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Abstract: Root canal curvature and calcification present challenges during root canal treatment, increasing the risk of procedural
mishaps. These factors can jeopardize the management of intra-radicular infection leading to unfavourable treatment outcomes. The
present research introduces an innovative approach that utilizes artificial intelligence (Al) to enhance endodontic treatments. The study
focuses on the development of a hybrid ensemble classifier, which combines multiple classification algorithms. By harnessing the
strengths of these algorithms, the hybrid ensemble classifier improves the accuracy and robustness of classifying various endodontic
challenges. The research also incorporates image segmentation techniques to isolate specific regions of interest, including teeth and roots,
for further analysis. The segmentation process involves contrast enhancement, adaptive thresholding, contour detection and root
segmentation. Through experimentation, the proposed approach demonstrates notable improvements in precision, recall, F1-score,
accuracy and overall performance, ultimately refining endodontic treatments. The findings of this research contribute insights and
advancements to treatment planning and decision-making processes in the field of endodontics, providing promising avenues for
improving the management of endodontic treatments and achieving better treatment outcomes.
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1. Introduction the treatment of dental caries. However, diagnostic
approaches for detecting caries have made limited
progress due to the complexity of tooth anatomy and
detecting and treating still pose significant challenges.
Early-stage disease can be challenging to diagnose,
particularly when deep crevices, tightly adjacent inter-
dental contacts or secondary lesions are present.
Treatment options for dental caries typically include
fluoride treatments, tooth fillings, root canal therapy or
tooth extraction, with root canal therapy being the most
effective and restorative treatment option [4]. Despite the
advancements in treatment approaches, improving the
diagnostic capabilities for caries detection remains a
significant area of focus.

Dental caries also known as tooth decay or cavities,
remains a prevalent issue affecting a significant portion
of the global population [1]. Approximately 36% of
individuals worldwide suffer from dental caries in their
permanent teeth [2]. This condition arises due to the
demineralization of inorganic substances and the
degradation of organic substances within dental tissues,
primarily caused by a combination of bacteria and
dietary factors [3]. Bacterial activity in the mouth,
particularly the production of lactic acid from sucrose,
leads to the breakdown of the tooth surface, resulting in
severe dental disease. Studies have shown that
individuals who face social or economic disadvantages,
have limited education or literacy or have disabilities, are
more susceptible to developing dental caries. Tooth loss
caused by oral diseases is associated not only with tooth
decay but also with potentially harmful dietary changes.

Over the years, various preservation and restoration
procedures have been successfully employed to enhance
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Fig. 1: Root Canal Endodontic Treatment [https://www.seldentist.com/rooth-canal-treatment]

Root canal treatment is a standard dental procedure for
addressing caries. Figure 1 shows the overview of Root
Canal Endodontic Treatment. Depending on the extent of
the decay, the procedure can be completed in one or
two/three  sittings, with each  session lasting
approximately 45 minutes. The objective of root canal
treatment is to eliminate bacteria from the infected tooth,
prevent further bacterial infection and preserve the
natural tooth. During the procedure, the infected pulp is
removed, and the tooth is thoroughly cleaned,
disinfected, filled with a biocompatible material, and
sealed. However, the anatomy of teeth can present
various complexities that require the expertise of an
endodontist. These complexities include narrow canals,
long roots, curved canals, multi-curvature, bifurcated
canals, abnormal anatomy and calcified roots, which
may not be easily discernible from X-ray images.
Identifying these complexities is often time consuming
and requires the judgment of experienced dentists.

Dental X-ray images face additional challenges, such as
guantum, photons, electronic, and quantization noises.
These factors can degrade the quality of the dental X-ray
images. The images typically consist of areas with high
intensity representing teeth, areas with average intensity
representing bone, and areas with low intensity
representing the background. Uneven exposure can make
it difficult to distinguish between tooth and bone areas.
Therefore, pre-processing of dental radiographs is
essential to enhance the sharpness of dental caries
boundaries and increase the contrast between the image
background and teeth. In this context, the significance of

pre-processing techniques becomes evident, as they play
a crucial role in improving the quality and
interpretability of dental X-ray images. These techniques
aim to enhance the boundaries of dental caries, enabling
better identification and differentiation between tooth
and bone areas.

Root canal curvature poses a significant challenge in
achieving thorough cleaning and shaping of the canal.
The curvature limits the accessibility and visibility of the
root canal system, making it difficult to remove infected
tissue and waste completely. Additionally, calcification
can further complicate the procedure by obstructing the
root canal space, hindering proper disinfection and
shaping. Several procedural problems can arise as a
result of these challenges. Narrow or constricted root
canals often present difficulties in accessing and treating
these effectively. Longer-than-average root structures
require specialized techniques and considerations to
ensure precise and effective treatment delivery.
Asymmetrical dentine removal may cause transportation,
where the original canal shape is altered, potentially
resulting in a compromised seal and inadequate
treatment. Moreover, there is an increased risk of
perforation, which can create pathways for bacteria to
invade the surrounding tissues. Instrument fracture
within the curved trajectories is also a concern, as it can
lead to difficulties in retrieval and potentially
compromise treatment outcomes. Figure 2. shows the
various complexities encountered in tooth anatomy
during root canal treatment.

