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Abstract Introduction: The role of artificial intelligence (AI) is currently increasing in terms of

diagnosing diseases and planning treatment in endodontics. However, findings from individual

research studies are not systematically reviewed and compiled together. Hence, this study aimed

to systematically review, appraise, and evaluate neural AI algorithms employed and their compar-

ative efficacy to conventional methods in endodontic diagnosis and treatment planning.

Methods: The present research question focused on the literature search about different AI algo-

rithms and models of AI assisted endodontic diagnosis and treatment planning. The search engine

included databases such as Google Scholar, PubMed, and Science Direct with search criteria of pri-

mary research paper, published in English, and analyzed data on AI and its role in the field of

endodontics.

Results: The initial search resulted in 785 articles, exclusion based on abstract relevance, animal

studies, grey literature and letter to editors narrowed down the scope of selected articles to 11

accepted for review. The review data supported the findings that AI can play a crucial role in the

area of endodontics, such as identification of apical lesions, classifying and numbering teeth, detect-

ing dental caries, periodontitis and periapical disease, diagnosing different dental problems, helping

dentists make referrals, and also helping them make plans for treatment of dental disorders in a

timely and effective manner with greater accuracy.

Conclusion: AI with different models or frameworks and algorithms can help dentists to diag-

nose and manage endodontic problems with greater accuracy. However, endodontic fraternity

needs to provide more emphasis on the utilization of AI, provision of evidence based guidelines

and implementation of the AI models.
� 2022 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is

an open access article under theCCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

The complexity of the neural networks in a functional human
brain have always intrigued physicians, technologists, and sci-
entists (Richardson, 2017). With evolution of time, multiple
advanced technologies have emerged in several fields of science

which have mimicked the functions of the human brain
(Lebedev and Nicolelis, 2017). However, it is still not feasible
for scientists to simulate the human brain in a wholesome

manner (Khanna and Dhaimade, 2017). Despite this challenge,
in recent times ‘‘artificial intelligence” (AI) has gained immea-
surable importance in all walks of life. (Stuart and Peter, 2016,

Ishwarya et al., 2017). ‘‘Artificial intelligence (AI) is the ability
of a digital computer or computer-controlled robot to perform
tasks commonly associated with intelligent beings.”(Alexander

and John, 2018, Yadav and Sehrawat, 2018). Thus, AI can be
considered as a broader field that is concerned with the elec-
tronic models that can think and behave or undertake jobs
and assigned activities (Deshmukh, 2018, Park and Park,

2018). Moreover, AI structures can help researchers, scientists
and health care providers to obtain required knowledge with
higher and desirable accuracy and results (Akerkar, 2019,

Shankar et al., 2019).
In addition, artificial neural networks (ANN) are greatly

inspired by the human brain. It consists of machine learning

algorithms called neurons (nodes) that focus on recognizing
underlying patterns or connections from a dataset and imitate
brain’s data processing function. (Da Silva et al., 2017). Neural
signal transmission is stimulated by these ANNs and the

human brain functions as a crucial part of AI
(Kalappanavar et al., 2018, Yaji, 2019). Applied work in this
field of ANN shows that neural networks being a computa-

tional cognitive model can perform complex tasks at human
or even super-human performance level. These deep neural
networks explain a significant amount of variance across sen-

sory cortex and approximation with the compositional struc-
ture of physical processes. Evidence based literature reveals
that recurrent ANN’s can also explain decision-related pro-

cesses (Ojha et al., 2017). One of the imperative benefits of
ANNs is that this structure resolves problems that are too mul-
tifarious and intricate to orthodox methods (Klyuchko, 2017,

Miller and Brown, 2018). Furthermore, these ANNs are uti-
lized in innumerable specialties of medicine ranging from diag-
nosis of a disease, development of medicines to the analysis of

an image or scan (Talari et al., 2019).
The last decade has witnessed a noticeable progression in

the use of AI in the field of dentistry (Chen et al., 2020). Thus,
AI has its effective implications in the field of dentistry, facil-

itating precise diagnosis in oral medicine and radiology
(Hung et al., 2020). AI-enabled shared data storage uses mod-
ern analytics for evaluation of genetic information and AI

workloads enabling accurate diagnosis and treatment plan-
ning. Despite its widespread applications, AI is yet to influence
the standard protocols adopted in the field of dentistry (Singh

et al., 1956). AI and ANNs will not only aid in accurate diag-
nosis of Dental anomalies and conditions but also improve
work efficiency and final outcome of the planned treatment

