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Abstract

This retrospective study is aimed at developing a web-based artificial intelli-

gence (AI) software (DiagnoCat) for periodontal bone loss detection on pano-

ramic radiographs and evaluating the model's performance by comparing it

with clinicians' results. Separate models are trained for tooth and periodontal

bone loss detection. The first model's objective was to detect teeth, segmenting

their masks, and to define their numbering and developed with Mask R-CNN

using pretrained ResNet-101 as a backbone. The second model was based on

Cascade R-CNN architecture and used for bone loss prediction. Around

100 radiographs are evaluated by three clinicians regarding tooth identification

and periodontal bone loss, separately. Ground truth is determined by the con-

sensus and model's performance is evaluated with kappa, precision, recall, and

F-score statistics. For tooth conditions, the overall F-score, accuracy, and

Cohen's kappa coefficients were found to be 0.948, 0.977, and 0.933 for the

binary, and 0.992, 0.988, and 0.961 for the multiclass results. For bone loss

detection, the overall F-score, accuracy, and Cohen's kappa coefficients were

found to be 0.985, 0.980, and 0.956 for the binary, and 0.996, 0.993, and 0.974

for the multiclass results. The results of this study suggest that the use of a

web-based AI software (DiagnoCat) can be beneficial in detecting periodontal

bone loss on panoramic radiographs.
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1 | INTRODUCTION

Periodontitis is a multifactorial chronic inflammatory dis-
ease characterized by the destruction of soft (gingiva and
periodontal ligament) and hard (alveolar bone
and cementum) periodontal tissues.1,2 The dental plaque
is a predisposing factor for the disease to occur, and it ini-
tially develops as gingivitis.1 Advanced cases are defined
as the periodontitis and at this stage, bone loss occurs
due to the increase in the destruction of the bone tissues
supporting the tooth. Patients may be adversely affected
by functional, esthetic, and psychological aspects due to
various symptoms such as bleeding gums, increased tooth
mobility, and tooth loss.3 The global prevalence increased
by 50.2% from 1990 to 2007 and by 26.6% from 2007 to
2017.4 Despite all preventive measures and advancements
in the diagnosis and treatment options, the disease is
highly prevalent worldwide. Periodontitis is a multifacto-
rial disease and the treatment becomes more challenging
in advanced cases. Therefore, early diagnosis plays a criti-
cal role in treatment response.2

Diagnosis of periodontitis can be conducted through
clinical and radiographic examinations. Although the diag-
nosis of the disease is mainly based on the findings of a
complete clinical examination, this process is detailed and
time-demanding.5,6 Radiographic monitoring of the bone
level is useful in the diagnosis and determination of the
severity of the disease. Several dental imaging techniques
can be used for this purpose. In digital panoramic imaging,
a two-dimensional image of all teeth and supporting tissues
are acquired at once and are routinely used in dental radio-
graphic examination. It is possible to monitor the bone
level on the digital images obtained.6,7 Although pano-
ramic images contribute to the diagnosis of periodontitis,
they are insufficient for accurate diagnosis alone and it is
recommended to be evaluated together with clinical
parameters such as gingival index and mobility index.7

In the 1950s, the term “artificial intelligence”
(AI) was introduced as the idea of developing machines
capable of performing tasks normally performed by
humans.8 AI is the part of computer science concerned
with designing an intelligent computer system that
exhibits characteristics we associate with intelligence in
human behavior such as follows: understanding lan-
guage, learning, reasoning, problem-solving, and many
more.9 Machine learning (ML) is a sub-field of AI in
which algorithms are trained through statistical analysis
of the dataset, rather than being strictly coded. ML sys-
tems adapt to the data set provided in the training and an
appropriate mathematical formula is developed between
the input and output values as the training is
completed.8–10 Basically, handcrafted features that define
the sample can be used in the training of classification or
regression algorithms. Classifier models are trained using

categorical labels, while regression models output numer-
ical results.8,14 Clustering models are trained for cluster
extraction of sample features to estimate pattern similar-
ity.12 Various ML techniques can be adopted to develop a
system, and choosing the correct technique depends on
proper analysis of the problem and the dataset.

