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A B S T R A C T   

Objectives: To establish a novel deep learning networks (MSF-MPTnet) based on panoramic ra-
diographs (PRs) for automatic assessment of relationship between maxillary sinus floor (MSF) and 
maxillary posterior teeth (MPT), and to compare accuracy of MSF-MPTnet, dentists and radiol-
ogists identifying contact relationship. 
Study design: A total of 1035 PRs and 1035 Cone-beam computed tomographys （CBCT）images 
were collected from January 2018 to April 2022. The relationships were classified into class I and 
II by CBCT. Class I represents non-contact group, and class II represents contact group. 350 PRs 
were randomly selected as test dataset and accuracy of MSF-MPTnet, dentists, and radiologists 
was compared. 
Results: The intraclass correlation coefficient of dentists was 0.460–0.690 and it was 0.453–0.664 
for radiologists. Sensitivity and accuracy of MSF-MPTnet were 0.682–0.852and 0.890–0.951, 
indicating that the output performance of MSF-MPTnet was reliable. Accuracy of maxillary 
premolars and molars were 79.7%–90.3 %, 76.2%–89.2 % and 72.9%–88.3 % in MSF-MPTnet 
model, dentists and radiologists. Accuracy of class I relationship in the MSF-MPTnet model 
(67.7%–94.6 %) was higher than that of dentists (56.5%–84.6 %) in maxillary first premolars and 
right second premolar, and accuracy of class I relationship in the MSF-MPTnet model is also 
higher than radiologists (40.0%–78.1 %) in all teeth positions (p < 0.05). 
Conclusions: MSF-MPTnet model could increase detecting accuracy of the relationship between 
MSF and MPT, minimize pseudo contact relationship and reduce frequency of CBCT use.   

1. Introduction 

Maxillary sinus (MS) is an important anatomic structure, which is the largest pyramid-shaped bilateral paranasal air sinus located 
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in the body of the maxilla [1]. The close relationship of the maxillary posterior teeth (MPT) and MSF may result in various compli-
cations. dental diseases including periapical or periodontal infections of MPT can spread to the MS and lead to odontogenic sinusitis, 
and it was found that over 50 % of maxillary sinusitis was of dental etiology [2,3]. In addition, tooth extraction or endodontic surgery 
can lead to perforation, formation of oroantral fistula, or root displacement into the MS [4]. Root protrusion into MS may induce root 
resorption or tipping during orthodontic treatment [5]. Therefore, accurate assessment of anatomic relationship between MSF and the 
root apexes of MPT is of clinical importance in diagnosing and treatment planning in the maxillary posterior area. 

CBCT can be used to evaluate the 3-dimensional relationship between MSF and MPT, However, accessibility of CBCT is limited 
because the cost and radiation dose from CBCT are much higher than panoramic radiographs, and data loading and reading are time- 
consuming [6,7]. Panoramic radiographs, (PRs), is commonly used to evaluate the anatomic relationship between MSF and MPT 
because of their intrinsic advantages [8]. PRs have many advantages including short time for the procedure, greater patient acceptance 
and cooperation, overall coverage of the dental arches and associated structures, simplicity, low patient radiation dose and low cost 
[1]. However, there are some limitations such as superimposition of anatomic structures, distortion, and the absence of cross-sectional 
information, which will cause the pseudo-contact relationship between MSF and MPT. In addition, it takes dentists and radiologists 
more times to identify the relationship between MSF and MPT with the naked eye, and the accuracy should be improved. 

