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The integration of Artificial Intelligence (Al) into modern dentistry has already transformed diagnostic and treat-
ment planning approaches; yet the impact of Al in day-to-day clinical practice remains disjointed across differ-

ent disciplines. Although the laboratory findings of numerous controlled algorithmic validation trials are quite Accepted: September 19, 2026

impressive, we must ask ourselves if the clinical applications of Al will indeed bring improvements to our pa- Published: September 22, 2026

tients' clinical outcomes as they are applied within the dynamic and unpredictable real-world conditions of Copyright: ©2026 Khubrani AA et al. This is an open ac-
dentistry. This comprehensive systematic review consolidates research assessing the diagnostic accuracy and cess article licensed under a Creative Commons Attribu-
clinical efficacy of Al throughout all specialties of dentistry - from oral and maxillofacial surgery to pedodontics tion Work 4.0 United States License

to ascertain whether Al is currently an innovative new technology or an incremental advancement. The Pub- Email: mzajy60@gmail.com

Med, Scopus, Web of Science, and IEEE Xplore literature databases were systematically searched for all pro-
spective and retrospective studies on diagnostic accuracy and/or clinical application involving an Al tool versus
a established clinical standard of care (from January 2020 to January 2026). Any peer-reviewed publication re-
porting new data from the use of clinical Al in direct patient care was considered eligible. Measures of diagnostic
accuracy (including sensitivity, specificity, and area under the curve - AUC) along with data on Al-guided treat-
ment planning accuracy and any patient-centered outcomes were extracted. Heterogeneity among the studies
was assessed by calculating the value, defined as: low heterogeneity (I<40%), moderate(40%<I<60%), and
high(1>60%). Bias in each study was critically assessed using the QUADAS-2 tool, while clinical translation po-
tential was assessed with the ROB-2 tool. The findings indicated considerable disparity in how the validation of
Al applications in dentistry was reported. While many deep learning applications achieved impressive results
for image-based diagnostics, specifically in radiology (pooled sensitivity=0.94; 95% Cl, 0.89-0.97) and oral pa-
thology (pooled AUC >0.90), the real-world clinical applications and surgical uses of Al have not been sufficiently
investigated. Very few prospective clinical trials were found, and only 23% of included studies had prospective
designs; nearly all studied enterprises exhibited external validity biases and did not detail the process by which
Al was integrated into clinical workflows or its actual effects on patient health, leading to the limited analysis of
patient-centered variables. Significant challenges exist in transitioning Al developed in laboratory settings into
routine chair side clinical application, prompting the necessity for uniform methods to validate Al tools for re-
sponsible innovation. An accurate accounting of Al's real-world role in all facets of dentistry would aid clinicians,
researchers, and policymakers in understanding Al's true value, informing sensible and evidence-based adop-
tion rather than overzealous enthusiasm.
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Introduction

In the literature, we find reviews that have
evaluated the accuracy of Al specifically in den-
tistry in terms of radiography [1], oral cancer
lesion detection [2], and dental periodontal di-
agnosis [3].

Often, it will be the case that Al’s performance
will be rated primarily by diagnostic accuracy
(e.g., specificity, sensitivity and Area Under
ROC Curve -AUC) with few studies assessing
real-world benefits of randomized controlled
trials (RCTs). Our aim is to challenge this dis-
connect. We intend to critically review
whether Al capabilities to diagnose and trans-
late to benefits for the individual patients.

The primary objective of this study was to com-
pare the diagnostic accuracy of artificially intel-
ligent instruments in seven critical branches of
dentistry against current benchmarks, includ-
ing clinician performance and gold standards.
We also evaluated the potential risk of bias of
multiple research methods through reliable
quality evaluation tools like QUADAS-2 and
ROB-2. We then aimed to study evidence con-
cerning the translation of proven Al dental de-
vices from experimental to real-world applica-
tions and outcomes. Finally, we identified fu-
ture research needed for effective implemen-
tation of Al in dentistry, as well as its transla-
tion to actual practice.

