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Comparison of detection 
performance of soft tissue 
calcifications using artificial 
intelligence in panoramic 
radiography
Yool Bin Song1,5, Ho‑Gul Jeong2,5, Changgyun Kim2,3, Donghyun Kim1,2, Jaeyeon Kim1, 
Hyung Jun Kim4 & Wonse Park1*

Artificial intelligence (AI) is limited to teeth and periodontal disease in the dental field, and is used 
for diagnosis assistance or data analysis, and there has been no research conducted in actual clinical 
situations. So, we created an environment similar to actual clinical practice and conducted research 
by selecting three of the soft tissue diseases (carotid artery calcification, lymph node calcification, and 
sialolith) that are difficult for general dentists to see. Therefore, in this study, the accuracy and reading 
time are evaluated using panoramic images and AI. A total of 20,000 panoramic images including 
three diseases were used to develop and train a fast R‑CNN model. To compare the performance of 
the developed model, two oral and maxillofacial radiologists (OMRs) and two general dentists (GDs) 
read 352 images, excluding the panoramic images used in development for soft tissue calcification 
diagnosis. On the first visit, the observers read images without AI; on the second visit, the same 
observers used AI to read the same image. The diagnostic accuracy and specificity for soft tissue 
calcification of AI were high from 0.727 to 0.926 and from 0.171 to 1.000, whereas the sensitivity for 
lymph node calcification and sialolith were low at 0.250 and 0.188, respectively. The reading time of AI 
increased in the GD group (619 to 1049) and decreased in the OMR group (1347 to 1372). In addition, 
reading scores increased in both groups (GD from 11.4 to 39.8 and OMR from 3.4 to 10.8). Using AI, 
although the detection sensitivity of sialolith and lymph node calcification was lower than that of 
carotid artery calcification, the total reading time of the OMR specialists was reduced and the GDs 
reading accuracy was improved. The AI used in this study helped to improve the diagnostic accuracy of 
the GD group, who were not familiar with the soft tissue calcification diagnosis, but more data sets are 
needed to improve the detection performance of the two diseases with low sensitivity of AI.

Panoramic images are widely used in dentistry to screen for general pathological features in the maxillofacial 
area because they show a wide range of areas with only minimal radiation exposure and at low-cost1,2. Many 
diseases, including soft tissue calcification, can be diagnosed through panoramic images.

A soft tissue calcification in the facial area is uncommon; however, radiographic diagnosis often matches the 
final  diagnosis3. The most important diagnostic criteria are anatomical location; distribution; and the number, 
size, and shape of  calcifications4. Panoramic imaging can reveal typical soft tissue calcifications, such as carotid 
artery calcification, lymph node calcification, and sialolith. These diseases are likely to be missed if general 
dentists (GDs) only diagnose the pathological condition of the teeth and surrounding tissues in the images.

Sialolith is a disease that occurs in the parenchyma or duct of salivary glands, primarily in the submandibu-
lar or parotid  glands5, and most sialolith instances observed in panoramic images occur in the submandibular 
gland. Sialolith is often accompanied by clinical symptoms, such as intermittent pain or swelling of the affected 
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salivary  gland6; therefore, even GDs who have not undergone professional image reading training are more likely 
to diagnose it using panoramic images than diagnosing other soft tissue calcifications similarly.

However, lymph node or carotid artery calcifications have no clinical symptoms; therefore, if a general dentist 
does not observe a panoramic image closely, they might be missed. A lymph node calcification indicates the pos-
sibility of chronic systemic infections such as tuberculosis, and because most of them have no clinical symptoms, 
they are often accidentally diagnosed through panoramic images. Additionally, most of them appear unilateral, 
and in the oral and maxillofacial areas, they are often observed below or behind the mandibular angle, which 
is close to the locations where sialolith of the submandibular glands  occurs7. In a panoramic image, sialolith 
is often observed as a single round radiopacity, and a lymph node calcification is often observed as multiple 
irregular radiopacities; therefore, it is possible to tell them apart, although in some cases, it might be difficult to 
differentiate between the two.

A carotid artery calcification is caused by blockage of arteries due to the gradual accumulation of calcified 
 plaques8 and can cause ischemic cerebrovascular insults due to severe stenosis and occlusion. Moreover, carotid 
artery disease may not show symptoms until severe contraction or complete blockage of the carotid artery occurs, 
which may indicate the possibility of other cardiovascular or cerebrovascular diseases. Most of such calcifications 
do not have specific clinical symptoms, but they may be still dangerous and result in sudden death if appropriate 
measures are not  taken8.