Machine learning is a subgroup of AI which enhances automated learning ability without being distinctly programmed, and a 
popular field in machine learning is deep learning, which includes convolutional neural networks (CNN) and artificial neural networks 
(ANNs) [9]. DenseNet, a convolutional neural network with dense connectivity structure, is able to learn deeper and more discrim-
inative features from images and has been applied to medical image analysis and has achieved breakthroughs. DenseNet requires fewer 
parameters and less computation to achieve state-of-the-art performance, and can learn more compact and more accurate models. 
DenseNet introduces a dense connection structure, connecting each layer directly to all subsequent layers, facilitating fuller infor-
mation transmission. This mitigates gradient disappearance problems, accelerates training convergence, and improves network per-
formance. DenseNet has been shown to significantly improve performance, particularly for tasks such as image segmentation and 
classification. Howerver, DenseNet may have higher computing resource requirements than some lightweight network architectures, 
especially in resource-constrained environments. Due to the densely connected structure, DenseNet needs to store more intermediate 
feature maps, this may result in a large memory footprint, unsuitable for some resource-constrained devices. Deep learning plays an 
important role in dentistry for patient diagnosis, clinical decision making, and prediction of dental failures in the field of oral and 
maxillofacial surgery, restorative dentistry, prosthodontics, orthodontics, endodontics, forensic dentistry, radiology, and periodontics 
[10–13]. The automatic detection and segmentation of teeth and MS structure in PRs have been reported in the literature, indicating 
that deep learning-based artificial intelligence models can perform panoptic segmentation of images, including those of the MS and 
teeth [13–15]. Currently, artificial intelligence is widely applied in the field of the maxillary sinus, including 3D automatic seg-
mentation of the maxillary sinus on CBCT [16], automatic detection and segmentation of morphological changes in the maxillary sinus 

Fig. 1. Study protocol. A.A total of 1035 PRs and CBCT images which meet the inclusion criteria were collected. B.70 % PRs were used for training 
and 30 % for testing. C.350 PRs were randomly selected as the test dataset and 5 dentists and 5 radiologists were asked to evaluate the dataset. D. 
Performances of 3 methods were compared. 
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mucosa based on three-dimensional convolutional neural networks on cone-beam CT images [17], and deep learning for detecting 
normal maxillary sinuses and maxillary sinus diseases on panoramic images [18]. However, there has been no study on using deep 
learning in PR to determine the actual contact relationship between MSF and MPT. The automatic detection of the relationship is very 
important in early warning of close contact between MSF and MPT to reduce the possible complications of dental therapy and reduce 
the CBCT use. 

2. Materials and methods 

This study was approved by the Ethic Committee of Stomatology Hospital, School of Stomatology, Zhejiang University School of 
Medicine (R20220129), and was conducted in compliance with the ICH-GCP principles and the Declaration of Helsinki (2013). The 
protocol of this study was shown in Fig. 1. 

3. Image data set 

This study was conducted at the Stomatology Hospital, School of Stomatology, Zhejiang University School of Medicine. The in-
clusion criteria: 1.patient age≥18 years; 2.maxillary posterior teeth (MPT) were intact without dental disease; 3.PRs and CBCT taken 
within 6 months for the same patient with no obvious artifacts. The exclusion criteria: patients have experienced orthodontic treat-
ment, or experienced traumatic injury that disturbs the normal anatomy of MS. PRs were obtained by Orthophos 5OS Ceph (Dentsply 
Sirona, Bensheim, Germany) and CBCT was obtained by a 3D CBCT scanner NewTom VGi (QR S.R.L.,Verona, Italy). The CBCT data 
was acquired with a large field of view (FOV), with dimension greater than 15*15 cm. The tube voltage was set at 110 kV, and the 
current was adjustable. The exposure time for the acquisition was 1.8 s. 

A total of 1035 PRs and 1035 CBCT images were collected from January 2018 to April 2022 form individuals aged 18–59 years. 
Informed consents were obtained from the patients for the publication of their image date. A dentist with five years of experience was 
trained to identify and record the relationship between MPT and MSF on CBCT. In this study, CBCT was considered as the gold standard 
for diagnosis. These images were divided into two categories: Class I represented the non-contact group, while Class II represented the 
contact group. All CBCT date were recorded by the same dentist twice within 3 months to verify its accuracy. The intra-class correlation 
coefficient of the dentist was 0.948, indicating excellent accuracy of annotation between the two instances. 

