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ARTICLE INFO ABSTRACT

Objectives: Convolutional neural networks (CNNs) are increasingly applied for medical image diagnostics. We
performed a scoping review, exploring (1) use cases, (2) methodologies and (3) findings of studies applying CNN
CNNs on dental image material.

Keywords:
Artificial Intelligence

Df:ntistry. Sources: Medline via PubMed, IEEE Xplore, arXiv were searched.

E‘ll?g:sz:fase d Dentistry ..S'tudy selection: Full-text articles and conference-proceedings reporting CNN application on dental imagery were
included.

Images

Data: Thirty-six studies, published 2015-2019, were included, mainly from four countries (South Korea, United
States, Japan, China). Studies focussed on general dentistry (n = 15 studies), cariology (n = 5), endodontics
(n = 2), periodontology (n = 3), orthodontics (n = 3), dental radiology (2), forensic dentistry (n = 2) and
general medicine (n = 4). Most often, the detection, segmentation or classification of anatomical structures,
including teeth (n = 9), jaw bone (n = 2) and skeletal landmarks (n = 4) was performed. Detection of pathol-
ogies focused on caries (n = 3). The most commonly used image type were panoramic radiographs (n = 11),
followed by periapical radiographs (n = 8), Cone-Beam CT or conventional CT (n = 6). Dataset sizes varied
between 10-5,166 images (mean 1,053). Most studies used medical professionals to label the images and con-
stitute the reference test. A large range of outcome metrics was employed, hampering comparisons across stu-
dies. A comparison of the CNN performance against an independent test group of dentists was provided by seven
studies; most studies found the CNN to perform similar to dentists. Applicability or impact on treatment decision
was not assessed at all.

Conclusions: CNNs are increasingly employed for dental image diagnostics in research settings. Their usefulness,
safety and generalizability should be demonstrated using more rigorous, replicable and comparable metho-
dology.

Clinical significance: CNNs may be used in diagnostic-assistance systems, thereby assisting dentists in a more
comprehensive, systematic and faster evaluation and documentation of dental images. CNNs may become ap-
plicable in routine care; however, prior to that, the dental community should appraise them against the rules of
evidence-based practice.

1. Introduction

In medicine, the application of techniques from the realm of artifi-
cial intelligence (AI) and specifically computer vision is increasingly
common. Deep learning, using convolutional neural networks (CNNs)
has been demonstrated to have remarkable potential to assist doctors in
fields like dermatology (to detect skin cancer), opthalmology (to detect
and discriminate different types of retinopathy) and radiology (for

example, to detect abnormalities in chest x-rays) [1-3]. While there is
evidence for CNNs having the potential to detect pathologies, but also
anatomical structures on medical images with similar or even higher
accuracy as medical professionals, there is also indication for potential
bias in the algorithms underlying these applications, with possible risks
of limited robustness and generalizability [4].

CNNs perform tasks like (1) detecting structures (deciding if an
organ or, in dentistry, a tooth etc. is present on an image) or pathologies
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Fig. 1. (a) Potential labelling strategies for different dental image modalities such as (from left to right) near infrared-light transillumination (NILT), bitewing
radiographs, or tooth segments extracted from panoramic radiographs. Labels and/or annotations are provided by experts in the field, in a pixels-wise fashion, in
form of bounding boxes or as (binary) image class labels (e.g. 0 and 1, corresponding to a positive and negative class). (b) Training of a neural network, demonstrated
on the bitewing caries detection image from (a). In an iterative and repeated procedure (referred to as epochs) image data is passed through a network (from left to
right, so-called forward path). The model’s output, its prediction, is compared to a ground truth (e.g. the labels and annotations provided by human experts). Wrong
outcomes cause the error to be propagated backwards (backward path) through the network, with small changes being applied to the model weights in response (by
the so-called back propagation algorithm). Over the period of many epochs, the model weights are optimized to represent the statistical structure of the input data

and its mapping to a particular label or annotations.

(e.g. nodes in the lung, caries lesions on teeth), (2) segmenting them
(e.g. identifying the exact shape of the organ, tooth, or pathology on an
image) and (3) classifying them (e.g. being able to separate the left from
the right kidney or to label each tooth in a dentition, distinguishing
acquired and developmental enamel white spot lesions from each
other).