(Naik and de at, 2016).
Presently, AI is being popularly used to plan treatment in

the area of endodontics (Orhan et al., 2020). Although there
is a dearth of literature regarding the role of neural AI for

treatment planning in the field of dentistry, there are some
studies that provide substantial evidence on the role of AI
and ANN mainly in the field of endodontics. However, find-

ings from these individual research studies are not systemati-
cally reviewed and reported. Thus, till date, no systematic
reviews have aggregated and synthesized the findings about

neural AI aided treatment planning in endodontics. Hence,
the purpose of this study is to systematically review, appraise,
and evaluate the neural AI algorithms employed in endodontic
diagnosis and treatment planning. Moreover, the present

review was conducted on the premise that comprehensive



Table 1 Search strategy for the potential studies according to

PICO criteria.

Population ‘adults*’ [Mesh] OR *human beings*’ OR *

women* OR Men* OR ‘Women 18 years old*’

OR ‘ Men 18 years old’ OR Men, OR women,

OR adults, OR adults, OR Men, OR overweight

Women ‘Men AND women 18 years and

older’[Mesh]) AND

Intervention/

Exposure

(Artificial

Network)

‘‘Artificial intelligence” OR ‘‘neural artificial

intelligence OR Artificial intelligence”, OR

neural artificial intelligence” OR ‘‘neural

artificial intelligence assisted treatment OR

‘‘Artificial intelligence assisted treatment and

neural artificial intelligence assisted treatment

planning OR ‘‘artificial intelligence assisted

treatment planning”

Comparison

group

Not Applicable

Outcome ‘‘dental caries* OR dental decay OR teeth

classification, OR ‘‘segmentation” OR ‘‘ location

of apical foramen”, OR dentistry, OR dental

problems OR ‘‘endodontics”
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and systematic knowledge regarding influence of AI in
Endodontic treatment planning ensures enhanced and precise
patient care.

2. Material and methods

This systematic review aimed to appraise and evaluate the

available literature on the neural AI aided treatment planning
in endodontics. The review focused to extract and analyze data
on endodontic diagnostic application of AI, the algorithms

and models employed (CNN [convolutional neural network],
DCNN [deep convolutional neural network] and ANN), data-
sets utilized and comparative efficacy reported. This review

was conducted according to the PRISMA (Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses) guideli-
nes for reporting the systematic review (Moher et al., 2010).

2.1. Inclusion and exclusion criteria

An electronic search was carried out on the chosen topic of
neural AI aided treatment planning in endodontics. A study

article was considered eligible if it was a primary research
paper, published in English, and had provided information
on neural AI assisted treatment planning in the field of

endodontics. Articles were excluded if they were in vitro stud-
ies; animal studies; reports from ‘grey literature’ (conference
abstracts, unpublished studies); letters to the editors; and

reviews and studies for which full-texts were not available or
accessible.

2.2. Information sources and search strategy

A systematic search of published articles on the chosen topic
was conducted in 2021 with inclusion criteria of articles pub-
lished between January 2010 and December 2020. The compre-

hensive search was conducted using databases such as
PubMed, Google Scholar, and Science Direct. The titles of
the articles were first screened, followed by abstract screening,

and full-text article assessment. Finally, studies that did not
meet the inclusion criteria were excluded.

An amalgamation of Medical Subject Headings (MeSH)

keywords along with text words were used and assembled as
search terms. These search terms were distributed into four
major groups, namely, population, intervention, comparison,
and outcome using PICO framework (Schardt et al., 2007).

Most common search terms included ‘‘Artificial intelligence
AND endodontics”, ‘‘neural artificial intelligence AND
endodontics”, ‘‘endodontics AND Artificial intelligence”, ‘‘en-

dodontics AND neural artificial intelligence”, ‘‘neural artificial
intelligence assisted treatment AND endodontics” ‘‘Artificial
intelligence assisted treatment AND endodontics” and ‘‘neural

artificial intelligence assisted treatment planning AND
endodontics OR artificial intelligence assisted treatment plan-
ning AND endodontics”, which appeared in abstracts, key-

words and titles.
Further, diverse wordings of main concepts such as Artifi-

cial Intelligence vs neural artificial intelligence assisted treat-
ment planning and endodontics, etc. were also used to

obtain pertinent research papers. These major concepts were
then combined (using Boolean operators AND, OR) relevant
to the research question. Moreover, to detect more research
articles, truncation (*) with the same root word was utilized.
The search strategy based on the four categories of the PICO
framework is given in Table 1.

