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Highlights of the study 
 

• To best our knowledge, there are no studies examining the performance of artificial intelligence systems 
in the evaluation of idiopathic osteosclerosis on panoramic radiographs.  

• In the present study, sensitivity, precision, and F-measure values were found to be 0.88, 0.83, and 0.86, 
respectively.  

• Deep learning-based artificial intelligence algorithms have the potential to accurately detect idiopathic 
osteosclerosis on panoramic radiographs. 
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Abstract 
Objective: The purpose of the study was to create an artificial intelligence (AI) system for detecting idiopathic 
osteosclerosis (IO) on panoramic radiographs for automatic, routine, and simple evaluations. Subject and 
Methods: In this study, a deep learning method was carried out with panoramic radiographs obtained from 
healthy patients. A total of 493 anonymized panoramic radiographs were used to develop the AI system 
(CranioCatch, Eskisehir-Turkey) for the detection of IOs. The panoramic radiographs were acquired from the 
radiology archives of the Department of Oral and Maxillofacial Radiology of the Faculty of Dentistry of Eskisehir 
Osmangazi University. GoogleNet Inception V2 model implemented with TensorFlow library was used for the 
detection of IOs. Confusion matrix was used to predict model achievements. Results: 50 IOs were detected 
accurately by the AI model from the 52 test images which had 57 IOs. The sensitivity, precision, and F-measure 
values were 0.88, 0.83, and 0.86, respectively. Conclusion: Deep learning-based AI algorithm have the potential to 
detect IOs accurately on panoramic radiographs. AI systems may reduce the workload of dentists in terms of 
diagnostic efforts. 
 
 
 
 
 
 
 
 
 
 
Introduction 
Idiopathic osteosclerosis (IO) is defined as non-expanding radiopaque changes in the trabecular bone which are of 
various shapes and sizes. Although its etiology is unknown, it may be a result of internal stress and insufficient 
blood flow to form bone masses in the jaws. This lesion can affect both the maxilla and mandible, but it is 
frequently observed in the mandibular premolar-molar region. This benign lesion is mostly asymptomatic and 
generally discovered incidentally on panoramic radiographs taken for routine examination [1]. 
Panoramic imaging is a specialized tomographic technique used to create a flat representation of the curved 
surfaces of the jaws. It provides the opportunity to view the entire maxilla, mandible, temporo-mandibular joints, 
and related structures in a single film. However, interpretation of panoramic radiographic images can sometimes 
be difficult, especially for inexperienced observers, resulting in overlooked critical diseases [2]. Therefore, in the 
last two decades, due to the increased availability of digital medical data, increased computing power, and 
advancement in artificial intelligence, diagnosis with computer aided detection / diagnosis (CAD) systems have 
been developed and applied to a variety of medical problems [3, 4].  
Since 2010, convolutional neural networks (CNNs), the latest core model of artificial neural networks (ANNs) and 
deep learning in computer vision, have developed rapidly [5, 6]. This approach has been used successfully in 
medical applications. This rapidly growing new field of research has yielded impressive results in terms of 
diagnosis and prediction of radiological and pathological analysis [7, 8]. Also, in the field of oral and maxillofacial 
diagnostic imaging, studies on the application of CNNs in dentistry have shown promising results, but it is still a 
developing area of research [9, 10]. 
In this study, we aimed to examine the performance of artificial intelligence (AI) systems in evaluating IO on 
panoramic radiographs. 
Methodology 
Study Design 



 

 

In this retrospective study, we developed automatic IO detection models (CranioCatch, Eskisehir-Turkey) in dental 
panoramic radiographs using a pre-trained Google Net Inception v2 Faster R-CNN network architecture 
implemented with TensorFlow library. Eskisehir Osmangazi University Non-Interventional Clinical Research Ethics 
Committee (Decision date and number: 06.08.2019/14) approved the study protocol. The principles of the 
Helsinki Declaration were followed in this study.  
Radiographic Data Source 
Panoramic radiographs taken on patients over the age of 18, regardless of gender differences, were included in 
the study. Panoramic radiographs were obtained from the radiology archive of the Department of Oral and 
Maxillofacial Radiology of Eskisehir Osmangazi University School of Dentistry. The data set included 493 
anonymized dental panoramic radiographs with IO from March 2018 to March 2019. Panoramic radiographs with 
artifacts, trauma, jaw pathologies like cyst and tumor etc. were excluded from study group. Panoramic 
radiographs were acquired on the Planmeca Promax 2D (Planmeca, Helsinki, Finland) with following parameters: 
68 kVp, 16 mA, and 13 s.  
Ground Truth Annotation  
Three oral and maxillofacial (OMF) radiologists (S.Y., I.S.B., E.B) with at least 10 years of experience labeled each 
tooth on the dental panoramic radiographs using CranioCatch Labeling Tool (Eskisehir, Turkey) and agreed on 
each label. Polygonal boxes tool was used to annotate all IO on dental panoramic radiographs. 
 