To do so, CNNs, which are a particular type of machine learning
models, are trained with data that is provided in form of pairs of
imagery data and a corresponding outcome for the image (so-called
supervised learning). Depending on the task, this outcome may be a
unique label such as affected or not affected, or a list of labels (e.g. teeth
names or pathologies) and related areas on the image that capture the
corresponding structure or pathological region. By providing the data in
an iterative and repeated manner, the CNN’s internal structure, more
specifically its model parameters (referred to as model weights), are
optimized to represent the statistical structure of the input data and its
mapping to a particular label [5]. The training process is repeated until
the incremental improvement in the model’s predictive power allows to
map an input image to a particular label (Fig. 1).

To perform such training, a reference test is needed to provide a
label. This reference test can be constituted via a “gold standard” (e.g.
histological assessment for carious lesions). More often, though, a label
is provided by human experts who “annotate” images, e.g. depending
on the task they decide if something (structure, pathology) is present,
where exactly it is or what shape it has. This procedure of course de-
fines “the truth” according to the annotator, with a single annotator

being only limitedly accurate. Hence, in many cases, multiple labels are
provided (multiple experts annotate the same image), and these mul-
tiple votes are synthesized to define the reference test [6].

The trained CNN is then validated, ideally against an independent
dataset (which the CNN has never seen before), and performance me-
trics can be derived. While in medicine measures like accuracy (the %
of correct detections per all labels), the area-under-the receiver-oper-
ating-curve (AUC) or the associated sensitivity (correct positive detec-
tions per all positive labels) and specificity (correct negative detections
per all negative labels) are frequently employed, technical disciplines
usually use other metrics, like recall (a synonym for sensitivity), pre-
cision (also known as positive predictive value), the Fl-score (the
harmonic mean of precision and recall) or similarity scores (indicating
if labelled and predicted image segments overlap).

In dentistry and oral medicine, a vast number of images are ob-
tained each year. In most European countries, for example, dental
radiography (including panoramic, bitewing, periapical and cephalo-
metric radiographs) is likely to account for the majority of all radio-
graphs taken, with an estimated mean of 250-300 dental images being
taken per 1000 individuals in 2010 [7]. Considering that further ima-
gery (photographs, 3-D-surface scans, fluorescence images etc.) are
employed, too, there seems great potential for CNN application. How-
ever, so far, it has not been systematically assessed which fields have
employed CNNs, and which applications are in the focus. It is also not
clear which methods (imagery types, reference tests, CNN architectures,
outcome metrics) are common, and how CNNs currently perform when
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compared against human experts. Having such information could guide
future applied research for Al techniques in dentistry, but also support
the strive for methodological standardization. Moreover, it could help
to assess if CNNs are actually useful for clinical practice.

We aimed to perform a scoping review to compile studies on CNNs
for dental image diagnostics. Scoping reviews are also executed in a
systematic, replicable manner, but usually focus to identify knowledge
gaps, scope the literature, clarify concepts or assess research conduct
and rigor and thereby, eventually, inform research, educational and
clinical policy and priorities [8,9].

2. Material and Methods

For this study, we defined a scoping review as a study which “aims
to map the literature on a particular topic or research area and provide
an opportunity to identify key concepts, gaps in the research; and types
and sources of evidence to inform practice, policymaking, and re-
search” [10]. The conduct of this review follows the Arksey and
O'Malley framework, modified by Levac [11,12], omitting the con-
sultation step. Reporting follows the PRISMA statement [13].

Our review questions were (1) For which applications have CNNs
been applied in dentistry and oral medicine?, (2) Which methods are
used in these studies to establish datasets, develop, train and test the
model, and report the model performance?, and (3) What were the
findings of these studies when comparing CNN performance against
that of human examiners?.

2.1. Search

The systematic literature search was conducted for studies pub-
lished 2000 to May 10" 2019; the search was performed by one re-
viewer (TG). We systematically searched three databases, namely
Medline via PubMed, IEEE Xplore and arXiv:

- Medline is the most widely used medical database publishing mainly
journal articles.

