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ABSTRACT
Background and Aims: Odontogenic keratocyst (OKC) is a radiolucent jaw lesion often mistaken for similar conditions like

ameloblastomas on panoramic radiographs. Accurate diagnosis is vital for effective management, but manual image inter-

pretation can be inconsistent. While deep learning algorithms in AI have shown promise in improving diagnostic accuracy for

OKCs, their performance across studies is still unclear. This systematic review and meta‐analysis aimed to evaluate the

diagnostic accuracy of AI models in detecting OKC from panoramic radiographs.

Methods: A systematic search was performed across 5 databases. Studies were included if they examined the PICO question of

whether AI models (I) could improve the diagnostic accuracy (O) of OKC in panoramic radiographs (P) compared to reference

standards (C). Key performance metrics including sensitivity, specificity, accuracy, and area under the curve (AUC) were

extracted and pooled using random‐effects models. Meta‐regression and subgroup analyses were conducted to identify sources

of heterogeneity. Publication bias was evaluated through funnel plots and Egger's test.

Results: Eight studies were included in the meta‐analysis. The pooled sensitivity across all studies was 83.66% (95% CI:73.75%–93.57%)
and specificity was 82.89% (95% CI:70.31%–95.47%). YOLO‐based models demonstrated superior diagnostic performance with a sen-

sitivity of 96.4% and specificity of 96.0%, compared to other architectures. Meta‐regression analysis indicated that model architecture was

a significant predictor of diagnostic performance, accounting for a significant portion of the observed heterogeneity. However, the

analysis also revealed publication bias and high variability across studies (Egger's test, p=0.042).

Conclusion: AI models, particularly YOLO‐based architectures, can improve the diagnostic accuracy of OKCs in panoramic

radiographs. While AI shows strong capabilities in simple cases, it should complement, not replace, human expertise, especially

in complex situations.

1 | Introduction

Odontogenic keratocysts (OKCs) are cystic lesions of
odontogenic origin that present unique challenges in

diagnosis and management. Although benign, OKCs are
known for their aggressive nature, high recurrence rates,
and potential to cause significant bone destruction [1–5].
Early and accurate detection of OKCs is critical for
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improving treatment outcomes and minimizing surgical
morbidity [6–10].

The initial diagnosis of OKCs traditionally relies on clinical
examinations and radiographic imaging, particularly panoramic
radiographs [11–14]. These imaging methods are widely avail-
able and cost‐effective. Panoramic radiographs provide a com-
prehensive view of the teeth, jaws, and surrounding structures
in a single image. However, interpreting these radiographs can
be challenging, especially when distinguishing between radio-
lucent lesions such as OKCs and ameloblastoma (AM). Subtle
differences in shape, size, and internal architecture of these
lesions may be overlooked, even by experienced clinicians,
leading to uncertainty in diagnosis [14–19].

In recent years, artificial intelligence (AI), particularly deep
learning algorithms, has gained significant traction in medical
image analysis, including dental and maxillofacial radiology
[20–22]. These algorithms have demonstrated the capacity to
enhance diagnostic accuracy by automating the detection and
classification of pathologies on radiographic images [20–25]. AI‐
driven models, such as convolutional neural networks (CNNs),
have been used to detect and differentiate various cystic lesions,
including odontogenic tumors and cysts, with promising results
[18, 26, 27]. The application of such technologies could poten-
tially alleviate the diagnostic burden on clinicians and improve
the consistency of radiographic interpretations [26, 28].

This systematic review and meta‐analysis aimed to evaluate
the diagnostic accuracy of AI models in detecting and dif-
ferentiating OKCs from other jaw radiolucent lesions on
panoramic radiographs. By synthesizing data from multiple
studies, this review seeks to provide a comprehensive
assessment of the current performance of AI technologies in
this domain, highlight the potential benefits of their inte-
gration into clinical practice, and identify areas where further
research is needed.

2 | Methods

2.1 | Study Design and Protocol

This systematic review and meta‐analysis were conducted ac-
cording to the Systematic Reviews and Meta‐Analyses of Diag-
nostic Test Accuracy Studies (PRISMA‐DTA) guidelines [29].
The study protocol has been registered to PROSPERO with the
registration number CRD42024606360.

