid selection bias.

Search strategy

A comprehensive literature search was conducted across the following electronic databases: PubMed (MED-
LINE), Scopus, Web of Science, IEEE Xplore. The search strategy combined terms related to dental implants,
artificial intelligence, deep learning, and radiographic imaging modalities. The complete electronic search strate-
gies for all databases are provided in Supplementary Table S1.

Search strategies were developed using combinations of controlled vocabulary and free-text terms related to
dental implants, implant identification, radiographic imaging, artificial intelligence, deep learning, convolutional
neural networks, YOLO, object detection, transformers, and transfer learning. The final literature search was
conducted in June 2026. In addition to database searches, the reference lists of included studies were manually
screened to identify additional relevant articles. Duplicate records were removed using reference management
software, followed by manual verification. The review was intentionally restricted to peer-reviewed journal arti-
cles to ensure a consistent minimum standard of methodological reporting and reproducibility across the hetero-
geneous Al literature; grey literature (conference abstracts, preprints, and theses) was not searched. The potential
for publication bias arising from this restriction is addressed in the limitations.

Study selection

Two independent reviewers (O.M.D.Y. and I.L.K) screened titles and abstracts of all retrieved records. Full-text
articles were then assessed for eligibility based on predefined criteria. The study selection process is illustrated
using a PRISMA flow diagram.

Data extraction

Data were extracted independently by two reviewers using a standardized extraction form. The following vari-
ables were recorded:

Study characteristics (authors, year, country),

Dataset properties (sample size, number of implant systems, data source),

Model characteristics (architecture type, transfer learning, auxiliary learning strategies),
Preprocessing techniques and data augmentation methods,

Validation strategies (k-fold cross-validation, hold-out validation, external validation),
Performance metrics (accuracy, AUC, F1-score, sensitivity, specificity).

Titles, abstracts, and full texts were independently screened in duplicate by two reviewers(O.M.D.Y. and I.L.K)
against the predefined eligibility criteria. Disagreements were resolved through discussion until consensus was
reached; in the few cases where consensus could not be reached, a third reviewer (S.Y) was consulted to adjudicate.
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Risk of bias assessment

Risk of bias was assessed using the QUADAS-2 tool across four domains [21]: Patient Selection, Index Test, Ref-
erence Standard, Flow and Timing. Each domain was rated as “low,” “high,” or “unclear” risk of bias. To improve
transparency, domain-level judgments were supported by study-specific justifications derived from the original
articles. In addition, the Checklist for Artificial Intelligence in Medical Imaging (CLAIM) was used as a concep-
tual reporting framework to inform the interpretation of study reporting quality in Al-relevant domains such as
external validation, transparency, and reproducibility [22]; it was not applied as a formal risk-of-bias assessment
tool. As QUADAS-2 was originally developed for primary diagnostic accuracy studies, its judgements in this
review should be interpreted as an adaptation to the Al context.

Data synthesis and analysis

Due to substantial heterogeneity in study designs, dataset characteristics, number of implant classes, valida-
tion strategies, and reported performance metrics, a quantitative meta-analysis was not considered appropriate.
Instead, a structured narrative synthesis was performed in accordance with SWiM recommendations. Subgroup
analyses were conducted based on imaging modality (panoramic, periapical, and mixed), model architecture
(CNN-based, YOLO-based, and transformer-based), validation strategy (internal vs. external), and dataset char-
acteristics (sample size and number of implant classes). Where available, additional methodological factors such
as data augmentation and explainable Al techniques were also qualitatively evaluated.

Consideration of bias and evidence limitations

Given the nature of the included studies, additional sources of bias were considered qualitatively, including:

Selection bias related to dataset composition,

Publication bias favoring high-performing models,

Center bias due to single-center retrospective datasets,

Validation bias arising from reliance on internal validation methods.

These factors were taken into account during interpretation of the findings.

Result

Study selection

The study selection process is illustrated in Fig. 1. The search was subsequently updated and extended through
June 2026 to ensure inclusion of the most recent evidence.The final, combined search of four electronic databases
(PubMed, Scopus, Web of Science, and IEEE Xplore), restricted to English-language, peer-reviewed articles,
identified a total of 715 records. After removal of 146 duplicate records, 569 records were screened on the basis of
title and abstract. Of these, 512 records were excluded for not meeting the predefined eligibility criteria, leaving
57 full-text articles that were assessed for eligibility. Following full-text evaluation, 37 articles were excluded;
the reasons for exclusion, with corresponding counts, are reported in Supplementary Table S2. Ultimately, 20
studies met all predefined inclusion criteria and were included in the qualitative synthesis, five of which were
recently published studies (2025-2026) identified during the updated search. The most frequent reasons for full-
text exclusion were the absence of an implant brand or system classification outcome, the use of non—deep-
learning methodologies, and insufficient methodological or performance data for extraction.
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Identification

Records identified (n = 715) Duplicate records removed
PubMed 69 - Scopus 575 - WoS 70 - IEEE 1 (n =146)
Screening

y

Records excluded

Records screened (n = 569) T i B

y

Full-text articles assessed (n = 57) Reports excluded (n = 37)

No brand classification: 15

Not deep learning: 9
Insufficient data: 9

Overlapping dataset: 4

Included

N\

Studies included in review (nh = 20)
Qualitative synthesis (SWiM)

Databases: PubMed, Scopus, Web of Science, IEEE Xplore
Filters: 2020-2026 - English - peer-reviewed articles

Full-text exclusion reasons detailed in Supplementary Table S2

Fig. 1 PRISMA 2020 flow diagram illustrating the study selection process

Studies were not excluded on the basis of reported diagnostic performance in order to minimize selection bias
and ensure comprehensive representation of the available evidence. In addition, studies using overlapping datas-
ets were retained when they addressed distinct objectives, such as robustness analysis, human—AlI collaboration,
synthetic augmentation, or automated detection workflows.

Characterisics of included studies

The characteristics of the included studies are summarized in Table 1. The included studies demonstrated sub-
stantial methodological heterogeneity in terms of imaging modality, dataset size, implant diversity, model archi-
tecture, preprocessing strategies, and validation methodologies.

