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Abstract

Artificial intelligence (Al) is increasingly being integrated into cone-beam computed tomography (CBCT)-based workflows in dental implantology.

This structured narrative literature review evaluated current Al applications in implant dentistry, critically assessed their technical and clinical
limitations, and discussed future perspectives for integration into implant planning and treatment workflows. A literature search was conducted
using PubMed/MEDLINE, Scopus, Web of Science, and Embase. Evidence was synthesized according to clinically relevant domains, including
anatomical segmentation, identification of edentulous regions and implant sites, bone assessment, virtual implant planning, comparison with expert
planning, workflow optimization, and outcome prediction. Al demonstrated encouraging performance in CBCT segmentation, anatomical and bone
assessment, and selected components of virtual implant planning. Automated systems showed substantial agreement with expert-generated plans
in selected clinical settings and consistently reduced planning time while providing high repeatability. However, performance varied according
to anatomical complexity, imaging conditions, software environment, and the specific task evaluated. Limited external validation, heterogeneous
datasets and evaluation methods, and the gap between technical performance and demonstrated clinical benefit remain important barriers to
generalizability. Current evidence supports Al primarily as a decision-support tool that complements professional judgment. Future research should
prioritize multicenter prospective validation, standardized evaluation frameworks, multimodal data integration, explainable and uncertainty-aware

models, and clinically meaningful outcomes.

Introduction & Background

Dental implant therapy is a well-established treatment modality
for the rehabilitation of partially and completely edentulous
patients. Successful implant treatment
preoperative assessmentand three-dimensional planning, including

requires accurate
evaluation of available bone volume and quality, identification
of relevant anatomical structures, and determination of implant
position according to surgical and prosthetic requirements. Cone-
beam computed tomography (CBCT) has consequently become
an essential imaging modality in contemporary implant dentistry

@ @ This work is licensed under Creative Commons Attribution 4.0 License OJDOH.MS.ID.000733.

because it provides three-dimensional information on maxillofacial
anatomy that cannot be adequately obtained from conventional
two-dimensional radiographs [1, 2].

Despite these advantages, interpretation of CBCT datasets
can be complex and time-consuming, image
interpretation and segmentation may be affected by observer-
dependent variability [3, 4]. Artificial intelligence (Al), particularly

and manual

machine learning and deep learning, has emerged as a promising
approach for automated analysis of medical and dental imaging
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data. Deep-learning architectures can extract complex image
features and spatial relationships from volumetric datasets and
have been investigated for automated detection, classification, and
segmentation of teeth, bone, periapical lesions, the mandibular
canal, and the maxillary sinus [4-12].

The combination of Al and CBCT is particularly relevant to
implant dentistry. Reported applications include automated
anatomical segmentation, assessment of alveolar bone dimensions
and density, structures,
identification of potential implant sites, virtual implant positioning,
and integration of CBCT data with intraoral surface scans [10-13].
Al-assisted digital workflows may also contribute to surgical guide
design, navigation, treatment-outcome prediction, and assessment
of postoperative complications [13-19].

localization of critical anatomical

Nevertheless, translation from  promising technical
performance to reliable routine clinical use remains incomplete. Al
performance may be influenced by training-dataset characteristics,
CBCT acquisition parameters, algorithms,

software platforms, and patient populations. Limited external

imaging devices,

validation and heterogeneity among available systems may
restrict generalizability, while algorithmic transparency, data
privacy, cybersecurity, regulatory requirements, and medico-
legal responsibility remain important considerations [20-22]. A
critical synthesis is therefore needed to distinguish established
applications from emerging technologies. This review examines
the current applications of Al in CBCT-based dental implantology,
critically evaluates their technical and clinical limitations, and
discusses future perspectives for integration into implant planning
and treatment workflows.

Review
Materials and Methods
Review Design

The present study was conducted as a structured narrative
literature review addressing the current applications, limitations,
and future perspectives of artificial intelligence (Al) applied to
cone-beam computed tomography (CBCT) in dental implantology.
A narrative approach was selected because the available literature
encompasses considerable methodological diversity, including
differences in study design, imaging datasets, Al architectures,
training and validation procedures, clinical objectives, and
performance measures. Such heterogeneity makes a qualitative
and clinically oriented synthesis particularly suitable for examining
both the translational potential and the limitations of emerging Al
technologies [23].

Literature Search Strategy

A structured literature search was initiated on August 9, 2026.
The electronic search focused on PubMed/MEDLINE, Scopus,
Web of Science, and Embase. The search strategy was constructed
around three principal conceptual domains: artificial intelligence,
CBCT imaging, and dental implantology.

Medical Subject Headings (MeSH), when applicable, and
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free-text terms were combined using Boolean operators. Search
terminology included combinations of the following concepts:

» o«

“artificial intelligence,” “machine learning,” “deep learning,” “neural

networks,” “convolutional neural networks,” “cone-beam computed
tomography,” “CBCT” “dental implants,” “implant dentistry,’
“implant planning,” “image segmentation,” “anatomical structure
identification,” “treatment planning,” and “clinical decision support”
[23-25].

The search syntax was adapted to the indexing characteristics
of each database. To broaden literature identification, the reference
lists of relevant original studies and review articles were also
examined manually for additional publications related to Al-
assisted CBCT applications in implant dentistry.

