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ease.1-3 In this context, numerous studies have highlighted 
the potential utility of panoramic radiography as a screening  
tool for CACs.4-11 However, inconsistencies persist regard-
ing differences in disease severity between patients with 
unilateral and bilateral CACs detected on panoramic radio- 
graphs.9-11 Furthermore, several CAC characteristics, includ-
ing size, shape, and location, may also be associated with  
disease severity.12-16 These associations may vary depend-
ing on the specific disease outcome under investigation.

While oral radiologists with specialized training in inter-
preting panoramic radiographs demonstrate high perfor-
mance in CAC detection, achieving sensitivities exceeding 
0.8, general dentists without such training show a mark-
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Introduction
Carotid artery calcifications (CACs), which can be reli-

ably assessed using computed tomography (CT) and ultra-
sonography (US), have been reported to be associated with 
a range of cerebrovascular and cardiovascular events, in-
cluding cerebral stroke, infarction, and coronary heart dis-
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Purpose: The present study aimed to develop 2 deep learning (DL) systems incorporating detection functions for 
the diagnosis of carotid artery calcifications (CACs) on panoramic radiographs and to compare their diagnostic 
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was evaluated using recall, precision, and F1-score. Side-based and patient-based performances were assessed using 
sensitivity, specificity, positive predictive value, negative predictive value, accuracy, and the area under the receiver 
operating characteristic curve (AUC).
Results: For System 1, CAC-based recall, precision, and F1-score were 0.81, 0.68, and 0.74, respectively. For System 2, 
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0.83 for System 1, and 0.93, 0.84, and 0.89 for System 2. Patient-based sensitivity, specificity, and AUC were 0.93, 0.73, 
and 0.83 for System 1, and 0.95, 0.70, and 0.83 for System 2. Although a relatively large number of false positives 
were observed in CAC-based assessments, side-based and patient-based performances showed improvement.
Conclusion: Side-based and patient-based performances were sufficient when calculated on the basis of CAC-based 
evaluations for diagnosing CACs on panoramic radiographs. When conducting studies of this type, performance 
assessments should include side-based and patient-based evaluations in addition to CAC-based analyses. (Imaging Sci 
Dent 20250232)
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edly lower sensitivity of 0.21.17 To address this limitation, 
several deep learning (DL) systems have been developed 
and applied for CAC detection in panoramic radiographs, 
with reports of high diagnostic performance.17-22 Given the 
aforementioned inconsistencies and the potential relation-
ships between CAC characteristics and disease severity, the 
performance of DL-based CAC detection systems should 
be evaluated from 3 complementary perspectives: CAC-
based, side-based, and patient-based assessments. However, 
most previous studies have addressed only 1 of these evalu-
ation levels.17,18,20,21

Various methodological approaches have been used in the  
development of DL systems for CAC detection in panora- 
mic radiographs, with differences observed in both target 
selection and DL functionality. Regarding target selection, 2 
primary approaches may be considered: direct detection of  
individual CACs or classification of specific areas as con-
taining CACs. For individual CAC detection, DL-based 
detection or segmentation functions can be employed, and 
performance can be evaluated on a CAC-specific basis. In 
area-based classification, 2 target regions are commonly 
examined: the entire panoramic radiograph or the limited 
bilateral cervical regions where CACs are most likely to 
occur. In a previous study, classification-based DL models 
demonstrated improved patient-based performance when 
determinations were made using side-based results derived 
from limited regions, compared with those based on the  
entire radiograph.22 Alternatively, area classification may 
also be performed using outputs from individual CAC detec- 
tion.18,20 In such cases, the selection of target areas, whether 
the entire radiograph or limited regions, should be carefully 
considered, and performance should continue to be evaluat-
ed using side-based and patient-based assessments in addi-
tion to CAC-based results.

The present study aimed to develop 2 DL systems em-
ploying detection functions: one designed to detect calcifi-
cations across the entire panoramic radiograph and another 
designed to detect calcifications within the limited bilateral 
cervical areas. The diagnostic performance of these systems 
was subsequently compared using CAC-based, side-based, 
and patient-based evaluations.