(b)
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Fig. 2: Complexities in tooth anatomy (a) Calcified Roots, (b) Curved Canal, (c) Narrow Canal, (d) Long root

To address these challenges and improve the endodontic
treatments, innovative approaches are being explored.
One promising avenue is the integration of artificial
intelligence (Al) techniques. Al can aid in refining
treatment strategies, enhancing precision, and optimizing
decision-making processes. This research aims to
introduce a novel approach towards enhancing
endodontic treatments using Machine Learning (ML).
Specifically, the study focuses on the development of a
hybrid ensemble classifier that combines multiple
classification algorithms to improve the accuracy and
robustness of classifying different endodontic challenges.
Additionally, image segmentation techniques are
employed to isolate specific regions of interest, such as
teeth and roots, for further analysis. These techniques
aim to enhance the understanding and management of
endodontic treatments, ultimately leading to improved
treatment outcomes. By investigating the application of
Al and employing advanced classification and
segmentation methods, this research aims to provide
valuable insights and advancements in the field of
endodontics. The findings have the potential to improve
treatment planning, decision-making processes and
overall effectiveness in managing endodontic treatments.

2. Literature Review

Extensive research has been done to explore the potential
of machine learning, deep learning algorithms in various
dental applications, such as root morphology assessment,
apical lesion detection, teeth detection and numbering,
and caries detection [5], [6]. The reviewed studies
showcase the application of advanced techniques and
methodologies in endodontics, particularly in utilizing
Al for diagnosis, treatment planning, and intra-operative
guidance. The studies highlight the potential of Al in
improving diagnostic accuracy, treatment outcomes, and
overall efficiency in endodontic procedures. The findings
underscore the importance of continued research and
exploration of Al-based approaches to advance
endodontics and provide better care to patients.

Karobari et al. [7] have given a comprehensive review of
the literature to evaluate the diagnostic and prognostic

accuracy of artificial intelligence (Al) in endodontic
dentistry. The authors have reviewed a wide range of
research articles and studies that utilized Al algorithms
for various applications in endodontics.

In their systematic review, Khanagar et al. [8] have
explored the developments and performance of Al
models specifically designed for application in
endodontics. The findings indicate that Al models
demonstrate promising results in accurately detecting
caries, assessing the complexity of root canals and
predicting the success rates of endodontic procedures.

Agrawal and Nikhade [9] have explored the past and
present applications of artificial intelligence (Al) in
dentistry, including its implications for endodontics. The
authors discuss the historical progression of Al in
dentistry, starting from early applications to current
state-of-the-art developments. The authors further
explore the future prospects of Al in dentistry,
envisioning advancements such as personalized
treatment planning, real-time monitoring, and virtual
reality-assisted procedures.

Quaresma et al. [10] have explored the use of cone-beam
computed tomography (CBCT) as an intraoperative
resource for root canal treatment of severely calcified
teeth. The results demonstrate that CBCT provided
valuable information during the procedure, aiding in
accurate canal identification, negotiation, and filling,
ultimately leading to successful root canal treatment.

Setzer et al. [11] have utilized machine learning
algorithms and developed a deep learning network to
train an Al model for periapical lesion detection. The
results demonstrated the effectiveness of the Al model in
accurately identifying and classifying periapical lesions
in CBCT images, highlighting its potential as a
computer-aided diagnostic tool in endodontics.

Pauwels et al [12] have provided a comprehensive
introduction to the concepts and applications of Al in
dental imaging. The authors highlight the use of machine
learning algorithms, deep learning networks and image
segmentation  techniques in various applications,
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including caries detection, root canal treatment planning,
and image classification.

Aminoshariae et al. [13] have discussed the methodology
and techniques employed in Al applications, including
machine learning, deep learning, and computer-aided
diagnosis systems, highlighting the use of Al in caries
detection, root canal treatment planning and decision
support systems.

Wen Fu et al [14] address the challenges associated with
the restoration of calcified root canals using a novel deep
learning approach. The authors report high accuracy
rates and low computational times, highlighting the
potential of deep learning-based method to improve the
efficiency and accuracy of endodontic treatment.

Jae-Hong Lee et al [15] present a comprehensive study
on the development of a deep learning-based algorithm
for the detection and diagnosis of dental caries. The
authors utilize a large dataset of dental images,
encompassing various imaging techniques such as digital
radiography and intraoral cameras. The findings provide
a promising approach to enhance the effectiveness and
accuracy of caries diagnosis, leading to improved
treatment outcomes and preventive measures.