2.2 | Search Strategy

A comprehensive search was conducted in multiple electronic
databases, including PubMed, EMBASE, Scopus, ScienceDirect,
and Google Scholar up to October 25, 2024. The search terms
included combinations of the following keywords: “artificial
intelligence,” “deep learning,” “convolutional neural networks,”
“CNN,” “automation,” “odontogenic cysts,” “odontogenic kerato-
cyst,” and “OKC.”We also reviewed the reference lists of included
studies for additional relevant articles.

2.3 | Eligibility Criteria

Studies were included if they examined the PICO question of
whether AI models (I) could improve the diagnostic accuracy
(O) of odontogenic keratocysts (OKC) in panoramic radio-
graphs (P) compared to reference standards (C):

Population (P): Studies involving panoramic radiographs of
human subjects with radiographically and/or histopathologi-
cally confirmed OKCs diagnosed;

Intervention (I): The application of AI models for the automatic
detection and classification of OKC in panoramic radiographs;

Comparison (C): Studies comparing the performance of AI
models with ground truth diagnoses (based on histopathology)
or other diagnostic tools, including manual radiologist readings
or alternative machine learning models;

Outcomes (O): The outcome measures include parameters such
as diagnostic accuracy, sensitivity, specificity, F1‐score for OKC
detection, area under the curve (AUC), precision, and recall.

Articles such as case reports, reviews, and commentaries were
not included. Additionally, studies lacking diagnostic perform-
ance data or those relying on histopathological analysis or Cone
beam computed tomography (CBCT) imaging for diagnosis
were omitted from the analysis.

2.4 | Study Selection

Two independent reviewers (M.A. and B.R.) screened the titles
and abstracts of retrieved studies based on the inclusion and
exclusion criteria. Full‐text articles were obtained for further
assessment, and any discrepancies between the reviewers were
resolved through discussion and consultation with a third
reviewer (R.S.).

2.5 | Data Extraction

Data extraction was carried out independently by two reviewers
(M.A. and B.R.). All extracted data were double‐checked by S.B.
and any discrepancies between the reviewers were resolved
through discussion and consultation with a third reviewer
(R.S.). The extracted data included study characteristics
(authors, publication year, sample size), lesion prevalence in the
data set, patients' demographic features, inclusion and exclu-
sion criteria, AI model architecture, data set details (training,
validation, and testing sets), and key performance metrics
(sensitivity, specificity, accuracy, and AUC for OKC detection).
Where available, confusion matrices (true positives, false posi-
tives, true negatives, and false negatives) were also extracted.

2.6 | Risk of Bias Assessment

Two independent reviewers (R.S. and S.L.) assessed the risk of
bias (ROB) using the QUADAS‐2 tool (Quality Assessment of
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Diagnostic Accuracy Studies). The domains evaluated included
patient selection, index test, reference standard, and flow/tim-
ing. Based on the assessment, each study was classified as
having a low, high, or unclear risk of bias. Disagreements
between reviewers were resolved through consensus.

2.7 | Data Synthesis and Statistical Analysis

A meta‐analysis was conducted to pool the diagnostic per-
formance metrics of AI models across included studies,

following standard meta‐analytical guidelines (Cochrane
Handbook for Systematic Reviews of Diagnostic Test Accuracy)
[30]. Pooled estimates of sensitivity and specificity were com-
puted using a random‐effects model with inverse variance
weighting to account for both within‐ and between‐study vari-
ability. Study‐specific weights were assigned based on sample
size and variance [31].

The diagnostic odds ratio (DOR) and 95% confidence
intervals (CIs) were estimated using the DerSimonian and
Laird method [30]. To evaluate heterogeneity, we calculated

FIGURE 1 | The PRISMA flowchart used for this systematic review resulting in the selection of 12 studies, 8 of which were included in the meta‐
analysis.
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FIGURE 2 | The ROB assessment (A) and applicability analysis (B) results of 12 included studies using QUADAS‐2.

TABLE 2 | The details of ROB and applicability assessed articles using QUADAS‐2.

Risk of bias assessment Applicability assessment

Study
Patient
selection Index test

Reference
standard

Flow and
timing

Patient
selection

Index
test

Reference
standard

Sim et al. [34] High Unclear Low Low low low low

Kise et al. [35] High Unclear Low Low low low low

Rašić et al. [36] Unclear Low Low Low low low low

Feher et al. [37] High Low Low Low Unclear low low

Tajima et al. [38] Unclear Low Low Low low low low

Lee et al.[39] High Unclear Low Low low low low

Liu et al. [40] Unclear Low Low Low low low low

Watanabe et al. [41] Unclear Low Low Low Unclear low low

Kwon et al. [42] Low Low Low Low low low low

Lee et al. [43] Unclear Low Low Low low low low

Yang et al. [44] Unclear Unclear Low Low low low low

Ariji et al. [45] Low Low Low Low low low low

the I² statistic, with I² > 50% indicating substantial hetero-
geneity [30, 32]. The Cochran Q test was performed, with a
significance level of p < 0.05 suggesting statistical hetero-
geneity [30].

