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ABSTRACT

Objectives: This narrative review is written to
describe the accuracy of caries detection and find
out the clinical implications and future prospects of
using Convolutional Neural Network (CNN) to
determine radio-diagnosis of dental caries in
bitewing and periapical radiographs.

Review: The databases used for literature searching
in this narrative review were PubMed, Google
Scholar, and Science Direct. The inclusion criteria
were original article, case report, and textbook
written in English and Bahasa Indonesia, published
within 2011-2021. The exclusion criteria were
articles that the full text could not be accessed,
research article that did not provide the methods
used, and duplication articles. In this narrative
review, a total of 33 literatures consisting of 30
articles and three textbooks reviewed, including
four original articles on CNN for caries detection.

Conclusion: Results of the review reveal that
GoogleNet produces the best detection compared
to Fully Convolutional Network (FCN) and U-Net for
caries detection in bitewing and periapical
radiographs. Nonetheless, the positive predictive
value (PPV), recall, negative predictive value (NPV),
specificity, F1-score, and accuracy values in these
architectures indicate good performance. The
differences of each CNN’s performances to detect
caries are determined by the number of trained
datasets, the architecture’s layers, and the
complexity of the CNN architectures. The
conclusion of this review is CNN can be used as an
alternative to detect caries, increasing the
diagnostic accuracy and time efficiency as well as
preventing errors due to dentist fatigue. Yet the
CNN is not able to substitute the expertise of a
radiologist. Therefore, it is need to be revalidated
by the radiologist to avoid diagnostic errors.
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INTRODUCTION

The evolution of times must be followed by a
rapid technological development. The growth of
artificial intelligence (Al) is tangible evidence from
technological development. Artificial Intelligence is
a computerized system which can imitate human’s
intelligence so they can make their own decisions.*?
One of tremendous development in radiology is the
discovery of Computer-Aided Diagnosis Systems
(CADs).? The CADs are an example of Al that can be
used to detect diseases and assist practitioners in
making diagnoses. One application of CADs is the
use of machine learning (ML) systems, which can
automatically process and analyze images and
produce algorithms from previously trained data.*

Convolutional neural network (CNN) is a part of
machine learning that consists of some computing
network layers that can learn data component and
change the image volume to a specific
classification.* Convolutional neural network is the
most recent advancement from artificial neural
network that mimics the neurological system of
human in responding to stimuli." The CNN layers

include convolution layers, pooling layers, fully
connected layers, and drop out layers. The
functions of CNN’s layers are to gradually learn
about data characteristics. Convolution layers are
used to extract features from input data and then
proceed the data convolutionally, providing linear
transformation based on the data. The functions of
pooling layers are to prevent overfitting due to
image reduction. The fully connected layer is a layer
that will transform the data so it can be classified
linearly using vectors. The dropout layer is a layer
that can randomly regularized and eliminate
neurons and make the program works and learns
the input faster.>® Convolutional neural network is
able to classify two-dimensional image as input, and
when integrated with a deep learning algorithm,
they may be utilized to identify abnormalities and
diseases in the human body. In dentistry, CNN can
be used to assist practitioners in recognizing
anomalies in radiographs, such as bone resorption
and dental caries.”®®

Dental caries is a tooth disease which induced
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by the activity of Streptococcus mutans and
Streptococcus sorbinus.’® The prevalence of dental
caries is up to 72.6% which indicates dental caries is
one of the most common dental diseases that
found in Indonesia.’® If dental caries is not treated,
it will extend to the deeper tooth layer, making the
host uncomfortable due to discomfort and, as a
result, affecting the quality of life.'"" Given these
considerations, early identification of caries is
essential in order to avoid future risks and
complication.’? Early detection of dental caries can
be done by visual observation with using basic
instruments such as probe to detect caries lesion.™
Another method for detecting caries lesion is
observing radiographs, particularly bitewing and
periapical radiographs, to detect the caries
extension to deeper tooth layers.'***

The development of computerized technology
especially Al being used to support diagnosis is
growing rapidly. Yet there is lack of information on
CNN’s applications for caries detection using
bitewing and periapical radiographs, so that this
review is aimed to provide more information that
systematically written about the accuracy of dental
caries detection, as well as to describe the clinical
implications and future prospects of CNN-based Al
for detecting caries using bitewing and periapical
radiographs.