Subsequently, by randomly selecting 350 PRs as a test dataset and using the CBCT analysis results as the gold standard, the accuracy 
of the MSF-MPTnet, dentists, and radiologists were computed and compared. This process was carried out to evaluate the performance 
of the MSF-MPTnet in the relevant tasks. 

All the participants agreed to have their images published. Using the true contact relationships between MSF and MPT on CBCT as 
the gold standard, the vertical relationship between MSF and MPT could be divided into two classes: (1) Class I: MPT not in contact 
with MSF, which means the root apexes extending below/outside the MS; (2) Class II: MPT in contact with MSF, which means the root 
apexes contacting with or extending above/inside the MS (Fig. 2A). 

4. Deep learning network construction and training 

The core mechanism of contact detection revolves around a deep learning network known as DenseNet. This network has 
demonstrated outstanding accuracy and high-speed analysis in the detection of regions of interest (ROI). Its densely connected design 

Fig. 2. The workflow of MSF-MPTnet model was reliable. A.The demonstration of class I and class II relationship of MSF and MPT in sagittal and 
coronal dimension. The blue curve represents the MSF, and the contour of premolars and molars represents MPT B.The workflow of MSF-MPTnet 
model includes data annotation, teeth segmentation and contact detection. In step 3, the layers between two dense blocks are referred to as 
transition layers and change feature-map sizes via convolution and pooling C. The receiver operating characteristic curves (ROC) illustrate the 
model performance of the convolutional neural network is reliable. 
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facilitates more comprehensive feature propagation within the network, aiding in better capturing both local and global information in 
images. Furthermore, the use of transition layers effectively controls the number of feature maps, alleviating the computational burden 
on the network and enhancing processing speed. These characteristics contribute to the exceptional performance and efficient analysis 
speed of DenseNet in contact detection tasks. 

The workflow of the model could be divided into the following three stages (Fig. 2B), Initially, during the data annotation phase, we 
adjusted the resolution of panoramic X-ray photos, enhancing it to 2440*1280 pixels. By detecting contact between the maxillary sinus 
and teeth in CBCT images, we categorized them into contact groups and utilized the open-source software 3D-Slicer to delineate the 
maxillary sinus lines on both the left and right sides. The experiment encompassed a total of 1035 panoramic radiographs. We par-
titioned the dataset in an 7:3 ratio, randomly distributing images between the training set (n = 685) and the test set (n = 350). 

Next, in our experiments, we implemented a series of data augmentation techniques on the training set to enhance the robustness 
and generalization ability of the model. The following data augmentation operations were applied: 

Mirror flipping: We diversified the data further by employing mirror flipping operations. By simulating different directions of 
mirror symmetry, we ensured the model’s resilience when handling images from various perspectives and orientations. 

Gamma transformation: To enhance contrast and brightness variations in the images, we employed gamma transformation. By 
adjusting the grayscale levels, we could capture subtle details in the organizational structure. The gamma transformation was 
configured within the range of 0.7–1.5 to ensure moderate adjustments to the images, thereby strengthening the model’s adaptability 
to different brightness conditions. 

By implementing these data augmentation operations, we expanded the size of the training dataset, generating approximately 2100 
training samples in total. This augmentation significantly increased the diversity of training examples, contributing to the enhance-
ment of the model’s generalization ability and its capability to handle various image conditions and variations. 

Furthermore, we proceeded with tooth segmentation. At this stage, we employed the Unet network for image processing, consisting 
of symmetric contraction and expansion paths. Specifically, the feature extraction part involved processing images through a 
downsampling module (Conv(3 × 3) + Conv(3 × 3) + Max Pooling(2 × 2)), generating five feature maps with an increased number of 
channels. The feature fusion part included processing images through an upsampling module (up-Conv + Conv(3 × 3) + Conv(3 × 3)), 
followed by deconvolution, feature map fusion, and convolution layers. Ultimately, a 1x1 convolution layer was utilized to output a 
vector containing probability scores for each pixel corresponding to each classification. 