 
 
Development of Detection Model  
Pre-processing Steps: 
493 anonymized panoramic radiographs were used to develop AI algorithm. In the first pre-processing step, 
panoramic radiographs were divided into 4 equal parts including mandible left, mandible right, maxilla left, 
maxilla right for shrink to region of interest. All images were resized 512 x 256. Images with no IO label were 
removed. The data set was divided into training group 454 (467 labels), validation group 50 (50 labels) and test 
group 52 (57 labels).  
Deep-Convolutional Neural Network (CNN) Architecture 
Google Net Inception v2 architecture implemented with TensorFlow library were used for model creation. 
Inception v2 developed to decrease the confusion of the convolution network. It has three 3×3 convolutions 
unlike the traditional 5×5 convolutions to enhance computational speed. Thus, using two 3×3 layers in place of 
5×5 enhances the performance of architecture. This module allows the convolution network to be wider rather 
than deeper [11]. (Figure 1) 
Training 
The open-source programming language Python (version 3.6.1; Python Software Foundation, Wilmington, DE, 
USA) was used to develop AI algorithm. TensorFlow library was used for producing of AI model with GoogleNet 
Inception V2 network. The training method was applied using computer equipment of Eskisehir Osmangazi 
University Faculty of Dentistry Dental-AI Laboratory including Dell PowerEdge T640 GPU Calculation Server 
NVIDIA Tesla with V100 16G Passive GPU (Dell Inc., Texas, USA). The IO detection model with GoogleNet Inception 
V2 network implemented with TensorFlow library was trained with 200000 epochs. (Figure 2) 
Evaluation of Performance of the Model 
Model performance was evaluated using the Confusion Matrix. The metrics used to assess the performance of the 
IO detection model were as follows:  
True Positive (TP): The number of accurate detected IO. 
False Positive (FP): The number of detected IO even though there was no IO. 
False Negative (FN): The number of IO were not detected. 
The performance metrics of the model were determined according to the formulas using number of TP, FP, and 
FN, below.  
Sensitivity (Recall, True positive rate (TPR): TP / (TP + FN) 
Precision (Positive predictive value (PPV)): TP / (TP + FP) 
F1 Score: 2TP / (2TP + FP + FN) 
 
Results 



 

 

The created AI models (CranioCatch, Eskisehir-Turkey) based on the Deep-CNN method has promising results for 
IO detection on panoramic radiographs. In the 52 test images, there were 57 IO; 50 IO were detected by AI model, 
accurately. (Figure 3) 7 IO were not detected. The sensitivity, precision, and F-measure values were 0.88, 0.83, 
and 0.86, respectively. (Table 1) 
 