Artificial neural networks are inspired by the biological
neurons in the human brain. The basic network architec-
ture consists of neurons (nodes) in discrete layers, called
input, output, and intermediate layers. Each node is con-
nected to nodes in the neighboring layer and this connec-
tion has a weight that can be calculated mathematically.
Neural network models are trained by optimizing these
weights in sequential trials to obtain the desired results.11,12

The term “deep learning” refers to deep (multi-layered)
neural network architectures, with more than a few inter-
mediate layers; the models are based on multi-layer mathe-
matical operations for learning and inferring complex data
like imagery. It is possible to develop systems with minimal
human intervention using the deep learning approach, but
the performance of such systems depends on the quality of
the dataset provided for training; insufficient data will seri-
ously affect the system outcomes.8,13 Convolutional neural
networks (CNNs) are a deep learning technique that draws
attention to its performance in image processing tasks,
especially. The basic architecture of the CNNs is an
extended neural network model with the convolution and
the pooling layers, which provide automatic feature
extraction.13,14

AI techniques can be used in developing systems for
the diagnosis of periodontitis. Several studies on the diag-
nosis of periodontal disease in panoramic images have
been reported, and the CNN approach is commonly
adopted in the developed models.7,15–19 This study aims to
evaluate the performance of a web-based AI software
(DiagnoCat) developed for tooth numbering and diagnosis
of periodontal defects on digital panoramic radiographs, by
comparing the results of the AI software with the hybrid
results of human observers. The null hypothesis of this
research is that the results of the AI system are comparable
to the consensus determined by the voting of human
observers for detecting periodontal bone loss in panoramic
radiographs. It is suggested that the kappa, accuracy, and
F-score values of 0.8 and above may demonstrate the simi-
larity of the human consensus and model results.

2 | MATERIALS AND METHODS

2.1 | Dataset and preprocessing

This study was granted ethical permission by RCDS Ethi-
cal Committee (Letter.No.RCDSEC/21/28). For training
AI models, 6000 anonymized panoramic radiographs
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were used with 45 161 annotated periodontal bone loss
instances. Periodontal diseases in annotation could be
presented by segmented mask and by a bounding box
(Figure 1).

Previously, a separate model was trained only on seg-
mented annotations. If in the training data, only bound-
ing boxes are given, these images are put through the
model with prior knowledge of the bounding box coordi-
nates to obtain pseudo segmentation for further training.
The model used to predict segmentation is based on a
two-stage detector with Cascade R-CNN architecture.20

The inclusion criteria of the image samples were the
absence of excessive image artifact, the presence of 10 or
more teeth, and the absence of severe developmental
anomalies. Samples that did not meet the criteria were
not included in the study. There was no restriction in
terms of device model and image parameters in the selec-
tion of image samples.

2.2 | ROI detector

The model used to detect regions of interest (ROI) was
trained separately for tooth detection. The training data-
set consisted of �4500 images with annotated teeth,

including missing teeth. The models' objective was to
detect teeth, segmenting their masks, and to define their
numbering. For this task, 2-stage detector Mask R-CNN21

was used with pretrained ResNet-10122 as a backbone.
Predictions of the trained model for object detection

were used to define the mouth area as the region of inter-
est. The output of the model was bounding box and seg-
mentation masks with predicted numbers for each tooth.
Coordinates of the mouth area were taken as the mini-
mum and maximum values of x and y coordinates for all
detected teeth extended by a chosen number of pixels
(Figure 2).

2.3 | Periodontal bone loss detector
design

First, all panoramic images were enriched with pseudo
segmentations from the previously trained model, then
each image was cropped according to predictions from
the ROI detector, and then these images were fed to the
model.

The architecture chosen for the model was Cascade
R-CNN,20 where unlike Mask R-CNN model box object
detection and segmentation is iteratively refined and

FIGURE 1 Examples of annotated data.
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image classification is taken as the average outcome for
each cascade layer. This improves the quality of predic-
tion and reduces overfitting.

To enhance the generalization of the model and
improve performance, a variety of augmentations were
applied to the input data: randomized crop, randomized
rotation, randomized brightness, randomized contrast, ran-
domized downscaling of images, randomized blur, random-
ized noise, optical distortion, grid distortion and contrast
limited adaptive histogram equalization (CLAHE).23

2.4 | Inference

While inference, a panoramic image first has to pass
through the ROI detection like in the data preprocessing
step, and then pass through the trained cascade model.
Predictions of the model are then calibrated to optimize
the F1-score and provided as the final output.