- [EEE (Institute of Electrical and Electronics Engineers) Xplore is a
digital library for journal articles, conference proceedings, technical
standards, and related materials on computer science, electrical
engineering and electronics, and related fields. The database allows
access to more than 4.5 million technology documents, more than
193 peer-reviewed journals and more than 1,700 global conferences
(https://ieeexplore.ieee.org/Xplore/home.jsp).

arXiv.org is an electronic archive of electronic preprints for research
articles of scientific topics such as physics, mathematics, computer
science, and statistics, among others. In particular in the fast-de-
veloping fields of machine learning and artificial intelligence newest
developments and findings are presented via electronic preprints.
Many articles are published later in more traditional journals and
are accepted for being submitted to highly renowned conferences in
that particular field, such as NIPS (Neural Information Processing
Systems) or ICML (International Conference on Machine Learning).
Notably, arXiv is not peer reviewed, but there are moderators for
each area, who review the submissions [14].

Searching these different sources accounted for the differences in
publication culture across disciplines (clinical, technical sciences). No
language or date restrictions were applied. A three-pronged search
strategy, combining the technique of interest (CNN/deep learning etc.),
the image materials (radiographs etc.) and the field of interest (den-
tistry, or specific topics therein) was applied. The search sequence for
Medline can be found in the appendix and was adopted for the other
database/repository.

One reviewer (TG) screened the titles and abstracts for potential
eligibility, and a second reviewer (FS) reviewed and double-checked
this step. Full-texts were then retrieved and screened in duplicate.
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Cross-referencing from bibliographies and further hand searches were
performed.

2.2. Study selection

We included full articles as well as conference proceedings, both
peer reviewed and not (peer review is not automatically and im-
mediately performed when studies are archived publicly and thereby
made available, for example in repositories, which is common in the
technical sciences), of original studies reporting on the application of
CNN on dental or oral medicine imagery. We did not further define
image materials nor did we specify what task (detection, segmentation,
classification) was to be performed or which overall objective was
underlying the studies. Study setting (in vitro, clinical etc.) was also not
defined, as we aimed to capture studies of different nature to be as
sensitive as possible. As a result, we included diagnostic accuracy stu-
dies using a CNN against some kind of reference test, mainly on routine
imagery data material (i.e. retrospective studies).

2.3. Data extraction and analysis
The following variables were extracted:

(1) General study details (title, primary author, journal or conference,
date of publication)

(2) Study characteristics (field and application, image type, number of
images, index and reference test, if available additional comparator
tests)

(3) Outcomes and outcome metrics.

(4) Findings.

Extraction was performed by one reviewer (TG) and extractions
were discussed with a second reviewer (FS) in detail. Extraction was
first performed in verbatim and study fields, applications, image types,
and reference tests eventually summarized categorically after estab-
lishing useful classes for synthesis. Further analysis was performed
narratively, as well as by descriptive statistics and tabularization. Meta-
analysis was not attempted given the heterogeneity in settings, conduct
of index and reference tests, and outcome metrics (see below). Note that
no formal heterogeneity test was applied, as outcomes were largely not
combinable even for attempting such testing. Also, as mentioned, no
further consultation with stakeholders was sought at this point.

3. Results
3.1. Search and study selection

We identified 323 records, around half of them from PubMed and
the other half from technical databases and repositories, without any
duplicative entries across databases (Fig. 2). A total of 36 studies were
eventually included (Table 1); details on the studies excluded at the
full-text step can be found in the appendix Table S1 (most excluded
studies did not employ CNNs).

3.2. Included studies

All included studies were published between 2015 and 2019, with
the number of publications increasing each year (Fig. 3). Studies were
published across 14 countries, with the majority of first authors being
located in South Korea (n = 8 studies), the United States (n = 6), Japan
(n = 5) or China (n = 5). They were diagnostic accuracy studies, lar-
gely performed on routinely collected imagery material (rather than
prospectively set-up datasets).
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Fig. 2. Flowchart of the search.

3.3. Study fields and applications

The studies addressed clinical problems in the following disciplines
(Table 2); general dentistry (n = 15 studies), cariology (n = 5), en-
dodontics (n = 2), periodontology (n = 3), orthodontics (n = 3), dental
radiology (2), forensic dentistry (n = 2) and general medicine (n = 4).
The application found most often was the detection, segmentation or
classification of anatomical structures, including teeth (n = 9), jaw
bone (n = 2) and skeletal landmarks (n = 4). Three further studies
aimed to detect structures, but also restorations and pathologies. Fur-
ther applications were the detection of carious lesions (n = 3), biofilm
classification (n = 2), and the classification of endodontic treatment
conditions or results (n = 2). Detecting and classifying periodontal in-
flammation or bone loss (n = 2), and detection and classification of
facial features (n = 1) was also performed. Two studies investigated
image quality enhancement in the field of dental radiology using CNNs.
Additionally, CNNs were applied for forensic reasons as well as in
general medicine (detection of osteoporosis, atherosclerotic carotid
plaques and sinusitis).