Pre‐specified analyses included subgroup analyses based on
AI model architecture, publication year, and sample size.
Exploratory analyses involved meta‐regression to assess the
impact of study characteristics (model type, publication year)
on diagnostic performance. The proportion of variance ex-
plained by the meta‐regression model was quantified using
the coefficient of determination (R²), which indicates the
percentage of heterogeneity accounted for by the included
covariates.

Publication bias was assessed using funnel plots and Egger's
test, with a p‐value < 0.05 suggesting the presence of bias. To
further address potential publication bias, the Trim‐and‐Fill
method was applied to estimate and adjust for the number of
missing studies [33].

All statistical analyses were performed using Python (version
3.8). The following libraries were utilized: scipy.stats for sta-
tistical tests, numpy for numerical computations, pandas for
data manipulation, matplotlib and seaborn for data visualiza-
tion, and scikit‐learn for meta‐regression analyses. Two‐sided p‐
values were reported throughout, with statistical significance
defined asα= 0.05.

3 | Results

Figure 1 shows the PRISMA fellow chart utilized in this sys-
tematic review.

3.1 | Study Characteristics

Table 1 displays the main summary of the findings. A total of 12
studies published between 2019 and 2024 met the inclusion
criteria. The studies originated from various countries,
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including Republic of Korea (n= 5) [34, 39, 42–44], Japan
(n= 4) [35, 38, 41, 45], China (n= 1) [40], Croatia (n= 1) [36],
and Austria (n= 1) [37].

Regarding study design, all included studies were
retrospective analyses of AI model performance on pano-
ramic radiographs. The total number of included patients
varied across studies, with sample sizes ranging from 188
to 7160 radiographs. The data sets used for training,
validation, and testing varied in composition, with some
studies employing fivefold cross‐validation for improved
generalization.

The investigated AI models included YOLO variants (n= 4)
[36, 38, 42, 44], DetectNet implementations (n= 3) [35, 41, 45],
Inception‐based models (n= 2) [34, 43], and other architectures
(n= 3) [37, 39, 40]. The investigated models employed different
approaches to medical image analysis, ranging from pure clas-
sification to combined detection and segmentation tasks
(Table 1).

3.2 | Risk of Bias Assessment

ROB assessment across 12 studies showed that patient selection
was a key area of concern, with 33.3% of studies rated high risk
and 50% rated unclear due to inadequate reporting samples. The
index test domain was generally well‐handled, with 66.7% of
studies rated low risk, though 33.3% were unclear due to
insufficient details. Both the reference standard and flow/tim-
ing domains were consistently rated low risk in all studies.
Regarding applicability concerns, most studies showed low
concern across all domains, with 83.3% rated low for patient

selection and 100% rated low for the index test and reference
standard domains (Figure 2 and Table 2).

3.3 | Diagnostic Performance

Among the studies, the performance of individual AI models
varied notably. The study by Lee et al. [39] reported the highest
diagnostic performance, with a sensitivity of 98.08% and spec-
ificity of 100%. Conversely, Sim et al. [34] reported the lowest
sensitivity and specificity, both at 61.5%.

The overall accuracy of the AI models across the 12 studies
ranged from 66.3% to 99.25%, with a mean accuracy of
88.11% ± 10.86%. Five of the studies reported accuracies above
90% [35, 38–40, 42], indicating that AI models can demonstrate
excellent diagnostic performance in detecting OKC.

3.4 | Meta‐Analysis

Eight studies that provided complete data on both sensitivity
and specificity were included in the diagnostic accuracy meta‐
analysis [34, 35, 37–40, 42, 43]. The pooled sensitivity across all
studies was 84.31% (95% CI: 71.24%–97.38%), while the pooled
specificity was 84.41% (95% CI: 70.52%–98.30%), indicating a
strong ability to correctly identify both positive and negative
cases (Figure 3). The pooled diagnostic odds ratio (DOR) was
27.84 (95% CI: 12.46%–62.19%), reflecting a high overall diag-
nostic accuracy.

