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Abstract

Radiographic determination of the bone level is useful in the diagnosis and determination of the severity of the periodon-
tal disease. Various two- and three-dimensional imaging modalities offer choices for imaging pathologic processes that
affect the periodontium. In recent years, innovative computer techniques, especially artificial intelligence (Al), have begun
to be used in many areas of dentistry and are helping increase treatment and diagnostic performance. This study was
aimed at developing a machine-learning (ML) model and assessing the extent to which it was capable of classifying peri-
odontal defects on 2D periapical images. Eighty-seven periapical images were examined as part of this research. The exis-
tence or absence of periodontal defects in the aforementioned images were evaluated by a human observer. The
evaluations were subsequently repeated using a radiomics platform. A comparison was made of all data acquired through
human observation and ML techniques by SVM analysis. According to the study findings the ability of human observers
and the ML model to detect periodontal defects was significantly different in comparison to the gold standard. However,
ML and human observers performed similarly for the detection of periodontal defects without a significant difference.
This study reveals that the prediction of periodontal defects can be achieved by combining particular radiomic features
with image variables. The proposed machine leaning model can be utilized for supporting clinical practitioners and even-
tually substitute evaluations conducted by human observers while enhancing future levels of performance.
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In standard radiographs, the diagnostic information
provided by periapical and bitewing projections is the
most valuable when evaluating periodontal disease.
Along with the technological developments, there has
been a tendency toward digital techniques instead of
conventional imaging systems in dento-maxillofacial

Introduction

Some of the chronic diseases that most frequently
impact adults in numerous countries are periodontal
diseases.'* Detection of periodontal disease at an early
stage is very important in terms of preventing tooth
loss and thus protecting the general health of the
patient.’ The diagnosis of periodontitis can be made by

clinical and radiographic examinations together. In
addition to detailed clinical examination, radiographic
determination of the bone level is useful in the diagno-
sis and determination of the severity of the disease.
Radiography is a highly beneficial instrument that can
be used for assessing periodontal osseous structures.
Various two- and three-dimensional imaging modalities
offer choices for imaging pathologic processes that
affect the periodontium.
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radiology, as in the whole medical community. Charged
coupling devices (CCD), complementary metal oxide
semiconductor (CMOS) sensors, and phosphor plates
(PSP) are used in digital imaging.*

Digital subtraction radiography (DSR) is a tech-
nique employed for detecting minimal alterations in the
dentoalveolar structure by eliminating any structural
deterioration in the radiograph and providing the quali-
tative and quantitative detection of these changes.” ® As
it is highly sensitive and precise, DSR is utilized in mul-
tiple fields including for diagnosing and following-up
on the loss of alveolar bone observed in periodontal dis-
eases as well as the evaluation of treatment outcomes.™’
However, these two-dimensional radiographs provide
no indication of the internal morphology or depth of
crater-like defects. Additionally, they offer no informa-
tion on the degree of involvement on the lingual and
facial surfaces.

When compared to periapical radiographs, cone
beam computed tomography (CBCT) was able to
depict the buccal and lingual/palatal surfaces and
allowed the morphology of the periodontal defect to be
visualized more effectively.'” Furthermore, when asses-
sing the bone loss due to periodontal disease, CBCT
outperformed digital radiographs in detecting furcation
defects, three-wall defects, fenestrations, and dehis-
cence.'! However, CBCT imaging is a higher-dose pro-
cedure relative to periapical and bitewing radiography
and is also more expensive. Therefore, it is suggested
that CBCT imaging not be utilized for routinely asses-
sing bone loss due to periodontal disease and should
only be considered in selected cases where 2D informa-
tion is insufficient for diagnostic or treatment planning
needs.

In recent years, innovative computer techniques,
especially artificial intelligence (AI), have begun to be
used in many areas of dentistry and are helping increase
treatment and diagnostic demands.'? !> The concept of
“artificial intelligence” denotes the ability of machines
to perform tasks normally completed by humans.'®
Different techniques are used in Al like machine learn-
ing and deep learning algorithm. Machine learning is
one of the Al subfields that involves detecting of pat-
terns in extant data by algorithms, which then engage
in self-training to generate predictions based on new
information.!”'® On the other hand, deep learning can
perform all machine learning applications, offers func-
tionality with increased complexity, facilitates enhanced
decision-making, and is capable of processing massive
datasets.'” Using such algorithms offers multiple bene-
fits including cost-efficiency, time-saving, reduced
requirement for human knowledge, and less medical
mistakes.'?