Panoramic radiographs were the most frequently used imaging modality and were utilized in several studies,
including Sukegawa et al. [15], Sukegawa et al. [16], Lubbad et al. [5], Tiryaki et al. [17], and Ariji et al. [18].
Periapical radiographs were employed in studies such as Kim et al. [23], Kim et al. [24], Kong et al. [25], and
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Table 1 Characteristics and methodological features of included studies on deep learning—based dental implant brand clas-

sification
Study Country  Imaging Dataset Implant Main Al ROI Strategy ~ Validation Exter- Explainable Key
Modality Characteristics Sys- Approach Strategy nal Al Method-
tems Vali- ological
(n) dation Notes
Kim et Korea Periapical Single-center 4 Transfer Manual Hold-out  No CAM Periapical
al. [23], retrospective learning cropped ROI  split (6:2:2) implant
2020 dataset CNN classifica-
tion with
explain-
ability
integration
Lee & Korea Pan- Single-center 3 Transfer Manual Hold-out  No No Human
Jeong oramic+Peri- retrospective learning cropped ROI  validation expert
[30], apical dataset CNN compari-
2020 son and
modality-
specific
analysis
Lee et Korea Pan- Multicenter 6 Automated  Manual Hold-out  No No Large
al. [27], oramic+Peri- retrospective deep cropped ROI  validation multi-
2020 apical dataset learning center
framework dataset
(AutoDL) with
clinician
compari-
son
Suke- Japan Panoramic Single-center 12 Multi- Manual 4-fold No Grad-CAM  Simul-
gawa et retrospective task CNN cropped ROI  cross-vali- taneous
al. [15], dataset framework dation implant
2021 and
treatment-
stage clas-
sification
Suke- Japan Panoramic Single-center 13 CNN +atten- Manual 4-fold No Grad- Attention-
gawa et retrospective tion cropped ROl cross-vali- CAM +atten- based
al. [16], dataset mechanism dation tion learning
2022 heatmaps with
statistical
compari-
son and
effect-size
analysis
Kim et Korea Periapical Single-center 3 YOLO- Bounding-box Hold-out  No No Combined
al. [24], retrospective based annotation validation implant
2022 dataset detection/ detection
classification and clas-
sification
workflow
Lee et Korea Panoramic Multicenter 6 Automated ~ Manual Hold-out  Partial Activation =~ Human—
al. [39], retrospective deep cropped ROI  validation maps Al col-
2021 dataset learning with inde- laborative
framework pendent implant
(AutoDL) test cohort classifica-
tion study
Konget Korea Periapical Single-center 4 Cloud-based Manual Hold-out  No No Low-code
al. [25], retrospective AutoML cropped ROI  validation Al work-
2023 dataset framework flow with
limited
algorith-
mic trans-
parency
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Table 1 (continued)

Study Country  Imaging Dataset Implant Main Al ROI Strategy ~ Validation Exter- Explainable Key
Modality Characteristics Sys- Approach Strategy nal Al Method-
tems Vali- ological
(n) dation Notes
Park et Korea Pan- Large 27 Automated ~ Manual Hold-out  No Grad-CAM  Large-
al. [28], oramic+Peri- multicenter deep cropped ROI  validation scale mul-
2023 apical heterogeneous learning ticenter
dataset framework study with
(AutoDL) modality
compari-
son
Lee et Korea Pan- Multicenter 27 Transfer Manual Hold-out  Partial Conceptually Robust-
al. [29], oramic+Peri- dataset with  (train- learning cropped ROl  valida- discussed ness
2024 apical independent  ing),9 CNN tion+inde- analysis
distorted test  (testing) pendent under
set distorted clinically
test cohort distorted
imaging
conditions
Lubbad  Tiirkiye  Panoramic Single-center 6 CNN/ Manual Hold-out No No Com-
etal. [5], retrospective transformer  cropped ROI  validation parative
2024 dataset bench- evaluation
marking of 28 deep
framework learning
architec-
tures
Arijiet  Japan Panoramic Single-center 8 Two-step Automatic Hold-out  Partial No Clinically
al. [18], dataset with detection/ detection valida- oriented
2025 external classification pipeline tion+exter- automated
testing pipeline nal testing implant
detection
and clas-
sification
workflow
Lin et Taiwan Periapical Single-center NR YOLO- Automatic Hold-out No No Modern
al. [26], retrospective based object detection validation end-
2025 dataset detection pipeline to-end
framework implant
detection
workflow
using
YOLOv10
Suke- Japan Panoramic Single-center 10 CNN with Manual 10-fold No t-SNE STL-
gawa et retrospective synthetic cropped ROl cross-vali- feature based
al. [38], dataset radiographic dation visualization synthetic
2025 augmentation panoramic
image
generation
Tiryaki et Tiirkiye  Panoramic Single-center 5 Transfer Manual 5-fold No No Combined
al. [17], retrospective learning cropped ROl cross-vali- implant
2025 dataset CNN with dation classifica-
ensemble tion and
fusion angle
estimation
framework
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Table 1 (continued)

Study Country  Imaging Dataset Implant Main Al ROI Strategy ~ Validation Exter- Explainable Key
Modality Characteristics Sys- Approach Strategy nal Al Method-
tems Vali- ological

(n) dation Notes

Yuceet  Tiirkiye  Panoramic Single-center 4 Transfer Manual Hold-out  No Grad-CAM  First
al. [31], retrospec- learn- cropped validation statistical
2025 tive dataset ing CNN ROI+CLAHE (80:20) com-
(275 patients; (GoogLeNet, parison
1075 cropped, ResNet-18, of four
5375 after VGGl6, CNNs
augmentation) ShuffleNet) across
four
brands;
first
reported
ShuffleNet
use for
implant
classifica-
tion
Bena- India Pan- Single-center 5 DEtection Automatic Hold-out  No No First
katti et oramic+ Peri- dataset (1300 TRansformer detection validation trans-
al. [34], apical collected,; (DETR) pipeline (70:15:15) former-
2025 1138 retained; based
1744 after detector
augmentation) (DETR)
for
implant
identifi-
cation;
author-
reported
train—
validation
general-
ization
gap
Lashaki Iran Periapical Public Robo- 3 CNN with Implant- 5-fold No No Pairwise
etal. (public flow dataset hybrid specific mask- cross-vali- binary
[32], dataset) (511 images; classifiers ing+CLAHE dation classi-
2025 5110 after (CSVM/ fication
augmentation) CDT/ design;
CRF)+pre- prepro-
trained cessing/
VGG16/ masking
ResNet50/ emphasis
Xception on a pub-
lic, imbal-
anced
dataset
Pachaiap- India Pan- Single-center 7 YOLOv1I0-  Automatic Hold-out  No No System-
pan et oramic+Peri- dataset (4677 based object detection validation level (not
al. [35], apical images; 8189 detection pipeline (80:10:10) subtype)
2026 implants; x3 (Roboflow) detection
augmentation) and clas-
sification;
marked
class
imbalance
across
brands
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Table 1 (continued)