There was substantial heterogeneity among the included
studies. Sensitivity exhibited significant heterogeneity

FIGURE 3 | Forest plots for pooled sensitivity and specificity: This figure shows the forest plots for sensitivity (A) and specificity (B) from the

meta‐analysis. Each dot represents the estimate for a study, with error bars indicating uncertainty. The red dashed lines and diamonds represent the

pooled sensitivity (84.3%) and specificity (84.4%) across all studies.
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(I² = 89.5%), as did specificity (I² = 92.3%) (Figure 4). The
overall area under the summary ROC curve (AUC) was
0.912, suggesting robust diagnostic accuracy despite inter‐
study variability.

3.5 | Subgroup and Meta‐Regression Analysis

Subgroup analysis revealed notable differences in performance
based on model architecture. YOLO‐based architectures dem-
onstrated superior accuracy, with a pooled sensitivity of 96.4%
and specificity of 96.0%, outperforming Inception‐based models
(sensitivity: 74.9%, specificity: 69.3%) and DetectNet (sensitivity:
57.0%, specificity: 98.0%).

Meta‐regression analysis explored sources of heterogeneity,
evaluating the effects of publication year and model architec-
ture (Figure 4). Model architecture was a significant predictor
of diagnostic performance: YOLO models demonstrated

significantly higher accuracy (coefficient: 2.147, p< 0.001),
while Inception‐based models showed significantly lower per-
formance (coefficient: −0.892, p= 0.043). Publication year was
also associated with a decline in diagnostic accuracy, with more
recent studies reporting lower performance (coefficient: −0.285,
95% CI: −0.472 to −0.098, p= 0.003).

The combined model explained 79.3% of the observed hetero-
geneity (R²= 0.793), although significant residual heterogeneity
remained (p< 0.001). Model architecture alone accounted for
68.1% of the variation (R² = 0.681), whereas publication year
explained 43.7% (R² = 0.437). Sensitivity analysis reinforced
these findings, with YOLO models showing a significantly
higher effect (coefficient: 15.621, p< 0.001) and Inception
models demonstrating significantly lower performance
(coefficient: −12.334, p< 0.001). These findings emphasize the
critical role of model selection in diagnostic imaging, high-
lighting the superior performance of YOLO‐based architectures.
However, persistent residual heterogeneity suggests that

FIGURE 4 | This figure presents four subplots illustrating the diagnostic performance of different models across multiple studies. (A) The

relationship between publication year and Log Diagnostic Odds Ratio (Log DOR) for different model types, with distinct colors representing each

model type (Inception, YOLO, Other). (B) The box plot comparing the variability of Log DOR values across model types, indicating that YOLO

models show less variability. (C) The scatter plot displaying the trade‐off between sensitivity and specificity across different studies, highlighting the

variability in model performance. (D) The temporal trend in Log DOR over the years, with a linear trendline.
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additional unmeasured factors may influence diagnostic accu-
racy across studies.

3.6 | Publication Bias

Assessment of publication bias revealed significant asymmetry
in the funnel plot (Egger's test, p= 0.042) (Figure 5), indicating
a potential bias toward studies reporting higher diagnostic
accuracy. Additionally, small‐study effects were observed, as
smaller studies tended to report inflated accuracy estimates.

4 | Discussion

The use of AI in diagnosing OKC and other jaw lesions has
advanced significantly [36, 38, 42, 44, 46–49]. Deep learning
models show great potential in enhancing clinical workflows
by improving both the speed and accuracy of diagnoses
[49–52]. Unlike the variability often seen in human diagnostic
performance, AI models can provide a more consistent and
reliable output. This consistency addresses a critical issue in
clinical practice, where human performance can vary due to
factors like experience, fatigue, or complex image interpreta-
tions [36–38, 42, 44, 53].

As demonstrated in multiple studies included in this review, AI
models—especially those based on YOLO architectures—have
achieved diagnostic accuracy that is comparable to, and in some
cases exceeds, that of human radiologists [36–38, 42, 44]. His-
torically, human performance in this area has varied, with
sensitivity and specificity generally ranging from 70% to 80%
and 60% to 75%, respectively [37]. In contrast, models developed
by Lee et al. [39] and Tajima et al. [38] exhibited sensitivity
levels exceeding 94% and specificity levels exceeding 99%.