Laura A. et al [16] present an innovative approach to
diagnose dental caries using deep artificial neural
networks (ANNs). By leveraging the power of deep
learning algorithms, the study aims to improve the
accuracy and understanding of caries diagnosis by
considering the complex interactions between
socioeconomic status, nutritional factors and the
presence of caries.

Teruhiko Hiraiwa et al [17] focus on the development of
a deep-learning artificial intelligence system for the
assessment of root morphology in the mandibular first
molar using panoramic radiography. A deep learning
algorithm has been developed and trained on a large
dataset of panoramic radiographs containing both normal
and abnormal root morphologies. The algorithm
demonstrates remarkable accuracy in assessing root
morphology, outperforming traditional manual methods.

Thomas Ekert et al [18] explore the application of deep
learning for the radiographic detection of apical lesions
by developing and training a model on a dataset of
radiographic images with known apical lesions. The
model has demonstrated high accuracy in detecting and
localizing apical lesions, providing an efficient and
objective approach for their diagnosis.

Hu Chen et al [19] introduce a deep learning approach
for automatic teeth detection and numbering based on
object detection in dental periapical films. A deep
learning algorithm is developed that employes object

detection techniques to automatically detect and assign
numbers to teeth in dental radiographs. The algorithm
achieves a high accuracy in teeth detection and
numbering

F. Casalegno et al [20] investigate caries detection with
near-infrared trans-illumination (NIRT) using deep
learning. A deep learning model is trained on a dataset of
NIRT images with known carious lesions. The results
show that the model achieves high accuracy in caries
detection, providing a promising tool for early caries
diagnosis and preventive interventions.

Khetani V. et al. [21] offer a cross-domain analysis of
machine learning (ML) and deep learning (DL)
techniques, evaluating their impact in diverse domains.
The study assesses the use of ML and DL in various
fields including healthcare.

Yang Qu et al [22], explore the application of machine
learning models for predicting the prognosis of
endodontic microsurgery. The researchers utilize
machine learning algorithms, including logistic
regression, decision trees and random forests, to predict
the success or failure of endodontic microsurgery
procedures.

Hung M. et al [23] investigate the use of machine
learning algorithms for predicting the presence of root
caries. The researchers utilize a dataset comprising
clinical and radiographic data to train and evaluate
machine learning models, such as support vector
machines (SVM) and artificial neural networks (ANN).
The study demonstrates the potential of machine learning
in accurately diagnosing root caries.

Kailai Zhanga et al [24] propose a tooth recognition
method based on a label tree with a cascade network
structure. The researchers utilize a large dataset of dental
images and employ deep learning techniques, including
convolutional neural networks (CNN), to achieve
accurate teeth recognition and classification. The results
demonstrate the effectiveness of the proposed method in
automating teeth recognition tasks.

V. Geetha et al [25] focus on the diagnosis of dental
caries in X-ray images using the K-Nearest Neighbors
(KNN) classifier. The study explores the use of the KNN
algorithm to classify dental X-ray images as caries or
non-caries. The researchers evaluate the performance of
the KNN classifier by considering various features
extracted from the X-ray images. The findings highlight
the potential of the KNN algorithm in accurately
diagnosing dental caries, supporting early detection and
prompt treatment.

Noteworthy contributions have also come from Clare
Rainey et al [26], Wei Zhan et al [27], Romany F.
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Mansour et al [28], Paras Tripathi et al. [29], Lavanya L.
et al. [30], Vivek K Verma et al. [31], Jae-Hong Lee et
al. [32, 33], Anupama Kalappanavar et al. [34], Sharanjit
Kaur et al. [35], Sunali S Khanna et al. [36], Latke and
Narawade [37] and Ramzi Ben Ali et al. [38], J.
Premkumar [39] among others.

The present study focuses on the importance of pre-
processing dental radiographs to sharpen dental
boundaries and improve contrast within the images. The
aim is to enhance the overall quality of dental X-ray
images by employing appropriate pre-processing
methods, facilitating accurate diagnosis and treatment
planning. Hybrid Ensemble Classifier (HEC) has been
used to develop a model that enhances the endodontic
treatment by classifying the tooth anomalies into curved
canal, narrow canal, long root and calcified root.
Stacking technique has been utilized, which combines
multiple base classifiers and a meta-classifier to make
predictions.

3. Prposed Methodology

The proposed methodology starts by loading the dental
image dataset, consisting of images and corresponding
labels indicating type of anomaly in the tooth. To
augment the dataset, techniques such as rotation,
flipping, and scaling are applied, which create variations
of the original images. Data augmentation is a widely
used technique in machine learning and computer vision
to artificially expand the size and diversity of a dataset
by applying various transformations to the existing
images [40]. Augmenting the data helps to mitigate over-
fitting, improve model generalization, and enhance the
robustness of the trained model. The five specific
augmentation techniques used are;

a. Rotation Range: This augmentation helps simulate
different orientations of teeth and enables the model to
learn rotation-invariant features.