REVIEW ARTICLE

REVIEW

This narrative review describes the accuracy of
dental caries diagnosis using CNN on periapical and
bitewing radiographs as the input for image
processing. The literatures in this review were
collected from three databases, i.e. ScienceDirect,
PubMed, and Google Scholar. The literature
searching was done by using some keywords. The
keywords were periapical radiography, bitewing
radiography, dental caries, convolutional neural
network, and deep learning. Boolean formula such
as AND, OR, “” and () also used to simplify the
literature searching. Indonesian and English original
article, case report and textbook which published
within 2011-2021 are the inclusion criteria for the
literature searching. Meanwhile, articles which their
full text could not be accessed, original article
which doesn’t contain its methods, and article with
duplication must be removed because they were
the exclusion criteria.

Figure 1 illustrates the flow of the literature
searching for the review. Total of 3206 articles were
obtained from three databases. Following that, a
selection of articles with duplication was
performed, resulting in the elimination of 1532
articles and the maintenance of 1674 articles. The
criteria for inclusions and exclusions were then

Google Scholar
(n =2443)

ScienceDirect
(n=132)

PubMed
(n=631)

Total number of literatures (n = 3206)

Duplicated Articles

(n=1532)

No duplications in the literature
(n=1674)

Selection of articles based

on inclusion and exclusion
criteria

(n= 1644)

Selected literatures based on inclusion and exclusion criteria
(n=30)

Additional sources from
Textbook (n=3)

Total number of references

(n=33)

Figure 1. The literature searching and selection for the review
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carefully selected, leaving 30 articles. Three
textbooks were added as the supplementary
literatures which made total of 33 literatures were
reviewed in this narrative review. Due to the
obvious scarcity of research conducted to develop
CNN for caries detection on bitewing and periapical
radiographs, only four of 33 articles were identified
as the main articles to be discussed in this review.
The others were used for supporting the theories
and to describe the clinical implementations and
future prospect of using CNN for caries detection.
The main articles were divided into two divisions,
two articles clarified the accuracy of -caries
detection using CNN with periapical radiograph as
the input image, while the other two did the
research with bitewing radiograph as the input
image.

DISCUSSION

This narrative review comprises four main
literatures that demonstrate CNN's ability to detect
caries lesions. In this narrative review, two types of
indicators are used, one for evaluating its validity
and the other for evaluating the algorithm used in
detecting caries lesions in bitewing and periapical
radiographs. The positive predictive value (PPV),
recall, negative predictive value (NPV), and
specificity were used for measuring the validity of
the system’s capability to detect caries. On the
other hand, F1-Score and accuracy were used for
assess the performance of algorithms that were
produced by the system for detecting caries. Only
three CNN architectures i.e. FCN, U-Net, and
GoogleNet, were used in the four main studies

discussed in this review to develop deep learning
for caries detection on periapical and bitewing
radiographs.'®*"*8

The differences of FCN, U-Net and GoogleNet
architectures are the structures and the numbers of
layer contain in each architecture used for
detecting images as input data. FCN is the most
fundamental CNN architecture, with only main
layers such as convolution, pooling, and ReLU.**?%%
U-Net is a development of FCN architecture that is
mostly used for processing biomedical image
because it can classify data efficiently and provide
accurate output in a short time.® U-Net can be
recognized by its symmetrical architecture by its
three main parts; down-sampling, bottleneck and
up-sampling parts.9 GoogleNet is an architecture
with various pooling layer sizes to process input in
various sizes ranging from 1x1 pixel to 7x7 pixel, so
it is capable to improve object detection and
classification accuracy.'®*