Material and Methods

Eligibility Criteria

Inclusion Criteria

eEnglish, Arabic, or English-abstracted peer-re-
viewed original research articles

oStudies on Al/ML/DL for the task of dental di-
agnosis and/or treatment planning

eProviding quantitative diagnostic accuracy
measure(s) (e.g. AUC, Sensitivity, Specificity,
Accuracy, Fl-score) or clinical outcome meas-
ure(s)

eGold standard comparison (e.g. Historio-
pathology, expert consensus, clinical exam, ra-
diographic gold standard)

e Available from Jan 2020 to June 2026
Exclusion Criteria

eConference abstracts, editorials, opinion and
review articles without raw data ePhantom,
synthetically-generated, or experimental Al al-
gorithm alone (without clinical validation)
eStudy population less than 50 cases
eDuplicate reporting (e.g. The most complete
article accepted)
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Study Selection and Data Extraction

Database search was carried out, and the iden-
tified articles titles and abstracts were dual-
screened for eligibility by two reviewers (DA
and SR) using Rayyan systematic review soft-
ware after de-duplication.
Potentially eligible articles in full were subse-
quently retrieved and examined fully against
the inclusion and exclusion criteria. Any differ-
ences of opinion were debated and resolved by
consultation with a third reviewer (MH) to at-
tain consensus.

Interpreter reliability was good (Cohen's
kappa=0.84). Data extracted into a custom
form with variables relating to design of the
study; sample; Al methods; model and archi-
tecture; discipline of interest; clinical task; out-
come metrics; gold standard; and risk of bias
items. We would attempt contact with the au-
thors of any articles included papers if the sta-
tistical details were insufficient to perform a
meta-analysis.

Risk of Bias Assessment

Studies exploring diagnostic accuracy were
critically evaluated using the Quality Assess-
ment of Diagnostic Accuracy Studies-2
(QUADAS-2) for patient selection, index test,
reference standard, flow and timing, the Re-
vised Cochrane Risk of Bias tool (ROB-2) for in-
terventional studies, and the Newcastle-Ot-
tawa Scale (NOS) for observational and retro-
spective cohort studies. Two independent re-
viewers conducted quality and risk-of-bias as-
sessment. Where comparable outcomes were
reported across studies and where at least
three studies from the same medical specialty
had available and comparable data, a bivariate
random-effects meta-analysis using Reitsma
model was performed to obtain Pooled sensi-
tivity and specificity and construct a Summary
ROC (SROC) curve.

Statistical Analysis

Heterogeneity was defined based on thel-sta-
tistic: 275% was considered the threshold for a
severe heterogeneity. Subgroup analyses were
conducted where necessary to determine
sources of bias.

Results

Data base searches yielded

A total of7,743 citations; 7,743 articles were
found in PubMed (3,421), 2,876 in Scopus,
1,894 in Web of Science, and 552 in IEEE
Xplore.

After removing duplicates and performing ti-
tle/abstract screening, 6,218 citations were

evaluated for full text eligibility (743); 312
studies ultimately were included in quality as-
sessment and meta-analysis.

Data Extraction Sheet

The following table presents the standardized
data extraction for 10 high-quality, representa-
tive studies across dental specialties, selected
for methodological rigor, specialty diversity,
and relevance to clinical implementation.
Pooled Diagnostic Performance by Specialty
Table 4 summarizes the pooled diagnostic per-
formance metrics derived from bivariate ran-
dom-effects meta-analysis for each dental spe-
cialty. Heterogeneity was quantified using I?
statistics.

Risk of Bias Summary

Risk of bias assessment revealed considerable
methodological variability across included
studies. Table 5 summarizes bias domains
across specialties.

Conclusion

The current broad systematic review has con-
firmed that Al is at best, not inferior to a dentist
at the specialist level, with respect to diagnos-
ticaccuracy, and on standardized retrospective
datasets can even exceed this for all dental
specialties. However, limitations including ret-
rospective data only, confined geographic and
population representation of study partici-
pants, and poorer quality in some included
studies mean that wider recommendations
cannot be provided for ‘Al in Dentistry’ on the
large-scale. This area of Dentistry is now at a
translational tip, where the advance of ma-
chine learning and computational innovation in
Dentistry’s 7 specialties are beginning to out-
strip availability of data, clinic validation and
post market surveillance, regulation and the
equitable study of commercial Al in dentistry.
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Category Search Terms

Al/ML Terms

"artificial intelligence" OR "machine learning" OR "deep learning" OR "convolutional neural network" OR
"neural network" OR "random forest" OR "support vector machine" OR "computer-aided detection" OR
"computer-aided diagnosis" OR "transformer model" OR "vision transformer"

Dental Terms

"dentistry" OR "dental" OR "oral health" OR "endodontics" OR "periodontics" OR "orthodontics" OR "pros-
thodontics" OR "oral surgery" OR "pediatric dentistry" OR "oral pathology" OR "oral radiology" OR "dental
caries" OR "periodontal disease"

Outcome Terms

"diagnostic accuracy" OR "sensitivity" OR "specificity" OR "area under curve" OR "AUC" OR "clinical effi-
cacy" OR "treatment planning" OR "detection accuracy"

Table 2. PRISMA study selection summary.
Screening Stage
Initial database search
After deduplication
Title/Abstract screening
Full-text assessed
Included in synthesis

Included in meta-analysis
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Records
8,743 =
6,218
743

431

312 =
187

Reason for Exclusion
Duplicates: 2,525
Off-topic, no Al/dental focus: 5,475

Insufficient data, reviews, duplicates: 312

Insufficient poolable data: 125
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Table 3. Data extraction sheet — 10 representative studies across dental specialties (2020-2023).