Study Country  Imaging Dataset Implant Main Al ROI Strategy ~ Validation Exter- Explainable Key
Modality Characteristics Sys- Approach Strategy nal Al Method-
tems Vali- ological
(n) dation Notes
Ahmed et Saudi Periapical Two-source 5 YOLOvI2x Automatic Hold-out  No No Cross-
al. [33], Arabia dataset (6092 object detection validation version
2026 images; 5851 detection pipeline (80:10:10) YOLO
after filtering (YOLOv7-  (Roboflow) bench-
to five brands) v12 and marking;
DF-DETR human—AlI
bench- compari-
marked) son with
Cohen’s
kappa;
STARD/
CLAIM-
adherent
reporting

Lin et al. [26], whereas mixed panoramic—periapical datasets were used in multicenter investigations by Lee et
al. [27], Park et al. [28], and Lee et al. [29].

Dataset size varied considerably across studies, ranging from 355 implant fixtures in a YOLOv3-based peri-
apical study by Kim et al. [24] to 156,965 radiographic images in the large multicenter study by Park et al. [28].
Similarly, the number of implant classes varied substantially, ranging from 3 implant systems in smaller classifi-
cation studies to 27 implant systems in large multicenter datasets.

Most earlier studies employed transfer learning—based convolutional neural network architectures, particularly
VGG- and ResNet-based models [23, 30]. More recent studies incorporated advanced architectures and learning
strategies, including attention mechanisms, transformer-based models, hybrid CNN—transformer frameworks,
AutoML systems, and YOLO-based object detection pipelines [5, 16, 18, 25, 26].

Validation methodologies also differed substantially among studies. Most studies relied primarily on internal
validation approaches, including hold-out validation and cross-validation, whereas only a limited number incor-
porated independent multicenter datasets or external testing cohorts.

The five most recent studies (2025-2026) reflected the same overall modality distribution. Yuce et al. [31] used
panoramic radiographs; Lashaki et al. [32] and Ahmed et al. [33] used periapical radiographs; and Benakatti et
al. [34] and Pachaiappan et al. [35] used mixed panoramic—periapical datasets. These studies also broadened the
geographic representation of the evidence base beyond the predominantly Korean and Japanese cohorts of the
original sample, adding investigations from Tiirkiye, India, Iran, and Saudi Arabia. In terms of architecture, the
most recent studies were weighted toward the most recent object-detection frameworks: Benakatti et al. [34].
employed a DEtection TRansformer (DETR), Pachaiappan et al. [35]. used YOLOv10, and Ahmed et al. [33].
used YOLOvV12x, whereas Yuce et al. [31]. compared four transfer-learning CNNs and Lashaki et al. [32] com-
bined CNN feature extraction with classical machine-learning classifiers and pre-trained networks. One study
(Lashaki et al. [32].) relied on a publicly available radiographic dataset rather than an institutional archive, and
two (Pachaiappan et al. [35]; Ahmed et al. [33].) were published in 2026, reflecting the continued and rapid
expansion of this field.

Risk of bias assessment
Risk-of-bias assessment using the QUADAS-2 framework demonstrated that most included studies showed rela-
tively low risk in the reference standard domain, as implant labels were generally derived from institutional

records or clinician-confirmed implant systems. Similarly, the index test domain was frequently rated as low risk
in studies that clearly described model architecture, validation procedures, and performance evaluation methods.
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However, several studies using proprietary or AutoML-based systems demonstrated unclear risk due to limited
algorithmic transparency and insufficient reporting of model optimization procedures [25, 27].

The most common methodological concern across the included studies was related to patient selection and
dataset composition. Most investigations were based on retrospective single-center datasets with varying degrees
of class imbalance and limited implant diversity [17, 28]. Several studies included substantially unequal distri-
butions of implant systems, potentially favoring overrepresented implant classes and artificially inflating clas-
sification performance. In addition, many studies relied on manually cropped implant regions of interest prior to
classification, thereby reducing workflow realism and limiting direct clinical applicability.

Another major limitation identified across the literature was the limited use of external validation. Although
some studies incorporated multicenter datasets or independent testing cohorts, true geographically independent
external validation remained uncommon [18, 28, 29]. In several multicenter studies, training and testing datasets
were derived from overlapping institutional sources, potentially limiting generalizability despite large sample
sizes. Furthermore, robustness analyses under clinically challenging imaging conditions were performed in only
a limited number of studies.

The present review additionally highlights the need for a more nuanced interpretation of validation strate-
gies in implant classification studies. Although many investigations reported internal testing procedures, the
methodological rigor of validation approaches varied substantially across the literature. Building on established
distinctions between internal, temporal, and geographically external validation, we propose—as an interpretive
framework for the purposes of this review—a progressive validation hierarchy [36, 37]. Within this framework,
validation strategies range from single-center internal hold-out validation (Level 1) and multicenter internal
validation using shared datasets (Level 2), to independent robustness testing under distorted imaging conditions
(Level 3), and finally true geographically independent external validation cohorts (Level 4). Importantly, most
currently available studies remained within Levels 1-2, whereas only a limited number incorporated partially
independent testing datasets or robustness-oriented evaluation frameworks [18, 29]. True geographically external
validation across different institutions, imaging devices, and patient populations remained exceptionally uncom-
mon. This limitation may contribute to overestimation of model generalizability and highlights the need for more
rigorous real-world validation protocols in future implant Al research.

Overall, the available evidence suggests that although deep learning models demonstrate promising diagnos-
tic performance for implant brand classification, the methodological quality and generalizability of the current
literature remain constrained by retrospective study designs, ROI-dependent workflows, class imbalance, and
insufficient external validation. The detailed QUADAS-2 assessment and major methodological concerns are
summarized in Table 2.

Imaging modality analysis

Substantial variability in diagnostic performance was observed across imaging modalities.

