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Evaluation of Artificial Intelligence for Detecting
Periapical Lesions on Panoramic Radiographs

SUMMARY

Background/Aim: The aim of this study is to evaluate the function
of diagnostic computer software designed for the detection of periapical
lesions on panoramic images with deep learning methods. Material and
Methods: In our study, more than 500 adult retrospective panoramic
radiography images obtained randomly were evaluated, and periapical
lesions were labeled on the radiographs with the ResultLab.Ai labeling
program (ResultLab.Al Istanbul, Turkey). All images have been rechecked
and verified by Oral, Dental and Maxillofacial Radiology experts. The
model used is a U-Net based architecture customized for dental radiographs
and optimized for fast operation. What is meant by customization is the
structures called “Attention Gate” added to the architecture to draw the
model’s attention to the lesions. Results: Mask estimation was made
separately for each image and FI1 and loU scores were calculated by
comparing them with the marked masks. A list was created from the
calculated F1 and IoU scores. The F1 and IoU score of the entire data set
was calculated by taking the average of the values in this list. In loU score
calculation, Keras library’s Mean IoU metric was used to calculate for
2 classes. In the F1 score calculation, the F1 score metric of the SKLearn
library was used to calculate the unweighted average for 2 classes. As a
result, the loU-Score was obtained as 0.8578 and the FI1-Score as 0.8587.
Conclusions: Detection of periapical lesions on panoramic radiographs
with an artificial intelligence approach will help practitioners reach
definitive conclusions even in lesions that are likely to be overlooked. In
addition, success rates for deep learning methods improve as data set size
grows. As the number of images rises, the training models’ success rates will
follow.
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Introduction

Periapical radiolucencies may occur due to
situations such as interruption of blood supply to the pulp
tissue of traumatized teeth, microorganisms affecting
the pulp tissue of decayed teeth, and subsequently
the periapical tissues. Pulp exposure can lead to pulp
necrosis and periradicular pathosis and the progression of
inflammation due to carious pulp exposure and invasion
of microorganisms, microbial products and toxins are

capable of penetrating these barriers to initiate and
establish periradicular pathosis. Periapical radiolucencies
are the most frequent clinical signs of these lesions!.
Periapical lesions cause bone loss when
inflammation and dental pulp infections spread to the root
apex. It can be difficult for clinicians to make a definitive
clinical diagnosis for teeth with lesions at the periapical
region?. On periapical radiographs, periapical lesions are
typically recognized as radiolucencies. Early identification
of the bone lesion may enhance the effectiveness of
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treatment, stop the disease from spreading to nearby
tissues, and lessen any negative effects that may follow?.

An intraoral or extraoral radiographic examination
in the clinic is essential for evaluating common indicators
associated with the diagnosis of periapical lesions.
A precise diagnosis can be made with radiographic
evaluation. In dental clinical practices, panoramic
radiographs are commonly utilized as a standard screening
modality for assessment, diagnosis, and treatment
planning®.

Prior research indicates that a physician’s training
affects the success rate of image reading in the medical
sector; in the dental field, knowledge, experience,
aptitude, and biases all play a role. A misdiagnosis and
subsequent maltreatment could result from irregularities in
the evaluation procedure for periradicular radiolucencies’.

The idea of establishing an automated, reliable, and
repeatable system for dentists to make more confident
diagnoses and to find a common denominator among all
dentists is becoming more and more valuable day by day®.
As these differences in the imaging and interpretation of
periapical pathologies create a need for standardization,
the concepts of deep learning and artificial intelligence
have become more important than ever. Overall,
considering the rapidly growing trend of artificial
intelligence research and dental imaging modalities,
a decision-support system is significantly needed for
clinicians’.

In 1950, the term “artificial intelligence” was first
used. Artificial Intelligence is characterized by specialized
algorithms that use large datasets to simulate cognitive
tasks and human intelligence®. Machine learning, deep
learning, artificial neural networks, and convolutional
neural networks are some of the subfields that fall under
the covering of Al algorithms. Instead of explicitly
programming computers, machine learning tries to
provide them with knowledge derived from data and
observations’.

In order to generate outputs for image
interpretation, these datasets are fed into machine
learning models. Convolutional neural networks, which
make of many deep layers of artificial neurons, are the
building blocks of deep learning. Because convolutional
neural networks can extract several characteristics
from complex filter layers, they are mostly utilized for
processing large and complex images. Deep learning
algorithms have become more popular than machine
learning because they do not require manual inputs from
domain specialists due to their higher biomedical image
processing capabilities and autonomous learning from
examples. Al has had a substantial impact on dental
pathological imaging and dental image diagnostics since
its introduction, despite the fact that its use in dental
practice is still relatively rare'%!!.

To effectively use Al in today’s dentistry, dental
professionals’ knowledge must be updated, especially

when it comes to clinical decision-making®. Thus, the
purpose of this work is to evaluate the performance of
diagnostic computer software that identifies periapical
lesions on panoramic images using deep learning
techniques.