In the final stage of contact detection, we fed the images into DenseNet. DenseNet consists of multiple densely connected blocks and 
transition layers. The dense blocks contain layers such as BN + ReLU + Conv(1 × 1) + BN + ReLU + Conv(3 × 3), aimed at extracting 
rich feature information from the input images. Between two Dense Blocks, a transition layer is used with BN + Conv(1 × 1) + Average 
Pooling(2 × 2), effectively reducing the number of feature map inputs and optimizing the overall network structure. This design 
enables DenseNet to handle contact detection tasks more effectively, enhancing the system’s performance. 

4.1. Diagnostic performance analysis 

To compare the accuracy among the dentists, the radiologists and the MSF-MPTnet automatic detection model. 350 PRs were 
randomly selected as the test dataset and 5 dentists (Dentist1-5) and 5 radiologists (Radiologist1-5) were asked to evaluate the dataset. 
Both of the dentists and radiologists received systematic training. The average accuracy of the dentists and radiologists for each tooth 
position was calculated, and and the accuracy was compared within each group. The accuracy of each tooth position was compared 
with the MSF-MPTnet detection model. Overall performance of the model outputs was verified using confusion matrices, accuracy (TP 
+ TN)/(TP + FN + FP + TN), Precision (TP/(TP + FP)), recall (TP/(TP + FN)), F1 score (2Precision*Recall/(precision + Recall)), and 
average precision (AP = 01p(r)dr) were used to calculate the model diagnostic accuracy. 

Table 1 
Number of OPGs and CBCT included in different teeth positions and distribution of the relationship between MPT and MSF on CBCT.  

Teeth position 2(upper 
right second 
molar) 

3(upper 
right first 
molar) 

4 (upper right 
second 
premolar) 

5(upper right 
first premolar) 

12(upper left 
first 
premolar) 

13(upper left 
second 
premolar) 

14(upper 
left first 
molar) 

15(upper 
left second 
molar) 

Number 1022 1024 1006 1009 1016 1016 1022 1021 
Class I 199 (19.47 

%) 
248 (24.22 
%) 

471 (46.82 %) 820 (81.27 %) 822 (80.91 %) 464 (45.67 %) 238 (23.29 
%) 

185 (18.12 
%) 

Class II 823 (80.53 
%) 

776 (75.78 
%) 

535 (53.18 %) 189 (18.73 %) 194 (19.09 %) 552 (54.33 %) 784 (76.71 
%) 

836 (81.88 
%) 

ICC (intraclass 
correlation 
coefficient) of 
Dentists 

0.551 0.587 0.588 0.460 0.548 0.665 0.690 0.593 

ICC (intraclass 
correlation 
coefficient) of 
Radiologists 

0.644 0.587 0.660 0.453 0.509 0.651 0.664 0.635  
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5. Statistical analysis 

Chi-square test (sample size >5) or Fisher exact test (sample size ≤5) was used to compare the accuracy, and fisher’s exact test is 
suitable when the expected values in any of the cells of a contingency table are below 5. IBM SPSS Statistics 26.0 was used for statistical 
analysis, and the significance level was set at p < 0.05 when comparing the three groups. The significant level was set at p < 0.0167 
(0.05/3) when comparing two groups among the three groups. Intraclass correlation analysis was applied to assess interobserver 
agreement among the dentists and radiologists using the intraclass correlation coefficient (ICC). 

6. Results 

6.1. Number of X-rays included in different teeth positions and distribution of the relationship between MPT and MSF on CBCT 

In total, there are 1035 X-rays included in this study. Some teeth that were not clear enough in PRs were excluded. Therefore, the 
number of PRs and CBCT collected for each tooth was not identical, as shown in Table 1. The number of teeth 2 (upper right second 
molar), 3 (upper right first molar), 4 (upper right second premolar), 5 (upper right first premolar), 12 (upper left first premolar), 13 
(upper left second premolar), 14 (upper left first molar), 15 (upper left second molar) included was 1022, 1024, 1006, 1009, 1016, 
1016, 1022, 1021 respectively. 