Panoramic radiograph—based studies generally reported high classification performance under controlled con-
ditions. Several CNN-based studies reported accuracy values exceeding 95%, particularly in datasets involv-
ing manually cropped implant regions and limited implant diversity [15—17]. However, studies involving larger
and more heterogeneous multicenter datasets demonstrated comparatively lower but potentially more clinically
realistic performance values. For example, Park et al. [28], which included 27 implant systems across large
multicenter datasets, reported an overall accuracy of approximately 88.5%. Consistent with this pattern, Yuce et
al. [31] reported 98.9% accuracy with a VGG16 model trained on manually cropped, contrast-limited adaptive
histogram equalization (CLAHE)-enhanced panoramic images of four implant brands, again under controlled
single-center conditions with limited implant diversity.

Periapical radiograph—based studies also demonstrated strong diagnostic performance. Accuracy values gen-
erally ranged from approximately 85% to 98% in studies using periapical imaging [23-25]. These findings may
reflect the higher spatial resolution and improved visualization of implant thread morphology, tapering, and
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Table 2 QUADAS-2 risk-of-bias assessment and major methodological concerns

Study Patient Index Reference Flow & Major Methodological Concerns
Selection Test Standard Timing

Kim et al. [23],2020 Low Low Low Unclear Small single-center dataset and manually cropped ROI workflow

Lee & Jeong [30], Low Low Low Unclear Limited implant diversity and lack of external validation

2020

Leeetal. [27],2020  Low Low Low Unclear Possible class imbalance and limited methodological transparency
of proprietary AutoDL framework

Sukegawa et al. [15], Low Low Low Low Manual ROI dependency and absence of external validation

2021

Sukegawa et al. [16], Unclear Low Low Unclear Very limited implant diversity and operator-dependent bounding-

2022 box annotation

Kim et al. [24], 2022 Low Unclear Low Unclear Combined detection-classification workflow with limited implant
diversity

Lee et al. [39], 2021 Low Low Low Low Human—AlI collaborative workflow and limited external
generalizability

Kong et al. [25],2023 Low Unclear Low Unclear Limited algorithmic transparency and lack of explainable Al

Park et al. [28], 2023  Low Low Low Unclear Large multicenter dataset but no true geographically external vali-
dation; substantial class imbalance

Lee et al. [29], 2024  Low Low Low Unclear Overlapping training dataset with prior studies and limited
distorted-image test cohort

Lubbad et al. [5], Low Low Low Unclear Small single-center dataset and lack of external validation

2024

Ariji etal. [18],2025 Low Low Low Low Limited implant diversity despite automated workflow and partial
external validation

Lin et al. [26], 2025 Unclear Low Low Unclear Insufficient reporting of external validation and dataset composition

Sukegawa et al. [38], Low Low Low Unclear Synthetic image augmentation may limit direct real-world

2025 generalizability

Tiryaki et al. [17], Low Low Low Unclear Class imbalance and manually cropped ROI dependency

2025

Yuce et al. [31],2025 Low Low Low Unclear Manually cropped ROI; possible augmentation-related data leak-

age (augmentation prior to train/test split); four brands only; no
external validation

Benakatti et al. [34],  Unclear Low Low Unclear Small imbalanced dataset with author-reported overfitting and

2025 limited validation-set generalization; no external validation

Lashaki et al. [32], Unclear Low Unclear Unclear Public dataset with metadata-derived labels and severe class imbal-

2025 ance; pairwise binary rather than multiclass classification; heavy
augmentation; no external validation

Pachaiappan et al. Low Low Low Unclear Single-institution dataset with marked class imbalance reducing

[35], 2026 minority-brand recall; system-level classification only; no external
validation

Ahmed et al. [33], Unclear Low Low Low Merged two-source dataset with substantial class imbalance (OSS-

2026 TEM overrepresented) and exclusion of low-frequency brands; no

external validation despite STARD/CLAIM-adherent reporting

fixture geometry in periapical radiographs. More recent periapical studies extended this range further: Lashaki
et al. [32] reported up to 98.7% accuracy using a preprocessed, mask-focused VGG16 pipeline, and Ahmed et
al. [33] reported a mean average precision at IoU 0.50 (mAP@50) of 0.989 using a YOLOv12x object-detection
model.

Studies incorporating mixed panoramic—periapical datasets demonstrated robust and clinically relevant per-
formance levels [27-29]. Interestingly, Park et al. [28] reported no statistically significant performance difference
between panoramic and periapical modalities, suggesting that both imaging modalities may provide comparable
diagnostic information under certain conditions. Two recent mixed-modality studies published in 2025-2026
similarly reported strong performance using object-detection architectures: Pachaiappan et al. [35] achieved a
detection mAP of 98.3% with YOLOvVI10 across seven implant systems, while Benakatti et al. [34] reported
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a precision of 0.83 and recall of 0.89 (F1 = 0.82) using a DETR framework, although the authors explicitly
acknowledged a train—validation generalization gap consistent with overfitting.

Model architecture analysis

Convolutional neural network—based architectures represented the most commonly used deep learning frame-
works across the included studies. Earlier studies primarily employed transfer learning—based CNN architectures
such as VGG16, VGG19, ResNet, GoogLeNet, and DenseNet [23, 30].

Several studies incorporated more advanced learning strategies. Sukegawa et al. [15] introduced a multi-task
learning framework for simultaneous implant brand and treatment-stage classification, while Sukegawa et al. [16]
integrated an Attention Branch Network into ResNet architectures and demonstrated that attention mechanisms
improved the performance of shallower networks such as ResNet18.

More recent studies explored transformer-based and hybrid architectures. Lubbad et al. [5] evaluated 28 dif-
ferent CNN and modern CNN and hybrid architectures and reported that ConvNeXt-small achieved the highest
overall classification performance, with an accuracy of 94.2%.

Object detection—based workflows were increasingly adopted in recent studies. Kim et al. [24], Lin et al. [26],
and Ariji et al. [18] employed YOLO-based detection pipelines capable of simultaneous implant localization
and classification. Among these, Ariji et al. [18] proposed a clinically oriented two-step framework integrating
YOLOvV7-based implant detection with EfficientNet-based implant type classification. This trend toward object
detection was further reinforced by the studies added during the updated search. Pachaiappan et al. [35] and
Ahmed et al. [33] implemented YOLOvV10 and YOLOvVI12x pipelines, respectively, for simultaneous implant
localization and classification, and Ahmed et al. [33]. additionally benchmarked successive YOLO generations
(v7—v12) against a transformer-based DF-DETR baseline, reporting incremental gains in precision, recall, and
mean average precision across versions. Benakatti et al. [34] introduced the first transformer-based detector
(DETR) applied to implant identification, extending the transformer paradigm from classification (e.g., Con-
vNeXt and vision-transformer benchmarking) to end-to-end detection.