Material and Methods

In our study, more than 500 adult retrospective
panoramic radiography images obtained randomly were
evaluated. and periapical lesions were labeled on the
radiographs with the ResultLab.Ai labeling program
(ResultLab.Ai, Istanbul, Turkey). All images have been
rechecked and verified by Oral, Dental, and Maxillofacial
Radiology experts. The model used is a U-Net-based
architecture customized for dental radiographs and
optimized for fast operation.

Data Preparation

The data preparation phase includes data selection,
conversion of data to appropriate format, and data
splitting before applying deep learning models. The data
sets of our study were created by randomly selecting
panoramic radiographs from the radiology archive of the
university hospital among patients over the age of 18, in
which the presence of a periapical lesion was detected in
the radiography. During data selection, PRs containing
metallic artifacts, position-based distortions were
excluded. After the selected 500 PRs were anonymized,
they were transferred to the Resultlab.ai platform. Data
labeling processes are progressed by using two different
tools on the platform. One of these tools is to enclose the
parameter within a certain frame with 4 points, which we
call bounding box. The other one is the polygon method.
With this method, the parameter limit determined by
unlimited points is created in detail. The polygon method
was used in this study. This enabled the parameter limits
to be transferred to the model in the most accurate and
healthy way.

Selecting Data That Meets the Criteria

File Format Conversion
Converting image Color Space

Artificial Intelligence Model Estimation

Figure 1. Study design
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The images requested to be tested were received in
“JPG” format. Images in this format were converted to
“PNG” format. Images were converted from 3 channel
(RGB) format to 1 channel (GRAY SCALE) format.
Another pre-process is resizing. The larger the images, the
longer the training time it provides. Thus, keeping the aspect
ratio constant, all images were resized to 640x640 pixels in
accordance with the input layer of the developed model.

Deep convolutional neural network architecture

The model used is a U-Net based architecture
consisting of Residual CNN blocks customized for dental
radiographs and optimized for fast operation. The residual
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layer creates a bridge between the input and output layers
of the CNN block. Thus, inputs can propagate to other
layers faster over these bridges.

As shown in Figure 2, the U-Net architecture consists
of a contraction path (left side) and an expansion path
(right side). The expansion path is symmetrical to the
contraction path, providing a “U”-shaped architecture.
While the contraction path extracts features from the
images, the expansion path combines the image features
from the deep parts of the contraction path with the image
details from the shallow parts. At the end of the expansion
path, a mask of the same size as the input image is
obtained.
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Figure 2. U-Net architecture
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Figure 4. Building Value Calculation

What is meant by customization is the structures
called “Attention Gate” added to the architecture to draw
the model’s attention to disease areas.

The purpose of these structures is to draw the
model’s attention to the relevant areas by resetting some
pixel values and giving high values to some pixel values
while combining the images’ features from the deep parts
of the architecture with the details from the shallow parts
of the architecture.

The code block was used when estimating the
model and calculating the F1 and IoU (Intersection over
Union) score. Mask estimation was made separately
for each image and F1 and IoU scores were calculated
by comparing them with the marked masks. A list was
created from the calculated F1 and IoU scores. The F1 and
IoU score of the entire data set was calculated by taking
the average of the values in this list.

F1-Score: This value is the harmonic average of
precision and recall values and tries to find balance
between these two values.

Precision: Also known as the correct estimator, this
value is the ratio of correct positive predictions to total
positive predictions.

Recall: This value, also known as precision, is the
ratio of correct positive predictions to positive positive
values.

IoU Score: It is the ratio of the intersections of the
areas marked in the masks that are accepted as basic

correct and the areas in the prediction masks.

Area(BaseTrue N Prediction)

IoUScore = —
Area(BaseTrue U Prediction)
True Positive
Precision = — —
True Positive + False Positive
True Positive
Recall =

True Positive + False Negative

2 # True Positive

FlScore= — — -
2 # TruePositive + FalsePositive + FalseNegative

Testing was done using Intel Core i7 12700
processor, 32 GB DDRS5 4800 MHz RAM, Nvidia
GeForce RTX 3070Ti hardware and CPU. The sum of

the processing and result processing times for an image is
approximately 7 sec.

U-Net architecture design generates more precise
segmentations while using fewer training photographs.
Adding successive layers to a standard contracting
network and replacing pooling operators with upsampling
operators is the main idea behind this approach. These
layers raise the output resolution as a result. In biological
segmentation applications, the U-Net design works
successfully. The deep learning architecture we used in
this study, like all others, will achieve greater success by
increasing the data sets.

Results

In IoU score calculation, Keras library’s MeanloU
metric was used to calculate for 2 classes. In the Fl
score calculation, the F1-Score metric of the SKLearn
library was used to calculate the unweighted average
for 2 classes. As a result, the IoU-Score was obtained
as 0.8578 and the F1-Score as 0.8587. Considering the
immaturity of the model and the difference between the
training labeling and the test set labeling, the result can be
considered successful.