Author .
(Year) Specialty
.Schwend- Oral Radiol-
1 icke et al. ogy / Caries
(2021) [1] gy
Hung et al Oral Pathol-
2 (2020) [5] ogy / Oncol-
ogy
Sadr et al. .
3 (2022) [6] Endodontics
Lee et al. .
4 (2022) [7] Orthodontics
Jiang et al. . .
5 (2022) [8] Periodontics
Oral & Maxil-
6 Murata et lofacial ~ Sur-
al. (2022) [9]
gery
7 Park et al. Prosthodon-
(2023) [10] | tics
3 Moran et al. = Pediatric Den-

(2021) [11] tistry

http://dentistry3000.pitt.edu

Al System /
Architecture

CNN (ResNet-
50)

CNN (VGG-16)

+ transfer
learning
U-Net seg-

mentation +
Random For-
est classifier

Deep learning
+ graph neural
network

Vision Trans-
former (ViT) +
bone level al-
gorithm

3D-CNN
mentation
(nnU-Net)

seg-

Generative
Adversarial
Network
(GAN) + CNN
classifier

EfficientNet B4
+ ensemble
classifier

Sample Size

n = 3,760
bitewings

n -
oral
images

1,040
lesion

n =862 CBCT
volumes

n=1,792 lat-
eral cephalo-
grams

n = 2114
periapical ra-
diographs

n =541 CBCT
scans

n = 680 in-
traoral scan
datasets

n = 1,230
bitewing and
periapical

Clinical Task

Approximal
caries detec-
tion on
bitewing radi-
ographs

Oral squa-
mous cell car-
cinoma VS.
benign lesion
classification

from clinical
photographs

Root canal
morphology
classification
and working
length  esti-
mation from
CBCT

Automated
cephalo-
metric land-
mark identifi-
cation for or-
thodontic di-
agnosis and
treatment
planning

Automated

periodontal

bone loss
quantification
and staging
(AAP 2018
classification)

Automated
segmentation
of mandibular

nerve canal
and surgical
virtual plan-
ning for im-
plant place-
ment
Al-assisted

crown design
and marginal
fit prediction
in CAD/CAM
prosthetics

Primary den-
tition  caries
detection and

Key Perfor-
mance

Sens: 0.82,
Spec: 0.79,
AUC: 0.88

AUC: 0.93,
Sens:  0.89,
Spec: 0.88

Accuracy:
91.4%, MAE
working
length:
mm

0.34

Mean radial
error: 1.51
mm; Clinician
agreement:
93.7%

AUC: 0.91
(stage MI-IV),
ICC vs. perio-
dontist: 0.87

Dice coeffi-
cient: 0.89,
Hausdorff
distance:
1.42 mm

Marginal gap
discrepancy:
68 um (Al) vs.
94 um (man-
ual); occlusal
accuracy:
91.3%

Sens:  0.86,
Spec: 0.81,
AUC: 0.90 for

Study Design

Retrospec-
tive cohort

Prospective
validation co-
hort

Retrospec-
tive  multi-
center

Retrospec-
tive + expert
validation

Retrospec-
tive cohort

Retrospec-
tive + surgical
validation

Prospective
RCT (pilot)

Retrospec-
tive  cohort
(children's

Risk of Bias

Low
(QUADAS-2)

Low-Moder-
ate

Moderate
(incomplete
blinding)

Low

Low-Moder-
ate

Moderate

Low

Moderate
(no
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[12]
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Oral Pathol-

ogy

Oral Radiol-
ogy / Bone
Pathology
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Attention-
based CNN
(histopathol-
ogy whole-
slide imaging)

Hybrid  CNN-
LSTM for pan-
oramic radio-
graph analysis

radiographs
(pediatric)

n = 720
whole-slide
images (WSI)
from 3 cen-
ters

n = 1,405
panoramic
radiographs

early  child-
hood caries
(ECC) severity
scoring from
dental radio-
graphs in chil-
dren aged 2-6
years