2.5 | Ground truth and human
assessment

About 100 anonymized panoramic radiographs with per-
manent dentition were selected from the archive of
Rishiraj College of Dental Sciences and Research Centre
and analyzed by three clinicians separately. Status of
each teeth region is coded as “sound”, “missing”, “resto-
rated ”, “support” or “excluded”. Alveolar bone loss in
approximal surfaces is scored based on the modified
criteria of the 2017 World Workshop.24 For staging the
periodontitis severity, Stage 1 indicates <15% bone loss,
Stage 2 indicates 15%–33% bone loss, and further bone
loss indicates Stage 3 and 4. Originally, the distinction
between the Stage 3 and 4 is proposed as the number of

tooth losses due to periodontitis; however, the data for
the reason for tooth loss was not available, so the thresh-
old between Stages 3 and 4 is determined as %80 bone
loss. In addition, the bone loss pattern is saved as “verti-
cal”, “horizontal” or “mixed” if possible, for the mesial
and the distal surfaces. Observers' scores on tooth status
and bone loss are recorded via an excel template. Results
of each clinician are converted to binary results, as a
bone loss at Stage 1 and below is “false”, and bone loss at
Stage 2 and above is “true”. In determining the ground
truth, three observers voted “true” or “false” for each var-
iable. Thus, a definite consensus is determined in the
binary results and finalized after being checked by an
expert in dentomaxillofacial radiology.

2.6 | Statistical analysis

Agreement among three observers is demonstrated by
Fleiss' Kappa coefficients. Agreement between the
ground truth and the model's results is analyzed with
Cohen's Kappa coefficients. The formula for the model's
performance metrics (precision, recall, and F-score) are
defined as follows25:

Precision¼True Positive= True PositiveþFalse Positiveð Þ

Recall¼True Positive= True PositiveþFalse Negativeð Þ

F�Score¼ 2�Precision�Recall= PrecisionþRecallð Þ

Cohen's and Fleiss' Kappa coefficients are interpreted
as “no agreement” for values <0.00; “slight agreement”
for 0.01–0.2, “fair agreement” for 0.21–0.4, “moderate
agreement” for 0.41–0.6, “substantial agreement” for

FIGURE 2 The image

showing predictions of the

trained model was used to

define the mouth area as region

of interest from panoramic

radiograph.
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0.61–0.8 and “almost perfect agreement” for 0.81–1.26

The statistical significance threshold is determined
as p < 0.05.

3 | RESULTS

The Fleiss' kappa values among the three observers ran-
ged from 0.79 to 1.00 for tooth status and 0.00 to 1.00 for
periodontal assessment (Table S1). In the ground truth,
for binary results, 76.5% of the teeth were found to be
present (Table 1), while bone loss was determined on
64.44% of the total present approximal surfaces. The hori-
zontal bone loss pattern was the most common bone loss
pattern (Table 2).

In binary results, the overall F-score and Cohen's
Kappa coefficients were 0.948 and 0.933, respectively, for
the tooth conditions (Table 3), and 0.985 and 0.956
for the bone loss (Table 4), respectively. For tooth condi-
tions, the highest F-score was achieved in the maxillary

molar region (0.964), while the lowest was found in the
maxillary anterior region (0.919). For bone loss detection,
the highest F-score was achieved in the mandibular pre-
molar region (0.988), while the lowest was found in the
mandibular molar region (0.979). The highest accuracy
was found in the mandibular premolar and anterior
(0.980) regions for tooth conditions. The highest accuracy
was found in the mandibular premolar surfaces (0.985)
for bone loss detection (p < 0.05).

In multi-class results, the overall F-score and Cohen's
Kappa coefficients were found to be 0.992 and 0.961 for
the tooth conditions (Table 5), and 0.996 and 0.974
for the bone loss (Table 6), respectively. For tooth condi-
tions, the highest F-score was achieved in the maxillary
molar region (0.999), while the lowest was found in the
mandibular molar region (0.990). For bone loss detection,
the highest F-score was achieved in maxillary molar
(0.997) and anterior (0.997) regions, while the lowest was
found in all mandibular regions (0.995). The highest
accuracy was found in the mandibular anterior (0.994)

TABLE 1 Distribution of the data labels regarding tooth condition in ground truth.

Condition Tooth (binary)

Present Absent

Sound Restorated Missing Support Excluded

Positive 2448 2244 204 391 141 220

Negative 752 956 2996 2809 3059 2980

Total 3200

TABLE 2 Distribution of the data labels regarding bone loss as the disease stage and the pattern in ground truth.