Beyond detection, two further studies addressed architectural breadth and computational efficiency. Yuce et al.
[31] provided the first formal statistical comparison of four CNN architectures (GoogLeNet, ResNet-18, VGG16,
and ShuffleNet) for implant classification using Z-tests with Bonferroni correction, reporting that VGG16 sig-
nificantly outperformed the other networks; this study also represented the first reported application of the light-
weight ShuffleNet architecture to implant identification, suggesting potential for deployment on resource-limited
devices. Lashaki et al. [32] combined CNN-based feature extraction with classical machine-learning classifiers
(support vector machine, decision tree, and random forest) and pre-trained networks (VGG16, ResNet50, and
Xception), reporting that hybrid CNN-random-forest and preprocessed VGG16 pipelines achieved the highest
performance among the configurations evaluated.

In addition, Kong et al. [25] utilized a cloud-based AutoML framework, demonstrating that automated neu-
ral architecture search systems may achieve competitive performance while simplifying model development
workflows.

Sukegawa et al. [38] introduced a synthetic radiographic image generation framework using STL-based implant
models and demonstrated that biologically realistic synthetic augmentation improved classification performance
and feature-space organization.

Validation strategy analysis
A critical methodological finding across the included studies was the limited use of true external validation.

Most studies relied primarily on internal validation methods, including hold-out validation and cross-validation
approaches [15, 17, 23].
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Although several studies incorporated multicenter datasets or independent test cohorts [18, 28, 29], geographi-
cally independent external validation datasets remained uncommon. Consequently, the generalizability of many
proposed models remains uncertain.

Several studies also relied heavily on manually cropped implant regions of interest prior to classification,
which may limit direct clinical applicability in fully automated workflows. None of the five studies added during
the updated search incorporated geographically independent external validation; all relied on internal hold-out or
cross-validation within single or merged institutional datasets. Notably, Ahmed et al. [33] explicitly identified the
absence of an external validation cohort as a key limitation and reported that multisite evaluation was planned,
underscoring that the lack of external validation remains a recognized and unresolved gap even in the most recent
literature.

Performance analysis

Reported diagnostic performance and validation characteristics of the included studies are summarized in Table 3.
Overall accuracy values ranged approximately between 75% and 99%, reflecting heterogeneity in dataset compo-
sition, implant diversity, imaging modality, validation methodology, and model architecture.

Studies involving relatively few implant systems and manually cropped implant regions frequently reported
extremely high diagnostic performance, often exceeding 97% accuracy [15, 17]. In contrast, studies incorporat-
ing larger multicenter datasets and a greater number of implant systems generally reported lower but potentially
more clinically realistic performance estimates [28].

Several studies additionally reported complementary performance metrics such as AUC and F1-score. Suke-
gawa et al. [16] reported an AUC value of 0.9993 using an attention-based ResNet18 model, whereas Lubbad et
al. [5] demonstrated F1-scores exceeding 94% using ConvNeXt architectures. Park et al. [28] reported lower but
clinically relevant F1-scores in highly heterogeneous multicenter datasets.

Class imbalance and implant diversity appeared to substantially influence model performance. Studies involv-
ing fewer implant classes generally demonstrated higher classification accuracy, whereas performance tended to
decrease as implant diversity and dataset heterogeneity increased.

The most recent studies (2025-2026) reinforced the wide performance range and the heterogeneity of report-
ing metrics observed across the literature. Reported figures included 98.9% accuracy (Yuce et al. [31].), 98.7%
accuracy with a ROC AUC of 0.988 (Lashaki et al. [32].), and 95.0% test accuracy (Ahmed et al. [33].) for
classification-oriented studies, alongside detection-oriented metrics such as a mAP of 98.3% (Pachaiappan et al.
[35].) and a mAP@50 of 0.989 with a mAP@50-95 of 0.900 (Ahmed et al. [33].). Importantly, this divergence
illustrates a central obstacle to quantitative synthesis: classification studies typically reported accuracy and AUC,
whereas object-detection studies reported mean average precision, and at least one study (Benakatti et al. [34].)
reported only precision, recall, and F1-score without an accuracy value. These metrics are not directly compa-
rable or statistically poolable, which—rather than methodological heterogeneity alone—was the principal reason
a meta-analysis was not undertaken. Methodological design further complicated direct comparison; for example,
Lashaki et al. [32]. evaluated performance using a pairwise binary classification scheme (e.g., Bicon vs. Bego),
which is structurally simpler than multiclass classification and may yield higher apparent accuracy than studies
discriminating among all implant systems simultaneously.

Advanced methodological findings

Several studies investigated advanced methodological strategies beyond conventional classification frameworks.

Explainable artificial intelligence approaches were incorporated in multiple studies. Sukegawa et al. [15] and
Sukegawa et al. [16] utilized Grad-CAM-based visualization methods to identify implant regions contributing to
classification decisions, whereas Lee et al. [39] incorporated activation mapping within a human—Al collabora-
tive diagnostic workflow.
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Table 3 Diagnostic performance and validation characteristics of included studies