Therefore, an accurate early diagnosis of carotid artery disease can be of significant help to  patients9. In 
panoramic images, carotid artery calcifications are generally characterized by linear irregular radiopaque fea-
tures around the hyoid bone and the third and fourth cervical  vertebras8,10. Because carotid artery calcification 
can be an indicator of other serious diseases, an accurate diagnosis is crucial for dentists to determine a course 
of  treatment8.

Recently, artificial intelligence (AI) has been widely used for aiding, E-learning, data analysis in the diagno-
sis in the medical and dental imaging  fields11–13. In the field of dental imaging, AI-assisted diagnosis is mostly 
limited to dental and periodontal diseases, but AI has recently been developed and applied towards diagnosing 
various specific features, including soft tissue  calcification14 and tissue  tumors15. In addition, Chane-Vese model 
for unsupervised learning is used for medical image  segmentation16.

However, there are few studies on the accuracy of AI-assisted imaging diagnosis in the dental field in an 
actual clinical environment. In addition, there is limited evaluation of the effectiveness of AI-assisted imaging 
as a diagnostic aid tool for dentists, compared to the existing diagnostic methods.

In this study, we compared and evaluated the effects of deep-learning-based AI algorithms, when used by oral 
and maxillofacial radiologists(OMR) as well as GD on the accuracy and time required for diagnosing soft tissue 
calcifications (carotid artery calcification, lymph node calcification, sialolith) or normal features.

Materials and methods
Datasets. This study was approved by the Institutional Review Board of Yonsei University Dental Hospi-
tal (IRB No. 2-2021-0024). De-identified participant data were used in this retrospective study and therefore, 
the written consent requirement was waived. This study was performed in accordance with the Declaration of 
Helsinki. The criteria for selection were panoramic images of patients diagnosed with sialolith and lymph node 
calcification after visiting the Department of Advanced General Dentistry and Department of Oral and Maxil-
lofacial Surgery at Yonsei University Dental Hospital from June 2006 to November 2020. Moreover, among the 
patients admitted to the departments of Cardiovascular Surgery or Cardiology of Yonsei University Severance 
Hospital and requested collaboration with the Department of Integrated Dentistry at Yonsei University Dental 
Hospital from June 2006 to November 2020, those diagnosed with carotid artery calcification on panoramic 
images were used.

Among 163 patients diagnosed with sialolith, patients with panoramic radiographs were primarily screened. 
Afterwards, 60 patients were randomly selected to be used for AI testing. There were 26 patients who were 
diagnosed with lymph node calcification and took panoramic radiographs were all selected. For carotid artery 
calcification, 3928 patients with panoramic radiographs were first screened, and then 60 of them were randomly 
selected.

Regarding the exclusion criteria, cases with only a preliminary/presumed diagnosis from the medical record 
or panoramic image but without a definitive diagnosis were excluded. Cases with medical records but no pano-
ramic images, or when soft tissue calcification was not clearly observed in the study, were also excluded (Table 1).

Fast region‑based convergence neural network system. In this study, rather than complex pro-
cesses and pretreatments, a fast region-based convergence neural network (FAST-RCNN) with ResNet Back-
bone that detected suspected sialolith, lymph node calcification, and carotid artery calcification was used to 
assist GDs as well as OMRs in diagnosing the three diseases through panoramic images. ResNet improves the 
accuracy by reducing the depth of the learning layer and increasing the performance compared of the convo-
lutional neural network (CNN) model, which is an existing image analysis model, through residual learning. 
Therefore, Fast-RCNN divides the characteristics of objects in sialolith, lymph node calcification, and carotid 
artery calcification, into CNN-based feature maps with different characteristics and then trains them through a 
CNN. Subsequently, the feature map from the CNN passes through a region proposal network that evaluates the 
degree of detection  judgment17, receives the classification and interval values of the object, and resizes the box to 
be placed in the fully connected (FC) layer using ROI pooling.