Bone loss Surface (binary)

Stage Bone loss pattern

1 2 3 4 Vertical Horizontal Mixed

Positive 3155 1159 406 65 57 9 1510 93

Negative 1741 3737 4490 4831 4839 4887 3386 4803

Total 4896

TABLE 3 Performance metrics for identifying binary tooth conditions as absence or presence of teeth is demonstrated with F-score,

accuracy, precision, recall and kappa coefficient values (p < 0.05).

Region F-Score Accuracy Precision Recall Kappa p value for χ2

Molar Maxilla 0.962 0.964 0.973 0.975 0.995 1.000 0.930 0.930 0.941 0.945 0.000 0.000

Mandible 0.959 0.972 0.990 0.931 0.938 0.000

Premolar Maxilla 0.937 0.935 0.978 0.975 0.993 0.986 0.887 0.889 0.923 0.920 0.000 0.000

Mandible 0.938 0.980 1.000 0.884 0.927 0.000

Anterior Maxilla 0.921 0.919 0.979 0.978 1.000 1.000 0.854 0.851 0.909 0.907 0.000 0.000

Mandible 0.923 0.980 1.000 0.857 0.912 0.000

Overall 0.948 0.977 0.996 0.904 0.933 0.000

AMASYA ET AL. 5
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region for tooth conditions, while it was found in the
maxillary molar and anterior (0.994) regions for bone loss
detection (p < 0.05).

For each tooth separately, Cohen's Kappa coefficients
were changed between 0.66 and 1.00 for tooth conditions,
and 0.00–1.00 for bone loss detection (Table S2). Supple-
mentary tables can be found at: https://github.com/
HakanAmasya/opg_pdl_ai.git

4 | DISCUSSION

Periodontal diseases are highly prevalent globally. In
2010, approximately 743 million people suffered from

severe periodontitis worldwide, making periodontitis the
sixth most common disease.27 Alongside the local
destructive events in the oral cavity, researchers are inter-
ested in the relationship between periodontitis and other
systemic conditions such as diabetes mellitus, atheroscle-
rotic heart disease, metabolic syndrome, adverse preg-
nancy outcomes, and other chronic diseases. However,
explaining the mechanisms behind these relationships
remains a major challenge in this dynamic field.28,29

Periodontal diseases are diagnosed through clinical
and radiological examinations. Important findings such
as bleeding on probing, tooth hypermobility, and gingival
features are exclusive to clinical examination and are not
captured in radiographs. Radiographic examinations can

TABLE 4 Performance metrics for identifying binary surface conditions as absence or presence of bone loss is demonstrated with F-

score, accuracy, precision, recall and kappa coefficient values (p < 0.05).

Region F-Score Accuracy Precision Recall Kappa p value for χ2

Molar Maxilla 0.983 0.987 0.980 0.983 0.969 0.976 0.998 0.998 0.960 0.963 0.000 0.000

Mandible 0.979 0.978 0.961 0.997 0.955 0.000

Premolar Maxilla 0.985 0.983 0.980 0.975 0.971 0.967 1.000 1.000 0.954 0.933 0.000 0.000

Mandible 0.988 0.985 0.975 1.000 0.968 0.000

Anterior Maxilla 0.986 0.985 0.980 0.979 0.972 0.969 1.000 1.000 0.953 0.950 0.000 0.000

Mandible 0.987 0.982 0.974 1.000 0.957 0.000

Overall 0.985 0.980 0.971 0.999 0.956 0.000

TABLE 5 Performance metrics for multiclass tooth conditions as sound, restorated, support, missing or excluded teeth is demonstrated

with F-score, accuracy, precision, recall and kappa coefficient values (p < 0.05).

Region F-Score Accuracy Precision Recall Kappa p value for χ2

Molar Maxilla 0.990 0.999 0.984 0.985 0.990 0.990 0.990 0.990 0.951 0.952 0.000 0.000

Mandible 0.990 0.984 0.990 0.990 0.950 0.000

Premolar Maxilla 0.993 0.993 0.989 0.989 0.993 0.993 0.993 0.993 0.966 0.966 0.000 0.000

Mandible 0.993 0.989 0.993 0.993 0.966 0.000

Anterior Maxilla 0.994 0.993 0.990 0.989 0.994 0.993 0.994 0.993 0.969 0.965 0.000 0.000

Mandible 0.995 0.991 0.995 0.995 0.973 0.000

Overall 0.992 0.988 0.992 0.992 0.961 0.000

TABLE 6 Performance metrics for multiclass tooth conditions as healthy, four distinct bone loss stages and three separate pattern is

demonstrated with F-score, accuracy, precision, recall and kappa coefficient values (p < 0.05).