3.4. Datasets and image types

Dataset sizes varied between 10 and 5,166 images (mean 1,053
images). A separate test dataset was used in ten studies; sixteen studies
performed testing within the overall dataset (largely via cross-valida-
tion). In eight studies, only the total number of images and no in-
formation regarding training or testing data was provided. The most
commonly used image type were panoramic radiographs (used in 11
studies), followed by periapical radiographs (n = 8), Cone-Beam CT
(CBCT) or conventional CT (n = 6), photos (n = 3), bitewing or

cephalometric radiographs (both n = 2) and 3D-mesh, quantitative
light fluorescence or biomarker images (each n = 1). One study as-
sessed both CBCT-Scans and panoramic radiographs.

3.5. CNN architectures

Nearly half of all studies reported to have used individually con-
structed CNN architectures, including variations of pretrained CNNs. If
assessing pretrained CNNs, AlexNet (n = 7 studies) was used most
often, followed by VGG16 (n =5), ResNet (n = 4), U-net (n = 3),
VGG19 and GoogLeNet (each n = 2), and V-net or DenseNet (each
n=1).

3.6. Reference and comparative test

In all but four studies information about the reference test was
provided. In fourteen studies, the reference test was established by
medical professionals, mainly dentists (n = 7 studies), dentists and
radiologists (n = 3), radiologists (n = 2), dentists and students (n = 1)
and physicians (n = 1). In ten further studies, the reference test was
established by “experts” (n = 6), “dental experts” (n = 3) or “radiology
experts” (n = 1), with no further description of their qualification. In
five studies, the reference test was established “manually” without
further information. One study used micro-CT images to define the
reference test, two studies used labelled images from databases without
specifying who or how this labelling had been performed.

The number of human annotators who assessed each image varied
between 1 (n =6 studies), 2 (n=5), 3 Wm=3), 4 (n=2) and 5
(n = 2). In eighteen studies no information regarding the number of
annotators was provided. In 17 studies the performance of the CNN was



Journal of Dentistry 91 (2019) 103226

(98pd 1x2u UO panunU0I)