In ML, which is one of the AI subdomains, a
machine learns how to complete a given task by mathe-
matically analyzing available datasets instead of being
explicitly programed with specific instructions.”® >
Medical imaging has benefitted from developments in
machine learning technology to create an image

analysis approach driven by data and based on models
with reduced bias from heuristic assumptions about
how objects appear within images.”® There are various
studies in the literature focused on mathematical mod-
els grounded on Al methods that provide support for
specific diagnoses.?*2°

ML classifiers are algorithm classification techniques
widely used in machine learning. K-nearest neighbors
(KNN) classification algorithm is one of the most used
non-parametric classification methods to determine a
sample’s classification label based on neighboring sam-
ples®’; support vector machine (SVM) is a computer
algorithm that learns by pattern to assign labels to
objects®® while LR is similar to that of linear regression
which a classification algorithm that works by deter-
mining the similarity of the observed sample with the
sample in the model. Decision tree (DT) algorithm is
similar to a tree, with branching nodes and leaves which
has a specific threshold for classification. In the RF
method, DTs with slight differences are combined to
form a structure like a forest. By doing so, instead of a
result of a single tree, the final decision is achieved by
the voting of each tree. Finally, XGBoost is essentially
a decision tree with implementation of gradient boost-
ing framework, and can be used for regression, classifi-
cation, and ranking tasks.*®

“Radiomics” refers to the high-throughput extrac-
tion of large numbers of imaging features, thus con-
verting medical images into mineable high-dimensional
data; the subsequent quantitative analysis of these data
can support decision-making.?>**-° It aims to predict
patient-specific outcomes based on high-throughput
analysis and mining of advanced imaging biomarkers
by machine learning algorithms. Radiomics is a devel-
oping area aimed at constructing pertinent statistical
models from a significant amount of high-dimensional
mineable features taken from medical imaging data
(potentially in combination with genomic or clinical
data) to facilitate the process of diagnosing disease,
prognosis, and monitoring treatment. The radiomics
workflow essentially consists of imaging, the region of
interest (ROI) or volume of interest (VOI) segmenta-
tion, extraction of features, followed by analysis; subse-
quently, using the chosen features, a statistical model is
developed on the basis of machine learning algorithms,
which require tuning based on the biological or clinical
questions and any a priori knowledge.*>* !

The detecting periodontal defects especially in 3D
nature is challenging and plain radiographs are not the
preferred method for detecting the alveolar bone
defects, implementing radiomics features might be a
solution to overcome the inherent limitations of visual
evaluation with conventional radiographic techniques.
Besides, machine learning has been infrequently applied
in the field of dental imaging, with studies only focused
on radiomic features, particularly for diagnosing peri-
odontal defects.

Therefore, this study was aimed at developing a
machine-learning model and assessing the extent to
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Figure |. Figure showing the periodontal defects on dry mandibles.

which it is capable of classifying periodontal defects on
2D periapical images.

Materials and methods

The study material consisted of eight dry human mand-
ibles with premolar and molar teeth. The mandibles
were fixed on specially prepared devices using impres-
sion material (Heracus Kulzer, LLC, 300 Heracus Way
South Bend, USA), while 2mm pink wax and 1mm
cold acrylic were placed on them as soft tissue equiva-
lents. Attention was paid to the absence of buccal and
lingual bone defects in the tooth groups included in the
study. The creation of artificial periodontal defects on
the molar and premolar teeth of dry skulls was per-
formed individually through the wuse of burs.
Preparation of the defects was then conducted by a per-
iodontal consultant through the use of a high-speed
device with hand and angle pieces as well as rounded
burs with high volume air/water spray at specific
regions chosen on a random basis. The defects were
noted to be utilized as the gold standard for radio-
graphic evaluation.