Region F-Score Accuracy Precision Recall Kappa p value for χ2

Molar Maxilla 0.996 0.997 0.993 0.994 0.995 0.996 0.996 0.997 0.976 0.979 0.000 0.000

Mandible 0.995 0.992 0.994 0.996 0.972 0.000

Premolar Maxilla 0.995 0.996 0.992 0.993 0.995 0.996 0.996 0.996 0.971 0.972 0.000 0.000

Mandible 0.995 0.992 0.995 0.995 0.970 0.000

Anterior Maxilla 0.996 0.997 0.993 0.994 0.996 0.997 0.996 0.997 0.975 0.978 0.000 0.000

Mandible 0.995 0.992 0.995 0.996 0.971 0.000

Overall 0.996 0.993 0.995 0.996 0.974 0.000

6 AMASYA ET AL.
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reveal periodontal findings such as bone levels, bone loss,
root morphology, endodontic lesions, furcation radiolu-
cency, and intra-bony defects using various dental radiog-
raphy techniques.30 However, radiographic examinations
usually underestimate the actual bone loss, and gingivitis
signs cannot be detected since hard tissues are not
involved yet [15 Additionally, a single radiographic exam-
ination cannot determine whether bone loss is due to an
existing disease or previous disease. The choice of radio-
graphic technique depends on the advantages and disad-
vantages of each method, clinical findings, and patient's
benefits.

Dental intraoral imaging primarily offers periapical
and bitewing radiography. Periapical radiographs project
teeth and periodontal structures with relatively lower
radiation doses compared to extraoral devices. However,
the imaging area is limited to a few teeth, and several
radiographs are required for a full-mouth examination.
The long-cone paralleling technique yields more accurate
bone level measurements compared to the bisecting angle
technique, but it requires specialized equipment. Bite-
wing radiographs show the condition of approximal tooth
surfaces and supporting bone levels in both jaws without
involving the apical region. Although horizontal bitewing
radiographs are suitable for most cases, deeper bone
defects require vertical alignment of the film, which can
be uncomfortable.30,31

Dental extraoral imaging mainly offers panoramic and
cone-beam computed tomography (CBCT). Panoramic
radiography demonstrates whole teeth, dentoalveolar
structures, and both jaws in a single image with lower
radiation compared to intraoral full-mouth series, and
offers quick and straightforward image capture without
the need for intraoral manipulation. Panoramic radiogra-
phy is valuable for oral and maxillofacial imaging; how-
ever, drawbacks hinder its diagnostic role in
periodontology, particularly due to image magnification
and distortion related to projecting a large volume into a
single planar image.30,31 Extraoral bitewing is a novel
radiographic method supported by specialized panoramic
imaging devices. Although the use of terms “extraoral”
and “bitewing” together creates a contradiction, this tech-
nique optimizes panoramic images for approximal sur-
faces, essentially.32 CBCT is a specialized imaging
modality that provides detailed three-dimensional images
of anatomical structures, particularly in the head and neck
region. It is used to assess bone quality, identify periodon-
tal defects, and plan dental implant placement with higher
precision. CBCT offers volumetric data at lower patient
doses than medical CT devices, but its radiation dose is
higher compared to intraoral techniques and panoramic
imaging. Justification for its use should follow the “As
Low as Reasonably Achievable” principles.30,31

In 2014, Takeshita et al. evaluated the diagnostic
accuracy of conventional and digital periapical radiogra-
phy, panoramic radiography, and CBCT in assessing
proximal alveolar bone loss. All imaging methods pro-
vided satisfactory accuracy in proximal bone level mea-
surements except conventional periapical radiographs
with a Han-Shin film holder. Although CBCT provided
measurements closest to the control values, panoramic
images are also close and recommended for initial evalu-
ation.33 Kumar et al. reviewed different radiographic
modalities for detecting osseous defects. Intra-oral radiog-
raphy was reported to be superior to panoramic radio-
graphs, and CBCT was considered a useful complement.
Justification for using CBCT over conventional tech-
niques should consider radiation dose and clinical bene-
fits.34 Zhang et al. compared CBCT and periapical/
bitewing radiography measurements with clinical attach-
ment loss. Significant positive correlations were reported
in all techniques, with CBCT showing a higher Pearson
correlation coefficient with clinical measurements com-
pared to intraoral techniques, although the difference
was not significant.35 Manja and Fransiari compared bite-
wing, periapical, and panoramic radiographs to measure
alveolar bone loss. Bitewing radiographs were found to
be superior in accuracy compared to periapical and pano-
ramic images, with no significant difference among the
groups.36