Ayoyads

‘Ayanisuss Oy ‘Aoeindde Bu () sisnusQg ¢ uondaouy 19N218009 000 resrderag Uuo1IDIIP SILIED £3ojorren 8102 ‘Ba10y] [82] @o1
(asnuap) 1e19q
ony ‘(s1s130101peI)
‘Ayads ‘Ayanisuss ‘Ademdde Ieiiuis () sisidojorper + syspuLQq JONXI[Y 008 JrureIoueq UOTII9P SHISNUIS  SUIDIPIW [BISUID 810¢ ‘ueder [£2] evemin
onv UuonEedYISSed
‘Kyogroads ‘Ayanisuss ‘Aoemode pENEN| (e/u) sisidojorpey 19NR[300D JONXI[V 092 orwreloued ‘104D £3oroydiour ooy sorjuopopuy 8107 ‘ueder [9z] emreay
Ayads uono3ap senberd
‘Ayanisuss ‘Ony ‘Aoemode e'u () sisiSojorper + sysnuaq JONSoY 59 Jrweroued P1IOIED DIJOIS[ISOIDY]Y  UIDIPIW [BISUID 810C ‘[oBISI [sz] syex
Qmseaur
A31rEND 9stou ‘uoLIAILID AN[PPY
UOTRULIOJUT ‘Xdpul A)LIR[IuIIS
2IMdNIIs ‘Onjel 9S10U-03-TeudIs JUSWIDDURYUD
-yead ‘10119 parenbs uealy + (e/u) LD-OIIN exidgng “9ou-n LT 109D Ayirenb a3ewy A3ojorpe1 [eUa@  810¢ ‘AreSuny [+2] TueayeHq
Ldyads ‘[resas ‘uorsioaxd
9102s-T4 “HDIq ‘Ademdde + (e/u) A[renuepn JoU-n $T Jrweroued uoneuawdas Y1oo], ANSHULP [eIOUSD  QT(T ‘AueuLIon [e2] Z3 M
(ueds) eyep
Jo11d Arepunoq ‘Adeinddde BU (e/u) 19seIRp PI[qR[Id NND [enpIarpuy 00CT  pnod-jutod ddejing UOTBIYISSEd 100} JE  ANSNUIP [RIDUSD 8102 ‘euryDd [zz] nX
UONBIYISSD
[reda:1 ‘uorsioaid 9103s-14 e'u eu ‘9IDDA 0001 resrderag pUE UONDIIDP YI00L,  ANSNHUSP [BISUID 810Z ‘Buryd [12] Sueyz
2102s-T4 ‘uoisroaid ‘[resar = (1) 3Isnuaq NND [enpIiarpug 961 Tesrderroq uonenyess Aiend sonjuopopuy 810T ‘euryd [0z] Suex
JUSWDURYUD
SIOIIS 9INJOSqE "Xeul/UedAl Bu eu NND [enpIarpuy 9915 Jrweroued Ayrenb o8ewry  £3ojorpeI [RIULQ 810T ‘BuryD [61]1 na
Aoyads ‘redar
‘uoistaxd 91038-14 ‘Ademdde + (e/U) 19seIRp PI[qR[Id 19NSoY 00ST Jrwreroueq uonejuawidas Yloo],  AnNSnHusp [elausn 8102 ‘Tiseig [81] Ioper
$8-NDd ‘S 91
Ademodoe e'u (2) syadxyg -NDd ‘SZE-NDA “PU9T-DOA 1) 1D  uoneyuowdas J[qIpuBly  ANSNHUSP [BISUDH 8107 ‘ernsny [£1] 19837
afewr UOT}212P
£demdoe -+ (2) suadxyg NND [enplarpuy 00t smpwoeyds)  rewpue| dSLndwoeyday SONUOPOYIO £10T VSN [91] 1V
UOTID3I3P UOTIBUIIR[JUT
uorspaxd “[resas DAV = (1) s1adxs [eyusq NND TenpIarpug <(1}4 so10yd [eIuoporL_g £3o10ju0poLInd £10T ‘VSN [S1] euey
98ewr 1y reworg
resa1-uoispaid ‘DY ‘Ademdoe e'u (e/u) suadxa [ejuaq 9IHDA 96 ‘o8ewt 1y31RITYM uonedYISse[d wjyorg A3oroLren 24102 ‘VSN [+1] Aouneg
2102s-T4 ‘uoisroaid ‘[edar + (1) s1snuaq NND Tenpiaipup 000€ Suimeng UOTIIIP SILIRD A3ojorren 2102 ‘VSN [£1] eaelseAls
UOTIBIYISSE[d
Ademdoe ’'u (1) pasnuaq JONX3Y 001 Jrureloued pUE UONDAIDP YI00L,  AISNUIP [BISUD £10T “Aoyang, [z1] AedO
a8ew uoTd3I3P
Adeandoe ‘@duelsIp ueapIpPng - (2) suadxy NND [enplarpuy 00€ supworeydsy  yrewpue drnawoeyds) SONUOPOYIIO 102 ‘ea10y] [11] @1
uonEedYISSed
Ademooe + (e/U) SIUIPNIS + SISpUR(QJ 619DA $0Z sojoyd 2myedy [eeq SONUOPOYIIQ £10¢ ‘ueder [01] evemn
A>emdoe BU (e/u) Arenuen JONXI[Y zS 109D UONEDIYISSEd YI00],  ANSHUIP [BISUID £102 ‘ueder [6] DITA
UOTIBIYISSED
Ademdoe Bu (e/u) A[renuepn JONXIY zS 109D pUE UONDIIDP YI00L,  AISNUSP [BISUSD £102 ‘ueder [8] DI
d UOT}IIIP
A>emdoe ‘B'u /u) s)si3ojorper + sisnuaQg 9I9DA 152 esrderog A3ooyped (elua@  ANSNULP [BISUDDH L10T ‘erpur [£] nedefeiq
onv = (€-2) (e/w) 1ONXI[Y 00% Srureroueq uonewnss 93y SUDIPAW JIsUaIO]  LT0T ‘WnIS[g [9] 1°qoL =a
9je1 de[1oAQ-[[eda1
‘de19A0 1s9g 98eIDAY UBIIA + (e/u) Arenuen NND [enplarpup 009 resrderog uonejuawidas Yloo],  AnNSnHusp [erausn 9102 ‘ea10y [c] ung
uonedYISSed
Ademdoe e'u ey NND [enprarpuy 086 Jrweroued X3S pUEB [J00], SUIDIPIUI JISUIIO] 9102 ‘Ba10) [+] nx
reda1 ‘uoistaid 9103s-14 + (e/u) syzadxy NND [enpIlarpug Sly Tesrdersog UOTIIIP SALIRD A3ojo1ren 910T ‘Ba10)] [€] 104D
9102
21008-T4 + (e/u) suradxa [ejua JONSoY Vidd soew - 110 UOTIBDYISSED W[YOTg £3oforren ‘spue[IoyIdN  [z] AdA1eSuew
uoispaid ‘Ajrreruars 921 ’u () s10300p TeIIPIIN jPU-n 6€ Suimang uonejuawidas Yloo], AnNSNULp [eRUID  GIOT ‘Auewiey [1] 1981oqauucy
SOLIIW SWO0IINQ soueurojrod NND (u) s10jeI0UUY 2ImPAIYdIR NND 830} sodeur] ad£) a8euy oidol,  Ansnuap jo pRId 19} ‘Anunop Apms