2.3. Data abstraction

After importing all the appropriate research studies into a ref-

erence manager software (EndnoteTM), titles were screened for
duplicates and the same were eliminated. The abstracts which
did not explicitly measure the study objective were not consid-

ered for further review. Finally the full-text articles were exam-
ined followed by abstracting and summarizing the articles that
met the eligibility criteria using a standardized pro forma.

Besides, the bibliography of remaining studies were also
checked and scrutinized to avoid missing any useful studies.

The data extraction tables were compared to ensure inclu-
sion of the imperative findings of the eligible studies. The

abstracted data table comprised comprehensive information
including author name(s), publication year, country of origin,
sample size and characteristics, type of artificial network used,

study objectives, main metrics used in the study, main findings,
strengths, limitations, and future directions.

3. Results

3.1. Findings of the search strategy

After the initial search 785 citations were identified relevant to
the review title, however 20 articles were removed due to dupli-

cation. The abstract relevance narrowed down the article num-
ber to 262. Further scrutinizing the articles based on the
inclusion and exclusion criteria, resulted in 11 studies for sys-
tematic reviewing of the implications of AI in endodontic diag-

nosis and treatment planning. The full texts retrieved for the 11
research articles that were assessed and included in the quanti-
tative synthesis are shown in Fig. 1.



Records identified from*:
Databases (n = 420 )
Registers   (n = 365 )

Records removed before 
screening:

Duplicate records removed  
(n =25 )
Records marked as ineligible 
by automation tools (n =15 )
Records removed for other 
reasons (n =10)

Records screened
(n =760 )

Records excluded**
(n =498 )

Reports sought for retrieval
(n =262)

Reports not retrieved
(n =249 )

Reports assessed for eligibility
(n =13 ) Reports excluded:

Reason 1 (In vitro Studies )
Reason 2 (Grey Literature )
Reason 3 (Letters to Editors )
Reason 4 (Reviews)

Studies included in review
(n =11 )
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Fig. 1 Screening, identification, and selection of research articles for systematic review.
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3.2. Characteristics of the eligible studies

The tabulated review data (Table 2) shows the features of the

finally eligible and relevant studies. Of the 11 studies, 9 studies
were conducted between 2017 and 2020, and only two studies
were undertaken in 2012. Most of these studies had been con-
ducted in developed countries such as the USA, Japan, and

Turkey. This was in contrast to the very few studies conducted
in developing countries like Iran and India. While the sample
sizes of the studies were predominantly based on the number

of teeth, in a few studies it was also based on the number of
patients enrolled in the study (Saghiri et al., 2012a, Saghiri
et al., 2012b, Miki et al., 2017a). However, there was a wide

variability in the sample size based on the number of teeth,
ranging from 21 to 3000 teeth, and mainly examined through
radiographs of the patients being evaluated in the study
(Table 2).

Research methodologies of the reviewed studies used vari-
ous AI models and methods with specified architectures or
frameworks. Although the most common AI network architec-

ture used in the studies were based on ANNs, DCNN based AI
architecture were also reported (Saghiri et al., 2012c, Saghiri
et al., 2012a, Miki et al., 2017a). The main purposes of these
networks or frameworks, as reported in the studies, were either

to classify the teeth or detect the anatomic position of the teeth
or find the location of the apical lesion or diagnose the dental
problems such as dental caries, dental decay, or hypersensitive

teeth (Lee et al., 2018a, Bouchahma et al., 2019). Furthermore,
these networks were also used by endodontists to make deci-
sions for timely referrals or management plans for the patients

(Mallishery et al., 2020). A wide range of statistical parameters
were utilized as markers of validity, reliability, and accuracy to
compare the results obtained by these AI methods
(Bouchahma et al., 2019, Mallishery et al., 2020), as opposed

to those achieved by experts in the field of endodontics as
shown in Table 2.

3.3. Findings reported in different studies regarding the validity
of artificial intelligence methods in the field of endodontics

The review elicited scarcity of researches on assessing whether

AI or ANN can help to diagnose or treat dental problems and
assist dentists in the field of endodontics. However, the findings
synthesized and appraised in this systematic review demon-

strates that there is a vital role played by these artificial neural
networks to assist the treatment and diagnoses of dental issues.



Table 2 Characteristics of studies included in the systematic review.