Berghuis et al. compared panoramic and periapical
radiography for detecting furcation involvement. CBCT
was used to obtain reference diagnoses for all furcation
sites. Panoramic and periapical radiographs were found
to be relevant tools with high specificity in diagnosis fur-
cation involvement. A combination of radiological find-
ings and furcation probing was suggested as the ideal
technique for inspecting furcation sites.37 Komši�c et al.
compared periodontal probing, intra-surgical measure-
ments, panoramic and CBCT-based parameters in molar
furcation assessment. The correlation between
intra-surgical measurements and CBCT was superior
compared to clinical probing and panoramic. Different
clinical and radiological modalities were found to be cor-
related with each other and provided satisfactory accu-
racy.38 The American Academy of Periodontology
reported the Best Evidence Consensus to address oral
indications for using CBCT in 2017. The use of CBCT
was suggested to be beneficial in specific scenarios in the
management of periodontitis, but routine use lacked suf-
ficient evidence.39,40

Current evidence supports the use of 2D full-mouth
radiographic series in addition to clinical probing param-
eters as the gold standards for comprehensively evaluat-
ing periodontal structures. However, the limited imaging
area in a single periapical image requires multiple
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images, leading to higher radiation doses than a single
panoramic image. Additionally, proper registration of the
entire mouth using intraoral radiography is time-
consuming. CBCT imaging's volumetric examination
advantage is valuable, but device costs and the relatively
high radiation dose limit its justification. Interpreting
CBCT images also demands more expertise than two-
dimensional radiographs.40 Panoramic imaging might
not be the first choice for periodontal evaluation, but it
provides information about the periodontal status of the
patient and is widely used for various dental purposes.

Within its limitations, a panoramic radiograph taken
for any reason provides useful information about peri-
odontal bone levels, especially for an initial examination.
For this reason, panoramic radiography, which has
become almost a routine method of imaging for dental
purposes, is preferred in our study. Within the scope of
this study, the absence or presence of periodontal prob-
lems are classified in the mesial and the distal sides of
each tooth, and measurement of bone loss quantitively or
furcation regions are excluded.

Dentomaxillofacial radiology has undergone a digital
transformation with the development of digital sensor
technologies. In 1997, Borg et al. compared digital peria-
pical radiographs acquired with the charge-coupled
device (CCD) and the photostimulable storage phosphor
(PSP) plates in bone loss measurements. In their study,
all images were acquired using a single x-ray device, and
it was reported that the images obtained with the digital
sensors were comparable to film-based radiographs in
demonstrating bone loss. While there was no statistically
significant difference between the two digital systems,
the issue of underestimation of bone loss is found to be
more minimal in digital systems.41 Vandenberghe et al.
investigated the effect of various X-ray tube generators in
the assessment of periodontal bone lesions using conven-
tional and digital imaging receptors in 2011. The com-
pressive research was published in two parts.42,43 The
first part is focused on the effect of different x-ray tubes,
while indirect and direct digital systems are compared
with analog films secondarily. According to the results of
the first part, regarding the sensors, digital systems are
found to be advantageous over film-based imaging, espe-
cially in low-dose acquisitions.42 In the second part, sev-
eral CCD and PSP systems are compared in terms of
specific properties such as contrast resolution and mea-
surement accuracy, along with the subjective quality
evaluation. According to the results of the second study,
there was a dose gain of around 50% by increasing the
8-bit phosphor plate system to 12-bit, while it was
reported that there was no extra gain since the CCD sys-
tems in the study were at least 12 bits. The importance of
bit rate for contrast resolution, which is important in

periodontal findings, is emphasized.43 Also, the use of a
dedicated periodontal filter is reported to increase the
measurement accuracy.43,44 The ease of quantitative anal-
ysis of digital data paves the way for the development of
clinical decision support systems using AI techniques, as
well as image processing applications. Clinical decision
support systems are applications that provide a second
expert opinion in the decisions of clinicians.45