The mandibles were scanned before and after period-
ontal defects. The first scan was made without defects.
Twenty-nine regions were imaged without defects.
Subsequently, 2mm deep defects were created on the
alveolar bone walls on the lingual or buccal surfaces of
the molars and premolars in each jaw using 1 mm dia-
meter diamond burs (DIATECH, Colténe/Whaledent
AG, Switzerland). The buccal defects were created in
29 regions and lingual defects were also created in 29
regions, meaning a total of 58 regions were prepared
with defects. After creating the 2mm defects, digital
radiographies were taken again. Following this, the
depths of the periodontal defects were increased to
4mm and the same imaging procedures were repeated.
In total, 106 buccal and lingual defects images and 29
defect-free images were obtained for further analysis
(Figure 1).

Digital intraoral imaging

The mandibles were scanned before and after periodon-
tal defects. The researchers acquired intraoral radio-
graphs utilizing a Sorodex Digora Optime UV

(Sorodex Medical Systems, Helsinki, Finland).
Periapical radiographs were acquired using a parallel
approach utilizing film holder equipment to ensure
standardization. A phosphor plate system functioning
with an exposure time of 70kVp (0.16) was used. Two
intraoral radiographs of each defect were taken digi-
tally for the purpose of comparing the quality of the
diagnosis and to contribute to our machine learning
model.

For the radiographic assessment, a separate evalua-
tion of the individual image set was performed by a sin-
gle periodontologist (FK-Observer) with 15years of
experience in the field. Calibration of the observers was
performed with a PowerPoint presentation consisting
of sample defects (MEK) on periapical radiography
images for diagnosing periodontal defects.

The non-compressed file format (tagged image file
format, TIFF) was used for saving each of the digital
intraoral images. DICOM-Viewing software specifically
designed for this task was used to display the digital
intraoral images (MicroDicom, Sofia, Bulgaria). The
optimization of the observation environment was
achieved using the identical computer monitor when
displaying the images. It was ensured that the observer
viewed the monitor at a constant distance of 50 cm, and
lighting remained dimmed while the examinations were
being conducted. The observer was instructed to deter-
mine whether defects were present or not present, in
addition to the kind of defects if they existed (Figure 2).
The observer was not provided any information on the
presence of defects or their exposure characteristics.
When conducting the diagnosis, defects were ultimately
classified as being present, missing, or it was not possi-
ble to detect any.

Patients and dataset

Data management. Radiomics is a developing area that
involves the conversion of imaging data into a high-
dimensional feature that is capable of being mined
through the use of a large volume of automatically
extracted data-characterization algorithms. Therefore,
in this study, a Radiomics platform (Huiying Medical
Technology Co., Ltd, China, http://en.huiyihuiying.
com/) was utilized for the purpose of managing the
imaging and clinical data, and subsequently to conduct
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Figure 2. The periapical images with and without periodontal
defects together with the selection of VOls.

radiomics analysis of the statistical features https://
www.huiyihuiying.com/en/index.html. Such radiomics
platforms can potentially reveal specific imaging algo-
rithms that can be utilized in the quantification of dis-
ease status, thus offering beneficial data to create
personalized treatment. Furthermore, they are capable
of measuring features in an imaging examination
including intensity, shape, texture, wavelet, log-linear
regression (LOG) features, among others, which
enables prognostic or predictive non-invasive or ima-
ging modalities to be built.** It is possible to use the
platform for extraction Radiomics features from 2D
and 3D images as well as binary masks on various ima-
ging modalities. In this study, the overall number of
periodontal defects included consisted of 58 in total. A
random method was applied to separate the training
and test datasets based on a 2:8 ratio, and there were
704 random seeds.

Image segmentation

Two senior radiologists with 10 and 5years of experi-
ence reviewed all the images, and a radiologist who did
not have access to the patients’ clinical data manually
delineated each of the disease lesions (VOI), and the
senior radiologist reviewed ecach of the contours. If the
discrepancy was = 5%, the senior radiologist decided
on the periodontal defect. Ultimately, 276 VOIs were
segmented from 87 periapical images, which were
employed in the subject analysis (Figure 2).

