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ABSTRACT

A critical consideration in interpreting these findings is the substantial heterogeneity observed across studies.
Variability in Al model architecture, dataset characteristics, lesion classification criteria, reference standards,
and validation methodologies contributed to differences in reported diagnostic performance Furthermore,
many included studies were conducted in retrospective or controlled environments, which may overestimate
performance compared to real-world clinical settings.

Another limitation is the relative scarcity of external validation and prospective clinical studies, which
restricts the generalizability of current findings. Standardized evaluation frameworks and multicenter
validation studies are needed to establish reproducibility and clinical reliability. Future research should
therefore prioritize external dataset validation, prospective clinical trials, and the development of
standardized benchmarking protocols to facilitate meaningful comparisons across studies

Overall, the evidence supports a hybrid diagnostic model in which Al systems enhance early lesion detection
while clinicians provide contextual interpretation and treatment decision-making. This integrated approach
has the potential to improve diagnostic consistency, reduce variability, and enhance patient-centered care
outcomes
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INTRODUCTION

Dental caries remains one of the most prevalent chronic diseases worldwide, with interproximal lesions
presenting a persistent diagnostic challenge due to their anatomical location and limited clinical accessibility.
Bitewing radiography is widely regarded as the standard imaging modality for detecting proximal caries;
however, diagnostic accuracy remains variable and is highly dependent on clinician experience, resulting in
inconsistencies in detection and subsequent treatment planning [16-20,33].

Advances in artificial intelligence (Al), particularly the development of convolutional neural networks
(CNNSs), have introduced new possibilities for automated dental image analysis. Multiple studies have
demonstrated that Al-based systems can detect early enamel caries with higher sensitivity than clinicians,
thereby improving the potential for early intervention [1-5,11,25]. For example, deep learning models have
achieved diagnostic performance comparable to experienced clinicians while offering improved consistency
in lesion detection [3,4].

Despite these advances, concerns persist regarding the clinical reliability of Al systems. While improved
sensitivity is advantageous for early diagnosis, reduced specificity and increased false-positive rates may
lead to overdiagnosis and unnecessary treatment [6-8]. Additionally, substantial heterogeneity in Al model
architectures, training datasets, and validation methodologies limits the generalizability of existing findings
[8-10].
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Accordingly, the key clinical question is not whether Al can detect dental caries, but whether it can do so
with sufficient accuracy and reliability to meaningfully support clinical decision-making. The aim of this
systematic review was therefore to evaluate and compare the diagnostic accuracy of Al systems and
clinicians in detecting interproximal caries, with particular emphasis on sensitivity, specificity, and clinical
applicability.

Objective:

This systematic review evaluated and compared the diagnostic accuracy of artificial intelligence (Al)
systems and clinicians in detecting interproximal caries using radiographic imaging.

MATERIALS AND METHODS

A systematic search of PubMed, Scopus, and Web of Science databases was conducted for studies published
between January 2000 and March 2026. Studies comparing Al-based diagnostic tools with clinician
interpretation were included. Data extraction focused on sensitivity, specificity, and overall diagnostic
accuracy. Risk of bias was assessed using the QUADAS-2 tool. Due to methodological heterogeneity,
findings were synthesized qualitatively.

RESULTS

Fourteen studies met the inclusion criteria. Al systems demonstrated higher sensitivity (78—-95%) compared
with clinicians (65-88%), particularly for early enamel lesions. In contrast, clinicians exhibited higher
specificity (80-96%) than Al systems (70-90%), indicating fewer false-positive diagnoses. Overall
diagnostic accuracy was comparable across studies.

CONCLUSIONS

Al enhances early detection of interproximal caries but demonstrates reduced specificity. These findings
support the integration of Al as an adjunctive diagnostic tool rather than a replacement for clinical expertise.

Materials And Methods
Search Strategy

A systematic literature search was conducted using PubMed, Scopus, and Web of Science following
PRISMA guidelines [16].

Risk of bias was assessed using the QUADAS-2 tool for diagnostic accuracy studies [16].
The search strategy combined Medical Subject Headings (MeSH) and free-text terms:

("artificial intelligence” OR "deep learning™ OR "machine learning™) and (“dental caries™ or "interproximal
caries™) and ("radiograph™ or "bitewing" or "diagnostic accuracy")

Studies published between January 2000 and March 2026 were included. Reference lists of included articles
were also screened.