Authors

(Year)

Country Sample size and

characteristics

Outcome

evaluated

Study objective Methodology Type of AI

Network

Study

parameter(s)

Main Findings Study limitation Future

directions

Saghiri

et al., 2012a

Iran 50 single rooted

extracted teeth

(mandibular

incisor and 2nd

premolar) placed

within extraction

sockets of dried

skull.

Locating

anatomic

position of

minor apical

foramen.

‘‘To develop a

new approach for

locating the minor

apical foramen

using feature-

extracting

procedures from

radiographs and

then processing

data using ANN

as a decision

making system.”

Following access

cavity

preparation, a file

was placed and

radiograph was

taken to evaluate

the location of the

file in relation to

the minor apical

foramen and

further checked

after retrieving the

tooth from the

alveolar socket.

This was

evaluated by two

endodontists, who

assessed the

position of the

files on the

radiographs and

then visualized the

root apices under

a

stereomicroscope,

considered as the

gold standard.

ANN –

Multilayer

perceptron

model

Accuracy of

identifying the

minor apical

foramen.

Analysis of the

images from

radiographs by

ANN showed that

in 93% of the

samples, the

location of the

foramen had been

determined

correctly by false

rejection and

acceptation error

methods.

Significant

differences were

observed in data

obtained from

endodontists and

ANN

(p < 0.01).

Comparing with

stereomicroscope

examination for

determining

anatomic position

of minor apical

foramen, ANN

had greater

accuracy (96%)

than endodontists

(76%).

Small sample size Larger studies

with more

sample size.

Saghiri

et al., 2012b

Iran ‘‘To evaluate the

accuracy of the

ANN to simulate

the clinical

situation of

working length

determination.”

Miki et al.,

2017a

Japan 52 CBCT

volumes divided

into training

(n = 42) and test

(n = 10) cases.

Identification

and

classification

of teeth from

CBCT for

forensic

applications.

‘‘To investigate

the application of

a DCNN for

classifying tooth

types on dental

CBCT images and

to automate the

dental filing

process using

dental x-ray

images.”

52 CBCT datasets

with a field of view

ranging from 51 to

200 mm and voxel

resolution in the

range of 0.1–

0.39 mm, were

used in a DCNN

for identifying and

classifying 7 types

of teeth (central

incisors, lateral

incisors, canines,

first premolars,

second premolars,

DCNN -

As a

component

of

automated

dental

charting

Teeth

classification

accuracy

The average

classification

accuracy using the

augmented

training data by

CBCT image

rotation and

intensity

transformation

was 88.8%.

Limited number

of CBCT

datasets.

Classification

accuracy

can be

improved by

combining the

results for a

tooth, or by

applying

3D

convolution.

2
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Table 2 (continued)

Authors

(Year)

Country Sample size and

characteristics

Outcome

evaluated

Study objective Methodology Type of AI

Network

Study

parameter(s)

Main Findings Study limitation Future

directions

first molars and

second molars).

The 52 volumes

were randomly

divided into

training

(n = 42) and test

(n = 10) datasets

and were

evaluated for

possible

application in

automated filing

of post-mortem

dental charts.

Lee et al.,

2018a

South

Korea

3000 dental

periapical

radiographs

including

maxillary

premolars

(n = 778) and

molar (n = 769),

and mandibular

premolars

(n = 722) and

molars (n = 731)

Detection of

dental caries

from

periapical

radiographic

images.

‘‘To evaluate the

efficacy of DCNN

algorithms for

detection and

diagnosis of

dental caries on

periapical

radiographs”

3000 periapical

radiographic

images were

divided into

training and

validationdataset

(n = 2400) and

test dataset

(n = 600).

DCNN Diagnostic

accuracy,

sensitivity,

specificity,

positive/

negative

predictive

values, ROC

curve, and

AUC for

detection of

dental caries

by DCNN.

DCNN based

premolar model

provided the best

diagnostic

accuracy (89%)

and AUC (0.917),

which was

significantly

greater

(p < 0.001) molar

model (accuracy –

88%, AUC –

0.890) and

combined molar

premolar model

(accuracy – 82%,

AUC – 0.845).

Only permanent

teeth were

included.

Number of

periapical

radiographs with/

without dental

caries were too

small to perform

optimal DCNN

learning.

Enhance

diagnostic

accuracy

through

inclusion of

history, clinical

examination,

percussion and

tactile

evaluation in

DCNN

algorithm.