Fast-RCNN is a method that derives better accuracy than existing object detection algorithms by extracting 
image features and minimizing noise for image analysis. Fast-RCNN is composed of a convolution feature map 
and ROI feature vector. The convolution feature map delivers images to the convolution and max-pooling layers, 
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and the received information is placed as features in the ROI feature vector map. Now, we can apply classification 
and bounding box regression to this vector to obtain each loss, and train the entire model by back propagating 
it. At this time, it is necessary to properly weave the classification loss and the bounding box regression, which 
is called a multi-task loss. The formula is as follows (1). First, as an input, p is the probability value of K + 1 (K 
objects + 1 background, class representing no object) obtained through soft max. where u is the ground truth 
label value of the ROI. Next, we apply bounding box regression to the result, which returns  tk values that adjust 
the x, y, w, and h values for K + 1 classes, respectively. In the loss function, only the value corresponding to the 
ground truth label among these values is fetched, which corresponds to  tu. The v corresponds to the ground 
truth bounding box adjustment value.

Then, it receives the bounding box regression prediction value corresponding to the correct answer label and 
the ground truth adjustment value. For each of x, y, w, and h, the difference between the predicted value and the 
label value is calculated, and the sum passed through a function called  smoothL1 is calculated. As a result, the 
prediction process is completed as (2).

This model has a simpler pre-processing and learning process than an algorithm that segments the entire 
detailed area; additionally, it extracts image features and minimizes noise. Therefore, it showcases a higher 
accuracy than conventional  CNNs18. As shown in Fig. 1 Fast-RCNN consists of a convolution feature map (CNN-
based) and a region of interest (ROI) derived from propositional feature vectors. The convolution feature map 
extracts features of an entire image using convolution and max-pooling layers, generates vector values for these 
features, and delivers them to the ROI pooling  layer19. Subsequently, the ROI feature vector sets the various ranges 
of spaces for the features of the received image and converts these features into a map. The converted maps are 
then moved to the fully connected FC layers. The final image class is determined by calculating the probability 
for one of the K object classes and then evaluating the same of each set for the K classes. The model was trained 
for 100,000 epochs, and the learning rate was set from 0.001 through 0.000001. For actual learning, Tensorflow 
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Table 1.  Characteristics description of the datasets.

Category Location 1st reading 2nd reading

Carotid artery calcification

Both 19 17

Right 4 3

Left 7 10

Lymph node calcification

Both 9 9

Right 7 7

Left 10 10

Sialolith
Right 12 17

Left 18 13

Normal 90 90

Total 176 176

Figure 1.  Fast RCNN network model for predicting soft tissue calcification. (A) Deep convolution suggested 
candidate. (B) Candidate boxes are executed in Pooling Layer. (C) Softmax determines class name of disease. 
(D) Regressor estimates probability index for each ROI Layer.
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object detection library was used, and training was performed until reaching the maximum step with height 
and wide strides of 16 for 4 classes.

The Fast-RCNN divides the characteristics of objects in sialolith, lymph node calcification, and carotid artery 
calcification into CNN-based feature maps with different characteristics and then trains them through the CNN. 
Subsequently, the feature map from the CNN passes through a region proposal network that evaluates the degree 
of detection  judgment17, receives the classification and interval values of the object, and resizes the box to be 
placed in the FC layer using ROI pooling. This model determined diseases by dividing the cases into a total of 
four classes, namely sialolith, lymph node calcification, carotid artery calcification, and normal, using the output 
and loss of values that passed the FC layer to find the optimal category for the object.

Observer study. All observers assessed the presence or absence of sialolith, lymph node calcification, and 
carotid artery calcification in panoramic images over two sessions on different days, distinguishing left and right 
(Fig. 2).

In the first reading without AI, each participant watched 176 panoramic images and classified them as normal 
or abnormal without the help of AI, and if an image was deemed abnormal, they reported the possibility of 
sialolith, lymph node calcification, and carotid artery calcification on a confidence scale (1–4 points) for left and 
right side. In the confidence scale, the numbers one, two, three, and four meant potential, dubious, probable, 
and definite lesions, respectively.

The second reading with AI was conducted 11 weeks after the first reading session. As the panoramic images 
diagnosed with lymph node calcification were the same as those in the first reading, secondary readings were 
performed at a sufficient interval to erase the memories of the images. The same observers read under identical 
conditions, referring to the diagnostic results of the developed AI.