Inclusion and Exclusion Criteria

Inclusion criteria

e Exclusion criteria:
e Case reports, reviews, editorials
e Studies without clinician comparison
e Non-English publications
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Study Selection

Two independent reviewers performed screening of titles, abstracts, and full-text articles according to
PRISMA guidelines. Disagreements were resolved by consensus.

e Records identified: 1,245

e After duplicates removed: 1,012
e Full-text reviewed: 42

e Included studies: 14

Fourteen studies met the inclusion criteria, encompassing a wide range of Al architectures, primarily
convolutional neural networks applied to bitewing radiographs. Sample sizes varied significantly, ranging
from small datasets of approximately 100 images to large datasets exceeding 2,000 radiographs.

Data Extraction
Extracted variables included:

e Study design

e Al system/algorithm used

e Sample size

e Imaging modality

e Diagnostic metrics (sensitivity, specificity)
Risk of Bias Assessment

Risk of bias was assessed using the QUADAS-2 tool, evaluating patient selection, index test, reference
standard, and flow/timing.

Statistical Analysis

Due to heterogeneity in study methodologies, Al systems, and outcome reporting, a meta-analysis was not
performed. The results were synthesized qualitatively.

Results
Study Selection

A total of 1,245 records were identified through database searching. After removal of duplicates, 1,012
records were screened, of which 970 were excluded based on title and abstract. Forty-two full-text articles
were assessed for eligibility, and 28 were excluded. Fourteen studies met the inclusion criteria and were
included in the final qualitative synthesis (Figure 1).

Study Characteristics

The included studies predominantly utilized convolutional neural networks applied to bitewing radiographs.
Sample sizes varied substantially, ranging from approximately 100 to over 2,500 radiographic images.
Clinician comparator groups included general dentists and experienced specialists, introducing variability in
baseline diagnostic performance.
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Diagnostic Performance Synthesis

Across the included studies, a consistent pattern was observed in the comparative diagnostic performance of
artificial intelligence (Al) systems and clinicians. Although methodological heterogeneity precluded formal
meta-analysis, a semi-quantitative synthesis indicates that Al systems generally achieved higher sensitivity,
particularly for early enamel lesions.

Reported sensitivity values for Al systems ranged from approximately 78% to 95%, whereas clinician
sensitivity ranged from 65% to 88% [3-6,25]. These findings are consistent with published evidence
demonstrating that Al systems are more effective in detecting subtle radiographic changes associated with
early carious lesions.

In contrast, clinicians consistently demonstrated higher specificity, with reported values ranging from 80%
to 96%, compared with 70% to 90% for Al systems [7,8,27]. This reflects a lower rate of false-positive
diagnoses among clinicians and highlights the importance of clinical judgment in diagnostic interpretation.

Overall diagnostic accuracy between Al systems and clinicians was broadly comparable across studies, with
performance variations influenced by lesion severity, dataset characteristics, and clinician experience [9—
11,28-30]. Studies using expert consensus as a reference standard demonstrated smaller differences between
Al and clinician performance.

Taken together, these findings indicate that Al systems offer improved sensitivity for early lesion detection,
whereas clinicians maintain higher specificity. This trade-off represents a central consideration for the
clinical integration of Al-assisted diagnostic systems.

Risk of Bias

Most included studies demonstrated moderate risk of bias, primarily related to variability in reference
standards, differences in clinician experience, and lack of external validation datasets. These factors may
influence the reported diagnostic performance and limit generalizability to routine clinical practice.

Prisma Flow
Records identified (n = 1,245)
!
Duplicates removed (n = 233)
!
Records screened (n = 1,012)
!
Records excluded (n = 970)
!
Full-text assessed (n = 42)
!
Full-text excluded (n = 28)
|
Included studies (n = 14)
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Figure 1. PRISMA flow diagram illustrates the study selection process. A total of 1,245 records were
identified through database search. After removal of duplicates, 1,012 records were screened, of which 970
were excluded. Forty-two full-text articles were assessed for eligibility, and 28 were excluded. Fourteen
studies were included in the final qualitative synthesis.