Because Al-based imaging technologies are developing
rapidly, particular attention was given to recent publications.
Earlier studies were nevertheless retained when they provided
relevant methodological foundations, described the development
of an important Al application, or contributed substantially to

understanding the evolution of Al-assisted CBCT analysis.
Eligibility Criteria

Publications were considered eligible when they investigated
an Al-based or machine-learning approach involving CBCT

imaging and demonstrated direct or potential relevance to dental
implantology.

The review considered clinical, retrospective, prospective,
validation, and experimental studies whose objectives were
related to clinically meaningful implant applications. Relevant
areas included automated or semi-automated segmentation of
maxillofacial structures, identification of anatomical landmarks
and structures at risk, assessment of alveolar bone characteristics,
implant site evaluation, virtual implant positioning, selection of
implant dimensions, assistance with drilling protocols, image
registration, surgical planning, and Al-supported clinical decision-
making [24-26].

Studies were considered relevant when Al constituted a
substantial component of the imaging or decision-support process
rather than an incidental computational tool.

Publications were excluded when they did not involve Al-
related methods, did not incorporate CBCT imaging, or had no
clear relationship to implant diagnosis, planning, placement, or
implant-related decision-making. Studies dealing exclusively with
other dental disciplines were excluded unless their findings had
a direct and identifiable application to CBCT-based implantology.
Editorials, letters to the editor, conference abstracts without
sufficient methodological information, and publications for which
adequate information could not be obtained were not considered
primary evidence.

Study Selection

Retrieved publications were evaluated progressively for
relevance to the objectives of the review. Titles and abstracts were
initially examined to identify potentially eligible studies. Articles
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considered relevant at this stage underwent full-text assessment,
with particular attention to the relationship among Al methodology,
CBCT imaging, and implant-related clinical applications.

Duplicate records and publications outside the predefined
scope were excluded. Because the objective was to provide a
structured narrative synthesis rather than a quantitative systematic
review, study selection emphasized methodological relevance,
clinical applicability, and contribution to understanding the present
capabilities and limitations of Al-assisted CBCT in implant dentistry
[23, 25].

Data Extraction and Thematic Classification

Relevant information was extracted from the selected
publications using a predefined descriptive framework. The
information of interest included study characteristics, type and
size of imaging datasets, CBCT-related parameters when reported,
Al methodology and model architecture, training and validation
procedures, target anatomical or clinical task, reference or
comparison standard, performance metrics, major findings, and

limitations reported by the investigators [24].

Particular attention was paid to the distinction between model
development and clinically validated applications. Information
regarding independent or external validation, when available, was
also considered because of its importance in evaluating model
generalizability.

For narrative synthesis, the evidence was organized into
clinically relevant thematic domains reflecting the principal
applications identified in the literature. These included Al-assisted
anatomical segmentation and structure recognition, bone and
implant-site assessment, preoperative implant planning, automated
virtual implant positioning, surgical and drilling decision support,
multimodal image integration, and emerging predictive or decision-
support applications [23, 25, 26].

Assessment of Methodological Quality

Given the heterogeneity of the included literature and the
narrative nature of the present review, methodological quality
was considered through a critical appraisal of the principal
characteristics influencing the reliability and clinical transferability
of the reported findings. Particular attention was given to dataset
size and composition, definition of reference standards, training and

validation procedures, independence of test datasets, availability of
external validation, reported performance measures, and potential
sources of bias.

The interpretation of Al performance also considered whether
the investigated systems had been evaluated exclusively under
controlled experimental conditions or had undergone validation in
clinically representative datasets.

Evidence Synthesis

Because of substantial heterogeneity among the available
studies in terms of Al architectures, CBCT datasets, clinical tasks,
validation procedures, reference standards, and reported outcome
measures, quantitative pooling was not considered appropriate
for the objectives of this review. The findings were therefore
synthesized narratively [23].

The synthesis focused first on established and emerging
clinical applications of Al in CBCT-based implantology. Reported
performance was interpreted alongside methodological limitations
rather than considered in isolation. Particular consideration was
given to dataset heterogeneity, risk of overfitting, external validity,
generalizability across CBCT devices and acquisition protocols,
model interpretability, reproducibility, and the degree of human
supervision required.

Finally, the available evidence was examined from a translational
perspective to identify unresolved methodological and clinical
challenges and to outline future directions for the integration of
Al into CBCT-based implant diagnosis, treatment planning, and
clinical decision-support workflows.

Results

Included studies varied substantially in design, imaging
datasets, Al architectures, and performance measures. Findings
were organized into seven clinical domains: CBCT segmentation
and anatomical detection; edentulous-region and implant-site
detection; bone assessment; virtual implant planning and implant
dimension selection; Al versus human/expert planning; efficiency,
repeatability, and workflow optimization; and outcome prediction
and clinical decision support.

The main characteristics and findings of the studies contributing
to these thematic domains are summarized in Table 1.

Table 1: Main characteristics and findings of studies evaluating artificial intelligence applications in CBCT-based dental implantology.