Feature extraction

Instead of developing a specific software tool for fea-
ture extraction, the image features are extracted using
the web-based user interface provided by the Radiomics
platform. These radiomic features were under the first-
order, shape, and texture classifications. In particular,
the texture features containing gray level co-occurrence
matrix (GLCM), gray level run length matrix

(GLRLM), and gray level size zone matrix (GLSZM)
were used. Meanwhile, intensity and texture features
can be calculated on the original image and derived
images, obtained by applying several filters such expo-
nential, logarithm, square, square root, and wavelet
(wavelet-LHL, wavelet-L, wavelet-HLL, wavelet-LLH,
wavelet-HLH, wavelet- HHH, wavelet-HHL, wavelet-
LLL). Features comply with definitions as defined by
the Imaging Biomarker Standardization Initiative
(IBSI).*>* To reduce the dimensionality of features, var-
iance threshold methods were used to gradually select the
optimal features. A variance threshold was also applied
(variance threshold = 0.8) to reduce the features.

The Radiomics platform was used to extract 1409
quantitative imaging features in total, which were
assigned to three separate groups: Group 1 (first-order
statistics) comprised 126 descriptors which quantita-
tively delineated the voxel intensity distribution in the
image via simple and frequently utilized metrics. Group
2 (shape- and size-based features) included 14 3D fea-
tures that denoted the region’s size and shape. Group 3
contained 525 textual features that could quantify the
regional heterogeneity, the calculation of which was
made based on the gray level run length and co-
occurrence texture matrices (texture features) (Table 1).

Feature qualification

Measurements were made of a significant amount of
image features. Dimension reduction was conducted
and task-specific features were chosen for the purpose
of identifying which features were suitable. To lessen
feature redundancy, methods applied when selecting
features comprised variance threshold (variance thresh-
old = 0.8), SelectKBest, as well as the least absolute
shrinkage and selection operator (LASSO), which were
employed for detecting whether significant differences
existed between the low- and high-risk groups.
Eigenvalues whose variance < 0.8 were excluded. The
SelectK Best method was implemented with a p-value
for the purpose of analyzing the correlation between
the features and classification outcomes. Every feature
that had p-values < 0.05 was utilized. The LASSO
model’s cost function was the L1 regularizer, the cross-
validation error value was set at 5, while the maximum
iteration number was 1000.

Machine learning analysis

Computer-generated random numbers were used to
assign 80% of the VOIs to the training data set and
20% of VOIs to the test data set. Based on the selected
features, there are several supervised learning classifiers
available for classification analysis, which creates mod-
els that attempt to separate or predict the data with
respect to an outcome or phenotype (for instance,
patient outcome or response). In this study, the
radiomics-based models were constructed with six clas-
sifiers, k-nearest neighbor (KNN), support vector
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Table |. Radiomic features selected for quantifying the heterogeneity differences.

Radiomic group Associated filter ~ No. of features

Radiomic features

First-order statistics None 126

Energy, total energy, entropy, minimum, 10 percentile, 90 percentile,

maximum, mean, median, interquartile range, range, mean absolute
deviation, robust mean absolute deviation, root mean square,
standard deviation, skewness, kurtosis, variance

Shape None 14

Volume, surface area, surface volume ratio, spherical disproportion,

maximum 3D diameter, maximum 2D diameter column, maximum
2D diameter row, elongation

Texture features GLCM 525

Autocorrelation, average intensity, cluster prominence, cluster

shade, cluster tendency, contrast, difference average, difference
entropy, difference variance, dissimilarity, entropy, sum average, sum
entropy, sum variance, sum squares

Texture features GLSZM

Large area emphasis, gray level non uniformity, size zone non

uniformity, gray level variance, zone entropy, high gray level zone
emphasis, small area high gray level emphasis, large area high gray
level emphasis

Texture features GLRLM

Gray level non uniformity, run length non uniformity, gray level

variance, run entropy, high gray level run emphasis, short run high
gray level emphasis, long run high level emphasis

machine (SVM), eXtreme Gradient Boosting
(XGBoost), random forest (RF), logistic regression
(LR) and decision tree(DT), and the test method was
used to improve the effectiveness of the model.
Furthermore, the best learning classifier will be selected
for testing the periodontal defects.