Desktop monitors (HP P24h G4 FHD, screen resolution 1920 × 1080 pixels) were used for reading, and the 
reading environment around the monitor was the same for both sessions. The time required for the first and 
second readings of all 176 images together was measured in seconds; no upper limit was specified.

Data analysis. For each observer, the time required for the first and second readings was compared and 
evaluated. For each panoramic image, the actual diagnosis and the observer’s diagnosis were compared for both 
left and right sides—one point was scored if both sides were correct, and zero points if either side was wrong. The 
perfect score was 176 points per person during each session, which was converted to a scale of 0 to 100 points.

Additionally, the sensitivity and specificity of the observers’ first and second readings were compared and 
evaluated, and the receiver operating characteristic (ROC) was calculated using scale values. Finally, the accuracy 
of the AI algorithm was compared and evaluated using the sensitivity and specificity results of the readings.

Figure 2.  Schematic of observer study design. The first readings were 176 images without artificial intelligence. 
Abnormal images are separated first and classified as carotid artery calcification, lymph node calcification, or 
sialolith. Reading confidence is then expressed on a 1 through 4 confidence scale. The second reading takes place 
11 weeks after the first reading, and 176 images, different from the first reading, are read using the AI algorithm. 
Normal and abnormal images are classified first and then a confidence scale of 1 through 4 is displayed.
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Results
Comparison of reading times and scores using AI. The first reading time of the radiologist group was 
longer than that of the general dentist group. The time required for the AI-assisted second reading was reduced 
from the first reading for the radiologist group and increased for the general dentist group (Table 2).

The first reading score on a scale of 0 to 176 points was 132 and 119 points for radiologists A and B, 
respectively, and 49 and 94 points for GD A and B, respectively. In the AI-assisted second reading, radiologists 
A and B scored 151 and 125 points, respectively, and GD A and B scored 119 and 114 points, respectively. In 
the GD group, the score of A increased significantly when AI was used moreover, in the OMR group, scores for 
both A and B slightly increased, but there was no significant difference.

Evaluation of observer performance with and without AI. Comparing the first and second readings 
in the radiologist group, sensitivity was slightly lower in the second reading than in the first, but specificity was 
higher in the second (Fig. 3, Table 3). In the GD group, both sensitivity and specificity increased overall, except 
for the sensitivity for sialolith and lymph node calcification. In the OMR group, sensitivity decreased in all soft 
tissue calcification, but specificity increased. There was no significant difference between primary and secondary 
studies in accurately diagnosing carotid artery calcification. However, in the GD group the accuracy improved 
on the AI-assisted second reading (Fig. 4).

As a result of comparative evaluation of the diagnostic accuracy of carotid artery calcification, lymph node 
calcification, and sialolith, there was no significant difference in the diagnostic accuracy of the primary and 
secondary readings by the OMR group, but the GD group showed improved diagnostic accuracy.

Discussion
We analyzed the accuracy of artificial intelligence in detecting soft tissue calcification in panoramic radiographs, 
and the reading time and correct rate of experts and non-experts to see how this system can help clinically. 
The sensitivity of the AI system was high for carotid artery calcification but low for sialolith and lymph node 
calcification, and the readout time increased in GD with AI and decreased in the OMR specialist group. When 
AI was used, the percentage of correct answers increased.

Several studies have reported that artificial intelligence helps in image reading, and that it helps  clinicians20,21. 
In the field of dentistry, artificial intelligence research using panoramic photos has been actively conducted 
recently; most studies have been on tooth segmentation and tooth number  matching22–24, detection of primary 
 teeth25, and detection of  taurodontism26, which is a tooth anomaly. Studies on artificial intelligence detection 
of osteoporosis in panoramic photos are also being actively  conducted27–29. Studies evaluating the detection of 
the inferior alveolar neural tube and the relationship between the wisdom tooth and the inferior alveolar canal 
have also been  reported30–32 Studies to detect morphological abnormalities such as c shaped root in mandibular 
second molar have also been  reported33,34. However, to the best of our knowledge, our research is the first attempt 
to interpret the shape abnormalities of soft tissues in the head and neck with artificial intelligence.

Detecting calcified findings on panoramic radiography has important clinical significance. In particular, in 
the case of carotid artery calcification, it is important for cardiovascular disease and stroke  prevention35–37, and 
lymph node calcification is known to be mainly related to tuberculosis. Although it is difficult to read easily, it 
is very important that if you accidentally discover that there is calcification in the head and neck, it can be an 
important clue to find out the patient’s medical history.

