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[Abstract] Objective This study aimed to develop a convolutional neural network (CNN)-based deep learning system

for detecting three-rooted mandibular first molars

(W78 B ] 2024-12-04; [1EE HEA] 2025-10-30 (MFMs) on panoramic radiographs and evaluate its diag-
[EEmE] HMiiEHE & B (SKY2022030) nostic performance. Methods Cone beam computed
[B—1E&] FSclE, BEG, i, Email: zhouwenyuan zwy@163.com tomography (CBCT) and panoramic radiographs were

[BIE1ER] BUkE, FALBEN, L, Email: guyc7152@163.com obtained from the Department of Oral Radiology. The
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patients were assigned into two groups. In group A, CBCT and conventional panoramic images were derived from the
same patients, and the dataset comprised image patches of 1 444 MFMs (of which, 367 teeth had three roots). In group B,
the patients underwent CBCT examinations in the absence of available panoramic images; CBCT images were acquired
and utilized to generate simulated panoramic images, and the dataset consisted of image patches of 1 203 MFMs (of
which, 283 teeth had three roots). Two CNNs (ResNet-101 and Inception-v3) were employed to classify three- and two-
rooted MFMs based on training and testing with two groups of image patches. Receiver operating characteristic (ROC)
curve analyses were performed to assess diagnostic performance, using the CBCT examination as the gold standard. The
performance of CNNs was compared with that of five dental professionals. Results Both CNN models achieved satisfac-
tory performance in their respective evaluations. In Group A, the accuracy, sensitivity, and specificity of ResNet-101 were
87.5%, 83.6%, and 88.9%, respectively, and the AUC value (0.908) was significantly higher than 0.857 achieved by Incep-
tion-v3 (P<0.01). Notably, the CNN models trained on CBCT-generated panoramic images (group B dataset) achieved
comparable performance when tested on conventional panoramic images (group A dataset). For ResNet-101, the accuracy,
sensitivity, specificity, and AUC were 85.1%, 75.8%, 88.1%, and 0.893, respectively. The five dental professionals
achieved significantly lower diagnostic performance compared with CNNs, and the AUC values were 0.532-0.668. Con-
clusion The CNN-based deep learning system exhibited a high level of accuracy in detecting three-rooted MFMs on

panoramic radiographs. CBCT-generated panoramic images can effectively replace conventional panoramic images in the
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training of CNN models when the quantity and quality of conventional images are inadequate.

[Key words] deep learning; convolutional neural network; panoramic radiography; cone beam computed tomogra-

phy; mandibular first molar
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Fig 1 Extraction of MFM image patches
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Fig 2 ROC curve analysis of two CNN models and five clinicians in the classification of image patches of MFMs
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