Materials and Methods
The present study was approved by the Ethics Committee 

of the authors’ affiliated university (approval No. 496) and 
was conducted in accordance with the principles outlined in 
the Declaration of Helsinki. Given the noninvasive and retro- 
spective design of the study, which relied on anonymized 

panoramic radiographs, the Ethics Committee waived the 
requirement for informed consent. Nevertheless, partici-
pants were provided with an opportunity to opt out of study 
participation.

A total of 580 panoramic radiographs were included in the 
present study, consisting of 290 radiographs from patients  
with CACs and 290 radiographs from control subjects with- 
out CACs. Among the 290 patients with CACs, who were 
enrolled between 2008 and 2023, 215 exhibited bilateral 
CACs, whereas 75 exhibited unilateral CACs. Control sub-
jects were selected to match the mean age and gender dis-
tribution of the CAC patient group. For supervised learning 
and for use as the gold standard in the DL training and test-
ing processes, the presence or absence of CACs was deter-
mined independently by 2 oral radiologists with 8 and 38 
years of experience, respectively. In cases of disagreement, 
final determinations were reached by consensus following 
discussion. Among all subjects, CAC status was verified 
using CT images in 142 patients and 113 control subjects. 
For the remaining 325 radiographs, CAC determinations 
were based exclusively on panoramic radiographic find-
ings. The validation and test datasets used in the DL train-
ing and testing processes were selected from radiographs 
for which corresponding CT images were available as refer- 
ence standards.

Panoramic radiographs were obtained using either a Vera- 
viewepocs system (J Morita Mfg Corp., Kyoto, Japan), oper- 
ated at a tube voltage of 75 kVp, tube current of 8 mA, and 
an exposure time of 16.2 seconds, or an AUTO IIINTR sys-
tem (Asahi Roentgen Industry, Kyoto, Japan), operated at a 
tube voltage of 75 kVp, tube current of 12 mA, and an expo- 
sure time of 12.0 seconds. All acquired radiographs were 
stored in the hospital’s imaging database.

Development of DL systems
Two DL systems were developed using the You Only 

Look Once version 7 (YOLOv7) network23 on Windows 10 
Pro with a 24 GB GPU (NVIDIA GeForce RTX 3090 Ti; 
NVIDIA, Santa Clara, CA, USA) and 64 GB of memory  

(Fig. 1). 
System 1 was designed to detect individual CACs across 

the entire panoramic radiograph (Fig. 1A). The dataset com-
prised 250 images per group (CAC patient group and con-
trol group) for training and validation, with an additional 
40 images per group reserved as test data (Table 1). An oral 
radiologist (CK) with 8 years of experience annotated all 
images, thereby providing supervised training and valida-
tion data as well as the gold standard for performance eval-
uation. Individual CACs were delineated using rectangular 
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bounding boxes created with the annotation tool LabelImg 

(https://github.com/tzutalin/labelImg), which automatical-
ly extracted coordinate information. Bounding boxes were 
minimized to appropriately encompass each CAC. When 
multiple radiopaque lesions suggestive of CACs were sep-
arated by distances greater than 3 mm, they were classi-
fied as distinct CACs. To improve model robustness, the 
training dataset was augmented 3 fold through brightness 

adjustment and horizontal flipping using Roboflow (https://
roboflow.com/). Following training for 500, 600, 800, and 
1,000 epochs, 4 detection models corresponding to Sys-
tem 1 were generated. When applied to the test dataset, the 
trained model automatically detected CACs and displayed 
bounding boxes on the panoramic radiographs (Fig. 2).

System 2 employed a 2-step detection strategy for identi-
fying CACs within limited cervical regions (Fig. 1B). In the 

Fig. 1. Schematic representation of Systems 1 and 2. A. System 1 comprises a single detection model designed to identify individual carotid 
artery calcifications (CACs) across the entire panoramic radiograph. B. System 2 consists of 2 sequential detection models: the first model 
identifies the bilateral cervical regions in which CACs are most likely to be present, and the second model detects CACs within these regions.