Study Characteristics

The included studies predominantly utilized convolutional neural networks applied to bitewing radiographs.
Sample sizes ranged from 100 to 2,500 images. Clinician comparison groups included general dentists and
experienced specialists.

Diagnostic Accuracy

Al systems consistently demonstrated higher sensitivity across included studies, particularly in early lesion
detection [3-6]. Sensitivity ranged from 78% to 95% for Al systems, compared to 65% to 88% for clinicians
[3-6].

However, clinicians consistently demonstrated higher specificity, ranging from 80% to 96%, compared with
70% to 90% for Al systems [7,8]. This indicates that Al systems were more prone to false-positive
diagnoses.

Overall diagnostic accuracy was comparable between Al systems and clinicians, with differences dependent
on lesion severity and imaging conditions [9-11].

Risk of Bias

Most studies demonstrated moderate risk of bias, primarily due to variability in reference standards and
differences in clinician experience. Some studies lacked external validation datasets.

DISCUSSION

The findings of this systematic review demonstrate a consistent and clinically relevant pattern: artificial
intelligence (Al) systems exhibit superior sensitivity but reduced specificity compared with clinicians. This
trade-off is particularly important in dental diagnostics, where early detection must be balanced against the
risk of overdiagnosis and unnecessary intervention [6-8].

The enhanced sensitivity of Al systems is likely attributable to their ability to analyze pixel-level variations
in radiographic images that may be imperceptible to the human eye. Deep learning models, particularly
convolutional neural networks, have demonstrated the capacity to identify subtle radiographic features
associated with early demineralization, thereby improving detection of incipient lesions [3-5,21,23]. This
capability is especially significant in preventive dentistry, where early diagnosis has a direct impact on
treatment planning and long-term outcomes.

However, this improved sensitivity is accompanied by reduced specificity, resulting in a greater likelihood
of false-positive diagnoses. This limitation may arise from multiple factors, including radiographic noise,
anatomical overlap, and variability in image acquisition protocols, as well as potential overfitting of Al
models to training datasets [7,22,24]. In contrast, clinicians incorporate contextual information, including
patient history, lesion progression, and clinical risk assessment, which contributes to higher diagnostic
specificity and reduces the likelihood of unnecessary intervention [27,28].

Despite these differences, overall diagnostic accuracy between Al systems and clinicians was found to be
comparable across the included studies [9-11,28-30]. This suggests that Al does not uniformly outperform
clinicians but instead demonstrates complementary strengths. Consequently, the integration of Al into
clinical workflows should be viewed as a means of augmenting, rather than replacing, clinician judgment.
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A critical consideration in interpreting these findings is the substantial heterogeneity observed across studies.
Variability in Al model architecture, dataset characteristics, lesion classification criteria, reference standards,
and validation methodologies contributed to differences in reported diagnostic performance [8-10,13,14].
Furthermore, many included studies were conducted in retrospective or controlled environments, which may
overestimate performance compared to real-world clinical settings.

Another limitation is the relative scarcity of external validation and prospective clinical studies, which
restricts the generalizability of current findings. Standardized evaluation frameworks and multicenter
validation studies are needed to establish reproducibility and clinical reliability. Future research should
therefore prioritize external dataset validation, prospective clinical trials, and the development of
standardized benchmarking protocols to facilitate meaningful comparisons across studies [30].

Overall, the evidence supports a hybrid diagnostic model in which Al systems enhance early lesion detection
while clinicians provide contextual interpretation and treatment decision-making. This integrated approach
has the potential to improve diagnostic consistency, reduce variability, and enhance patient-centered care
outcomes [1,9,31].

CONCLUSIONS

Artificial intelligence demonstrates superior sensitivity in detecting interproximal caries compared to
clinicians, particularly in early-stage lesions [3-6]. However, clinicians maintain higher specificity, reducing
the risk of false-positive diagnoses [7,8].

These findings support a hybrid diagnostic model integrating Al-assisted detection with clinician
interpretation, which may improve diagnostic accuracy while maintaining clinical reliability and patient-
centered care [1,9]. Such integration has the potential to improve diagnostic accuracy while maintaining
clinical reliability and supporting patient-centered decision-making
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