Bouchahma

et al., 2019

Tunisia 200 dental

periapical

radiographs.

Predicting

treatment

options for

dental decay.

‘‘To propose an

automatic method

using DCNN to

detect the decay

from dental X-

Ray images and

to predict the

needed

treatment.”

DCNN model was

designed based on

dental periapical

radiographs

obtained from

patients.

The model was

evaluated in a

subset of 200

radiographs to

identify dental

decay and predict

treatment either as

DCNN Treatment

prediction

accuracy

The DCNN based

dental decay

treatment

prediction model

had an overall

accuracy of 87%

(fluoride

application –

98%, root canal

treatment – 88%,

simple dental

restoration –

77%).

Small sample size Further studies

with larger

sample size.

(continued on next page)
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Table 2 (continued)

Authors

(Year)

Country Sample size and

characteristics

Outcome

evaluated

Study objective Methodology Type of AI

Network

Study

parameter(s)

Main Findings Study limitation Future

directions

fluoride

application, root

canal treatment or

simple dental

restoration.

Ekert et al.,

2019b

Germany Dental

panoramic

radiographs from

85 patients

(median age –

51 years)

including 2001

teeth.

Detection of

apical Lesions

‘‘To apply DCNN

to detect apical

lesions on

panoramic dental

radiographs.”

DCNN model was

tested against an

ordinal reference

scale inferred

through majority

values assigned by

6 independent

examiners who

assessed the

panoramic dental

radiographs.

Reference scale

values were, no

apical lesion (0),

widened PDL

space or uncertain

apical lesion (1),

and certain apical

lesion (2)

.

DCNN Sensitivity,

specificity,

positive and

negative

predictive

values, and

AUC for

ROC.

The DCNN had

an overall AUC

of 0.85 ± 0.04 for

detection of apical

lesions. The

model showed

greater specificity

(0.87 ± 0.04)

than sensitivity

(0.65 ± 0.12).

This correlated

with a greater

negative

predictive value

(0.93 ± 0.03)

than positive

predictive value

(0.49 ± 0.10).

The sensitivity

was significantly

higher for molars

than for other

tooth types.

Smaller training

datasets

Further studies

to consider the

impact of

factors such as

image

Projection and

contrast quality

on the

discrimination

ability of

DCNN.

Hu et al.,

2019

USA 21 patients (mean

age –

27.6 ± 3.5 years)

AI based real

time pain

detection and

localization

using neuro-

imaging.

‘‘To test the

feasibility of a

mobile

neuroimaging-

based clinical

augmented reality

and AI

framework for

objective pain

detection and also

localization direct

from the patient’s

brain in real

time.”

Cortical brain

activity during

acute pain (cold

stimulation of

hypersensitive

teeth) was

recorded in real

time using a

portable optical

neuroimaging

technology

(functional near-

infrared

spectroscopy).

ANN and DCNN

ANN and

DCNN

based AI

algorithm

Classification

accuracy of

pain and non-

pain states.

For pain/non-

pain

discrimination,

the AI algorithm

achieved 80.37%

classification

accuracy and a

positive

likelihood ratio of

2.35. Using the

same algorithm

for a left/right

localization task

74.23% accuracy

and a positive

Small sample size Extensive

validation is

still required

for clinical

translation.
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Table 2 (continued)

Authors

(Year)

Country Sample size and

characteristics

Outcome

evaluated

Study objective Methodology Type of AI

Network

Study

parameter(s)

Main Findings Study limitation Future

directions

based AI

algorithm was

used to classify the

hemodynamic

data into pain and

non-pain brain

states.

likelihood ratio of

2.02 were

observed.

Tuzoff et al.,

2019

Russia 1574 dental

panoramic

radiographs.

Teeth

detection and

numbering.

‘‘To propose and

evaluate a novel

solution based on

CNN for

automatically

performing the

tasks of teeth

detection and

numbering from

dental panoramic

radiographs.”

1574 randomly

selected dental

panoramic

radiographs were

divided into

training

(n = 1352) and

testing (n = 22)

subsets.

Comparison of

sensitivity,

specificity and

precision of tooth

detection and

numbering by the

CNN based

algorithm was

done with

information

provided by five

experts in oral

radiology.

CNN Sensitivity,

specificity and

precision of

tooth

detection and

numbering.