Random rotation angle = random.uniform(- 1)
rotation_range, rotation_range)

b. Shear Range: Shear transformation is performed
with a range of 0.2.

Shear angle = random.uniform(- (2)
shear_range, shear_range)

c. Zoom Range: The zoom range parameter allows
random zooming in or out of images, up to 20%.

Zoom  factor = random.uniform(1- 3)
zoom_range, 1+zoom_range)

d. Horizontal Flip: The horizontal flip parameter
enables random mirroring of images horizontally.
This augmentation randomly mirrors the images,

simulating the presence of both left and right-oriented
teeth.

e. Brightness Range: The brightness range (b_range)
parameter controls random adjustment of brightness
levels in images within a specified range, between
0.5and 1.5.

Brightness  adjusted = image * 4
random.uniform(b_range[0], b_range[1])

After data augmentation, the images undergo pre-
processing steps, including resizing to a standardized
size and converting from BGR to gray-scale. Feature
extraction is then performed using the flatten technique
to convert the images into one-dimensional feature
vectors. These pre-processing steps form the foundation
for preparing the dental image dataset for subsequent
machine learning tasks. By standardizing the data and
extracting relevant features, these steps contribute to
improving the quality of the dataset and enable effective
training and evaluation of classification models for
endodontic treatments. After pre-processing, the dataset
is split into training set (80%) and testing set (20%)
using the train-test split technique. The train-test split is a
crucial step in machine learning to assess the model's
performance on unseen data and evaluate its
generalization capabilities. By performing the train-test
split, we create distinct subsets of data that play different
roles in the model development process. The training set
enables the model to learn from labelled examples, while
the testing set helps evaluate its performance on unseen
data. This separation allows us to estimate how well the
model is likely to perform in real-world scenarios,
providing insights into its effectiveness and potential for
refinement.

Several machine learning classifications algorithms are
applied to train models for identifying different
endodontic challenges, viz. Support Vector Machine
(SVM), Naive Bayes, Decision Tree, K-Nearest
Neighbors (KNN), Logistic Regression, XGBoost
(Extreme Gradient Boosting). To further improve
classification accuracy, a hybrid ensemble classifier is
employed. This approach involves training a stacking
model with different classifiers such as XGBoost (XGB),
Random Forest and Logistic Regression. This ensemble
model combines their predictions to make a decision.
Finally, the performance of the methodology is analyzed
by evaluating the accuracy, precision, recall and F1-
score of the classification models. The segmentation
results are generated to determine the effectiveness of
identifying specific regions of interest. The evaluation
and analysis of the models provide valuable insights into
the efficacy of the proposed methodology for diagnosis.
Figure 3 shows the proposed system architecture.
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Fig. 3: Proposed system architecture

Hybrid Ensemble Classifier

To create a hybrid ensemble classifier for the user-
defined dental image dataset, the stacking technique has

Trammg Data ISV AR,

Traitung Data

Predictions

been utilized, which combines multiple base classifiers
and a meta-classifier to make predictions. An outline of
the hybrid ensemble classifier is depicted in Figure 4.

Predictions

Model B

Tramung Data Model C

~
Lewel 0

Generalizer

v
Lewel 1

Fig. 4: Hybrid Ensemble Classifier

a. Training with Stacking Model: The stacking model
consists of multiple base classifiers, each trained on the
training set and a meta-classifier that uses the predictions
from the base classifiers as input. Here, the stacking
model includes the following base classifiers;

i. xgh.XGBClassifier():

- XGBoost classifier with default settings.
ii. xgh.XGBClassifier(n_estimators=100):

- XGBoost classifier with 100 estimators.

iii. RandomForestClassifier(criterion="entropy’,
n_estimators=100):

- Random Forest classifier with entropy as the criterion
and 100 estimators.

iv. RandomForestClassifier(criterion="gini',
n_estimators=100):

- Random Forest classifier with Gini impurity as the
criterion and 100 estimators.

Each base classifier is trained on the pre-processed and
augmented training set, learning from the generated
features and their corresponding labels. The base
classifiers aim to capture different aspects and
relationships within the data.
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b. Testing of Generated Features using Stacking with
XGB Classifier: Once the base classifiers are trained, the
testing set is passed through each base classifier to obtain
predictions. These predictions serve as features for the
meta-classifier, which is an XGBoost classifier in this
case. The meta-classifier takes the generated features as
input and makes the final predictions for the testing set.
By utilizing stacking with the XGBoost meta-classifier,
the hybrid ensemble classifier combines the strengths of
multiple base classifiers to achieve improved
classification performance. The stacking technique
allows the model to learn from the diverse predictions
made by the base classifiers, potentially capturing a more
comprehensive representation of the dental image
dataset.

