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1. Introduction 

Radiology is one of the health care fields where artificial intelligence (AI) was one of 

the first to appear. This may be due to a large amount of digital data available here, 

which is one of the bases of AI [1]. Neural networks, including the convolutional neural 

networks (CNN), are involved in radiological image analysis. Due to the diversity of 

images and structures to be distinguished, different software use not only one CNN to 

solve a selected task, but a combination of several CNNs, each performing a specific 

subtask and the final output will be the sum of these [2]. This process is called 

computer-aided diagnosis (CAD), where the output generated by the program draws 

the clinician’s attention to areas of the image that appear abnormality and helps to 

make the diagnosis [3]. This can greatly support and speed up the work of radiologists. 

The most commonly used imaging modality in dental radiology is conventional 

radiography [4, 5]. Hundreds of radiographs can be made daily at larger clinics, which 

could indicate the need for the construction of an AI-based system that can facilitate 

the work of clinicians and speed up patient care. At the same time, this large amount 

of images is beneficial to AI-based software, as it provides the software with a constant 

and large dataset, i.e. big data with which the software continues to learn and thereby 

evolve. In the field of dental imaging CNNs, as subgroups of deep learning, are widely 

used [6-17]. These networks can be used in image analysis for classification, detection, 

or even segmentation. Classification is a wide-ranging task in which the system 

decides whether the searched structure in the given area of the image is present [18]. 

Detection is a very similar algorithm that locates and identifies specific areas of the 

image where the desired lesion is found [19]. During segmentation, the software 

identifies and labels the particular part of the image where the potential pathological 



lesion is located [20]. Figure 1 illustrates this process through the recognition of dental 

caries. 

 

Figure 1. a. classification; b. detection; c. segmentation 

This image analysis software can already be used to perform many tasks. Establishing 

a proper diagnosis is one of the cornerstones of any medical intervention. An important 

additional diagnostic method for this is radiology examination, which can be used to 

diagnose, for example, dental caries [11]. AI may help in the accuracy and speed of 

this process [8]. Dental caries is a chronic process that begins on the surface of a tooth 

in contact with the oral cavity and progresses from the surface to the deep, tooth tissue. 

Dental caries is still one of the most common chronic diseases worldwide [11, 21]. 

Although regular epidemiological studies have shown a reduction in the prevalence of 

caries within the population in developed countries in recent decades, this figure is still 

too high worldwide, especially in underdeveloped areas [22]. X-ray imaging is still of 

paramount importance in diagnosing caries. Radiologically, caries lesions can be 

grouped based on the surface area. Caries lesions in proximal areas often develop 

and grow unnoticed [23]. In several cases, visual examination of teeth in the posterior 

region is difficult to detect, and therefore radiographs play a key role in their diagnosis 

[23]. Intraoral radiographs, such as bitewing radiographs can be used to diagnose 

caries lesions [24],  which provide information on the condition of the teeth from the 

distal surface of the crown of the canine to the distal surface of the last erupted crown 

[25]. These are the most suitable and accurate radiographic modalities in the 

recognition of proximal caries, and caries lesions in these regions can only be detected 

in time with this type of modality in most cases [24, 26]. Among these publications, 



which are based on radiographic data, several authors used bitewing [7, 8, 13, 15], 

and some of them periapical radiographs [11, 14, 17]. Currently, there is an increasing 

interest in the scientific literature using AI to aid in the diagnosis of caries [7, 8, 10-15, 

17, 27, 28]. This study aimed to investigate the accuracy of an AI-based Diagnocat 

software (Diagnocat Inc., San Francisco, CA, USA) assisting the health care process 

in the radiographic diagnosis of caries on intraoral radiographs. 

 

  



2. Materials and methods 

In our retrospective radiological study, a total of 238 intraoral digital X-ray images of 

201 patients were selected. Selection and collection were performed using the IMPAX 

software (v.6.5.2.657, Agfa HealthCare, Mortsel, Belgium). Periapical and bitewing 

radiographs were selected, which met all examination criteria. The selection criterion 

was that the coronal part of the tooth must have been in toto visible on the periapical 

or bitewing radiograph and that no structure was projected on the examined tooth, i.e. 

only teeth with overlap-free projection were selected. The radiographs were acquired 

with the aid of a Gendex 765DC X-ray appliance (65kV, 7mA; Gendex Dental Systems, 

Hatfield, PA, USA) with Gendex GXS-700 intraoral sensors (size 1 or 2; Gendex Dental 

Systems, Hatfield, PA, USA) at the Department of Oral Diagnostics, Faculty of 

Dentistry, Semmelweis University. Data of the selected radiographs were recorded, 

such as the date of the study, the age of the patient, and the eligible tooth or teeth are 

shown on the radiograph. The study protocol was performed according to the 

Declaration of Helsinki and approved by the Semmelweis University Regional 

and  Institutional Committee of Science and Research Ethics (SE RKEB 138/2020). 

Only observers had access to the collected data and images. No gender was preferred 

for sample selection.  