Statistical analysis

The Radcloud platform was used in performing the sta-
tistical analysis of the data. From all the VOIs, 80%
were assigned to the training dataset and 20% to the
validation dataset according to random numbers gener-
ated via computer. The model was built using sic differ-
ent classifiers, namely logistic regression (LR), random
forest (RF), decision tree (DT), k-nearest neighbors
(KNN), XGBoost, and support vector machine (SVM),
which enabled the prediction of periodontal defects.
Model performance evaluations considered specificity,
sensitivity as well as receiver operating characteristic
(ROC) curves. The point where the specificity plus sen-
sitivity reached a maximum denoted the optimal cut-
off value. Both the area under the curve (AUC) and
accuracy of predictions were determined for the train-
ing and validation datasets. Subsequently, the classifier
performance was evaluated using four separate indica-
tors, namely P (precision = true positives/(true posi-
tives + false positives)), R (recall = true positives/(true
positives + false negatives)), Fl-score (FI-
score = PX RX2/(P + R)), support (total number in
test set) was used for evaluating classifier performance.

P = Precision = True Positives/False Positives

R = Recall = True Positives/
(True Positives + False Negatives)

F1Score = (PXRX2)/(P + R)

Furthermore, the best learning classifiers were selected
for comparison of the observer and machine learning
models of periodontal defects evaluations. Calculation
of the Kappa coefficients was performed to ascertain
the intra- and inter-observer agreements. Kappa values
were categorized as: k < 0.00, no agreement; k = 0.00—
0.20, poor agreement; « = 0.21-0.40, fair agreement;
k = 0.41-0.60, moderate agreement; k = 0.61-0.80,
good agreement; and « = 0.81-1.00, very good agree-
ment** between ML models and human observer eva-
luations. Calculation of the Kappa values was
performed on the basis of these two categories.

The Mann-Whitney U test was utilized to test for
statistical differences among the models’ predictive
radiomic features. Moreover, differences in clinical fea-
tures among groups with respect to outcome para-
meters were tested using the univariate Fishers’ exact
test. IBM SPSS Statistics 21.0 (IBM Corp. Released
2012. IBM SPSS Statistics for Windows, Version 21.0.
Armonk, NY: IBM Corp) was used. If the p-value was
less than 0.05, it was considered to be significant.

Results

From the total of 1409 total features, 411 features were
selected utilizing the variance threshold technique
(Figure 3), and the SelectKBest method was used to
determine 10 features (Figure 4). Lastly, the Lasso
algorithm was used, which defined four features that
were optimal (Figure 5). The selected radiomic features
were grouped into three, namely; Group 1 (first-order
statistics) consisted of four descriptors that quantita-
tively delineate the distribution of voxel intensities
within the image through commonly used and basic
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Figure 4. Select K-best method was used to further select the radiomics features; 10 features were selected.

metrics. Group 2 (shape- and size-based features) con-
tained 8 two and three-dimensional features that reflect
the shape and size of the region. Calculated from gray-
level run-length and gray level co-occurrence texture
matrices, 12 textural features that can quantify region
heterogeneity differences.

Following an mRMR algorithm was applied. After
this algorithm four features remained and were sub-
jected to further selection by the LASSO algorithm.*
Figure 6 depicts the confusion matrix after selecting
radiomic features in the cohorts of groups, it was
observed that these features had initially significant
prognostic performance (CI > 0.5) to differentiate per-
iodontal defect exist or not (group 0-1). These four
radiomic features were chosen for the purpose of

identifying periodontal defects, namely, wavelet-
HLH_glszm_ZoneVariance; original ngtdm_Busyness;
logarythm_ngtdm_Busyness; wavelet-LHH_firstorder_
Skewness.

Tables 2 and 3 shows the AUC sensitivity and speci-
ficity of six classifiers in training and test set for period-
ontal defect detection in the SWM classifier were
determined to be optimal method in training and test
tests in terms of diagnostic accuracy according to the
four indicators (Figure 7). Tables 4 and 5 summaries
the four indicators (precision, recall, F1-score, support)
for six classifiers for detecting of periodontal defect.