Study Best Model / Framework Accu- AUC External or Major Performance-Influencing Characteristics
racy Inde-
(%) pendent
Testing
Kim et al. [23],2020 ResNet-50 98.0 NR No Small periapical dataset with manually cropped ROIs
Lee & Jeong [30], GoogLeNet Inception-v3 NR 0.979 No Modality-specific performance differences and lim-
2020 ited implant diversity
Leeetal. [27],2020  Automated DCNN NR 0.954 No Multicenter mixed-modality dataset with clinician
framework comparison
Sukegawa et al. [15], ResNet152 multi-task CNN  99.1  0.9999 No Multi-task learning with manually cropped implant
2021 ROIs
Sukegawa et al. [16], ResNet18 with Attention 97.2  0.9993 No Attention-guided shallow CNN architecture
2022 Branch Network (ABN)
Kim et al. [24],2022 YOLOv3-based detection/  96.7 NR No Combined implant detection and classification
classification framework workflow
Lee etal. [39],2021  Automated DL algorithm 80.6 NR Partial Human-Al collaborative implant classification study
(Neuro-T v2.0.1)
Kong et al. [25], 2023 Google Cloud AutoML 98.1 NR No Cloud-based AutoML framework with limited algo-
Vision rithmic transparency
Park et al. [28],2023  Neuro-T v3.0.1 88.5 NR No Large multicenter heterogeneous dataset with sub-
stantial implant diversity
Lee et al. [29], 2024  ResNet-50 95.1 NR Partial Robustness testing under distorted imaging
conditions
Lubbad et al. [5], ConvNeXt-small 942 NR No Comparative benchmarking of CNN and transformer
2024 architectures
Ariji etal. [18],2025 YOLOv7+EfficientNet-BO 989  1.000 Partial Fully automated two-step detection and classification
workflow
Lin et al. [26],2025  Improved IB-YOLOv10 NR NR No End-to-end object detection workflow using modern
YOLO architecture
Sukegawa et al. [38], ResNet50 with synthetic 91.5  0.996 No STL-based synthetic radiographic augmentation
2025 augmentation
Tiryaki et al. [17], Fusion CNN model 98.9 NR No Ensemble learning with implant angle estimation
2025
Yuce et al. [31],2025 VGGI16 98.9 NR No Manually cropped ROIs with CLAHE; small aug-
mented single-center dataset; ShuffleNet competitive
at lower computational cost
Benakatti et al. [34], DEtection TRansformer NR 0.96 No Transformer detector (precision 0.83 / recall 0.89 / F1
2025 (DETR) (PR-AUC) 0.82); author-acknowledged overfitting and limited
generalization
Lashaki et al. [32], VGG16 (preprocessed) 98.7  0.988 No Pairwise binary classification; preprocessing- and
2025 masking-driven gains on a public, imbalanced dataset
Pachaiappan et al. YOLOv10m NR NR No Detection mAP 98.3% (precision 0.93 / recall 0.86 /
[35], 2026 F1 0.89); class imbalance lowered recall for minority
brands (e.g., Nobel 72.7%)
Ahmed et al. [33], YOLOv12x 95.0 NR No Detection mAP@50 0.989 / mAP@50-95 0.900;

2026

OSSTEM overrepresented; outperformed clinicians
across experience levels

NR not reported, AUC area under the curve

Human—AlI interaction was specifically evaluated by Lee et al. [39], who demonstrated that Al-assisted inter-
pretation significantly improved implant identification performance among dental professionals.

Lee et al. [29] evaluated model robustness under clinically challenging imaging conditions, including distorted
angulations, overexposure, cutoff implant visualization, and foreign-body interference. Despite these distortions,
the proposed deep learning system maintained relatively high classification performance.
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Tiryaki et al. [17] extended deep learning applications beyond implant classification by incorporating regres-
sion-based implant angle estimation, thereby demonstrating potential utility for prosthetic treatment planning and
angled abutment selection.

Finally, Ariji et al. [18] proposed a fully automated two-step workflow integrating implant detection and
implant-type classification directly from panoramic radiographs, thereby improving the clinical applicability of
deep learning—based implant identification systems.

Human—AI comparison was further examined by Ahmed et al. [33], who compared a YOLOv12x model
against 52 clinicians spanning six experience levels across 5,200 image evaluations. The model significantly
outperformed every clinician subgroup (one-way ANOVA with Tukey HSD, p < 0.001), and no significant dif-
ferences emerged among clinicians by experience or specialization; inter-rater agreement was quantified using
the Cohen kappa statistic. These findings are consistent with the earlier human—AlI study by Lee et al. [39] and
reinforce the potential role of Al as a decision-support tool when clinical records are unavailable.

Reporting practices also showed signs of maturation in the most recent studies. Ahmed et al. [33] reported their
study in accordance with the Standards for Reporting of Diagnostic Accuracy Studies (STARD) guideline and
the Checklist for Artificial Intelligence in Medical Imaging (CLAIM), representing one of the few included stud-
ies to adopt an Al-specific reporting framework. In addition, preprocessing strategy emerged as an explicit per-
formance factor: Lashaki et al. [32] demonstrated that implant-specific masking combined with CLAHE-based
contrast enhancement substantially improved classification performance relative to unprocessed inputs, and Yuce
et al. [31] similarly applied CLAHE prior to classification, supporting the broader observation that preprocessing
choices materially influence reported outcomes.

Discussion

This systematic review evaluated the diagnostic performance and methodological characteristics of deep learning
(DL) models for dental implant brand classification across panoramic, periapical, and mixed radiographic data-
sets. The present review incorporated studies representing diverse imaging modalities, dataset complexities, and
performance ranges to provide a balanced overview of the current literature.

Overall, the included studies demonstrated that deep learning models can achieve high diagnostic performance
for implant brand classification, with reported accuracy values ranging from approximately 75% to 99%. How-
ever, one of the most important findings of the present review is that reported performance metrics were influ-
enced by methodological characteristics rather than model architecture alone. In particular, dataset composition,
number of implant classes, validation strategy, image preprocessing workflow, and degree of dataset heterogene-
ity substantially affected reported outcomes.

Studies using relatively small datasets with manually cropped implant regions and limited implant diversity
frequently reported extremely high performance values exceeding 97% [15, 17]. In contrast, studies involving
larger multicenter datasets with greater implant diversity demonstrated comparatively lower but likely more clin-
ically realistic performance estimates. For example, Park et al. [28], which incorporated 27 implant systems and
more than 156,000 radiographic images from multiple institutions, reported an overall accuracy of approximately
88.5%. These findings suggest that increasing classification complexity and real-world heterogeneity represent
major challenges for implant classification systems. This observation is particularly important because many
earlier implant Al studies primarily emphasized peak accuracy values without adequately considering dataset
complexity or generalizability. The present review therefore expands upon previous reviews, such as Dashti et al.
[11], by systematically evaluating methodological variability, imaging modality differences, validation strategies,
and sources of potential bias rather than focusing solely on overall classification performance.

One of the major findings of this review is that high classification performance was achievable across both
panoramic and periapical radiographic modalities. Periapical radiographs theoretically provide superior spatial
resolution and improved visualization of implant-specific features such as thread geometry, tapering, and fixture
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morphology, which may facilitate implant identification. Several periapical-based studies demonstrated strong
diagnostic performance, including Kim et al. [23], Kong et al. [25], and Lin et al. [26]. However, panoramic
radiographs also consistently demonstrated high performance levels across multiple studies [15, 17]. Importantly,
Park et al. [28] reported no statistically significant difference between panoramic and periapical imaging modali-
ties in multicenter datasets, suggesting that deep learning models may successfully extract diagnostically relevant
implant features from both imaging sources under appropriate training conditions.