Distribution of the relationship between MPT and MSF on CBCT was shown in Table 1. Class II relationships were the most common 
in maxillary molars, and class I relationships were the most common in maxillary first premolars. The percentage of class I and II was 
nearly equal in maxillary second premolars. The percentage of class I for teeth 2, 3, 4, 5, 12, 13, 14, 15 was19.47 %, 24.22 %, 46.82 %, 
81.27 %, 80.91 %, 45.67 %, 23.29 %, 18.12 % respectively. The percentage of class II for teeth 2, 3, 4, 5 12, 13, 14, 15 was 80.53 %, 
75.78 %, 53.18 %, 18.73 %, 19.09 %, 54.33 %, 76.71 %, 81.88 % respectively. 

7. Diagnostic performance analysis 

7.1. The MSF-MPTnet model was reliable 

After training, validating, and testing on 1035 PRs, the sensitivity, specificity, accuracy of the MSF-MPTnet deep learning network 
DenseNet were evaluated using matrix confusion (Table 2). The sensitivity was 0.611–0.988, and the accuracy was 0.890–0.961. The 
receiver operating characteristic curves (ROC) of Model I and Model II were shown in Fig. 2C, and the AUC value was 0.63–0.72. 
Therefore, the output performance of MSF-MPTnet model was reliable. The specificity of maxillary molars and second premolars was 
0.855–0.987. The specificity of maxillary first premolars was 0.611–0.684. 

The intraclass correlation coefficient (ICC) of all the maxillary posterior teeth was shown in Table 1. The ICC of dentists was 
0.460–0.690, and it was 0.453–0.664 for radiologists, indicating that the judgments of dentists and radiologists were in low to 
moderate consistency. 

7.2. The accuracy of the MSF-MPTnet model was higher than dentists and radiologists 

350 PRs were randomly selected as test dataset and the accuracy of 5 dentists, 5 radiologists and MSF-MPTnet model was 
compared. The detailed accuracy of the MSF-MPTnet model, dentists and radiologists based on PRs to detect the true contact rela-
tionship between MSF and MPT were shown in Fig. 3A. The accuracy of the MSF-MPTnet model was higher than that of dentists and 
radiologists in maxillary first premolars (p < 0.05). The accuracy was 83.4%–87.0 %, 76.2%–76.9 % and 72.9%–73.8 % in MSF- 
MPTnet model, dentists and radiologists for teeth 2, 3, 4, 5 12, 13, 14, 15 respectively. 

The accuracy of class I relationship in MSF-MPTnet model, dentists and radiologists were shown in Fig. 3B. The accuracy of class I 
relationship was 70.8%–94.6 %, 56.5%–83.1 % and 35.7%–78.1 % in MSF-MPTnet model, dentists and radiologists for teeth 2, 3, 4, 5 
12, 13, 14, 15 respectively. The accuracy of class I relationship in MSF-MPTnet model was higher than that of the dentist on the 
maxillary first premolars and the maxillary left first molar, and higher than radiologists in all the teeth position (p < 0.05). The ac-
curacy of class II relationship in MSF-MPTnet model, dentists and radiologists were shown in Fig. 3C. The accuracy of class II rela-
tionship was 38.8%–95.1 %, 62.1%–96.9 % and 72.4%–98.8 % in MSF-MPTnet model, dentists and radiologists for teeth 2, 3, 4, 5 12, 

Table 2 
The Diagnostic Performance Analysis of MSF-MPTnet model in different teeth position.  