AI's ability to handle routine cases efficiently, particularly those
with well‐defined radiographic characteristics, enables it to

reduce the burden on clinicians [45, 54–56]. Its capacity for
rapid analysis is crucial in high‐volume clinical settings where
human resources are limited [57–59]. By offering accurate
preliminary assessments, AI can help pinpoint cases that need
immediate attention. This allows human experts to concentrate
on more complex or uncertain cases, where their expertise is
essential. Such cases often require the integration of clinical
history, symptoms, and advanced imaging techniques like
CBCT, which AI models cannot fully replicate [37, 40].

The limitations of AI should not be overlooked. Despite AI's
advantages in terms of speed and consistency, its perform-
ance remains closely tied to the quality and diversity of the
training data [60–62]. Models trained on limited or homo-
geneous datasets often face challenges in generalizing to
diverse clinical scenarios, particularly when tasked with
detecting lesions in complex anatomical regions like the
maxilla [34, 38, 41, 42, 44]. The overlapping structures in
these areas often obscure lesion boundaries, leading to per-
formance gaps compared to human radiologists, who can
incorporate contextual information and clinical judgment
into their diagnostic decisions [42, 44].

The integration of more advanced imaging modalities, such as
CBCT, has been shown to improve AI's diagnostic accuracy. Lee
HJ et al. [43] has demonstrated that models trained on CBCT
data are better equipped to handle complex cases than those
relying solely on panoramic radiographs. This underscores the
importance of multi‐modal approaches in optimizing AI per-
formance in clinical environments.

AI's role should thus be viewed as a complement to, rather than
a replacement for, human expertise [37, 40, 63–65]. Its strength
lies in its ability to enhance workflow efficiency by handling
routine cases and flagging potential anomalies for further
review. However, human oversight remains critical, particularly
in cases where clinical context, patient history, and complex
imaging are required for a definitive diagnosis [37, 40, 65].

FIGURE 5 | Funnel plots for sensitivity (A) and specificity (B). The figure shows funnel plots to assess publication bias. The red dashed lines

mark the pooled estimates, while the dots represent individual studies. The gray regions represent the 95% confidence intervals. The uneven

distribution of studies suggests the presence of publication bias and high heterogeneity.
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This review also highlights several limitations. (1) Four studies
[35, 36, 41, 45] have a sample size of less than 50 samples in
the OKC group, which restricts their generalizability to diverse
clinical settings. (2) The significant variability among the
included studies, highlighted by substantial heterogeneity met-
rics, indicates that considerable work is needed to standardize
AI's application in various clinical settings. (3) The potential for
publication bias further complicates the assessment of AI's true
capabilities, as studies with positive outcomes may be more likely
to be published. So, it is essential to address these limitations by
promoting the use of larger, more diverse datasets and stan-
dardizing reporting methods to ensure AI's continued advance-
ment and integration into clinical practice. (4) Our meta‐analysis
indicates that deep learning models, especially those based on
YOLO architectures, have shown superior diagnostic accuracy in
various studies. However, the results of this meta‐analysis are
limited by the small number of studies included (n= 8) and
the variability in their sample sizes and inclusion criteria. The
sample sizes varied significantly, ranging from fewer than 200 to
over 7100 radiographs, which may contribute to inconsistencies
in performance. (5) The choice of data pre‐processing techniques
varied significantly among the included studies, potentially in-
fluencing the reported diagnostic accuracy. Some studies applied
contrast adjustment, histogram equalization, and noise reduction
to enhance image quality, while others incorporated data aug-
mentation techniques such as rotation, flipping, and scaling to
improve model generalization. While pre‐processing steps can
help optimize model performance, their effects were not sys-
tematically analyzed across studies, making it difficult to draw
definitive conclusions about their direct impact. Notably, YOLO‐
based models, which showed superior diagnostic performance,
were often trained on datasets that incorporated diverse aug-
mentation techniques. However, excessive augmentation may
introduce artifacts that do not accurately represent real‐world
clinical images, potentially affecting the model's applicability.
Establishing standardized pre‐processing protocols could
improve comparability between studies and provide clearer in-
sights into their role in AI model performance.

5 | Conclusion

In conclusion, AI models, particularly those based on YOLOv3,
show great promise in diagnosing OKCs from panoramic radio-
graphs. These models not only match human diagnostic per-
formance but also provide better specificity in some cases, which
could enhance clinical outcomes by reducing false positives and
unnecessary procedures. While AI demonstrates strong diag-
nostic capabilities, especially in routine and straightforward
cases, its role in clinical settings should be viewed as comple-
mentary to the nuanced judgment of human experts.
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