The hybrid ensemble classifier created through stacking
provides an effective approach to leveraging the
strengths of different classifiers and enhancing the
accuracy and robustness of endodontic challenge
classification.

Image Segmentation

Image segmentation is a crucial task that involves
dividing an image into meaningful and distinct regions or
objects. Segmentation plays a vital role in isolating
specific areas of interest, such as teeth, bone and
background, for further analysis and processing (Figure
5). Image segmentation enables specific focus on the
regions of interest, aiding in various applications,
including diagnosis, treatment planning, and quantitative
assessments.

The segmentation is carried out in the steps;

e Maximize Contrast

e  Adoptive Thresholding
¢ Finding Contours

e Taking Negative

e  Segmentation

Fig. 5: Image Segmentation

4. Results and Discussion
Experimental Setup

The experimental setup utilized Google Colab, Python
and essential libraries such as scikit-learn, matplotlib,
numpy and pandas. Google Colab provided a cloud-
based Jupyter notebook environment for running Python
code and executing machine learning algorithms. Python,
along with scikit-learn, facilitated data pre-processing,
model training and evaluation. Matplotlib enabled data
visualization, while numpy and pandas supported data
manipulation and analysis tasks. This setup ensured
efficient implementation and analysis of the
experimental data.

Performance Parameters

Performance analysis of a classification model involves
evaluating metrics such as precision, recall, F1-score,
accuracy and the confusion matrix. These metrics
provide insights into the model's accuracy, ability to
identify positive instances (recall), avoid false positives
(precision), overall correctness (accuracy) and a detailed

breakdown of classification results (confusion matrix).
Assessing these metrics helps understand the model's
effectiveness in classifying endodontic challenges and
guides  further improvements. The performance
parameters are defined as;

TP +TN
Accuracy = ®)
TP+TN +FP +FN
.. TP
Precision= —— (6)
TP + FP
Recall = _TP (7
TP + FN

_ 2xPrecisionx Recall
Precision+ Recall

F1

(®)

where, TP is true positive, FP is false positive, TN is true
negative and FN false negative.

Discussion on Results
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In the present research, 900+ real-time Periapical
radiographs of each type, calcified roots, curved canal,
narrow canal and long root were used to train the model
to detect the class of anomaly. Figure 6 shows the

comparative analysis of machine learning and proposed
algorithms in terms of accuracy, precision, recall and F1-
score.

100
90
80 —
g 70 — —
H 60 — —
§ 50 — —
o
E 40 — —
30 — —
20 — —
10 — —
0
Present
NB KNN SVM LR DT XGB Model
(HEC)
Precision 45 49 71 78 80 84 86
M Recall 42 48 68 77 78 83 84
M F1-Score 41 48 69 78 79 83 85
@ Accuracy 44.36 47.18 69.19 76.76 78.88 83.09 85.45

Fig. 6: Performance Parameters Comparison of Algorithms

Naive Bayes (NB) has the lowest performance across all
metrics. It may not be suitable for this specific
classification task. k-Nearest Neighbors (KNN) shows
moderate performance but performs better than Naive
Bayes. However, it may not be the most optimal choice
for imbalanced datasets. Support Vector Machine
(SVM), Logistic Regression (LR), Decision Tree (DT)
exhibits good performance with high precision, recall,
and F1-Score. It is a promising model for the tooth canal
type classification task. XGBoost (XGB) demonstrates
high performance across all metrics and seems to be a
strong contender for the classification task. Hybrid

Ensemble Classifier (HEC) appears to perform better in
terms of precision, recall, F1-Score, and accuracy than
other models.

A confusion matrix is a performance evaluation tool used
in classification tasks to assess the accuracy of a model's
predictions. It provides a tabular representation of how
well the model has classified instances from different
classes. The matrix compares the predicted class labels
against the true class labels in the dataset. Figure 7 show
the confusion matrix diagrams of algorithms used for
dental image classification.
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(9]

Confusion Matrix

(@) SVM

(b) Naive Bayes

(¢) Decision Tree

(d) KNN

(e) Logistic Regression

(f) Xgboost

(g) Hybrid Ensemble Classifier

Fig. 7: Confusion Matrix (a) SVM, (b) Naive Bayes, (c) Decision Tree, (d) KNN, (e) Logistic Regression, (f)
XGBoost, (g) Present Model HEC