Nevertheless, studies incorporating mixed and heterogeneous datasets generally reported lower but poten-
tially more clinically representative performance values. This was particularly evident in multicenter studies and
robustness analyses, where imaging variability, projection distortion, exposure differences, and implant diversity
more closely reflected real-world clinical scenarios. Lee et al. [29], for example, specifically evaluated model
robustness under distorted imaging conditions, including overexposure, non-perpendicular angulation, cutoff
implant visualization, and foreign-body interference. Despite these challenges, the proposed ResNet50-based
model maintained relatively high diagnostic performance, suggesting that modern deep learning systems may
exhibit meaningful robustness beyond idealized datasets.

Another important finding of this review concerns the evolution of model architectures over time. Earlier stud-
ies primarily relied on transfer learning—based CNN architectures such as VGG16, VGG19, and ResNet models
[23]. These approaches generally demonstrated excellent performance, particularly when implant regions were
manually cropped prior to classification. However, recent studies increasingly incorporated more sophisticated
architectures, including attention-based learning frameworks, transformer-based models, AutoML systems, and
object-detection pipelines.

Attention mechanisms appeared particularly promising in implant classification tasks. Sukegawa et al. [16]
demonstrated that integration of an Attention Branch Network improved the performance of shallower ResNet
architectures and enabled visualization of diagnostically relevant implant regions through Grad-CAM analysis.
Similarly, transformer-based and hybrid architectures showed encouraging performance in more recent stud-
ies. Lubbad et al. [5], who evaluated 28 different CNN and modern CNN and hybrid architectures, reported
that ConvNeXt-small achieved the highest overall classification performance. Their findings suggest that mod-
ern convolutional architectures may outperform both traditional CNNs and pure vision transformer models in
implant classification tasks.

Recent studies also demonstrated a clear transition from manual ROI-dependent classification systems toward
more automated and clinically applicable workflows. Earlier studies typically relied on manually cropped implant
regions prior to classification, limiting direct clinical integration. In contrast, Lin et al. [26], Kim et al. [24], and
Ariji et al. [18] incorporated YOLO-based object detection frameworks capable of simultaneous implant localiza-
tion and classification. Among these, Ariji et al. [18] proposed a clinically oriented two-step workflow integrating
YOLOv7-based implant detection with EfficientNet-based implant type classification directly from panoramic
radiographs. Unlike earlier classification-only pipelines, this approach more closely reflects real-world clinical
workflows and may represent an important step toward fully automated implant identification systems. This shift
toward automated detection has accelerated in recent studies, particularly those published in 2025-2026, which
were dominated by object-detection architectures such as DETR, YOLOv10, and YOLOv12x —indicating that
end-to-end detection, rather than manually cropped classification, is increasingly the default design for new
implant-identification systems. Ahmed et al. [33]. further demonstrated, through cross-version benchmarking of
YOLOvV7-v12 against a transformer-based DF-DETR baseline, that successive architectural generations yielded
measurable gains in localization and accuracy, while Benakatti et al. [34]. extended the transformer paradigm to
detection itself. Collectively, these studies suggest that the field is converging on clinically deployable, fully auto-
mated pipelines, although none yet pairs this automation with geographically independent external validation.

Beyond conventional classification tasks, several studies explored additional clinically relevant applications
of artificial intelligence. Tiryaki et al. [17], for example, extended deep learning applications beyond implant
brand classification by incorporating regression-based implant angle estimation. The authors reported a root
mean square error of approximately 2.9°, suggesting potential utility for prosthetic planning and angled abutment
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selection. Similarly, Lee et al. [39] demonstrated that Al-assisted interpretation significantly improved implant
identification performance among dental professionals, supporting the potential role of human—Al collaboration
in clinical decision support systems.

Recent studies also highlighted a key methodological barrier to evidence synthesis in this field: the incon-
sistency of reported performance metrics. Classification-oriented studies reported accuracy and AUC, object-
detection studies reported mean average precision at varying IoU thresholds, and some studies reported only
precision, recall, and F1-score [34]. Because these metrics capture different aspects of model behaviour and are
computed under different task definitions, they cannot be meaningfully pooled. This observation directly supports
the decision to perform a structured narrative synthesis rather than a meta-analysis, and it argues for the adoption
of standardized, fully reported metric sets in future implant-Al studies.

One of the most innovative methodological developments identified in this review was the use of synthetic
radiographic augmentation. Sukegawa et al. [38] introduced a novel framework using STL-based implant mod-
els to generate synthetic panoramic radiographic images. Importantly, the inclusion of biologically realistic
background-processed synthetic images improved classification performance and feature-space organization
compared with conventional augmentation alone. These findings suggest that anatomically realistic synthetic
augmentation may improve generalizability and partially address limitations associated with small datasets and
class imbalance.

Despite these promising developments, several important methodological limitations remain prevalent
throughout the literature. The most significant limitation identified in the present review was the limited use
of true external validation. Most studies relied primarily on internal hold-out or cross-validation approaches,
which may overestimate model performance and fail to adequately assess generalizability. Although several
studies incorporated multicenter datasets or independent testing cohorts [18, 28, 29], geographically independent
external validation remained uncommon. Consequently, the real-world clinical performance of many proposed
systems remains uncertain.

Another important limitation was the frequent reliance on manually cropped implant regions of interest.
Although this preprocessing strategy simplifies classification tasks and often improves performance, it reduces
clinical realism because implant localization must first be performed manually. This issue partially explains
why earlier CNN-based studies often reported near-perfect classification accuracy. More recent object-detection
frameworks may therefore provide more clinically meaningful performance estimates, even when overall accu-
racy values are comparatively lower [18, 24, 26].

Another methodological consideration identified in the present review was the partial overlap of datasets across
several studies. For example, Lee et al. [29] utilized a training dataset derived largely from the same multicenter
Al-Hub database previously reported by Park et al. [28], although an independent distorted-image testing cohort
was additionally incorporated for robustness evaluation. Similarly, the sequential studies published by Sukegawa
and colleagues likely involved overlapping institutional radiographic archives and implant pools while focus-
ing on different methodological objectives, including multi-task learning, attention mechanisms, and synthetic
augmentation strategies. Although such overlap may reflect progressive methodological refinement rather than
direct duplication, it may also reduce the effective independence of the available evidence and should therefore
be considered when interpreting aggregated findings across studies.