Table 6 presents the kappa values for both observer
and ML methods to detect periodontal defects utilizing
the optimal MLP learning classifier (SWM). Compared
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Figure 6. Depicts the confusion matrix after selecting radiomic
features in the cohorts of groups.

with the gold standard, the ability of both human
observers and the ML to detect periodontal defects was
significantly different (»p < 0.05). However, ML and
Human observers exhibited similar performance in
detecting periodontal defects with no significant differ-
ences (p > 0.05).

Discussion

In periodontics, a suitable treatment plan can only be
determined for a patient if they are correctly diagnosed,
thus ensuring that their health can be restored. While
the knowledge of the specialist has particular impor-
tance for diagnosing the condition and subsequent
treatment, they can be exposed to significant risk of
error based on multiple factors.'> When diagnosing
periodontal diseases, in addition to important findings
such as bleeding, tooth hypermobility, and gingival fea-
tures on probing used in clinical examination, it is also
important to detect existing bone levels, bone loss, and
intraosseous defects with dental radiographs.*¢

Each radiographic method has its advantages and
disadvantages, and clinical findings and the benefit to
the patient are important in the selection of the tech-
nique to be used. In the review published by Kumar
et al. in 2014, it was reported that intraoral radiogra-
phy is superior to panoramic radiographs in detecting
bone defects. Although CBCT is considered a useful
complement, it has been stated that radiation dose and
clinical benefit should be taken into account.’” Existing
evidence reinforces the assertion that 2D full-mouth
radiographic series be used in conjunction with clinical
probing parameters as the benchmark approach for
comprehensively evaluating periodontal structures.

2D radiographs provide the greatest amount of diag-
nostic details and are frequently employed for evaluat-
ing periodontal conditions. However, the internal
morphology, depth of crater-like defects, or the extent
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Table 2. ROC results with KNN, SVM, XGBoost, RF, LR, and DT classifiers on the training set.

Classifiers Category AUC 95% ClI Sensitivity Specificity
KNN 0 0.922 0.82-1.00 0.81 |

I 0.922 0.82-1.00 1.00 0.8l
SVM 0 | 1.00-1.00 1.00 |

I | 1.00-1.00 1.00 |
XGBoost 0 0.938 0.85-1.00 0.88 |

I 0.938 0.85-1.00 1.00 0.88
RF 0 | 1.00-1.00 1.00 |

I | 1.00-1.00 1.00 |
LR 0 0.938 0.85-1.00 0.88 |

I 0.938 0.85-1.00 1.00 0.88
DT 0 | 1.00-1.00 1.00 |

I | 1.00-1.00 1.00 |
Category |: periodontal defect is exist; category 0: no periodontal defect.
Table 3. ROC results with six classifiers on the test set.
Classifiers Category AUC 95% ClI Sensitivity Specificity
KNN 0 0.25 —0.01-0.51 0.50 0

| 0.25 —0.01-0.51 0.00 0.5
SVM 0 0.75 0.75-0.75 0.00 |

| 0.75 0.75-0.75 1.00 0
XGBoost 0 0.375 0.38-0.38 1.00 0

| 0.375 0.38-0.38 0.00 |
RF 0 0.25 0.25-0.25 1.00 0

| 0.25 0.25-0.25 0.00 |
LR 0 0.25 0.25-0.25 1.00 0

| 0.25 0.25-0.25 0.00 |
DT 0 0.5 0.50-0.50 1.00 0

| 0.5 0.50-0.50 0.00 |

Category |: periodontal defect is exist; category 0: no periodontal defect.

of involvement on the facial and lingual surfaces are
not revealed by 2D radiographs. Due to its high sensi-
tivity, DSR is used to detect minimal changes in the
dento-alveolar structure but requires a series of radio-
graphic images, which means more radiation doses. In
addition to being versatile images that can support the
diagnosis of periodontal defects, 2D radiographs can
be used to gather information to create artificial intelli-
gence based on computer vision through various pro-
cesses such as ML. Automatic detection of periodontal
defects can save time and reduce human errors caused
by fatigue and workload.