https://roboflow.com/
https://roboflow.com/
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first step, a model detected bilateral cervical regions that  
potentially contained CACs. A custom Python-based algo- 
rithm was subsequently applied to crop these detected re-
gions for further analysis. Within the extracted regions, a 
second model was used to detect individual CACs. For the 
first model, cervical regions were annotated according to 
predefined criteria: the medial border was defined by a line 
parallel to the posterior edge of the image, passing through 
the intersection of the tongue shadow and the inferior  
mandibular border; the superior border was defined by a 
line perpendicular to the posterior edge of the image, inter- 
secting the midpoint of the mandibular ramus height; and 
the posterior and inferior borders corresponded to the poster- 
ior and inferior edges of the image, respectively. For the sec-
ond model, individual CACs were enclosed within bound- 
ing boxes using the same annotation protocol applied in 
System 1, but restricted to the cropped cervical regions. All 
annotations were performed by the same radiologist. CAC 
detection models were trained for 500, 600, 800, and 1,000 
epochs. The 40 test images were initially processed by the  
first model to extract cervical regions, after which the crop- 
ped images were analyzed by the second model. This work-
flow enabled automated detection of CACs within pre-

defined cervical regions, with bounding boxes visualized 
on the extracted images (Fig. 3).

Fig. 2. Example of carotid artery 
calcification (CAC) detection using 
System 1. Predicted CACs are high-
lighted with bounding boxes across 
the entire panoramic radiograph.

Fig. 3. Example of carotid artery calcification (CAC) detection using  
System 2. The first model crops the bilateral cervical regions, and a 
secondary model subsequently detects CACs within these regions, 
which are visualized using bounding boxes.

Table 1. Data assignment (numbers of panoramic radiographs)

Dataset
Patient with CAC

Control without CAC
Unilateral CAC Bilateral CAC Total

Training and validation data 55 195 250 250
Test data 20 20 40 40

Total 75 215 290 290

CAC: carotid artery calcification
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Performance evaluation procedures
For CAC-based evaluation, a total of 78 rectangular re-

gions containing CACs were analyzed. The intersection over 
union (IoU) was calculated based on the degree of overlap  
between the predicted bounding boxes and the correspond-
ing ground truth bounding boxes. When the IoU exceeded 
0.5, the detection was classified as a CAC-based true posi- 
tive (cTP); otherwise, it was classified as a CAC-based false  
negative (cFN). When a bounding box was placed over a 
region that did not contain an actual CAC, the detection 
was recorded as a CAC-based false positive (cFP).

Performance metrics for CAC-based evaluation included  
recall (sensitivity, cTP/(cTP +cFN)), precision (positive 
predictive value [PPV], cTP/(cTP+cFP)), and the F1-score,  
defined as the harmonic mean of recall and precision.

Side-based evaluation was derived from CAC-based de-
tection results. When at least 1 bounding box was detected 
within a cervical region that contained at least 1 true CAC, 
the outcome was classified as a side-based true positive 

(sTP). When a bounding box appeared in a cervical region 
that did not contain any CACs, it was labeled as a side-
based false positive (sFP). When no bounding boxes were 
detected in a cervical region where CACs were present, the  
result was classified as a side-based false negative (sFN). 
When no bounding boxes were identified in a cervical region  
without CACs, the outcome was classified as a side-based 

true negative (sTN).
Performance metrics for side-based evaluation includ-

ed sensitivity (recall, sTP/(sTP +sFN)), specificity (sTN/ 

(sTN +sFP)), PPV (precision, sTP/(sTP +sFP)), negative 
predictive value (NPV, sTN/(sTN+sFN)), accuracy ((sTP+  
sTN)/(sTP+sFP+sFN+sTN)), and the area under the re-
ceiver operating characteristic curve (AUC).

For System 1, patient-based performance was determined 
directly from CAC-based detection results obtained from the 
entire panoramic radiograph. When at least 1 bounding box  
was detected in a radiograph from a patient with confirmed 
CACs, the case was designated as a patient-based true posi- 
tive (pTP). When a bounding box appeared in a radiograph 
from a patient without CACs, the outcome was classified 
as a patient-based false positive (pFP). When no bounding  
boxes were detected in a radiograph containing CACs, the  
case was classified as a patient-based false negative (pFN). 
When no bounding boxes were detected in a radiograph 
without CACs, the outcome was recorded as a patient-based 
true negative (pTN).