Proximal surfaces of the 302 selected teeth were evaluated by using the IMPAX 

software by two independent observers: a fifth-year dental student and a 

dentomaxillofacial radiologist with more than ten years of experience. During the 

evaluation of the radiograph, human observers had the opportunity to change certain 

parameters such as brightness or contrast and were able to use magnification. All 

radiographs were evaluated on the same monitor: Samsung S24F350FHU (full HD, 

resolution: 1920x1200 pixels; Samsung, Seoul, South Korea). If the surface was 

considered intact, the human observer assigned a value of ’0’ to the surface, if a caries 

lesion was found a value of ’1’ was assigned to the surface. The anonymized 

radiographs containing no patient data were imported into the Diagnocat software, and 

after a short analysis, the completed evaluation was displayed (Figure 2). 



 

Figure 2. The user interface of Diagnocat 

The software can identify the teeth seen on the radiographs, which can be modified by 

the user afterward. Detected teeth and lesions diagnosed on them are indicated on a 

separate image as shown in Figure 3. 

 

Figure 3. Completed evaluation of a case  

The program often associates a probability value with the obtained diagnoses and 

indicates its location with a green-bordered area (Figure 4). 



 

Figure 4. The probability value associated with the diagnosis and the lesion is 

indicated by a green rectangle 

The software evaluated the given teeth according to similar criteria as human 

observers. If it indicated caries, a "sign of caries" appeared in the evaluation box of the 

tooth. The anatomical localization of the caries lesion was detected as indicated by the 

software with a green-bordered area as shown in Figure 4. If a caries lesion was 

highlighted by the software on the mesio- or distoapproximal surface, it was manually 

recorded and a value of ’1’ was assigned.  

For the statistical analysis R software was used (v.4.0.4., R Foundation for Statistical 

Computing, Vienna, Austria). Descriptive statistics were used to quantify the detected 

proximal caries lesions. For interobserver reliability tests, the Fleiss kappa coefficient 

was calculated to determine the level of agreement. The sensitivity, specificity, and 

positive and negative predictive values of the software were calculated to determine 

the accuracy of the software regarding the diagnosis of caries lesion for the image date 

we selected. The correlation was considered significant if p <0.05. 

  



3. Results 

A total of 604 proximal surfaces were evaluated of the 302 selected teeth, of which 37 

(12.3%) were found on bitewing and 265 (87.7%) were found on periapical 

radiographs. 

Human observers found in 119 (39.4%) cases of caries lesions and in case of 183 

(60.6%) teeth no caries lesion was determined. The software evaluated 301 available 

teeth since one of the teeth was not recognized, of which caries was indicated in 103 

cases (34.1%) and not in 198 (65.6%) cases (Table 1). Human observers and the 

software both found caries in 90 (29.9%) cases, however, none of them found lesions 

in 169 (56.1%) cases. The software diagnosed caries in 13 (4.3%) cases when it was 

not stated by human observers, and in 29 (9.6%) cases, caries were not detected by 

the software when it was stated by human observers. 

 Diagnocat 

no caries caries 

humans 

no caries 169 (56.1%) 13 (4.3%) 

caries 29 (9.6%) 90 (29.9%) 

Table 1 Agreement of human observers and Diagnocat  

Determining the agreement between human observers and the Diagnocat software, as 

an observer, the Fleiss kappa coefficient was κ = 0.8, hence the level of agreement is 

moderate (Table 2). In the study, Fleiss kappa coefficient values differed significantly 

from 0 (p <0.01). 

  

κ values agreement 

0-0.20 less than chance agreement 

0.21-0.40 slight agreement 



0.41-0.60 fair agreement 

0.61-0.80 moderate agreement 

0.81-1 substantial agreement 

1 almost perfect agreement 

Table 2. κ values and levels of agreement [29] 

 

  

Figure 5. The X-axis contains the evaluation results of human observers: a value of ’0’ 

indicates the absence of caries and a value of ’1’ indicates the presence of a tooth. 

The Y-axis shows the evaluation of the Diagnocat software (FP - false positive, TN - 

true negative, TP - true positive, FN - false negative) 

A mosaic plot was prepared (Figure 5) to illustrate the relationship of each observer’s 

agreement. The X-axis contains the findings of human observers: a value of ’0’ 

indicates the absence of caries and a value of ’1’ indicates the presence of a tooth. 

The Y-axis illustrates the results of the evaluation of the Diagnocat software. TN (true 

negative) indicates the area when both the Diagnocat software and human observers 

assigned value ’0’, so none of the observers indicated that there were caries on the 

mesio- or distoapproximal surfaces of the assessed tooth. The TP (true positive) area 

shows the cases where caries was present according to both human observers and 
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Diagnocat software. The false positive (FP) result is obtained if caries were detected 

by the software but not by any human observer. The size of the FN (false negative) 

area may play a particularly important role in software development, illustrating cases 

where the software does not indicate a caries lesion but is present according to human 

observers. 