There has been increased usage of deep learning in
computer vision for analyzing medical images in recent
decades. In particular, the compatibility of AI with
image processing has highlighted the studies on radiol-
ogy. Diagnosis of caries, the numbering of teeth, detec-
tion of periodontal diseases, determination of
anatomical structures, examination of cephalometric
analysis, and diagnosis of some diseases such as osteo-
porosis, which manifests in the jaws, are among the
current topics studied.®® In these studies, analysis was
conducted on a broad range of radiographic images

including periapical, panoramic, bitewing cephalo-
metric, CT, and CBCT. To the best of the authors’
knowledge, no previous studies in the literature have
focused on determining periodontal defects such as
dehiscence, fenestration, or early furcation defects, and
therefore, this represents the first attempt to study this
topic.

In this research, the machine learning model
was used to detect periodontal defects from periapical
radiographic images. The study findings indicated
that success close to the gold standard was achieved
in detecting periodontal defects through artificial
intelligence. Bone defects on periapical radiographs
could be detected directly by reducing possible errors
and eliminating doctor-related conditions with Al
Our study outcomes are analogous to those of other
researchers who evaluated periodontal bone loss with
artificial intelligence applications using panoramic
radiographs and Al gives similar or superior results
to dentists.

Different machine learning strategies, such as k-
nearest neighbors, support vector machines, or random
forest decision trees, can be applied to construct the
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Figure 7. ROC curves of machine learning methods for classification. Green indicates non-defect red indicates defects. (a) ROC

curve of the training dataset, (b) ROC curve of the test dataset.

mapping of a given training set and a given set of fea-
tures. During training, the parameters that define the
mapping whose representation depends on the chosen
learning strategy, are iteratively refined such that esti-
mation performance is maximized on the training set
itself, together with this evaluation the difference
between the given ground truth for each image and in
the training set can be evaluated.** Support vector
machine (SVM) is a computer algorithm that learns by

pattern to assign labels to objects and needs long train-
ing time for large datasets.®*** SVM algorithms set up
an imaginary high-dimensional space and place the
samples in the appropriate locations according to their
features.

Several previous studies indicated the use of Al for
periodontal pathology diagnosis. Chang et al.*!
designed an automated technique to stage periodontitis
on panoramic dental X-rays through the use of the
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Table 4. The results of four indicators — precision, recall, Fl-score, support on the training set.

Indicators KNN SVM XGBoost RF LR DT

0 Precision 1.00 1.00 1.00 1.00 1.00 0.00
Recall 0.81 1.00 0.88 1.00 0.88 0.00
Fl-score 0.90 1.00 0.93 1.00 0.93 0.00
Support 6 16 16 16 6 6

| Precision 0.40 1.00 0.50 1.00 0.50 0.00
Recall 1.00 1.00 1.00 1.00 1.00 0.00
Fl-score 0.57 1.00 0.67 1.00 0.67 0.00
Support 2 2 2 2 2 2

Category |: periodontal defect is exist; category 0: no periodontal defect.

Table 5. The results of four indicators — precision, recall, Fl-score, support in testset.
Indicators KNN SVM XGBoost RF LR DT

0 Precision 0.67 0.80 0.80 0.80 0.80 0.00
Recall 0.50 1.00 1.00 1.00 1.00 0.00
Fl-score 0.57 0.89 0.89 0.89 0.89 0.00
Support 4 4 4 4 4 4

| Precision 0.00 0.20 0.00 0.00 0.00 0.00
Recall 0.00 1.00 0.00 0.00 0.00 0.00
Fl-score 0.00 0.33 0.00 0.00 0.00 0.00
Support I | | | I I

Category |: periodontal defect is exist; category 0: no periodontal defect.

Table 6. The kappa values for the observer and ML methods to detect periodontal defects using the best MLP learning classifier

(SWM).

Kappa p Sensitivity PPV Specificity NPV
Gold standard — first reading* 0.752 0.0001 85 98.1 96.3 743
Gold standard — second reading™ 0.692 0.0001 783 100 100 67.5
Gold standard — ML* 0.709 0.0001 80 96 92.6 67.6
ML — first reading 0.716 0.0001 90 86.5 8l.1 85.7
ML — second reading 0.651 0.0001 82 87.2 83.8 77.5
First reading — second reading 0.883 0.0001 90.4 100 100 87.5

ML: machine learning; NPV: negative predictive value; PPV: positive predictive value.