Decision support systems for different purposes can
be developed with various ML techniques.46–48 CNN
models developed with deep learning have the potential
for superior success in image processing.14 In 2022,
Chang et al. developed a multitasking InceptionV3 model
for the radiographic diagnosis of periodontitis. The data
set consisted of 1836 periapical images of patients with
full mouth standardized radiographs, and samples were
evaluated for radiographic bone loss (RBL) and defect
morphology. The last layer of the InceptionV3 model was
replaced by a Global Max Pooling layer, a 1024-node fully
connected layer with the rectified linear (ReLU) activa-
tion function, and the outputs were linked to two parallel
fully connected layers. The RBL classification was per-
formed by two-node, and the defect morphology classifi-
cation was performed by three-node fully connected
layers, both with softmax activation functions. Mean
accuracies of the model were reported to be 0.88 ± 0.03
for the mild and 0.86 ± 0.03 for the severe bone loss
group, with no significant difference in accuracy between
the two groups (p = 0.20).49 Alotaibi et al. developed a
CNN model based on VGG-16 (Visual Geometry Group)
network architecture with the TensorFlow and Keras
libraries in Python. The data set consisted of 1724
intraoral periapical images of upper and lower anterior
teeth. The model was based on 13 convolutional layers
and two dense layers, and trained using 100 epochs and
16 batch sizes, and the outputs were binary (normal,
abnormal) or multi-class (normal, mild, moderate,
severe) categories. The total diagnostic accuracies for the
alveolar bone levels were reported as 73.04% in the binary
classification, and 59.42% in multi-class classification.50

In 2023, Chen et al. developed an ensemble model utiliz-
ing the YOLOv5 and VIA labeling platform, including
VGG-16 and U-Net architecture, to detect tooth position,
tooth shape, periodontal bone level detection, and RBL in
periapical and bitewing radiographs. The accuracy of
RBL detection was reported to be 97.0%, while the overall
accuracy of the model was reported to be approxi-
mately 90%.51

Ezhov et al. developed a web-based AI system for
dental diagnosis using CBCT, which is the same platform
as in this study (DiagnoCat), and evaluated its perfor-
mance for clinical applicability with the participation of
24 dentists. The model architecture consisted of five
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modules. The first two modules were ROI localization
and tooth localization and numeration modules, both
based on the volumetric modification of U-Net architec-
ture. The remaining modules were described as periodon-
titis module, caries localization module, and periapical
lesion localization modules. 1346 CBCT scans were used
to train and 30 CBCT scans were examined by two groups
of dentists, where one group was aided by Diagnocat and
the other was unaided. The sensitivity and specificity of
the developed system for periodontal bone loss were
reported to be 0.9489 and 0.9661, respectively. The sensi-
tivity values were reported to be increased in aided evalu-
ations for periodontal bone loss conditions, with a slight
reduction in specificity when compared to unaided
evaluations.52

Various models have been developed in research on
periodontal findings in panoramic images. Shon et al.
integrated U-Net and YOLOv5 together to develop a
deep-learning model for classifying periodontitis stages
on panoramic radiographs in 2022. In their study,
YOLOv5 is used for tooth detection and numbering,
while the U-Net is used to detect the boundaries to decide
the stage of the periodontal disease. The proposed model
had an accuracy of 0.929, with a recall and precision of
0.807 and 0.724, respectively, on average across all four
stages.53 In 2021, Vigil and Bharathi developed a model
that classifies panoramic images as periodontally healthy
or not. Histogram equalization and median filter are used
in preprocessing to remove noise, and sharpen applied.
Teeth and bony shapes and structures are obtained using
erosion morphology operation, and located by
two-dimensional Otsu (2D Otsu) threshold segmentation.
Performance metrics of the model are reported as an
accuracy of about 91.34%, the sensitivity of 92.8%, and F-
score of 95.47%.15 Researchers also developed another
model to diagnose periodontitis stages of mandibular
area using Adaptive Center Line-Distance Based
approach. The proposed model achieved an accuracy of
92.83%, precision of 97.59%, recall/sensitivity of 95.01%
and F-score/F-measure of 96.28%.16 In 2020, Thanathorn-
wong and Suebnukarn proposed a deep-learning model
to identify periodontally compromised teeth on pano-
ramic radiographs. The faster regional CNN(faster
R-CNN) model is developed using a pretrained ResNet
architecture and a small annotated data set. The average
precision and recall rates are reported to be 0.81 and 0.80.
Sensitivity, specificity, and F-measure are found to be
0.84, 0.88, and 0.81, respectively.17 Chang et al. proposed
a hybrid of deep learning architecture for the classifica-
tion of periodontitis stages on dental panoramic radio-
graphs. The developed system analyzed the radiographic
bone level in whole jaw and detected to calculate the per-
centage rate of the RBL. The intraclass correlation