Rajan et al. [18] Al-assisted, 75 conven-

tional)

Deep-learning CNN

. CBCT-based Main quantitative s S
Study Study design and sample Al model/approach ey e outcomes Principal finding
Prediction Prediction accuracy: Al-assisted assessment was
RCT; 150 patients (75 of implant 87%; implant success: associated with higher report-

92% Al vs 78% con-
ventional; complica-
tions: 8% vs 18.7%

success from
preoperative
CBCT

ed implant success and fewer
complications than conventional
assessment.

Moufti et al.
[27]

43 mandibular CBCT cases;

33 training, 10 testing U-Net CNN; MONAI

Automated segmentation showed
good agreement with manual
segmentation, with better perfor-
mance in unilateral edentulous
regions.

Segmentation
of edentulous
mandibular
bone

DSC: 0.89 training;
0.78 testing; unilater-
al: 0.91; bilateral: 0.73
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Moufti et al.
[28]

77 maxillary CBCT cases

selected from 209 scans;

69 training/validation, 8
testing

3D U-Net CNN; MONAI

Segmentation
of edentulous
maxillary bone

Mean DSC: 76.57%

Automated segmentation was

feasible with moderate-to-high

accuracy, although anatomical
complexity affected performance.

Alveolar ridge

Very high ridge segmentation

and mandib- Ridge Dice 0.9798, performance contrasted with
CBCT-based comparative ular canal IoU 0.9606; canal Dice | lower mandibular canal segmen-
N H etal. [29] segmentation/measure- U-Net++ segmentation; 0.5640; MAE 1.19 tation performance; automated
ment study buccolingual mm; RMSE 1.40 mm; | bone measurements showed rea-
bone-width R?0.53 sonable agreement with manual
measurement measurements.
DenseNet169 preci- Deep-learning models success-
AlexNet, VGG16/19, Tooth and sion 0.98 for normal

Al-Sarem et al.
[30]

500 CBCT images; 70%
training, 20% validation,

ResNet50, Dense-
Net169, MobileNetV3

missing-tooth
region detec-

teeth; missing-tooth
classification accuracy

fully detected and classified
missing-tooth regions, with

0, i i -
10% testing + U-Net tion 89%; segmentation DenSzie;i:iﬁhoe‘iléganZES;ron
accuracy 93.3% g P ’
3D borlme SeE” . The model achieved high per-
. mentation and Dice 0.93; Jaccard >
Al-Asali et al. U-Net-based deep o g formance for segmentation and
150 CBCT scans ) missing-tooth 0.88; precision 0.94; .. .
[31] learning . . localization of potential implant
region predic- recall 0.93 .
. regions.
tion
SBSIZ'?;EEZ Bone-measurement Al-assisted planning showed
Jadhav et al. Retrospective CBCT-based Al-assisted implant and implant agreement ICC >0.80; high agreement with reference
[33] comparative study planning P planning time 8.5 + measurements and substantially
treatment : S
. 2.1vs 21.4 £ 5.7 min reduced planning time.
planning
Preoperative The model demonstrated clin-
assessment . ically relevant discrimination
CBCT-based mod(.el-d(.e- Optimized 3D-CNN + and prediction Accuracy 0.81; AUC and focused on anatomically
Chenetal. [34] | velopment and validation 0.79; F1 0.82; nomo- ) - . .
Grad-CAM/LASSO of bone-aug- meaningful regions including the
study - gram AUC 0.855 . .
mentation edentulous ridge and maxillary
requirement sinus.
Marker-detection
- O i
Automated F-score 59%; implant Automated implant positioning
. length accuracy 76%; . . -
. . Two-stage framework; implant L and dimension prediction were
Alotaibi et al. CBCT-based deep-learning o e Precision 64% Sen- .
YOLOv11 + classifica- positioning e . feasible, although performance
[35] development study . . . : sitivity 59% implant . ;
tion/regression and dimension . varied according to the parame-
selection diameter accuracy ter predicted
59% precision 79% '
Sensitivity 77%
Detection of Cross-sectional Den-
. . - tiPlan: Faster R-CNN Faster R-CNN favored accuracy
332 implant-position potential im-
. . - accuracy 84.21%, whereas YOLOv7 favored detec-
Roongruangsilp images from 184 CBCT Faster R-CNN and plant positions . .
X detection 59.38%); tion rate; software-dependent
etal. [36] scans; 300 developments, YOLOv7 across four im- . R
32 testing aging software YOLOV7 accuracy image rendering influenced
46.67%, detection model performance.
platforms
93.75%

60 patients; 1,200 CBCT-de-

Selection of

Reported predictive

Al showed high performance
in supporting preoperative

Sakai et al. [37] . . LeNet-5-based Al model | implant drill- accuracy approxi- 1 :
rived images ing protocol mately 93.7% drilling-protocol selection from
&P yoe. CBCT-derived bone images.
No major correction: .
10 matched CBCT + 10S Pretrained automated Al versus 95% Al vs 96% HI; Al generated clinically acceptable
Elgarba et al. . . . . ) . expert virtual R plans comparable to expert plans
[38] cases; 360 blinded obser Al implant-planning implant plan- planning time 198 * while beine faster and more
vations system p . p 33 vs 435+ 92 s; MSD g istent
] 0vs 0.30 +0.17 mm consistent.
Adjacent-tooth angle:
Cross-sectional compar- e?tl-vlsa:;ed 6'2 5i74°.£1qul;ls 552 Al planning was clinically compa-
Elgarba et al. ative study; 32 posterior Automated Al virtual p p . o o P ) rable to expert planning/place-
39] mandibular single-implant implant plannin vs clinically 7.7° £ 5.6° Hl-place; ment while being markedly faster
[ 5 p p p 5 placed im- planning time 36.3 * d g mar y
cases plants 73vs373 + 113 5; Al and more consistent.