Discussion 
Osteosclerosis a general term to describe areas of increased bone formation and is usually detected incidentally 
on radiographs. The radiopacity of IO may be similar to other pathologies of the jaw such as condensing osteitis, 
retained root fragments, hypercementosis, cementoblastoma, impacted teeth, focal cemento-osseous dysplasia, 
and rarely complex odontomas. Accurate diagnosis is based on bone morphology. There is no enlargement or 
absence of radiolucent halo or lack of signs. Panoramic radiography is still used clinically as one of the main 
imaging examinations. IO usually does not require any treatment other than diagnosis. In general, lesions likely 
persist for years and surgical intervention is not recommended. Periodic follow-up of the lesions is necessary to 
ensure that the clinical diagnosis is correct [12]. With this, IOs may undergo changes in the young population and 
have the potential to expand over time. Sclerotic lesions may enlarge or stabilize. Also, IO may cause root 
resorption, nerve compression, dental impaction, dental displacement, and difficulties in orthodontic movement. 
It was reported that the dense bone island lesion detected in the adolescent patient may increase in size and 
density, potentially causing other problems such as increased inclination of adjacent teeth, and the presence of 
the lesion may complicate any future orthodontic treatment [13]. Marques-Silva et al. [14] claimed that IO may 
cause changes in tooth position or problems during orthodontic treatment, and they reported a case of tooth 
resorption caused by IO-induced ectopic eruption course. Mainville et al. [15] reported that external root 
resorption is present in 10 - 12% of cases of IO which often involves permanent mandibular first molars.  
In the literature, there are studies examining the frequency and distribution of IO of the jaws [1, 16, 17]. 
However, to the best of our knowledge, there are no studies examining the performance of AI systems in the 
evaluation of IO on panoramic radiographs. The current study aimed to examine the performance of AI systems in 
evaluating IO on panoramic radiographs. 
The use of AI systems for radiographic image interpretation in the healthcare field has ushered in a new era in 
diagnosis and treatment planning. Diagnostic decisions made by dentists can be sometimes subjective and 
sometimes wrong. The purpose of radiological AI systems is to create automatic, routine, simple evaluations so 
that radiologists can read images faster and save time for more complex cases [18]. AI systems allow archive 
systems where the radiological images of all patients can be regularly reported and stored without the need for 
extra workload and time. In order to standardize the interpretation of images and provide equal service in 
diagnostic accuracy, anonymous datasets can be made available and thus helpful in situations where radiological 
expertise are limited. For this reason, analysis made with AI in panoramic radiographs can facilitate early 
diagnosis, treatment planning, and archiving of information.  
AI has rapidly improved the interpretation of medical and dental images [19] through the application of deep 
learning models and CNNs [20]. Deep CNN architecture appears to be the most widely used deep learning 
approach. This is due to the efficient self-learning algorithms and high computational power that provide superior 
detection, classification and quantization performance based on image data [21]. In the literature, there are 
studies about detecting vertical root fractures [22], first molar tooth root morphology [23], periapical pathosis 
[24], mandibular canal detection [25], tooth and tooth numbering [26] using the CNN system.  
Murata et al. [27] showed that deep learning systems can diagnose sinusitis on panoramic radiography at a rate 
similar to that of radiologists, and their performance is superior to the skills of dentists. In this study, diagnostic 
performance of the deep-learning system for maxillary sinusitis on panoramic radiographs was high, with an 
accuracy of 87.5%, sensitivity of 86.7%, specificity of 88.3%, and the area under the curve (AUC) of 0.875. Lee et 
al. [28] performed dental segmentation on panoramic radiographs and reported that they achieved high success 
rate in AI performance. This method obtained an F1 score of 0.875 (precision: 0.858, recall: 0.893) and a mean 
intersection over union (IoU) of 0.877. Ekert et al. [29] investigated the ability of deep CNNs to detect apical 
lesions on panoramic radiographs. According to the methodology applied in their study, a moderately deep CNN 
trained on a limited amount of image data showed satisfactory discriminating ability to detect apical lesions in 
panoramic radiographs. Krois et al. [30] evaluated the success of CNN systems in determining periodontal bone 
destruction with 1780 panoramic images, reported that the result was similar to that of dentists and that AI 
systems could reduce the physician's efforts to make periodontal diagnoses. In this study, mean classification 
accuracy of the CNN was found to be 0.81. Mean sensitivity and specificity were 0.81 and 0.81. The mean 



 

 

accuracy of the dentists was 0.76. In the present study, sensitivity, precision, and F-measure values were 0.88, 
0.83, and 0.86, respectively. Thus, we suggest that AI models based on the deep-CNN method have promising 
results for the detection of IO on panoramic radiographs. This study is one of a series of studies aimed at using 
deep learning AI to automate diagnoses in panoramic radiography. 
This study has a few limitations. The radiologic dataset included only IO as radiopaque lesions; future studies 
should eliminate this limitation and expand the use for the network and include other hypersclerotic lesions in 
the dataset like osteitis, odontomas etc. to propose a network that is of true clinical value. Besides, panoramic 
images taken from different radiologic equipment with different radiologic parameters should be used for the 
development of AI models in order to have reliable algorithms for clinical practice. Moreover, differential 
diagnosis or follow-up of IO was not made in the present study. Further studies can be done with AI regarding the 
differential diagnosis or follow-up of IO and large datasets. 
Conclusion  
Deep learning-based AI algorithm have the potential to detect IOs accurately on panoramic radiographs. AI 
systems may reduce the workload of dentists in terms of diagnostic efforts in the future. 
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Figure Legends 
Figure 1. Deep-learning architecture 
Figure 2. Steps in the development of idiopathic osteosclerosis detection model  
Figure 3. Idiopathic osteosclerosis detection on panoramic radiographs using the AI model (CranioCatch, 
Eskisehir-Turkey). 
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Fig 3 

 
 



 

 

 

Table 1. Predictive performance measurement of idiopathic osteosclerosis detection using the AI model 

(CranioCatch, Eskisehir-Turkey) in test data set. 

 

 True 

Positive (TP) 

False Positive 

(FP) 

False Negative 

(FN) 

 

Sensitivity 

 

Precision 

F1 

Score 

Idiopathic 

Osteosclerosis 

Detection 

50 10 7 0.88 0.83 0.86 
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