We focused on the three classes of calcification, namely carotid artery calcification, sialolith, and lymph node 
calcification, to observe the effect of the AI algorithm on the image reading of general dentists. As expected, with 
the help of AI, the frequency of correcting calcification in GD and OMR increased, but reading time increased 
in GD and decreased in OMR.

It may appear that reading times were increased with AI so this may be seen as a drawback for clinical practice. 
But using AI, where the reading time increased within the General Dentistry group, it decreased in the Oral 
and Maxillofacial Radiology group, so the reading time became similar in both groups. We believe that general 

Table 2.  Individual outcome of observer study without and with AI. 1 One point for correct answers (both left 
and right side) and zero point for incorrect answers (either left or right side). 2 Converted from a total of 176 
points to 100 points.

Observer 1st (without AI) 2nd (with AI)

Time(s)

Oral and Maxillofacial Radiologist A 5210 3863

Oral and Maxillofacial Radiologist B 4557 3185

General Dentist A 2248 3297

General Dentist B 3285 3904

Score1,2

Oral and Maxillofacial Radiologist A 75.0 85.8

Oral and Maxillofacial Radiologist B 67.6 71.0

General Dentist A 27.8 67.6

General Dentist B 53.4 64.8
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dentists might tend to interpret images roughly because of ignorance of calcification, whereas with the help of 
AI they could dedicate more time and attention to detect abnormal findings.

The AI algorithm used in our study had low sensitivity in sialolith and lymph node calcification; however, its 
detection performance of carotid artery calcification was satisfactory. This may have resulted from an insufficient 
amount of data of sialolith and lymph node calcification images. Detection of carotid artery calcification with 
AI may be beneficial to general dentists. If a patient who visits the dentist is unaware of the seriousness of his or 
her heart disease, the patient’s general medical history may be missed at the interview. If AI can detect carotid 
calcification in panoramic radiographs, it can identify patients with asymptomatic heart disease. If more cases are 
collected through multicenter studies, it is expected that the accuracy of sialolith and lymph node calcification 
detection would be improved.

When comparing the performance of image reading between GDs and OMRs using ROC, the accuracy 
of diagnosis of carotid artery calcification with AI support decreased slightly in the OMR group. Both ROC 
curve readings were about 0.9 but the sialolith reading was relatively less accurate. These results should not be 
compared absolutely because the type and diagnosis of the image were not the same. Earlier studies reported 
that AI assistance in conventional chest X-ray diagnosis was  helpful38,39. Therefore, it is worth hypothesizing 
that the premature prognosis of AI improving the diagnostic accuracy for all diseases by a group of skilled 
specialists may be incorrect. However, in the GD group, the diagnostic accuracy of carotid artery calcification 
significantly improved after AI-assistance, which may have affected the overall diagnostic accuracy of carotid 
artery calcification. The diagnostic accuracy of lymph node calcification improved for general dentist A (see 
Table 3); however, there was no significant difference among the remaining three. There was little difference in 
the accuracy of diagnosing the site of soft tissue calcification by the OMR group before and after AI-assistance, 
but the diagnostic accuracy improved for the GD group. Thus, we propose that AI can improve the diagnostic 
accuracy of GDs without expertise in diagnosing soft tissue calcifications, and it is particularly effective in 
diagnosing carotid artery calcification.

These results were also related to the performance of the AI. The diagnostic accuracy of the AI itself was 
verified using sensitivity and specificity criteria by evaluating the presence or absence of a disease  only40. The 
sensitivity for carotid artery calcification was significantly higher than for lymph node calcification and sialolith, 
and the specificity for lymph node calcification and sialolith was higher than that for carotid artery calcification.

The sensitivity and specificity for carotid artery calcification were 0.77 and 0.71, respectively, and although 
these were slightly lower than the sensitivity (0.81) and specificity (0.83) of AI-diagnosed dental caries in another 
 study41, the results were somewhat similar. The sensitivity of the AI for carotid artery calcification was higher 

Figure 3.  Comparison of AI and observer performances. Sensitivity and specificity of (A) artificial intelligence 
detection for all cases, (B) carotid artery calcification, (C) lymph node calcification, (D) sialolith, and (E) all soft 
tissue calcification with and without artificial intelligence.
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than that of the general dentist group, which might have contributed to the improved diagnostic accuracy of 
carotid artery calcification by GDs.