Dataset imbalance also emerged as a recurrent methodological concern. Several studies included substantially
unequal distributions of implant systems, potentially biasing classification performance toward overrepresented
implant brands. Tiryaki et al. [17], for example, demonstrated lower performance in implant systems with smaller
sample sizes, whereas Park et al. [28] similarly reported reduced performance for underrepresented implant
classes. These findings indicate that dataset balance and implant diversity are critical determinants of model
robustness. The same pattern was also observed in more recent investigations. Pachaiappan et al. [35] reported
markedly reduced recall for the underrepresented Nobel class (72.7%) relative to the overrepresented Osstem
class, and Ahmed et al. [33] similarly noted that performance reflected an OSSTEM-dominated class distribu-
tion, with two low-frequency brands excluded entirely from analysis. Benakatti et al. [34] attributed an explicit
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train—validation generalization gap in part to limited and unevenly distributed training data. Together with the
earlier findings of Tiryaki et al. [17]. and Park et al. [28]., these results confirm that class imbalance is a persistent
and consequential determinant of model performance across architectures and imaging modalities.

Two methodological features of the newly included studies further illustrate how study design shapes reported
performance. First, Lashaki et al. [32] evaluated their models using a pairwise binary classification scheme, which
simplifies the discrimination task relative to simultaneous multiclass classification and may inflate apparent accu-
racy; this represents a concrete example of how task formulation—independent of architecture—affects headline
performance figures. Second, the same study relied on a publicly available radiographic dataset, in contrast to
the institutional archives used by most other included studies. While public datasets improve reproducibility and
benchmarking, dataset-specific labelling conventions and image characteristics may limit the transferability of
reported performance to routine clinical radiographs. These considerations reinforce the central observation of
this review that dataset composition, preprocessing, and task design influence reported performance at least as
strongly as model architecture.

The present review additionally identified important sources of potential bias within the existing literature.
Publication bias likely favors studies reporting exceptionally high performance values, whereas studies with
lower or moderate accuracy may remain underreported. Selection bias may also occur when investigators selec-
tively exclude challenging implant systems or low-quality radiographs. To reduce this bias, the present review
intentionally avoided performance-based inclusion thresholds and incorporated studies with broader method-
ological variability and wider performance ranges.

Reporting bias also remains problematic. Many studies failed to report comprehensive diagnostic metrics
such as F1-score, sensitivity, specificity, confidence intervals, calibration performance, or class-wise error analy-
sis. Most studies primarily emphasized discrimination metrics such as accuracy and AUC, whereas calibration
analysis and predictive uncertainty estimation were rarely reported. Similarly, explainable artificial intelligence
techniques remained underutilized across the literature. Although several studies incorporated Grad-CAM or
feature-space visualization approaches [15, 16], most studies still functioned largely as “black-box” systems.
Limited interpretability may hinder clinician trust and slow clinical adoption of Al-assisted implant identifi-
cation systems. Encouragingly, the most recent studies showed early signs of improved reporting discipline.
Ahmed et al. [33] reported their work in accordance with both STARD and the CLAIM framework—one of
the few included studies to apply an Al-specific reporting standard addressing external validation, transparency,
and reproducibility. Wider adoption of such frameworks, alongside routine reporting of calibration, confidence
intervals, and class-wise performance, would substantially strengthen the comparability and clinical credibility
of future implant-Al research.

From a clinical perspective, automated implant brand classification systems may provide substantial practical
benefits. Such systems could assist clinicians when implant records are unavailable, support prosthetic mainte-
nance and component compatibility assessment, facilitate revision procedures, and improve treatment planning
efficiency. In particular, object-detection—based workflows and Al-assisted decision support systems may eventu-
ally enable real-time chairside implant identification. However, widespread clinical implementation will require
robust external validation, standardized evaluation protocols, improved interpretability, and prospective clinical
testing.

Several limitations of the present systematic review should also be acknowledged. First, substantial meth-
odological heterogeneity precluded quantitative meta-analysis. Second, inconsistencies in reporting standards
limited direct comparison across studies. Third, many included studies were retrospective and single-center in
design, potentially limiting external generalizability. Fourth, although the review protocol was not prospectively
registered, it was retrospectively deposited in a public repository (OSF; https://doi.org/10.17605/0OSF.I0/984AP
) after completion of the review to enhance transparency. Finally, despite attempts to minimize selection bias, the
possibility of publication bias cannot be completely excluded.

Future research should prioritize large-scale multicenter external validation, inclusion of broader implant
system diversity, standardized Al reporting guidelines, and prospective clinical validation studies. In addition,
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integration of explainable Al methods, calibration analysis, federated learning approaches, and fully automated
end-to-end workflows may further improve the reliability and clinical applicability of deep learning systems for
dental implant identification.

Conclusion

This systematic review indicates that, in answer to the guiding question, deep learning models may achieve high
diagnostic performance for dental implant brand classification on panoramic, periapical, and mixed radiographs,
but that this performance is reported almost exclusively under internally validated, single-center conditions.
Although reported accuracy was generally high, it varied substantially across studies and appeared to be associ-
ated more with dataset composition, implant diversity, preprocessing workflow, and validation strategy than with
model architecture alone. Because these observations derive from a narrative synthesis of heterogeneous, mostly
retrospective studies with limited external validation, they should be regarded as hypothesis-generating rather
than as definitive evidence of clinical readiness.

The findings further suggest that implant Al research appears to have progressively evolved from conven-
tional CNN-based classification systems toward more clinically applicable frameworks incorporating attention
mechanisms, synthetic augmentation, and automated detection-classification workflows. Nevertheless, the cur-
rent literature remains limited by important methodological concerns, including substantial dataset heterogeneity,
class imbalance, inconsistent reporting standards, and a persistent lack of geographically independent external
validation.

Future research should prioritize multicenter prospective validation, broader implant system diversity, stan-
dardized reporting frameworks, and development of fully automated and interpretable AI workflows. Greater
emphasis on explainable artificial intelligence, calibration analysis, and real-world clinical evaluation will be
essential for reliable clinical integration of deep learning systems for dental implant identification.
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Grad-CAM  Gradient-weighted class activation mapping
SWiM Synthesis without meta-analysis
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