CNN based

algorithm

achieved a

sensitivity of

0.9941 and

precision of

0.9945 for teeth

detection, and

sensitivity of

0.9800 and

specificity of

0.9994 for teeth

numbering. These

results were

comparable to

that of the experts

(teeth detection –

sensitivity of

0.9980/precision

of 0.9998; teeth

numbering –

sensitivity of

0.9893/specificity

of 0.9997).

Majority of the

misclassifications

were observed

among teeth

neighboring

edentulous

spaces.

Further scope

for

improvement of

in terms of

advanced

augmentation

techniques,

extended

datasets and

use of more

recent CNN

architectures.

Fukuda

et al., 2020

Japan 300 dental

panoramic

radiographs,

including 330

teeth with VRF.

Detecting

vertical root

fracture in

teeth.

‘‘To evaluate the

use of a CNN

system for

detecting VRF on

panoramic

radiography.”

300 dental

panoramic

radiographs were

randomly divided

into training

(n = 240) and

testing (n = 60)

images. For

comparison, the

presence of VRF

line was confirmed

by 3 experts (2

radiologists and 1

endodontist).

CNN Recall,

precision, and

F measure for

diagnostic

performance.

267 teeth with

VRF (80.9%)

were accurately

detected by the

CNN algorithm.

In addition, 20

teeth without

VRF were falsely

diagnosed. Values

for recall,

precision and F

measure were

0.75, 0.93, and

0.83, respectively.

Inadequate

training items,

inclusion of only

radiographs with

clear VRF lines

and single center

study.

Further large

scale studies to

address

limitations.

(continued on next page)
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Table 2 (continued)

Authors

(Year)

Country Sample size and

characteristics

Outcome

evaluated

Study objective Methodology Type of AI

Network

Study

parameter(s)

Main Findings Study limitation Future

directions

Mallishery

et al., 2020

India 500 root canal

treatment cases.

Difficulty level

and decision

for referral in

root canal

treatment

cases.

‘‘To generate a

machine learning

algorithm which

can help predict

the difficulty level

of the root canal

treatment case

and decide about

a referral, with the

help of the

standard AAE

endodontic case

difficulty

assessment form.”

500 root canal

treatment cases

recorded using

AAE endodontic

case difficulty

assessment form,

were assessed by 2

pre-calibrated

endodontists (3rd

endodontist was

consulted for

conflicting

opinions). This

was compared

with the algorithm

generated through

ANN.

ANN Sensitivity of

the ANN

algorithm for

identifying

difficulty level

and deciding

referral.

ANN algorithm

achieved a

sensitivity of

94.96%.

No analysis of

alternative

sources of data.

Further ANN

algorithms

should include

alternative

sources of data

such as

radiographs

and clinical

findings in

conjunction

with the AAE

case difficulty

assessment

form.

Orhan et al.,

2020

Turkey 153 CBCT

images of

periapical lesions

acquired from

109 patients.

Detection,

localization

and volume

determination

of periapical

Lesions.

‘‘To verify the

diagnostic

performance of an

artificial

intelligence

system based on

the DCNN

method to detect

periapical

pathosis CBCT

images.”

153 CBCT images

showing periapical

lesions were

evaluated by an

expert human

observer using

manual

segmentation in a

medical imaging

software. DCNN

was trained and

evaluated for

detecting,

localizing and

determining

volume of the

periapical lesions

from CBCT

images.

DCNN Reliability of

DCNN for

detection,

localization

and volume

determination

of periapical

Lesions.

The DCNN

detected and

localized teeth

with a reliability

of 92.8%. 142 of

153 periapical

lesions were

correctly detected

and only tooth

was wrongly

localized.

Comparing

volume

determination of

the lesions by

DCNN and

manual

segmentation,

there was no

significant

difference

(p > 0.05).

DCNN based

measurements

may have been

altered by the

presence of perio-

endo lesions,

PDL tissue loss

and alveolar bone

defects.

Further studies

to address

algorithms

which include

variation of

normal

dentoalveolar

anatomy.