MSD 0 mm
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Registry-based cohort;
35 anterior maxillary sin-
gle-tooth cases with CBCT

+10S

Hybrid Al: deep-learn-
ing segmentation +
rule-based constraints

Dawood et al.
[40]

Coronal deviation
0.96 * 0.60 mm; api-
cal 1.24 + 0.66 mm;
angular 4.3° + 2.9°;
ICC 20.90; planning
time reduced 41.4%

Implant
planning and
surgical-guide
design in the

maxillary
esthetic zone

Al achieved high spatial agree-

ment with expert planning and

improved efficiency and consis-
tency in the esthetic zone.

Validated automated Al
planning platform

Elgarba et al.
[41]

Retrospective study; 32
single-tooth implant cases

Comparison .
of Al- Altime 150 £ 7.3 5 vs Al produced anatomically and
429 +113s; AIMSD/ .
planned, ex- prosthetically comparable plans

RMS 0.00 + 0.00 mm

vs HIMSD 0.47 £ 0.23

mm, RMS 0.79 = 0.32
mm

pert-planned
and clinically
placed im-
plants

with approximately threefold
greater time efficiency and supe-
rior repeatability.

Abbreviations: Al, artificial intelligence; AUC, area under the receiver operating characteristic curve; CBCT, cone-beam computed tomography; CNN,
convolutional neural network; DSC, Dice similarity coefficient; Grad-CAM, gradient-weighted class activation mapping; HI, human intelligence; ICC,
intraclass correlation coefficient; loU, intersection over union; I0S, intraoral scan; LASSO, least absolute shrinkage and selection operator; MAE,
mean absolute error; MONAI, Medical Open Network for Al; MSD, mean surface distance; R-CNN, region-based convolutional neural network; RCT,
randomized controlled trial; RMS, root mean square; RMSE, root mean square error; YOLO, You Only Look Once; 3D-CNN, three-dimensional con-

volutional neural network.

Al-based CBCT segmentation and anatomical structure
detection

Al-based segmentation of CBCT images has shown high
performance in automatically delineating anatomical structures
relevant to implant planning. Moutfti et al. [27] developed a U-Net-
based model to automatically segment edentulous mandibular
bone. The mean Dice similarity coefficient (DSC) was 0.89 for
the training dataset and 0.78 for the testing dataset, with higher
segmentation performance for unilateral than bilateral edentulous
regions (0.91 vs. 0.73).

More recently, the same research group extended this
approach to maxillary edentulous regions. In a dataset of 77
CBCT examinations, the automated model achieved a mean DSC of
76.57% [28].

Discrepancies between automated and manual segmentation
were mainly observed in narrow bone regions and areas with
irregular sinus-floor anatomy; in some cases, the automated
model provided more precise anatomical delineation than manual
segmentation.

High segmentation performance has also been reported for
specific mandibular structures. Using a U-Net++ architecture, N H et
al. [29] obtained a Dice score of 0.9798, an intersection-over-union
of 0.9606, a precision of 0.9820, and a recall of 0.9778 for alveolar
ridge segmentation. In contrast, mandibular canal segmentation
yielded a lower Dice score of 0.5640.

At a broader level, a recent systematic review including 31
studies and 11,432 CBCT examinations reported consistently high
performance for Al-based automated segmentation of maxillofacial
structures, with Dice coefficients frequently exceeding 0.98 and
substantial reductions in processing time compared with manual
segmentation [24].

Al-based detection of edentulous regions and implant
sites

Al-based approaches have also been developed to identify
edentulous regions in CBCT images automatically and to facilitate

Citation: Nabil EL SAHILI*. Artificial Intelligence in CBCT for Dental Implantology: Current Applications, Limitations, and Future
Perspectives - A Literature Review. On ] Dent & Oral Health. 10(2): 2026. OJDOH.MS.ID.000733.

DOI: 10.33552/0JDOH.2026.10.000733

the localization of potential implant sites. Al-Sarem et al. [30]
evaluated a deep-learning approach using 500 CBCT examinations
for three-dimensional detection of missing-tooth regions. The
proposed system was designed to automatically identify edentulous
areas and provide spatial information relevant to subsequent
implant-site planning.

Subsequent investigations extended automated analysis to
segment and localize missing-tooth regions. Al-Asali et al. [31]
evaluated 150 CBCT scans using an Al-based segmentation
approach designed to identify edentulous regions and support
implant-site localization. The model demonstrated the feasibility
of automatically delineating missing-tooth regions on three-
dimensional CBCT datasets, thereby providing a structured
anatomical basis for subsequent implant-planning procedures.

the available evidence, automated detection

performance appeared to vary according to anatomical location.

Across

A previously published quantitative synthesis reported an overall
accuracy of approximately 96% for mandibular edentulous regions
and 83% for maxillary regions [32].