Our study has some limitations. First, the main drawback of our study is lower performance regarding 
detecting sialolith and lymph node calcification. Increasing the number of cases may result in better accuracy of 
AI, thus, if more cases are collected through multicenter studies, it is expected that the accuracy of sialolith and 
lymph node calcification detection will be improved. Second, our data is collected in one institution; to evaluate 
AI performance, multicenter study, and validation are mandatory. Third, there is an imbalance in the number of 
cases; sialolith and lymph node calcification are rare compared to carotid artery calcification. Our institution is 
one of the biggest dental hospitals in South Korea, however, we could collect only 163 cases for sialolith and 26 
cases for lymph node calcification in 15 years. Lymph node calcification is frequently observed in patients with 
a history of tuberculosis, but the incidence of tuberculosis in Korea has steadily decreased so far. And, in order 
to increase the detection performance in carotid artery calcification, we can use more cases of carotid artery 
calcification. But in this study, we tried to compare the detection performance among three calcifications so an 
experimental design showing even distribution of three calcification case is more important. So, even though we 
collected many cases of carotid artery calcification, we had to use only 60 cases of X-ray at this time by random 
sampling. Fourth, only two GD and OMR specialists tested the detection performance. Research involving more 
GDs and OMR specialists would lead to more reliable results. Finally, although the AI algorithm we used in this 
study has been widely used, it is not an up-to-date method. Recently, deep learning algorithms such as zero shot 
detection, few shot detection, and vector component analysis show relatively high accuracy even with a small 
amount of data. If we apply those models into our study in the future, improved performance even for a relatively 
small number of diseases would be possible.

Conclusions
The AI used in this study helped improve the diagnostic accuracy of GD groups who were not familiar with 
diagnosing soft tissue calcification. Especially, in carotid artery calcification, AI significantly improved the 
diagnostic accuracy of GDs. These results indicate that, if utilized well, panoramic imaging can be a useful 
screening tool to diagnose other diseases.

Table 3.  Sensitivity and specificity results.

Reader
Carotid artery 
calcification

Lymph node 
calcification Sialolith Soft tissue calcification

Oral and Maxillofacial 
Radiologist A

Sensitivity
1st 0.969 0.692 0.900 0.949

2nd 0.903 0.625 0.562 0.831

Specificity
1st 0.816 0.902 0.893 0.724

2nd 0.883 0.967 0.938 0.924

Accuracy
1st 0.841 0.869 0.892 0.818

2nd 0.886 0.920 0.903 0.886

Oral and Maxillofacial 
Radiologist B

Sensitivity
1st 0.844 0.269 0.850 0.923

2nd 0.774 0.375 0.500 0.775

Specificity
1st 0.812 0.933 0.891 0.724

2nd 0.883 0.934 0.956 0.848

Accuracy
1st 0.818 0.835 0.886 0.812

2nd 0.864 0.858 0.915 0.818

General Dentist A

Sensitivity
1st 0.219 0.231 0.400 0.410

2nd 0.645 0.500 0.125 0.718

Specificity
1st 0.549 0.873 0.917 0.306

2nd 0.800 0.934 0.981 0.810

Accuracy
1st 0.489 0.778 0.858 0.352

2nd 0.773 0.875 0.903 0.773

General Dentist B

Sensitivity
1st 0.219 0.320 0.429 0.474

2nd 0.645 0.167 0.312 0.648

Specificity
1st 0.931 0.927 0.884 0.765

2nd 0.766 0.967 0.944 0.781

Accuracy
1st 0.801 0.841 0.830 0.636

2nd 0.744 0.858 0.886 0.727

Artificial intelligence

Sensitivity 0.774 0.250 0.188 0.662

Specificity 0.717 0.921 1.000 0.705

Accuracy 0.727 0.830 0.926 0.688
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Data availability
The datasets generated during and/or analyzed during the current study are available from the corresponding 
author on reasonable request.

Figure 4.  Comparison of carotid artery calcification, lymph node calcification, and sialolith. The comparison of 
first (A) and second (B) readings of carotid calcification. The comparison of first (C) and second (D) readings of 
lymph node calcification. The comparison of first (E) and second (F) readings of sialolith. Overall comparison of 
the first (G) and second (H) readings of soft tissue calcification.
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