5. Conclusion

The research addresses the challenges in the root canal
treatment posed by curvature, calcification, narrow canal
and long root, which can lead to procedural accidents
and unfavourable treatment outcomes. The study
introduces an innovative approach that leverages Al to
enhance endodontic treatments. The key contribution of
this research is the development of an HEC, an efficient
tool that combines multiple classification algorithms. By
harnessing the strengths of these algorithms, HEC
significantly improves the accuracy and robustness of
classifying various endodontic challenges. This
enhancement is crucial in effectively managing intra-
radicular infections and improving the overall quality of
endodontic  procedures.  Additionally, the study
incorporates image segmentation techniques to isolate
specific regions of interest for further analysis. The
segmentation process involving contrast enhancement,
adaptive thresholding, contour detection and tooth
segmentation allows for more precise and targeted
examination of the relevant area. Extensive
experimentation validates the proposed approach,

showcasing notable improvements in precision (86%),
recall (84%), Fl-score (85%) and accuracy (85.45%).
The research offers promising avenues for improving the
management of endodontic treatments and achieving
better treatment outcomes. By integrating Al and image
segmentation techniques, this approach has the potential
to improve the way endodontic procedures are carried
out, reducing the risks and ensuring more successful
treatment. Improvement in data augmentation techniques
and creation of a self-generated dataset for training and
evaluation, utilization of Al to enhance endodontic
treatments through a hybrid ensemble classifier and
image segmentation techniques, notable improvements in
accuracy and robustness of classifying endodontic
challenges,  extensive  experimental  validations
supporting the effectiveness of the developed approach,
advancements in treatment planning and decision-
making processes in the field of endodontics are the key
contributions of the present study. The authors are
working on evolving the model further to diagnose the
difficulty level in the root canal procedure before
initiating the treatment, to identify the periapical lesions,
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to determine the working length of root canal and to
predict the success rate of repeat root canal procedure.

References

[1] Pitts NB, Zero DT, Marsh PD, Ekstrand K,
Weintraub JA, Ramos-Gomez F, Tagami J,
Twetman S, Tsakos G, Ismail A. Dental caries. Nat
Rev Dis Primers. 2017 May 25;3: 17030. doi:
10.1038/nrdp.2017.30. PMID: 28540937

[2] K. Yadav and S. Prakash, “Dental caries: a review,”
Asian Journal of Biomedical and Pharmaceutical
Sciences, vol. 6, pp. 1-7, 2016.

[3] WHO, Oral Health, World Health Organisation,
Geneva, Switzerland, 2020.

[4] Gupta N, Pal M, Rawat S, Grewal MS, Garg H,
Chauhan D, Ahlawat P, Tandon S, Khurana R,
Pahuja AK, Mayank M, Devnani B. Radiation-
induced dental caries, prevention and treatment - A
systematic review. Natl J Maxillofac Surg. 2015
Jul-Dec;6(2):160-6. doi: 10.4103/0975-
5950.183870. PMID:  27390489; PMCID:
PMC4922225.

[5] Shinde, S.V., Mane, D.T. (2022). Deep Learning
for COVID-19: COVID-19 Detection Based on
Chest X-Ray Images by the Fusion of Deep
Learning and Machine Learning Techniques. In:
Nayak, J., Naik, B., Abraham, A. (eds)
Understanding COVID-19: The Role of
Computational Intelligence. Studies in
Computational Intelligence, vol 963. Springer,
Cham.

[6] Patil, Rashmi. "Machine learning approach for
malignant melanoma classification.” International
Journal of Science, Technology, Engineering and
Management-A VTU Publication 3.1 (2021): 40-
46.

[7] Mohmed Isagali Karobari, Abdul Habeeb Adil,
Syed Nahid Basheer, Sabari Murugesan, Kamatchi
Subramani Savadamoorthi, Mohammed Mustafa,
Abdulaziz Abdulwahed, Ahmed A. Almokhatieb,
"Evaluation of the Diagnostic and Prognostic
Accuracy of Artificial Intelligence in Endodontic
Dentistry: A Comprehensive Review of Literature™,
Computational and Mathematical Methods in
Medicine, vol. 2023, Article ID 7049360, 9 pages,
2023. https://doi.org/10.1155/2023/7049360

[8] Khanagar SB, Alfadley A, Alfouzan K, Awawdeh
M, Alagla A, Jamleh A. Developments and
Performance of Artificial Intelligence Models
Designed for Application in Endodontics: A
Systematic Review. Diagnostics (Basel). 2023 Jan

(9]

[10]

[11]

[12]

[13]

[14]

(18]

[16]

23;13(3):414. doi: 10.3390/diagnostics13030414.
PMID: 36766519; PMCID: PMC9913920.

Agrawal P, Nikhade P. Artificial Intelligence in
Dentistry: Past, Present, and Future. Cureus. 2022
Jul 28;14(7): e27405. doi: 10.7759/cureus.27405.
PMID: 36046326; PMCID: PMC9418762.