Al-based bone assessment for implant planning

Al-based analysis of CBCT images has been investigated for
the automated assessment of alveolar bone dimensions relevant to
implant planning. N H et al. [29] evaluated automated bucco-lingual
bone-width measurements following Al-based segmentation of the
mandibular alveolar ridge. Compared with manual measurements,
the automated approach yielded a mean absolute error (MAE) of
1.19 mm, a root mean square error (RMSE) of 1.40 mm, and an R?
value of 0.53, indicating measurable correspondence between Al-
generated and manually obtained bone-width measurements.

Jadhav et al. [33] directly compared Al-assisted and manual
bone measurements on CBCT images. Mean bone height was 12.06
+1.62 mm with Al versus 12.36 + 1.78 mm manually, whereas mean
bucco-lingual width was 7.18 + 0.82 mm versus 7.55 + 0.98 mm,
respectively. The corresponding mean differences were -0.30 mm
for bone height and -0.37 mm for bucco-lingual width. Agreement
between the two approaches showed an ICC >0.80.
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Beyond linear bone measurements, Chen et al. [34] investigated
Al-assisted preoperative assessment using a three-dimensional
convolutional neural network (3D-CNN). The optimized model
achieved an accuracy of 0.81, an area under the receiver operating
characteristic curve (AUC) of 0.79, and an F1-score of 0.82. Grad-
CAM visualization showed that model attention was concentrated
at clinically relevant regions, including the maxillary sinus floor
adjacent to missing-tooth sites.

Al-driven virtual implant planning and implant
dimension selection

Al-based systems have increasingly been investigated for
automated or semi-automated virtual implant planning, including
the selection of implant dimensions and the determination of
clinically relevant treatment parameters. Alotaibi et al. [35]
evaluated an Al-based model for predicting implant length and
diameter from preoperative imaging data. For implant length
prediction, the model achieved an accuracy of 76%, precision
of 64%, and sensitivity of 59%. For implant diameter prediction,
the corresponding values were 59%, 79%, and 77%, respectively.
These findings demonstrated variable performance according to
the implant dimension being predicted.

Roongruangsilp et al. [36] compared two Al architectures,
Faster R-CNN and YOLOv7, for dental implant planning across
four implant-planning software environments. Faster R-CNN
demonstrated higher overall accuracy across the evaluated imaging
conditions, whereas YOLOv7 showed comparatively lower but more
consistent performance across different image-quality settings.

Al has also been evaluated as a decision-support tool for
selecting surgical parameters associated with implant placement.
Sakai et al. [37] developed a model to support selection of the
implant drilling protocol. The trained model achieved an overall
accuracy of approximately 93.7-93.8%. Sensitivities for drilling
protocols A, B, and C were 97.5%, 95.0%, and 85.0%, respectively,
while the corresponding AUC values were 98.6%, 98.6%, and
99.4%.

Taken together, these studies evaluated Al at different stages
of virtual implant planning, ranging from implant dimension
prediction to software-assisted planning and drilling-protocol
selection [35, 36, 37].

Al versus human/expert implant planning

Several studies directly compared Al-generated and human-
generated implant plans across spatial, dimensional, and clinical
planning parameters. Elgarba et al. [38] compared fully automated
Al-generated implant plans with those produced by human experts.
Major corrections were not required in 95% of Al-generated plans
and 96% of human-generated plans. However, 35% of Al plans
versus 56% of human plans required no modification, while 48% of
the evaluations rated Al-generated plans as equivalent or superior
to human-generated plans.

In a subsequent investigation, Elgarba et al. [39] compared
Al-generated plans, human-generated plans, and the implants
actually placed clinically. No statistically significant differences
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were observed among the three approaches for implant location
and angulation or for the selected implant dimensions, including
diameter and length (p > 0.05).

Jadhav et al. [33] similarly compared Al-assisted and manual
CBCT-based implant planning. Al-assisted planning showed a mean
angular deviation of 1.90 + 0.83°, compared with 3.99 + 1.09° for
manual planning, and a mean linear deviation of 0.43 + 0.15 mm,
compared with 1.01 + 0.38 mm, respectively. Both differences were
statistically significant (p < 0.0001).

Clinical applicability was further evaluated by Dawood et al.
[40] in the maxillary esthetic zone. Al-assisted planning resulted
in mean coronal, apical, and angular deviations of 0.96 + 0.60 mm,
1.24 + 0.66 mm, and 4.3 * 2.9° respectively. Established clinical
thresholds were met in 94.3% of cases for coronal deviation, 85.7%
for apical deviation, and 94.3% for angular deviation. Agreement
between Al- and human-generated plans was high across spatial
coordinates, with intraclass correlation coefficients (ICC) 20.90.

Overall, the comparative studies showed substantial agreement
between Al-assisted and expert implant planning for several spatial
and dimensional parameters, while the magnitude and direction of
differences varied according to the evaluated outcome [33, 38, 39,
40].

Clinical efficiency, repeatability and workflow
optimization

Beyond planning accuracy, Al-assisted implant planning has
been evaluated in terms of time efficiency, reproducibility, and
workflow performance. Elgarba et al. [41] reported a marked
reduction in planning time with fully automated Al-based planning
compared with human planning. Mean planning time was 150 *
7.3 seconds for Al versus 429 * 113 seconds for human-generated
plans (p < 0.001). The automated approach also demonstrated
repeatability in repeated planning procedures, with mean surface
distance (MSD) and root mean square (RMS) values of 0, indicating
identical repeated outputs under the evaluated conditions.