Parameters/Teeth position Sensitivity Specificity Accuracy 

2 0.742 0.613 0.870 
3 0.708 0.768 0.871 
4 0.826 0.763 0.815 
5 0.917 0.882 0.834 
12 0.945 0.865 0.837 
13 0.873 0.701 0.797 
14 0.800 0.741 0.897 
15 0.677 0.750 0.903  
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13, 14, 15 respectively. A significant difference in the accuracy of class II relationship was found between MSF-MPTnet model and 
dentists in maxillary right first premolars and the maxillary left first molar (p < 0.05). A significant difference in the accuracy of class II 
relationship was found between MSF-MPTnet model and radiologists. 

8. Discussion 

Deep learning plays an important role in dentistry for detection of oral cancer, maxillofacial fracture, dental caries and so on. In the 
present study, it was demonstrated that AI algorithms are capable to detect the relationship between the maxillary sinus floor and 
maxillary posterior teeth on PRs with an accuracy of at least 89 %. A novel DenseNet-based detection model and deep learning 
networks based on PRs, named MSF-MPTnet, were successfully established for the first time, and the performance among MSF-MPTnet 
model, dentists and radiologists was evaluated in detecting the true contact relationship between MSF and MPT. The diagnostic 
performance analysis showed that the sensitivity, specificity and accuracy of the MSF-MPTnet model were high, indicating that the 
output performance of the model was reliable. The intraclass correlation coefficient of dentists and radiologists was 0.460–0.690 and 
0.453–0.664 respectively, indicating that the judgments of dentists and radiologists regarding the true contact relationship between 
MSF and MPT based on the same PRs were in low to moderate consistency. Therefore, the MSF-MPTnet model was more stable than 
dentists and radiologists. 

The outline of the maxillary sinus is often difficult to find, even for an experienced dentist. In order to increase the accuracy of 
dentists and radiologists in this study, they were trained to recognize the anatomy and the outline of maxillary sinus in PRs as stated in 
the oral radiology book [19]. The tooth segmentation model in PRs was already established in our previous study [20], and the floor of 
maxillary sinus needs to labeled in this study. Therefore, unlike many previous studies that mainly focused on teeth or maxillary sinus 

Fig. 3. The accuracy of MSF-MPTnet model was higher than dentists and radiologists. A.Among 3 groups, the accuracy of the MSF-MPTnet model 
was higher than dentists and radiologists in maxillary first premolars and first molars (p < 0.05) B.The accuracy of class I relationship in MSF- 
MPTnet model was higher than dentists in maxillary first premolars and higher than radiologists in all the teeth position except maxillary right 
second premolar (p < 0.05). No significant difference of the accuracy of class II relationship was found between MSF-MPTnet model and dentists. No 
significant difference of the accuracy of class II relationship was found between MSF-MPTnet model and radiologists except maxillary left first 
molar. (p>0.05) C.Pseudo class II relationship of dentists and radiologists in assessing maxillary first molars D.Pseudo class II relationship of dentists 
and radiologists in assessing maxillary first premolars. 

W. Ding et al.                                                                                                                                                                                                           



Heliyon 10 (2024) e31052

7

segmentation [14,21], the present study examined the relationship between MSF and MPT in PRs using a DenseNet-based detection 
model. DenseNet, a convolutional neural network with dense connectivity structure, is able to learn deeper and more discriminative 
features from images and has been applied to medical image analysis and has achieved breakthroughs [22]. DenseNet has been 
effectively validated in publicly available and relevant medical image databases [23]. Therefore, the MSF-MPTnet model can help 
dentists to evaluate the true contact relationship between MSF and MPT, and has good potential for application in dental practice [24, 
25]. 

Generally, the detecting accuracy of MSF-MPTnet was higher than that of dentists and radiologists, and radiologists had the lowest 
detection accuracy. This indicated that the output performance of the model was better than dentists and radiologists. Significant 
difference of accuracy (including class I and class II) was found between MSF-MPTnet, dentists and radiologists in maxillary first 
premolars and first molars. It was previously reported that the accuracy of class I relationship of MSF and MPT on PRs was 56.1%–85.0 
% [26–28]. In this study, the accuracy of class I relationship in radiologists was 35.7%–78.1 %, in dentists the accuracy was 56.5%– 
84.6 %, and in MSF-MPTnet model the accuracy was 67.7%–94.6 %. Therefore, MSF-MPTnet model increased the accuracy in assessing 
class I relationship of MSF and MPT on PRs. 