Quaresma SA, da Costa RP, Ferreira Petean IB,
Silva-Sousa AC, Mazzi-Chaves JF, Ginjeira A,
Sousa-Neto MD. Root Canal Treatment of Severely
Calcified Teeth with Use of Cone-Beam Computed
Tomography as an Intraoperative Resource. Iran
Endod J. 2022 Winter;17(1):39-47.  doi:
10.22037/iej.v17i1.36153.  PMID:  36703875;
PMCID: PMC9868984.

Frank C. Setzer, Katherine J. Shi, Zhiyang Zhang,
Hao Yan, Hyunsoo Yoon, Mel Mupparapu, and
Jing Li, “Artificial Intelligence for the Computer-
aided Detection of Periapical Lesions in Cone beam
Computed Tomographic Images”, Journal of
Endodontics, Volume 46, Issue 7, July 2020,
Elsevier

Pauwels, R. A brief introduction to concepts and
applications of artificial intelligence in dental
imaging. Oral Radiol 37, 153-160 (2021). DOI:
https://doi.org/10.1007/s11282-020-00468-5

Anita  Aminoshariae,DDS,Jim  Kulild, and
Venkatesh babu Nagendra babu ,“Artificial
Intelligence in Endodontics: Current Applications
and Future Directions”, Journal of Endodontics,
Volume 47,Issue 9, Sept 2021,Elsevier.DOI:
https://doi.org/10.1016/j.joen.2021.06.003.

WEN Jiahuan, FU Yujie, REN Gengiang, CHEN
Yufei, ZHANG Qi. Deep Learning-based Point
Cloud Completion Network for Restoration of
Calcified Root Canals in Maxillary Molars[J].
Journal of Oral Science Research, 2023, 39(5): 455-
459

Jae-Hong Lee, Do-Hyung Kim, Seong-NyumJeong,
Seong-Ho Choi, “Detection and diagnosis of dental
caries using a deep learning-based convolutional
neural network algorithm”, 2018 Elsevier Ltd.

Laura A. Zanella-Calzada, Carlos E. Galvan-
Tejada, Nubia M. Chavez-Lamas, JeslUs Rivas-
Gutierrez, Rafael Magallanes-Quintanar, Jose M.
Celaya-Padilla, Jorge 1. Galvan-Tejada and
HamurabiGamboa-Rosales, “Deep Artificial Neural
Networks for the Diagnostic of Caries Using
Socioeconomic and Nutritional Features as
Determinants: Data from NHANES 2013-2014”
Bioengineering 2018, 5, 47,

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(11s), 73-84 | 82



[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

Teruhiko Hiraiwa, Yoshiko Ariji, Motoki Fukuda,
Yoshitaka Kise, Kazuhiko Nakata, Akitoshi
Katsumata, Hiroshi Fujita and EiichiroAriji, “A
deep-learning artificial intelligence system for
assessment of root morphology of the mandibular
first molar on  panoramic  radiography”,
Dentomaxillofacial Radiology, Published by the
British Institute of Radiology,Volume 48, Issue 3,
March 2019

Thomas Ekert, Joachim Krois, Leonie Meinhold,
Karim Elhennawy, RamyEmara, Tatiana Golla, and
Falk Schwendicke, “Deep Learning for the
Radiographic Detection of Apical Lesions”, Journal
of Endodontics, Volume 45, Issue 7, June 2019

Hu Chen, Kailai Zhang, PeijunLyu, Hong Li,
Ludan Zhang, Ji Wu & Chin-Hui Lee, “A deep
learning approach to automatic teeth detection and
numbering based on object detection in dental
periapical films”, (2019).

F. Casalegno, T. Newton, R. Daher, M. Abdelaziz,
A. Lodi-Rizzini,F. Schiirmannl, I. Krejci2, and H.
Markram, “Caries Detection with Near-Infrared
Transillumination Using Deep Learning”, Journal
of Dental Research 2019

Khetani, Vinit, et al. "Cross-Domain Analysis of
ML and DL: Evaluating their Impact in Diverse
Domains.” International Journal of Intelligent
Systems and Applications in Engineering 11.7s
(2023): 253-262

Yang Qu, Zhenzhe Lin, Zhaojing Yang, Haotian
Lin, Xiangya Huang, Lisha Gu, “Machine learning
models for prognosis prediction in endodontic
microsurgery” , Journal of Dentistry, Volume 118,
March 2022 ,Elsevier,
DOl:https://doi.org/10.1016/j.jdent.2022.103947

Hung, M, Voss, MW, Rosales, MN, “Application
of machine learning for diagnostic prediction of
root caries”, Gerodontology. 2019; 36: 395— 404.
DOl:https://doi.org/10.1111/ger.12432

Kailai Zhanga, Ji Wua , Hu Chenb , Peijun Lyu,
“An effective teeth recognition method using label
tree with cascade network structure”, Computerized
Medical Imaging and Graphics, Sept 2018, DOI:
10.1016/j.compmedimag.2018.07.001

V. Geetha and K. S. Aprameya, “Dental Caries
Diagnosis in X-ray Images using KNN Classifier”,
Indian Journal of Science and Technology, Vol
12(4), DOI: 10.17485/ijst/2019/v12i4/139880,
January 2019.