Dawood et al. [40] similarly reported that Al-assisted planning
reduced median planning time by 41.4% compared with human
planning (p < 0.0001). The automated system demonstrated
complete consistency across repeated planning procedures, while
maintaining high agreement with expert-generated plans.

Jadhav et al. [33] observed a comparable improvement in
workflow efficiency. Mean planning time was 8.5 + 2.1 minutes
with Al assistance versus 21.4 + 5.7 minutes with manual planning.
Clinician confidence scores were also higher during Al-assisted
planning (82.1 + 9.2 versus 68.9 + 11.0; p < 0.001).

Collectively, these comparative studies consistently reported
shorter planning times with Al-assisted approaches, together with
high repeatability or consistency of automated planning outputs
[33, 40, 41].

Al-assisted outcome prediction and clinical decision
support

Beyond image analysis and implant positioning, researchers
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have also investigated Al-based approaches as decision-support
tools for predicting treatment-related outcomes. Rajan et al. [18]
reported an implant success rate of 92% in the Al-assisted group
compared with 78% in the non-Al group, while complication rates
were 8% and 18.7%, respectively. The Al model achieved a reported
predictive accuracy of 87% for treatment outcomes.

At the evidence-synthesis level, recent umbrella reviews
have reported high performance of Al for several implant-related
image-analysis and planning tasks, whereas prediction of longer-
term treatment outcomes has generally shown more variable
performance. Alfaraj et al. [42], for example, reported outcome-
prediction performance ranging approximately from 62.4% to
80.5% across the evidence synthesized.

Performance Metrics

Performance was reported using metrics from the included
studies. Dice similarity coefficient (DSC) and intersection over
union (IoU) quantify overlap between automated and reference
segmentations, with values nearer 1 indicating greater agreement
[29]. Accuracy is the proportion of correct predictions; precision is
the proportion of correct positive predictions; recall (sensitivity)
is the proportion of true positives identified; and the F1-score
combines precision and recall [30, 34]. Mean absolute error (MAE)
and root mean square error (RMSE) quantify prediction-reference
differences, with lower values indicating smaller errors [29]. R?
describes explained variability, intraclass correlation coefficient
(ICC) assesses measurement agreement or reproducibility, and area
under the receiver operating characteristic curve (AUC) measures
discrimination, with values nearer 1 indicating better performance
[29, 33, 34].

For repeated three-dimensional planning, mean surface
distance (MSD) and root mean square (RMS) quantified spatial

deviation; lower values indicated greater similarity [38, 41].
Discussion

The findings of this review indicate that artificial intelligence
is progressively expanding the role of CBCT from a primarily
diagnostic imaging modality toward a more integrated component
of digital implant planning. Current applications range from
anatomical segmentation and detection of edentulous regions to
bone assessment, implant dimension selection, automated virtual
positioning, workflow optimization, and outcome prediction.
However, these applications have not reached the same level of
maturity. The most consistent evidence concerns image-based
tasks and selected components of implant planning, whereas
greater variability remains for complex anatomical structures,
implant dimension prediction, and longer-term outcome prediction
[23-26,32,42,43]. Al in CBCT-based implantology should therefore
be viewed as progressing from relatively structured image-analysis
tasks toward increasingly complex clinical decision support rather
than as a uniformly validated technology across the entire implant
workflow.

Recent literature has also addressed clinical validation,
trustworthy and explainable Al, informed consent, and the
development of integrated Al-assisted dental workflows [44-48].

Citation: Nabil EL SAHILI*. Artificial Intelligence in CBCT for Dental Implantology: Current Applications, Limitations, and Future
Perspectives - A Literature Review. On ] Dent & Oral Health. 10(2): 2026. OJDOH.MS.ID.000733.

DOI: 10.33552/0JDOH.2026.10.000733

Automated segmentation represents one of the most technically
advanced applications. High performance has been reported for
clearly defined structures such as the alveolar ridge, whereas
results remain less consistent for anatomically complex or poorly
contrasted structures. This was particularly evident for mandibular
canal segmentation, which showed lower performance than
alveolar ridge segmentation [29]. Differences were also observed
between maxillary and mandibular edentulous regions [27, 28,
32]. These findings highlight that segmentation accuracy cannot
be interpreted independently of anatomical complexity. Small
errors involving narrow residual ridges, the maxillary sinus floor,
or the mandibular neurovascular canal may influence subsequent
measurements or implant positioning. Consequently, high Dice
or overlap coefficients should not automatically be interpreted as
evidence of clinical safety; region-specific errors and their clinical
consequences should also be considered.

Al-based measurements of available implant bone showed
encouraging agreement with manual measurements, although
performance varied among models and anatomical conditions
[29, 33]. The clinical significance of measurement error depends
strongly on the anatomical safety margin. Errors that may be
acceptable in sites with abundant bone could become relevant
near the mandibular canal, maxillary sinus, adjacent roots, or a thin
buccal cortical plate. Statistical agreement and clinical acceptability
should therefore remain distinct concepts, and Al-generated
measurements should continue to undergo clinician verification in
anatomically constrained sites.