Statistical significance p < 0.05.

*Indicated without significant difference among one reading — second reading and ML detection for periodontal defects.

deep learning hybrid technique. In this study, in which
deep learning was used for the detection of radio-
graphic bone level (or CEJ level) as a basic structure
for the whole jaw on panoramic X-rays, it was found
that this approach was highly accurate and reliable for
automatically diagnosing bone loss due to periodontal
disease as well as staging the disease. The authors sug-
gested that the developed method could help dentists
with the diagnosis as well as the systematic and precise
monitoring of periodontitis on panoramic X-rays, diag-
nose, and systematically and precisely monitor period-
ontitis on panoramic radiographs; thus, it could
provide a significant improvement in dentists’ ability to
diagnose and treat periodontitis.

Kim et al.** proposed a deep learning-based method
called DeNTNet to develop an automated diagnostic
support system detecting bone loss due to periodontitis
capable of panoramic dental X-rays. It has been sug-
gested that a superior PBL detection performance can
be obtained with the model proposed in the study than
that of dentists.

Similarly, Krois et al.*® applied deep convolutional
neural networks (CNNGs) for the detection of periodontal
bone loss (PBL) on panoramic dental X-rays. It was
reported that after being trained on a small number of
radiographic image segments, a CNN showed a largely
similar performance compared with dentists in terms of
the assessment of PBL on panoramic X-rays. In line with
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previous studies, high levels of accuracy and sensitivity
were recorded in our research. However, the ability to
compare with other studies is limited due to the different
methods used as Krois et al.* used deep learning CNN,
whereas our method is based on machine learning.

In this study, the highest AUC has been achieved
with MLP classifier (SWM) machine learning method
than the other learning classifiersfor periodontal defect
detection in the SWM, the classifiers were determined
to be optimal methods in training and test tests in
terms of diagnostic accuracy according to the indica-
tors. Furthermore, three radiomic features were chosen
for the purpose of identifying periodontal defects,
namely, wavelet-HLH_glszm_ZoneVariance; original_
ngtdm_Busyness; logarythm_ngtdm_Busyness; wave-
let-LHH_firstorder Skewness.

Our study had certain limitations. The primary lim-
itation of our study is that a relatively small data set
was used. Even though the volume of training data
used in our study for deep learning was comparatively
limited, the level of performance achieved in detecting
periodontal defects was still high. Although 2D radio-
graphs have relatively low radiation doses, provide
good diagnostic data, and are frequently utilized for
evaluating periodontal disease, they have limitations in
detecting alveolar bone defects. As it is highly sensitive
and precise, DSR is used for diagnosing and following-
up on the loss of alveolar bone caused by periodontal
disease as well as evaluating treatment outcomes.
However, DSR requires serial radiographic images of
the anatomical structure of interest. This causes
patients to be exposed to more radiation. Detection of
periodontal defects with artificial intelligence eliminates
this handicap and allows the defect to be determined
with a single periapical radiograph.

Another limitation of our study radiographic images
obtained from defects prepared in dry human mand-
ibles under standard conditions were evaluated.
Considering the necessity for data standardization in
the dentistry field, as well as the importance of standar-
dization of data set structure, this is the superiority of
our study. Additionally, in this study, supervised
machine learning classifiers was performed using a pre-
labeled periapical radiographic dataset. We have also
shown that the results have diagnostic and predictive
accuracy similar to those obtained by an experienced
periodontist. The future research should also be done
in CBCT images in 3D nature to figure out how this Al
ML modeling can be beneficial in terms of CBCT
imaging.

Conclusions

In this research, a machine learning model involving
SVM analysis of digital dental images capable of classi-
fying periodontal defects has been proposed.
Additionally, this study has shown that combining par-
ticular radiomic features with image variables can

enable the prediction of periodontal defects. The pro-
posed Al system can be utilized in the support of clini-
cal practitioners and ultimately replace evaluation by
human observers and improve future performance.
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