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

C Rainey, J McConnell, C Hughes, R Bond, S
McFadde, “Artificial intelligence for diagnosis of
fractures on plain radiographs: A scoping review of
current literature”, Intelligence-Based Medicine
(2021), Vol 5, Elsevier,
DOl:https://doi.org/10.1016/j.ibmed.2021.100033

Zhang W., Li, J., Li, ZB. “Predicting postoperative
facial swelling following impacted mandibular third
molars extraction by using artificial neural
networks evaluation”, Sci Rep 8, 12281 (2018).
DOI: https://doi.org/10.1038/s41598-018-29934-1

Romany ,F Mansour, A Al-Marghilnai and Z
Hagas, “Use of artificial intelligence techniques to
determine dental caries: A systematic review”,
International Journal of Neural Networks and
Advanced Applications, Vol 6, 2019.

P Tripathi, C Malathy, M Prabhakaran, “Genetic
Algorithms Based Approach for Dental caries
Detection using Back Propagation Neural
Network”, IJRTE 2019.

L Lavanya, J Chandra, “Oral Cancer Analysis
Using Machine Learning Techniques”,
International Journal of Engineering Research and
Technology 2019.

V Verma, T Jain, H Kumar, “Machine Learning
Perspectives for Dental Imaging”, (IJITEE) 2019.

J Lee, D Kim, S Jeong, S Choi, “Detection and
diagnosis of dental caries using a deep learning-

based convolutional neural network algorithm”,
2018 Elsevier Ltd.

J Lee, D Kim, S Jeong, S Choi, “Diagnosis and
prediction of periodontally compromised teeth
using a deep learning-based convolutional neural

network algorithm”, J Periodontal Implant Sci.Apr
2018, vol 48(2), pp.114-123.

A Kalappanavar, S. Sneha, R Annigeri, “Artificial
intelligence: A dentist’s perspective”, Journal of
Medicine, Radiology, Pathology & Surgery (2018).

S Kaur, N Kaur, “Automatic Approach for
Detection of Abnormality within MRI Dental
Images Using Gaussian Filtering and SVM
Hybridization”, IJSRCSEIT 2018.

S Khanna ,P Dhaimade, “Artificial Intelligence:
Transforming Dentistry Today”, Indian Journal of
Basic and Applied Medical Research; June 2017.

V Latke, V Narawade,” A New Approach towards
Detection of Periapical Lesions Using Artificial
Intelligence”, GRENZE International Journal of

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(11s), 73-84 | 83



[38]

[39]

[40]

[41]

Engineering and  Technology,Volume-9,lssue-
2,Pages:396-402, Grenze 1D:01.GIJET.9.2.51.

R Ali, R Ejbali and M Zaied, “Detection and
Classification of Dental Caries in X-ray Images
Using Deep Neural Networks”, ICSEA 2016: The
Eleventh International Conference on Software
Engineering Advances.

J. Premkumar, B Janney, J Nanda, S Divakaran, L
Pavithra, “Detection of Caries in Dental X Ray
Images using Multiclass SVM”, Pharm. Sci. & Res.
vol. 11(9), 2019.

Krig, S. (2014). Image Pre-Processing. In: Computer
Vision  Metrics.  Apress,  Berkeley, CA.
https://doi.org/10.1007/978-1-4302-5930-5_2

Mondal, D., & Patil, S. S. (2022). EEG Signal
Classification with Machine Learning model using
PCA feature selection with Modified Hilbert
transformation  for  Brain-Computer  Interface

Application. Machine Learning Applications in
Engineering Education and Management, 2(1), 11—
19. Retrieved from
http://yashikajournals.com/index.php/mlaeem/article
Iview/20

[42] Parshapa, P. ., & Rani, P. I.. (2023). A Survey on an

Effective Identification and Analysis for Brain
Tumour Diagnosis using Machine Learning
Technique. International Journal on Recent and
Innovation Trends in Computing and
Communication, 11(3), 68-78.
https://doi.org/10.17762/ijritcc.v11i3.6203

[43]Raghavendra, S., Dhabliya, D., Mondal, D.,

Omarov, B., Sankaran, K. S., Dhablia, A., Shabaz,
M. (2022). Development of intrusion detection
system using machine learning for the analytics of
internet of things enabled enterprises. IET
Communications, doi:10.1049/cmu2.12530

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2023, 11(11s), 73-84 | 84