It was found in this study on CBCT that class II relationship was the most common in maxillary molars, and class I relationship was 
the most common in maxillary first premolars. The percentage of class I and II relationship was nearly half to half in maxillary second 
premolars. This indicated that the roots of maxillary first premolars have little relationship with the MSF, and molars showed greater 
proximity to MSF than premolars, which was coincident with previous studies [29,30]. Therefore, special consideration should be 
given to maxillary molars when accepting dental therapy. In addition, no significant differences was found between the left and right 
MPTs, which was also in agreement with previous studies. 

The accuracy of class I relationship of radiologists was relatively low compared to dentists and the MSF-MPTnet model, especially 
in the maxillary molars. Furthermore, it was found that there were pseudo class II relationship of dentists and radiologists in assessing 
maxillary first premolars and molars in PRs, while the model acquired the correct class I relationship affirmed by the CBCT (Fig. 3C and 
D). Therefore, PRs were shown to overestimate the position of MPT by dentists and radiologists who suggested it was in the sinus when 
it was not. Previous results showed a high level of disagreement between CBCT and PRs when the root is laterally projecting over the 
sinus [27,31]. The superimposition of anatomic structures, distortion, and the absence of cross-sectional information will cause the 
pseudo-contact relationship between MSF and MPT on PRs. Therefore, the model for detecting the true contact relationship between 
MSF and MPT based on PRs was generally successful. The model could serve as assistant of dentists and radiologists and improve the 
detecting accuracy. Evidently, when PRs shows a distinct distance between MSF and MPT by the MSF-MPTnet model, it is unnecessary 
to order a CBCT. In this situation, the frequency of CBCT use was reduced. 

There were no significant difference of accuracy between MSF-MPTnet and dentists in assessing class II relationship with a rela-
tively high accuracy, and relatively low accuracy was found in maxillary first premolars. The accuracy of class II relationship of MSF- 
MPTnet model in maxillary first premolars was 38.8%–48.5 %, which might be related to the relatively low percentage of class II 
relationship in maxillary first premolars (18.73%–19.09 %) limited the effectiveness of model training. If the root tip is in close contact 
with MSF, there is a high risk of sinus perforation during extractions or endodontic surgery. Dental diseases including periapical or 
periodontal infections of MPT, can spread to the MS and lead to odontogenic sinusitis, it was found that over 50 % of maxillary sinusitis 
were of dental etiology [3,32]. Root protrusion into MS may induce root resorption or tipping during orthodontic treatment [4]. 
Therefore, CBCT should be ordered for clarification when a class II relationship between MSF and MPT is found. 

Some limitations should be mentioned in the present study. The relatively small training dataset might lead to deviations in the 
conclusions drawn, and the training dataset needs to be enlarged to increase the accuracy of the MSF-MPTnet model. In the future, we 
need to expand the dataset to enhance the accurary of the MSF-MPTnet in predicting Class II relationships. By considering the pro-
portional length of tooth roots in panoramic and CBCT images, we can train the model to predict the contact relationship between MPT 
and MSF. Additionally, we can quantify the length of tooth roots specifically in panoramic images, enabling the sub-model to better 
serve clinical purposes. This will aid the model in more accurately understanding the position and relationships of tooth roots in 
different images, providing more precise information for clinical decision-making. 

9. Conclusions 

This study established a new reliable DenseNet-based artificial intelligence detection model named MSF-MPTnet, which can assist 
dentists and radiologists in assessing the true contact relationship between MSF and MPT based on PRs. MSF-MPTnet model could 
increase detecting accuracy of the relationship between MSF and MPT, minimize pseudo contact relationship and reduce frequency of 
CBCT use. 
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