The values of sensitivity, specificity, and positive and negative predictive values are 

shown in Table 3. By calculating the listed parameters the results of the 

dentomaxillofacial observer were determined as reality in the present study. 

 values 

sensitivity 0.76 

specificity 0.93 

positive predictive value 0.87 

negative predictive value 0.85 

Table 3. Sensitivity, specificity, and positive and negative predictive values of the 

software based on the selected radiographs 

 

  



4. Discussion 

To increase the accuracy and speed of radiologic evaluation of caries, image analysis 

software using AI has been developed [8] as the Diagnocat software which was used 

in our study. The main objective of our present scientific work was to determine the 

reliability of the Diagnocat software in the diagnosis of caries. 

Several studies in the scientific literature examine the accuracy of caries diagnostics 

using AI [5, 7-11, 13, 30]. Devito et al. [5] took bitewing radiographs of extracted teeth, 

and then these 160 images were evaluated by observers and AI-based software, which 

achieved better results in detecting proximal caries than human observers. 

Schwendicke et al. [9] used CNNs for caries diagnosis on near-infrared light 

transillumination (NIR-LT) images. 226 extracted teeth were examined with the 

DIAGNOcam® system, which works with near-infrared light, and then the obtained 

images were uploaded to Resnet18 and Resnext50 CNN. The software was compared 

with two experienced dentists, and the Fleiss kappa value for the interobserver 

agreement was 0.72, which is in line with our findings since in our present research, 

this value was 0.8. With a caries prevalence of 41%, their sensitivity value was 0.59 

and their specificity value was 0.76. In contrast, in our study, the sensitivity (0.76) and 

the specificity (0.93) values were significantly higher obtained by us. 

Kühnisch et al. [10] also used a CNN for caries diagnosis on intraoral radiographs. The 

examined images were previously evaluated by an observer with more than 20 years 

of experience. CNN was able to recognize incipient caries and caries with cavity 

formation with at least 90% agreement. Lee et al. [11] used 2400 periapical 

radiographs to train the GoogLeNet Inception v3 CNN, then processed 600 periapical 

radiographs with the system and examined the software efficacy in detecting caries 

lesions. In the case of evaluation of premolar and molar teeth, the sensitivity was 0.81 

and the specificity was 0.83. The results are also comparable with our findings, and 

although the sensitivity value is higher compared to the value we obtained (0.76) during 

the caries detection, its specificity is lower compared to the value of 0.93 we 

determined. In their study, Cantu et al. [8] examined 141 bitewing radiographs, during 

which a U-Net CNN evaluated the radiographs, then after the obtained results were 

compared with the observed results of 7 independent experienced dentists. The 

software determined caries lesions with a higher sensitivity value of 75% than the 

human observers, who were diagnosed with only 36% sensitivity, but at the same time, 



the specificity values of the examiners and the software were close to each other. 

Compared to our study, the Diagnocat program we use had a higher specificity and a 

higher sensitivity when determining caries lesions, i.e. its high specificity value can 

support the evaluating dentist in caries diagnostics if the Diagnocat software indicates 

caries. Schwendicke et al. [7] examined the cost-effectiveness of AI in the diagnosis of 

proximal caries based on a previous study published by Cantu et al. [8] and it was 

found that the software using AI is more cost-effective in caries diagnostics and also 

more accurate than without. 

Lee et al. [13] investigated the role of CNNs in the detection of early caries lesions, 

and 50 bitewing radiographs were uploaded to the U-Net CNN. The study showed that 

the sensitivity values of the three dentist observers increased significantly by using the 

software: from 85.34% to 92.12%, from 85.86% to 93.72%, and from 69.11% to 79.06. 

Similar to our study, Ezhov et al. [12]applied the Diagnocat CNN software to assess 

CBCT images. Two groups of observers were examined: one of the groups performed 

a diagnosis supported by the Diagnocat, and the other group was unaided by the CNN. 

The sensitivity for aided and unaided groups for caries detection were 0.67 and 0.66, 

respectively, which are lower than our results.  

Similar to the limited number of publications available in the scientific literature, our 

present study examined the possible development of caries diagnostics using AI on 

intraoral radiographs. The sensitivity (0.76) and specificity values (0.93) of the 

Diagnocat software for caries detection proved to be comparable to the available 

literature data. Based on our present study, the reliability of the Diagnocat software 

does not yet reach the level where it can be used independently to diagnose caries, 

but at the same time, it can highly support dentists during the evaluation of intraoral 

radiographs, since there is a moderate, close to a substantial agreement between the 

observers and the CNN based on the determined Fleiss kappa value. In the future, we 

plan to expand our research by including additional test data and performing an 

intraobserver reliability test. We must strive to contribute to the development of AI-

based software and ensure the highest and most efficient patient care available. 

  



5. Conclusions 

Based on the agreement of the human and CNN observers, as well as the sensitivity 

and specificity values which are in line with the findings of the actual scientific literature, 

it can be concluded that the Diagnocat CNN may greatly help in evaluating dentist's 

work in the diagnosis of caries. 
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