For System 2, patient-based evaluation was derived from 
side-based results (Fig. 4). When at least 1 side was clas-
sified as sTP or sFP in a patient with unilateral or bilateral 
CACs, the case was designated as pTP. When at least 1 side 
was classified as sFP in a patient without CACs on either 
side, the case was labeled as pFP. A patient classified as sFN 

Fig. 4. Patient-based evaluations derived from side-based assessments.
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on both sides, or as sFN on 1 side and sTN on the other,  
was designated as pFN. When both sides were classified as 
sTN, the case was classified as pTN.

Performance metrics for patient-based evaluation includ-
ed sensitivity (recall, pTP/(pTP+pFN)), specificity (pTN/
(pTN +pFP)), PPV (precision, pTP/(pTP +pFP)), NPV 

(pTN/(pTN+pFN)), accuracy ((pTP+pTN)/(pTP+pFP+  
pFN+pTN)), and AUC.

Statistical analyses
The sensitivities of CAC detection between the 2 systems 

were compared using the chi-square test. In addition, differ- 
ences in side-based and patient-based AUCs between the 2 
systems were evaluated using the DeLong test. Statistical 
significance was defined as a P-value less than 0.05.

Results
For the CAC-based analysis, all bounding boxes predicted  

by both systems were located within the bilateral cervical 
regions, which represent the most common anatomical sites 
for CAC occurrence. The highest F1-score for both systems 
was achieved by the models trained with 1,000 epochs  

(Table 2). Accordingly, subsequent performance evaluations 
were conducted using the results from these models. Out of 
a total of 78 CACs, Systems 1 and 2 successfully detected  
63 and 70 CACs, respectively, corresponding to recall 

(sensitivity) values of 0.81 and 0.90. The chi-square test re-
vealed no statistically significant difference in CAC-based 
sensitivity between the 2 systems. However, the relatively 

high number of false positives (FPs) adversely affected pre-
cision and F1-scores for both systems. Representative exam- 
ples of detection results obtained from both systems are 
shown in Figures 5 and 6.

For the side-based analysis, the first model of System 2, 
which was designed to detect rectangular cervical regions 
potentially containing CACs, successfully identified all cer-
vical regions (Table 3). As a result, side-based performance 
could be directly compared between Systems 1 and 2. The 
area under the receiver operating characteristic curve (AUC) 
values for side-based performance did not differ signifi-
cantly between the 2 systems, as demonstrated by the De-
Long test.

For the patient-based analysis, both systems demonstrated  
high sensitivity, with values exceeding 0.90 (Table 4). A chi- 

Table 2. Carotid artery calcification-based performance

　 Epochs Recall 

(sensitivity)
Precision 

(PPV) F1-score

System 1 500 0.47 (37/78) 0.80 (37/46) 0.59
600 0.65 (51/78) 0.73 (51/70) 0.69
800 0.68 (53/78) 0.68 (53/78) 0.68

1000 0.81 (63/78) 0.68 (63/93) 0.74

System 2 500 0.91 (71/78) 0.62 (71/114) 0.74
600 0.86 (67/78) 0.68 (67/99) 0.76
800 0.90 (70/78) 0.58 (70/121) 0.71
1000 0.90 (70/78) 0.67 (70/105) 0.77

Numbers in parentheses denote bounding boxes. PPV: positive predictive 
value

Table 3. Side-based performance

System Sensitivity  
(recall) Specificity PPV 

(precision) NPV Accuracy AUC

System 1 0.87 (52/60) 0.80 (80/100) 0.72 (52/72) 0.91 (80/88) 0.83 (132/160) 0.83*
System 2 0.93 (56/60) 0.84 (84/100) 0.78 (56/72) 0.95 (84/88) 0.88 (140/160) 0.89*

Numbers in parentheses denote sides. PPV: positive predictive value, NPV: negative predictive value, AUC: area under the receiver operating characteristic 
curve, *: no difference by DeLong test

Table 4. Patient-based performance

System
Sensitivity (recall)