In this review, the first indicator used to assess
the accuracy of CNN for detecting caries lesions is
PPV. Positive predictive value indicates the
possibility of a disease being revealed after the
instrument indicates a positive result for disease
detection.® As shown in Table 1, the average PPV
for all studies are 20.600. The recall indicator, which
can show the system's ability to detect a disease®,
is also used in these studies. According to Table 1,
the recall value is 20.650. Lee et al. (2018)%
obtained the highest performances from these two
values, with a PPV index of 0.827 and a recall index
of 0.810. After all, all of the studies produce high
recall results, with the exception of the experiment
using U-Net architecture and bitewing radiographs
as input data, which produces a moderate recall,

Table 1. The Performance of CNN-based Al for Detecting Caries Lesion using Bitewing and Periapical Radiographs (PPV, Recall, NPV, Specificity)

NUMBER OF NUMBERS OF
CNN SAMPLES USED SAMPLES FOR RECALL
ARCHITECTURES FOR SYSTEM’S ACCURACY PPV (SENSITIVITY) NPV SPECIFICITY
TRAINING TESTS
FCN 2500 bitewing 500 bitewing
(Srivastava et. al., 2017)* radiographs radiographs 0.615 0.805 i i
U-Net 3293 bitewing 393 bitewing
(Cantu et. al., 2020)° radiographs radiographs 0.700 0.750 0.860 0.830
U-Net 304 bitewing 50 bitewing
(Lee et. al., 2021)" radiographs radiographs 0.633 0.650 i i
GoogleNet 2400 periapical 600 periapical 0.827 0.810 0.820 0.830

(Lee et al., 2018)*®

radiographs

radiographs
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Table 2. The Performance of CNN-based Al for Detecting Caries Lesion using Bitewing and Periapical Radiographs (F1-Score and Accuracy)

(Lee et al., 2018)*® radiographs

NUMBER OF SAM- NUMBER OF SAMPLES
PLES USED FOR FOR TESTING THE
CNN ARCHITECTURES SYSTEM’S TRAIN- PERFORMANCE OF F1-SCORE ACCURACY
ING CNN’S ALGORITHM
FCN 2500 bitewing 500 bitewing 0.700 )
(Srivastava et. al., 2017)® radiographs radiographs ’
U-Net 3293 bitewing 393 bitewing
(Cantu et. al., 2020)° radiographs radiographs 0.730 0.800
U-Net 304 bitewing 50 bitewing 0. 650 )
(Lee et. al., 2021)"7 radiographs radiographs :
GoogleNet 2400 periapical 600 periapical 0.818* 0.820

radiographs

that indicate moderate sensitivity as well. According
to the theory demonstrated by Chan et al. (2017),
the recall number that is considered as a high
sensitivity is 20.700.” These indicators demonstrate
that periapical radiographs fed into the GoogleNet
architecture produce the best results for detecting
caries lesions.

The third indicator used in the review to assess
CNN's performance in detecting caries lesions is
NPV. Negative predictive value is an indicator
indicates the possibility of a disease going
undetected after the instrument or system produce
a negative result in the detection of a disease.”
Based on the results of this review in Table 1, the
best NPV result was obtained by Cantu et al. (2020)
® who developed U-Net architecture using datasets
of bitewing radiographs, even though the result did
not differ significantly from the other studies.

The last indicator to show CNN’s validity to
detect caries is specificity. Specificity is an indicator
that indicates the system’s ability to detect caries-
free area®®”. According to Table 1, the CNN method
for detection of caries lesion on using bitewing
radiograph that apply the U-Net architecture
developed by Cantu et al. (2020)° reveals the similar
specificity to Lee et al. (2018)."® Lee et al. (2018)18
developed a GooglLeNet architecture to empower a
CNN to detect caries lesions on periapical
radiographs. Both the U-Net and GoogleNet
architectures have a high specificity in detecting
caries on radiographs, which means they are
accurate in revealing areas that are not affected by
caries lesions.