Discussion

Al has significantly enhanced the analysis of
medical and dental imagery, particularly through the
implementation of deep learning models and CNNs!Z14,
The recent and rapid development of deep learning has
gained considerable attention'?!°, The deep convolutional
neural network (CNN) architecture appears to be the
most frequently utilised deep learning strategy.This is
most likely due to its effective self-learning models and
high computational capacity,which provide superior
classification,detection and quantitative performance based
on image data?®. CNNs have been successfully applied
in dentistry for cephalometric landmark detection,dental
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structure segmentation,tooth classification and apical
lesion detection?-23,

The effectiveness of Al systems for identifying
periapical lesions has been investigated in two earlier
investigations.The efficacy of the deep CNN algorithm to
identify apical lesions on dental panoramic radiographs
was examined by Ekert et al. Despite the limited
datasets, CNNs were still able to detect the lesions2*.
Khan et al. made a study in 2019 to investigate different
U-net architectures’ automated feature detection and
segmentation. With 200 radiographs examined, the
average mloU found 0.466 with U-Net, 0.408 with X-net.
It was found that u-net architecture gives statistically more
successful results than all other algorithms and that its use
in the medical field should be increased.They also stated
the there is a potential for automated analysis of periapical
radiolucencies but needs further research?®.

Orhan et al? contrasted the diagnostic efficacy of a
deep CNN algorithm with volume measures based on CBCT
images on periapical lesions. The volumetric and manual
segmentation measures were comparable, and the CNN
model had a 92.8% identification rate of periapical lesions.

A model was developed by Endres ef al.? utilizing
2902 deidentified panoramic radiographs. Twenty-four
oral and maxillofacial surgeons assessed panoramic
radiographs  for  periapical radiolucencies.  They
demonstrate that the deep learning system outperforms
14 out of 24 oral and maxillofacial surgeons in terms of
success. The accuracy of 0.60 and the F1 score of 0.58,
which translate to a positive predictive value of 0.67 and
a true positive rate of 0.51 respectively, were the success
measures for this model. Using a panoramic radiograph
and the PyTorch U-Net Al architecture, Bayrakdar et al.'*
developed a segmentation model. In the test dataset, it
separated 63 apical lesions on 47 radiographs.There were
twelve apical lesions missing. The Al model was able to
segment lesions even in 5 situations when there were no
apical lesions. At 70% IoU, the sensitivity, accuracy, and
F1-score values were, in that order, 0.92, 0.84, and 0.88.
The outcomes revealed the potential utility of Al deep
learning algorithms in a clinical dentistry environment.

Different architectures have been used in the deep
learning approach with periapical lesions. A deep learning
framework developed with YOLOV3 algorithm using
panoramic images of cysts and periapical granulomas
located in the mandible by Berne et al. in 2023. The
classification network reached a sensitivity of 1.00 (0.63-
1.00), a specificity of 0.95 (0.86-0.99), and a receiver-
operating characteristic curve (AUC) of 0.97 for radicular
cysts. For periapical granulomas, sensitivity was 0.77
(0.46-0.95), specificity was 1.00 (0.93-1.00), and AUC
was 0.88. Average precision for the localization network
was found 0.83 for radicular cysts and 0.74 for periapical
granulomas?’.

Sadr et al. made a systematic review about detection
of periapical radiolucent lesions in 2022, showing the

algorithm performance in semantic segmentation varies
widely with the image data set complexity and size. A
moderately radiolucent image, relatively small lesion
size, and poorly defined margins can lead to suboptimal
detection and segmentation. The filters used for data
augmentation are a further significant aspect. In contrast
to adjustments to brightness, contrast, and image quality,
noise reduction has the potential to greatly enhance the
models’ performance. As a result, the training dataset can
always include a variety of filters and representative data
augmentations, which could lead to varying performance
accuracy levels. Studies that compare neural network
models to physician interpretation run the risk of
introducing “human errors.” However, this is a problem
that appears in every study on the performance of Al
Validated reference standards, such as vitality tests and
histopathological examination for all imaging modalities,
CBCT usage for definitive conclusion and crosscheck
other imaging techniques should be utilized to increase the
reliability of results2.

With the studies carried out on this subject over
the years, the increase in the competence and usefulness
of deep learning algorithms can be clearly observed.
Determining the efficacy of a deep-learning tool assisting
dentists, Hamdan et al made a study focusing on detecting
apical radiolucencies on periapical radiographs. Dentists
were given the data read the radiographs with or without
deep learning algorithm help. With the aid of Al,
sensitivity for dedecting small lesions increased by %14.5
and by %15 in endodontically treated teeth. Overall %8.6
clinically relevant improvement was found. The study
revealed that the deep learning algorithms enhances dental
professionals’ abilities to detect apical radiolucencies on
intraoral radiographs?®.

Conclusions

Detection of periapical lesions on panoramic
radiographs with an artificial intelligence approach will
help practitioners reach definitive conclusions even in
lesions that are likely to be overlooked. In addition,
success rates for deep learning methods improve as data
set size grows. As the number of images rises, the training
models’ success rates will follow.
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