Specificity PPV 

(precision) NPV Accuracy AUC
Unilateral Bilateral Total

System 1 0.95 (19/20) 0.90 (18/20) 0.93 (37/40) 0.73 (29/40) 0.77 (37/48) 0.91 (29/32) 0.83 (66/80) 0.83*

System 2 0.90 (18/20) 1.00 (20/20) 0.95 (38/40) 0.70 (28/40) 0.76 (38/50) 0.93 (28/30) 0.83 (66/80) 0.81*

Numbers in parentheses denote patients. PPV: positive predictive value, NPV: negative predictive value, AUC: area under the receiver operating characteristic 
curve, *: no difference by DeLong test
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square test showed no significant difference in patient- 
based sensitivity between patients with unilateral CACs 
and those with bilateral CACs for either system. The AUC 
values for both systems showed no statistically significant 
difference, as confirmed by the DeLong test.

Discussion
A key novelty of the present study is the evaluation of 

CACs across multiple hierarchical levels. This hierarchical 
assessment enables not only the identification of individual  

CACs, but also the estimation of their clinical relevance 
through side-based and patient-based evaluations, which 
more closely reflect the overall severity of related lesions. 
These findings may support earlier identification of patients 
at increased risk, thereby facilitating clinical decision- 
making. Furthermore, they may enable the integration of 
AI-assisted CAC detection into routine dental and medical 
workflows.

Although previous studies have examined CAC diagnosis 
using DL systems applied to panoramic radiographs, perfor-
mance evaluation approaches have differed substantially de-

Fig. 5. A representative case with a carotid artery calcification (CAC) on the left side. Both System 1 (A) and System 2 (B) correctly detected 
the CAC located inferior to the hyoid bone.

A B

Fig. 6. A representative case with no calcifications on either side. A. System 1 detected a region in the right cervical area corresponding to a 
calcified thyrohyoid ligament, which connects the greater horn of the hyoid bone to the superior horn of the thyroid cartilage, as well as part of 
the hyoid bone. B. In contrast, System 2 did not produce any false-positive detections in the right cervical area.

A B
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pending on the DL functions employed and the target regions 
analyzed. In many studies, evaluation criteria have not been 
explicitly defined. When CAC morphology and anatomi-
cal location must be assessed, the CACs themselves con-
stitute the primary detection targets. In such contexts, DL- 
based segmentation or detection approaches may be partic-
ularly appropriate. In the present study, both System 1 and 
System 2, which relied on DL detection techniques, demon-
strated relatively high recall (sensitivity) values of 0.81 and 
0.90, respectively. However, precision (PPV) values were 
comparatively low at 0.68 and 0.67, indicating that 30 and 
35 bounding boxes, respectively, were incorrectly classified 
as false positives (FPs). These misclassified regions includ-
ed calcified anatomical structures that can resemble CACs, 
such as portions of the hyoid bone, cervical vertebrae, and 
the thyrohyoid ligament. Improving performance therefore  
requires reducing FPs, which may be facilitated by training 
with image datasets in which CACs are more rigorously 
verified. Although no prior studies have reported CAC-
based performance metrics using methods identical to those  
applied here, Yoo et al.21 evaluated CAC detection using 
DL-based segmentation across 5 networks, delineating and 
highlighting CAC regions. They reported mean Jaccard 
index (IoU) values slightly above 0.5, suggesting that seg-
mented areas often included substantial non-CAC regions. 
While such performance may be sufficient for CAC detec- 
tion, more advanced techniques may be necessary for accu-
rate assessment of CAC shape and precise anatomical loca-
tion.

Previous studies have predominantly focused on side-
based evaluations using diverse methodologies and DL ar-
chitectures. Katz et al.18 employed an approach similar to 
that used in the present study by identifying CACs within 
limited regions encompassing both cervical areas, which 
were cropped from entire panoramic radiographs using a 
strategy comparable to that implemented in System 2. Using  
a Faster R-CNN network, they reported side-based sensiti- 
vity, specificity, and accuracy values of 0.75, 0.80, and 0.83,  
respectively. The side-based performance of System 2 in the 
present study was consistent with these findings and demon-
strated slightly higher performance metrics. The compara-
ble side-based results observed between the 2 systems in the  
present study suggest that, when DL detection functions 
are applied, either full panoramic radiographs or regionally 
cropped cervical images may be used effectively. In a related  
investigation, Yoo et al.21 applied a DL classification func- 
tion prior to segmentation. They horizontally flipped crop- 
ped right-sided cervical regions to match left-sided anato-
my and classified the images according to the presence or 