coefficients for the classifier model and the professor, fel-
low, and resident's diagnoses are reported to be 0.86,
0.84, and 0.82, respectively.18 Bayrakdar et al. developed
a CNN system to detect alveolar bone loss from dental
panoramic radiographs using a pretrained Google Net
Inception v3. The model is trained using transfer learning
with the Tensor Flow with a total of 2276 images. The
sensitivity, specificity, precision, accuracy, and F1 score
for the model are reported to be 0.94, 0.89, 0.89, 0.91, and
0.92, respectively.19 In our study, the performance of the
AI software is evaluated with binary and multiclass
scores. For tooth conditions, the overall F-score, accu-
racy, and Cohen's kappa coefficients were found to be
0.948, 0.977, and 0.933 for the binary, and 0.992, 0.988,
and 0.961 for the multiclass results. For bone loss detec-
tion, the overall F-score, accuracy, and Cohen's kappa
coefficients were 0.985, 0.980, and 0.956, respectively, for
the binary results, and 0.996, 0.993, and 0.974 for the
multiclass results.

Panoramic imaging is not the ideal tool for periodon-
tal evaluation, due to the inherent limitations of the tech-
nique. In cases where the primary purpose of imaging is
periodontal causes, the imaging technique preferred in
our study constitutes a limitation. However, panoramic
imaging is a technique that is used to examine not only
for periodontal reasons but also many other conditions,
and it is a technique where the entire jaw and teeth can
be imaged with a relatively low radiation dose. Once
the image is acquired, it contains information regarding
the periodontal status of the patient. Clinical decision
support systems can provide expert opinion on the pri-
mary justification criteria, as well as be useful in demon-
strating other findings that are not in the main target but
may be overlooked. For this reason, we suggest that a
software, which provides expert opinion in evaluating
periodontal findings on panoramic images can be useful
as a clinical decision support system. Also, image samples
in this study were not obtained using a single imaging
device and fixed imaging parameters. This situation may
be considered as another limitation. On the other hand,
the AI system developed in our study is web-based and
open to online access (https://diagnocat.com). This sce-
nario requires the acceptance of radiographs produced in
various configurations in different clinics. Such flexibility
in model development contributes to potential users'
greater benefits in utilizing the system, independent of
the devices and parameters from which they generate
data in the clinic. Issues such as the reliability of the
radiographic projection of clinical bone loss or the effect
of different devices are beyond the scope of our study.

Panoramic imaging is not the ideal tool for periodon-
tal evaluation, due to the inherent limitations of the tech-
nique. In cases where the primary purpose of imaging is

AMASYA ET AL. 9

 10981098, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/im

a.22973 by K
A

A
N

 O
R

H
A

N
 - E

ge U
niversity , W

iley O
nline L

ibrary on [05/10/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://diagnocat.com


periodontal causes, the imaging technique preferred in
our study constitutes a limitation. However, panoramic
imaging is a technique that is used to examine not only
for periodontal reasons but also many other conditions,
and it is a technique where the entire jaw and teeth can
be imaged with a relatively low radiation dose. Once the
image is acquired, it contains information regarding
the periodontal status of the patient. Clinical decision
support systems can provide expert opinion on the pri-
mary justification criteria, as well as be useful in demon-
strating other findings that are not in the main target but
may be overlooked. For this reason, we suggest that a
software, which provides expert opinion in evaluating
periodontal findings on panoramic images can be useful
as a clinical decision support system. A software provid-
ing expert opinion on periodontal findings in panoramic
images can serve as a clinical decision support system.
This study's images were not acquired using a single
imaging device and fixed parameters, which might be
considered a limitation. However, the flexibility of the AI
system to handle images from various configurations
contributes to its usability. We suggest that data from
assorted sources can be useful in reducing device-
dependent factors, in a web-accessed system, to evaluate
the periodontal bone loss using panoramic images.

5 | CONCLUSION

The evaluated AI software (DiagnoCat) achieved signifi-
cant success compared to ground truth determined by
three clinicians. Clinical decision support systems can aid
in evaluating alternative findings beyond the primary
imaging reason. Using such software can improve service
quality.
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