Fl-score is a metric that measures CNN's ability
to create an algorithm for stating a diagnosis on a
scale of 0 to 1.%° Table 2 shows that the F1-score
values from all studies that developed CNN for
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caries detection are >0.650. Table 2 also indicates
that three different CNN architectures developed in
four studies in the review have a high potential to
be developed in detecting caries lesions. However,
the studies must be improved further in order to
produce a higher Fl-score and a more reliable
result to support the radio-diagnosis of caries lesion
on intraoral radiographs.

Despite the fact that two studies conducted by
Cantu et.al. (2020)° and Lee et.al. (2021)" establish
the identical CNN architecture (U-Net), the recall
and Fl-score values in those studies varied, as
shown in Tables 1 and 2. The amount of
radiograph datasets utilized in the studies may have
influenced the discrepancies. Deep learning
processes datasets based on its prior experience.
The accuracy and complexity of the outcomes will
improve when more datasets are used as input
data.27,28

The accuracy of CNN’s algorithm performance
is an indicator to show the system’s ability to
classify the input data proceed in the system.?
From Table 2, it shows that only two experiments
show the accuracy and both are above 0.800 which
means they have a great ability in classifying input
data which will be proceed by the system.

Overall, GooglLeNet with periapical radiograph
as input data produces the best performance of
those indicators. This may be happened because
GoogleNet outperforms CNN in terms of accuracy
because it has multiple convolution layers of
varying sizes on the same level. These layers can
help to reduce overfitting incidences, which will
help to increase accuracy and shorten the time it
takes to detect the object. As the result, GooglLeNet
is way more accurate than FCN and its derivate by
0,6% in making classification and detecting an
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object.®* In addition, periapical radiographs also
have better geometrical accuracy than bitewing
radiographs due to the lower magnification, which
prevents radiograph distortion so it may help the
system to recognize caries lesions better.}!
Furthermore, periapical radiographs provide a
better view for tooth coronal than bitewing
radiographs, allowing them to identify caries lesions
more accurately.*>3!

The indicators that used to measure the
capability of machine’s ability to detect disease and
making diagnosis are mainly depend on sensitivity
and specificity. The greater sensitivity shows the
machine’s ability to detect the disease and greater
specificity used for showing the disease-free area.
For this case, there are still limited publication that
compare the dentist’'s and CNN’s decision for
making a caries diagnosis. From the publication that
have been released, CNN has been proven to have a
significantly better specificity but has a lower
specificity compared to the dentists.” Moreover,
the accuracy of using CNN to detect objects in
radiographs is remarkably similar to an experienced
dentist's decision, so it can be considered as a
helpful tool for analyzing radiographs for diagnosis.’
Therefore, CNN can be regarded as a useful tool for
analyzing radiographs for diagnosis, and it will
reduce the dentist's workload, particularly when
detecting initial caries lesions, and the time
required to interpret radiographs.”'® Even though
CNN supposes promising, the dentist must
revalidate its results because it has a tendency to
over-detect the dental caries on radiographs.
Furthermore, the lack of specificity in CNN
detection can be balanced with dentist diagnostic
skills. This can be taken into consideration that CNN
cannot replace the dentist’'s role in making
diagnosis so that the patients will be given a
propriate treatment not an overtreatment due to
possibility of CNN’s error. Dentist also play roles in
the initial training process of CNN. They have to
choose a proper radiograph that will be used as an
input to create an ideal algorithm. As a results of
this consideration, it is clear that artificial
intelligence systems will not change the role of a
dentist. Nevertheless, CNN can be used to assist
dentists in making a diagnosis in order to reduce
radiographic interpretation workload and time
consumption.

CONCLUSION

Based on the review, it is possible to conclude
that the use of CNN produces a good performance
for detecting caries lesion. However, it cannot yet
replace the role of a dentist or radiologist in
diagnosing a caries lesion due to lack of specificity
and bigger chance for having an overdiagnosis from
detecting caries so there might be some errors
while the CNN is trying to detect caries lesions. The
recent use of a convolutional neural network only
assists the dentist in reducing the number of
misinterpreted caries lesions in radiographs due to

REVIEW ARTICLE

fatigue from a heavy workload, as well as reducing
interpretation time so that the work is completed
efficiently.
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