ANN – Artificial neural network, DCNN – Depp convolutional neural network, CBCT – Cone beam computed tomography, ROC - Receiver operating characteristics, AUC – Area under curve,

PDL – Periodontal ligament, AI – Artificial intelligence, CNN – Convolutional neural network, VRF – Vertical root fracture, AAE – American association of endodontists.
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3.3.1. Evaluating studies utilizing ANN

The study conducted by Hu et al. (2019) tested the practical

application of a mobile neuroimaging-based clinical amplified
reality and AI structure, to detect the pain and also locate it
from the patient’s brain in real-time (Hu et al., 2019). Impres-

sively, ANN associated analysis performed on split data his-
tory segments demonstrated appreciable accuracy (Hu et al.,
2019). More specifically, the authors found that the prediction

accuracy of ANN was 80.37%, with a positive likelihood ratio
of 2.35 having a sensitivity of 32.6%, and a specificity of
86.1%. Similarly, ANN, which was performed on split data
history blocks with reweighted loss function obtained the sen-

sitivity of 40.9% and specificity of 80.1% and a positive likeli-
hood of 2.06. Likewise, another study conducted by Saghiri
et al (2012) found that the ANN framework was able to locate

the apical foramen in >90% of the samples. (Saghiri et al.,
2012b). Hence the authors recommended that ANN frame-
works can help to improve the accuracy of dental diagnosis

in the future and thus can lead to better treatment outcomes
in endodontics (Saghiri et al., 2012c) (Table 2).

3.3.2. Studies explaining the implications of CNN

Interestingly, the previously mentioned study conducted by
Hu, Nascimento et al., in addition to using an ANN architec-
ture also utilized CNN and showed a specificity of 89.6%, but

with a positive likelihood of 1.39 and a sensitivity of 14.4%
(Hu et al., 2019). Another study conducted by Ekert et al.
(2019a) applied CNN on panoramic radiographs to identify

the apical lesions to prove the hypothesis that usage of CNN
may increase discriminatory ability and reliability (Ekert
et al., 2019b). The research data revealed that a moderately
CNN trained on a very restricted image data demonstrated

sufficient discriminatory ability to identify apical lesions on
panoramic radiographs (Ekert et al., 2019b). Hence, these
CNN can improve the reliability and assist dentists to obtain

comparative results as that of expert dentists (Ekert et al.,
2019b). (Table 2).

3.3.3. Studies emphasizing the use ANN, CNN and DCNN

The study conducted in South Korea by Lee, Kim, Jeong, &
Choi, found that deep algorithm developed based on DCNN
had high potential to correctly identify and diagnose dental

caries (Lee et al., 2018a). Overall, DCNN algorithm delivered
significant output in identifying dental caries on periapical
radiographs (Lee et al., 2018b). Likewise, Tuzoff et al. (2019)

conducted a study in Russia and found that DCNN are
99.4% sensitive and elaborated that these findings are compa-
rable to the validity and reliability results of the expert dentists
in numbering and detecting teeth on panoramic radiographs

with analogous sensitivity and specificity. On the other hand,
similar study conducted in 2012 in Iran found significant dif-
ferences between data acquired from endodontists and ANN

by stereomicroscope after extraction. More specifically,
endodontists obtained correct and accurate measurements in
76% of the cases, while ANN were able to locate the correct

position of teeth in 96% of the cases. (Saghiri et al., 2012).
Similarly, another study conducted in Turkey found higher
reliability (92.8%) of the DCNN system to detect a periapical

lesion, and the same framework also identified teeth and num-
bered them correctly except missing one tooth (Orhan et al.,
2020). The AI based system identified 142 out of 153 periapical
lesions. The authors also found a significant and positive cor-
relation between the measurements made by the radiologists
and by a DCNN system. However, measurements made by

DCNN and manual segmentation were not significantly differ-
ent (P > 0.05) (Orhan et al., 2020).

These findings are consistent with studies conducted by

Fukuda et al. (2019) where authors developed an AI frame-
work for identifying vertical tooth fracture on panoramic
radiography and authors found that the CNN model was able

to detect vertical tooth fracture on panoramic images (Fukuda
et al., 2019). Moreover, a study conducted by Miki et al.
(2017b) investigated the utility of the DCNN to classify teeth,
and the authors found an improved classification performance

with high accuracy of 91.0% (Miki et al., 2017b). Authors also
alluded that one of the benefits of this DCNN is that it does
not require the precise tooth segmentation as opposed to con-

ventional feature-based classification. Authors also illustrated
that ANN can successfully predict for dental decay with an
accuracy of 72% to 98%. These findings are also supported

by a similar research report conducted in 2019 where authors
found a sensitivity of 94.96% by using a machine learning
algorithm for making decisions and making referrals

(Mallishery et al., 2019).
4. Discussion

The current systematic review about the role of neural AI in
treatment planning and diagnosis in the field of endodontics
appraised and synthesized findings on the pre-defined objec-
tive. In General, the review results reveal that most of the

available literature was from developed countries with very
few studies from the developing countries. Overall, there is a
dearth of the research on assessing whether AI or associated

ANN, CNN or DCNN can help to diagnose or treat dental
problems and assist dentists in the field of endodontics. Almost
all of the studies in this review supported the findings that arti-

ficial intelligence can play a crucial role in diagnosing various
dental issues and even can classify the number of teeth and
anatomical location of the same with the highest accuracy.