Mitotic figure
detection and
grading of
oral squa-
mous cell car-
cinoma from
histopathol-
ogy slides

Detection of
osteoporosis
risk markers
and mandibu-
lar bone qual-
ity assess-
ment  from
panoramic ra-
diographs

ECC
tion

detec-

F1: 0.88,
AUC: 0.96 vs.
pathologist
benchmark

AUC: 0.92,
Sens:  0.88,
Spec: 0.85 vs.
DEXA  gold
standard

hospital rec- prospective
ords) validation)
Multi-center

. ow
retrospective
Retrospec-
tive, external Low-Moder-
validation co- | ate

hort

Table 4. Pooled diagnostic performance by dental specialty (Random-Effects Meta-Analysis). SROC = Summary Receiver Operating Characteristic;
DLR+ = Diagnostic Likelihood Ratio Positive; Cl = Confidence Interval.

Specialty

Oral Radiology

Oral Pathology

Endodontics

Orthodontics

Periodontics

Pediatric Dentistry

OMS / Surgery

Prosthodontics

Studies Pooled Sensi- Pooled Speci- SROC  AUC Heterogeneity
(n) tivity (95% ClI)  ficity (95% CI)  (95% Cl) (1%)

G 0% (089 091 (087 057 (055 1y ogerarg
p OSL (036 053 (085 0% 09 ooy ey
38 8:22) (= 0.85 (0.8-0.9) 8:32) (= 79% (High)
s 0% (03 088 (083 0% 09y ey
31 82)5 (0.79- 8::) (0.77—- 831) (0.88- 82% (High)

a OB T 080T 080 g
SO 0M O 0o 0y,
g 0% (081 088 (03 053 05 g serrg
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DLR+ Evidence
Level

104 Moderate
Moderate-

13 .
High

5.8 Moderate

7.4 Moderate

5 Low-Mod-
erate

42 Low-Mod-
erate

54 Low-Mod-
erate

6.3 Moderate
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Table 5. Risk of bias summary by specialty (QUADAS-2 Assessment).

Specialt Patient Se- Index Test Reference Flow & External Vali- Prospective Overall Bias
P ¥ lection Standard Timing dation Design Level
Oral Radiology Low Low Low Low 37% of studies = 28% I::;N-Moder-
Oral Pathology Low Low Low Low 42% of studies = 31% Low
Endodontics Moderate Low Moderate Moderate 22% of studies = 19% Moderate
Orthodontics Low Low Low Low 31% of studies = 24% I::;N-Moder-
. . . . Moderate-
Periodontics Moderate Moderate Moderate High 18% of studies = 14% High
_— . . . Moderate-
Pediatric Dentistry = Moderate Moderate Low High 12% of studies = 9% High
OMS / Surgery Moderate Low Low Moderate 26% of studies = 17% Moderate
Prosthodontics Low Low Low Moderate 28% of studies = 22% I::;N-Moder-

Table 6. Selected studies on Al in pediatric dentistry (2020-2024).

ol Country e Sample Clinical Task Key Metric Age Limitations
(Year) ture Range
Single institu-
Moran et - . .
al. (2021) USA EfficientNet B4 n=1,230 EFZC .detectlo.n .from AUC: 0.90 2-6 tion; . no Pro-
(11] ensemble bitewings/periapicals years spective valida-
tion
CNN (Goog- No external val-
Kim et al. LeNet) + clini- Primary caries detec- Sens: 0.81, 3-12 .
South Korea ) n=876 . . . idation; mo-
(2023) [14] cal data inte- tion + severity grading | Spec: 0.78 years
. nocenter
gration
AlSheikh et . . Dental age esjnmatllon MAE: 091 6-14 Re.trospec‘uve;
al. (2022) SaudiArabia = ResNet-152 n=2,340 from panoramic radio- Middle Eastern
years years .
[15] graphs population only
. Behavioral  manage- No real-world
Klingberg . . .
Random Forest ment problem predic- AUC: 0.81, 4-16 integration
et al. Sweden n=1,842 . .
+ XGBoost tion and dental anxiety | Acc: 74.3% | years tested;  struc-
(2024) [16] ) .
risk stratification tured data only
Tooth  detection + Permanent
Tuzoff et . YOLO-v3 object n=1,574 numbering in mixed Accuracy: >-18 dentition  fo-
al. (2020) Russia/USA . . .. - 96.2% for vyears -
detection panoramics | dentition (pediatric pa- cused; limited

[17] numbering  (mixed)

tients) primary data
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