The available evidence also demonstrates a transition from
anatomical analysis toward automated virtual implant planning.
Implant positioning requires integration of bone availability
with anatomical limitations, prosthetic requirements, implant
dimensions, restorative emergence, surgical access, and, when
necessary, augmentation procedures. Current Al systems can assist
with several of these components, but performance remains task-
dependent [35, 37, 43]. For example, implant length and diameter
prediction showed unequal accuracy [35], whereas Al-assisted
drilling-protocol selection achieved substantially higher predictive
performance [37]. Success in one planning task therefore cannot be
extrapolated to the entire implant-planning process.

Direct comparisons between Al-generated and expert-
generated plans are particularly relevant clinically. Recent studies
demonstrated substantial spatial and dimensional agreement
between automated and clinician-generated plans [33, 38-41],
including selected posterior mandibular and maxillary esthetic-
zone cases. These findings suggest that Al can generate clinically
plausible initial treatment proposals under defined conditions.
Nevertheless,
indications and populations. Their results cannot yet establish

available studies generally involve selected
autonomous competence in more complex situations such as severe
atrophy, anatomical abnormalities, extensive imaging artifacts,

multiple adjacent implants, or advanced augmentation procedures.

Reproducibility should also be distinguished from accuracy.
Automated systems have demonstrated very high repeatability,
including identical outputs when the same cases were processed
repeatedly [38-41]. This may reduce inter- and intra-operator
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variability, but a consistently reproduced plan is not necessarily
a correct plan. Systematic errors arising from image quality,
segmentation, registration, or decision rules may also be reproduced
consistently. Repeatability is therefore an important component of
reliability but cannot replace independent anatomical and clinical
validation.

Time efficiency represents another consistent advantage.
Comparative studies reported substantial reductions in planning
time while maintaining clinically acceptable agreement with expert-
generated plans [33, 38-41, 43]. Automated generation of an initial
treatment proposal may allow clinicians to devote more attention
to verification, risk assessment, prosthetic considerations, and
individualized decision-making. The role of Al should therefore
be understood as supporting and restructuring professional
involvement rather than eliminating it.

Outcome prediction remains more challenging. Although
favorable findings have been reported for Al-assisted prediction of
implant success and complications [18], broader evidence suggests
greater variability for prognosticapplications than for segmentation
or structured planning tasks [19, 42]. Implant outcomes depend on
numerous interacting biological, surgical, prosthetic, behavioral,
and patient-related factors that extend beyond CBCT information.
More reliable predictive systems will therefore likely require
multimodal data integration rather than reliance on imaging alone.

Limitations Of Current Ai Applications In CBCT-
Based Implantology

Several limitations currently restrict the generalizability of
Al applications in CBCT-based implantology. Many studies rely on
relatively small, retrospective, single-center, or selected datasets,
while independent external validation remains limited [23-26, 32,
42]. Restricted datasets may not adequately capture anatomical
variation, bone resorption patterns, pathological conditions,
restorative materials, image artifacts, or uncommon clinical
situations. Class imbalance may further produce high overall
performance while concealing clinically important failures.

Technical heterogeneity represents another major challenge.
CBCT datasets vary according to scanner, field of view, voxel size,
exposure parameters, reconstruction algorithms, preprocessing
procedures, and software environments. Al performance may
therefore differ across devices and implant-planning platforms
[36]. Validation across multiple scanners, acquisition protocols,
reconstruction conditions, and software systems is required before
broad clinical generalizability can be assumed [23, 25, 32, 36, 49].

Methodological heterogeneity also limits direct comparison
between studies. Different reference standards, datasets, validation
strategies, and performance metrics are used, and measures such
as Dice coefficients, loU, accuracy, AUC, MAE, RMSE, ICC, and
spatial deviations assess different aspects of model performance.
Furthermore, the definition of ground truth may itself vary because
expert annotations and implant plans are influenced by clinician
experience, implant systems, surgical philosophies, and prosthetic
objectives. Standardized evaluation protocols, calibrated expert
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reference standards, independent testing datasets, and clinically
verified outcomes should therefore be prioritized.

A further limitation is the gap between technical accuracy
High segmentation
or reduced

and demonstrated clinical effectiveness.
performance, agreement with expert planning,
processing time does not necessarily imply improved surgical
safety, fewer complications, greater implant survival, or better
patient-reported outcomes. Much of the current evidence remains
focused on algorithmic performance rather than prospective
clinical benefit [23-26, 32, 42]. Prospective multicenter studies are
therefore needed before technical performance can be translated

into claims of improved patient care.
Ethical, Legal, and Regulatory Considerations

The increasing integration of Al into diagnosis and implant
planning introduces ethical and medico-legal issues that must
accompany assessments of technical performance. Explainability
remains an important concern because deep-learning systems
may generate accurate outputs without providing clinicians with
a readily interpretable rationale. Explainable Al approaches may
help clinicians identify potential errors and understand the factors
influencing a recommendation [20, 45, 46].

Human oversight therefore remains fundamental. Al systems
should currently be regarded as decision-support technologies
rather than autonomous decision-makers. Clinicians mustretain the
ability to accept, modify, or reject Al-generated recommendations
after considering the complete biological, surgical, prosthetic, and
patient-specific context [45].