absence of CACs, achieving high AUC values exceeding  
0.95 in 4 of the 5 networks evaluated. Considering the true 
prevalence of CACs, Amitay et al.19 developed DL-based 
classification models using 4 networks and applied them to  
bilateral cervical regions cropped from panoramic radiogra- 
phs. Their models achieved high specificity values exceed-
ing 0.95 but relatively lower sensitivity values of approx-
imately 0.80, partly attributable to the large proportion of 
regions without CACs. Similarly, Kuwada et al.22 applied 
DL-based classification to limited cervical regions and re-
ported sensitivity values of 0.88 and 0.87. Although CAC 
prevalence differed across studies, side-based diagnostic 
performance was generally found to be adequate.

In the present study, patient-based performance for Sys-
tem 1 was determined on the basis of CAC-based evalua-
tions. Recently, Vinayahalingam et al. employed Faster R- 
CNN and Swin Transformer architectures and reported pa-
tient-based sensitivity and specificity values of 0.881 and 
0.897, respectively, using an evaluation approach similar 
to that applied in System 1.20 Their reported sensitivity was  
lower than that observed for System 1 (0.93), whereas their 
specificity was higher. Patient-based performance for Sys-
tem 2, which was derived from side-based evaluations, 
demonstrated a high sensitivity of 0.95 but a relatively low 
specificity of 0.70, with an AUC of 0.83, showing no statis-
tically significant difference compared with System 1. From  
the perspective of developing a fully automated system, Sys-
tem 1 may be advantageous because it eliminates the need  
for bilateral cervical region cropping. Although a DL classifi-
cation function rather than a DL detection function was used 
for cervical region classification, Kuwada et al.22 similarly  
derived patient-based performance from side-based assess-
ments, following an approach comparable to that used in 
the present study. They reported an AUC of 0.90, which 
was higher than that achieved by System 2 (0.83). However,  
additional validation using larger datasets is required to de-
termine whether DL detection or DL classification appro- 
aches are more appropriate for this type of evaluation. Based 
on side-based sensitivity and specificity values, Amitay et  
al. proposed formulas for estimating patient-based perfor-
mance.19 When these formulas were applied to the results of  
System 2, the estimated patient-based sensitivity, specific-
ity, and accuracy values were 0.94, 0.74, and 0.81, respec-
tively, which were approximately consistent with the actual 
observed values (Table 4). Although further validation is 
necessary, this estimation approach may serve as a useful 
tool for approximating patient-based performance.

This study has several limitations. First, the dataset was 
obtained from a single institution, and its relatively small 
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size limits the generalizability of the findings. To address this 
limitation, larger datasets should be collected from multi- 
ple institutions, and external validation studies should be 
conducted. Second, the presence or absence of CACs was 
not verified using CT for all panoramic radiographs. Al-
though the validation and test datasets were selected from 
cases with CT verification, thereby ensuring reliable evalu-
ation results, comprehensive CT confirmation for all images 
would further strengthen model performance and reliability. 
Third, with respect to the number of epochs used for CAC 
detection model training, 1,000 epochs produced the best 
performance among the conditions examined in the present 
study; however, it remains unclear whether further increases  
in the number of training epochs would yield additional per- 
formance gains. This issue should be explored in future in-
vestigations. Fourth, the present study did not account for 
CAC shape or anatomical location. Because these charac-
teristics are important for estimating disease severity, future 
studies should examine them in greater detail, potentially 
through the application of DL-based segmentation methods 
to enable more precise analyses.

In conclusion, side-based and patient-based performance 
metrics were found to be sufficient when derived from indi- 
vidual CAC-based evaluations for the diagnosis of CACs on  
panoramic radiographs. When conducting studies on CAC 
diagnosis using panoramic radiographs, performance assess- 
ments should incorporate side-based and patient-based 
evaluations in addition to CAC-based analyses.

Conflicts of Interest: None
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