Hence the AI with different models or frameworks and algo-
rithms can help dentists to diagnose and manage the dental
problems with greater accuracy.

These findings are analogous to the existing literature where

AI has been used to assist the health expert to a larger extent.
The ANN is primarily a mixture of soft and hardware imita-
tion of a human brain, which learns to recognize patterns from

the input of the data followed by making extrapolations by
identifying comparable arrangements in future data (Prieto
et al., 2016). For instance, the literature highlights that virtual

dental assistants developed using the machine algorithm of AI
can undertake a plethora of activities with substantial accuracy
in the dental clinics or office with the lower workforce when
compared to human beings (Zhuet al., 2018). More specifi-

cally, these AI-based frameworks and algorithms can help to
manage insurance claims, arrange appointments and help
health experts in the diagnosis and management of patients

in diverse dental fields such as oral radiology, oral pathology,
and oral medicine (Drozdzal et al., 2018). AI-based networks
are also capable of assisting dentists to complete history and

examination of the patients as well as other history related
to diet, alcoholism, and smoking (Drozdzal et al., 2018).
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Interestingly, AI-based networks are also successfully used in
emergency Tele-assistance, when the doctor is not physically
available to attend the patient (Drozdzal et al., 2018).

Similar to the results in the present review, findings from
the existing literature also reveal that results regarding accu-
racy are more significant for AI-based networks when com-

pared to conventional methods (Drozdzal et al., 2018). These
networks are also used successfully in the field of orthodontics
where patients are diagnosed and managed by using radio-

graphs and photographs by scanners in the oral cavity, which
works on the codes of AI. Nevertheless, the movement of teeth
and final treatment outcomes can also be anticipated with the
help of these AI algorithms (Drozdzal et al., 2018). For effec-

tive and accurate clinical practice, a precise diagnosis is consid-
ered as a robust basis. Competently skilled neural networks
can be a valuable asset for dentists, chiefly in the management

of illnesses and disorders with numerous causes or factors (Jha
and Topol, 2016). In this regard, AI can be considered as one
of the best measures in diagnosing and treatment planning or

treating dental problems. Even nominal to minuscule varia-
tions at the level of single-pixel which might go unnoticeable
by the human eye can be distinguished using AI based net-

works (Topol, 2019).

4.1. Strengths and limitations of the study

Despite the fact that this is the first systematic review on the

role of neural AI in treatment planning and diagnosis in the
field of endodontics from this geographic region, the present
review has some potential limitations. Firstly, this review did

not include the grey literature and there is a possibility that
unpublished studies on the same topic might have different
results. Secondly, most of the reviewed studies were from

developed countries with very few studies conducted in the
developing countries, thereby making the results difficult to
be generalized. Thirdly, this review included papers only in

the English language and might have overlooked the impor-
tant literature published in local languages. Lastly, the hetero-
geneity in the sample size of the studies included in the
systematic review with a fewer number of cases included in

the majority of the studies.

5. Conclusion and future research

To summarize, AI models described in the research articles of
this systematic review demonstrated numerous promising uses
in the field of endodontics, such as identification of apical

lesions, classifying and numbering the teeth, detecting dental
caries, periodontitis/periapical disease, diagnosing different
dental problems, helping dentists to make referrals, and also

helping them to make plans for the treatment of dental disor-
ders in a timely and effective way. However, given the limita-
tions of the studies, future studies should be conducted with

larger sample sizes to assess the validity and specificity of AI
in daily dental practice, especially from a perspective of mak-
ing short term and long term plans for patients with dental dis-
orders. It is also important to consider that all the algorithms

used on the principles of AI may not be appropriate for clinical
application, and further studies are recommended to evaluate
the analytic programs for different scenarios. Besides, the diag-

nostic performance of the AI networks is not similar across all
algorithms used, therefore, it is crucial to validate the reliabil-
ity and external validity of these networks by using representa-
tive and larger samples from several settings before

extrapolating and applying these frameworks and algorithms,
in their entirety, into the field of endodontics.
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