Informed consent and data governance also require attention.
When Al materially contributes to diagnosis or treatment planning,
patients should receive clear information about its role, benefits,
limitations, and ongoing clinician supervision [22, 47]. At the same
time, integration of CBCT data with intraoral scans, clinical records,
photographs, or cloud-based systems increases data sensitivity. It
reinforces the need for appropriate anonymization, cybersecurity,
access control, storage, transfer, and secondary-use policies [21, 45,
50].

Liability may become increasingly complex when treatment
decisions arise from interactions between clinician judgment and
algorithmic recommendations. Documentation of the Al system
used, its intended purpose, relevant version, clinician review,
and modifications to proposed plans may therefore become
important elements of responsible clinical implementation.
Emerging regulatory frameworks similarly emphasize trustworthy,

transparent, and human-centered Al [45].

Future Perspectives

Future progress in Al-assisted CBCT implantology should focus
increasingly on real-world generalizability rather than isolated
improvements in performance metrics. Larger, heterogeneous,
multicenter datasets incorporating different patient populations,
CBCT devices, acquisition protocols,
indications are required.

anatomical conditions,

software platforms, and implant
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Independent external validation, standardized benchmark
datasets, and harmonized reporting frameworks would allow more

meaningful comparison between algorithms [23-26, 32, 42, 44, 49].

Future systems are also likely to evolve beyond CBCT-only
analysis toward multimodal digital implant workflows. Integration
of CBCT with intraoral scans, prosthetic information, facial and
soft-tissue data, clinical records, and longitudinal information
could support a more comprehensive virtual representation
of the patient [43, 48]. Rather than independently automating
segmentation, measurement, or implant positioning, integrated
systems may combine diagnosis, prosthetically driven planning,
surgical-guide design, navigation, and outcome assessment within
a unified decision-support environment.

Multimodal integration may be particularly valuable for
outcome prediction, for which anatomical imaging alone is
insufficient. Combining radiographic information with systemic,
periodontal, surgical, prosthetic, behavioral, and longitudinal data
may improve individualized risk assessment. Increasing model
complexity, however, will reinforce the importance of explainability,
uncertainty estimation, and clinician oversight.

Future algorithms should therefore ideally communicate not
only a proposed result but also the confidence associated with that
result. Identification of low-confidence cases could alert clinicians
to situations requiring additional scrutiny or conventional
assessment [45, 46].

Prospective clinical trials should
endpoints beyond technical accuracy,
treatment planning, operative time,
implant-positioning accuracy, clinician workload, patient-reported
outcomes, prosthetic complications, and long-term implant

survival. Post-deployment monitoring will also be important

increasingly evaluate
including changes in
surgical complications,

to detect changes in algorithm performance when systems are
exposed to populations or imaging conditions different from those
used during development [45, 50].

Ultimately, the most plausible future model is not fully
autonomous implant dentistry but an increasingly sophisticated
collaboration between clinician and Al Al is well suited to
standardized, repetitive, and computationally intensive tasks,
whereas clinicians remain responsible for integrating biological,
surgical, prosthetic, ethical, and patient-specific considerations.
Integrated digital workflows should therefore be designed to
enhance rather than replace clinical judgment [43, 45, 48].

The present review should itself be interpreted in light of
its narrative design. The available literature remains highly
heterogeneous in Al architectures, dataset characteristics, imaging
protocols, clinical tasks, reference standards, and performance
metrics, limiting direct comparison among applications. Moreover,
rapid technological evolution means that new models and
validation studies may modify the evidence base within a relatively
short period. The present synthesis should therefore be regarded
as a contemporary assessment of a continuously evolving field.

Overall, current evidence supports a cautiously progressive role
for Al in CBCT-based dental implantology. Automated segmentation,
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anatomical analysis, preliminary implant planning, and workflow
optimization have reached encouraging levels of performance,
and Al-generated plans can approach expert planning in selected
clinical situations while reducing planning time [24, 33, 38-44].
Nevertheless, performance remains dependent on anatomy, task
complexity, imaging conditions, software environment, and dataset
characteristics, while outcome prediction and fully autonomous
decision-making remain less mature. The most appropriate current
framework is therefore a human-centered collaborative model in
which Al supports computationally intensive aspects of implant
planning while the clinician retains responsibility for interpretation,
verification, and the final treatment decision.

Conclusion

Artificial intelligence is emerging as a valuable adjunct to
CBCT-based dental implantology, with particularly promising
applications in anatomical segmentation, bone assessment,
virtual implant planning, and workflow optimization. Current
evidence indicates that Al-assisted systems can improve efficiency,
reproducibility, and, in selected clinical situations, achieve planning
outcomes comparable to those of experienced clinicians. However,
performance remains dependent on anatomical complexity,
imaging conditions, software environments, and the quality and
representativeness of training datasets, while external validation
and evidence of direct clinical benefit remain limited. Future
progress should therefore prioritize multicenter and prospective
validation, standardized evaluation frameworks, multimodal
data integration, explainable and uncertainty-aware models,
and assessment of clinically meaningful outcomes. At present, Al
should be regarded as a decision-support technology rather than an
autonomous substitute for professional expertise, with clinicians
retaining responsibility for verification, interpretation, and final
treatment decisions.
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