F. Schwendicke, et al.

‘xtpuadde a1} ur punoy aq ued SDUIYY 'SIAIPNIS PIPN[IU]
I 3[qeL



F. Schwendicke, et al.

Table 1 (continued)

Outcome metrics

Annotators (n) CNN performance

CNN architecture

Image type Images total

Topic

Country, Year Field of dentistry

Study

accuracy, AUC, F1-Score

similiar
accuracy, AUC

Radiologists (n/a)
Dentists (3)

1268 Individual CNN

1740

Panoramic
Periapical

Osteoporosis detection
Bone loss detection

General medicine
Periodontology

Korea, 2018

Korea, 2018

Lee [29]
Lee [30]

similiar (Premolar),

worse
n.a.

VGG19 + Individual CNN

accuracy, AUC

Specialists (4-5)

V-Net, DenseNet

General dentistry  Tooth and tooth CBCT 1791

Russia, 2018

Zakirov [31]

structure detection and

classification

General dentistry ~Mandible segmentation

accuracy, sensitivity, specificity,

dice similarity coefficient,
Hausdorff distance

accuracy

Experts (3) n.a.

Tiramisu

300

CBCT

USA, 2018

Torosdagli [32]

(U-Net + DenseNET),

and anatomical

Zhang's improved u-net

AlexNet
ResNet

landmark detection

n.a.

Dentists (1)
Dentists (1)

108
1250

Panoramic
Periapical

Osteoporosis detection
Tooth detection and

classification

General dentistry  Tooth detection and

General medicine
General dentistry

USA, 2018

Chu [33]

recall, precision, intersection-

over-union

similiar

China, 2019

Chen [34]

similiar sensitivity, specificity

Experts (5)

VGG16

1574

Panoramic

Russia, 2019

Tuzoff [35]

classification
Periodontal

accuracy

n.a.

1843 Individual CNN n.a.

Photos

Korea, 2019 Periodontology

Joo [36]

inflammation detection

Abbreviations: AUC area-under-the-curve. CBCT Cone Beam CT. CNN convolutional neural network. QLF quantitative light-induced fluorescence. n/a not available/applicable. + /-/= significantly better, worse, or not

significantly different performance.
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Fig. 3. Number of included studies, per year of publication.

compared to other deep learning techniques or CNN architectures as
second (comparative) test, but not to human observers. In twelve stu-
dies the performance of the CNN was compared to human observers. In
five of these the human observers were identical with the reference test.

3.7. Outcome metrics

In nine studies, the only reported outcome metric was accuracy. In
nine further studies, further metrics were used in addition to accuracy,
namely the AUC (n = 4 studies), sensitivity/specificity (n = 4), preci-
sion/recall (n = 3), Dice similarity coefficient (n = 2), Fl-score,
Hausdorff distance or boundary error (each n = 1). Three studies chose
Fl-score as their only outcome metric, while further two combined it
with precision/recall reporting. A range of further metrics (including
mean absolute error, mean average best overlap, recall-overlap rate,
mean squared error, peak signal-to-noise ratio, structure similarity
index, information fidelity criterion and noise quality measure, all
n = 1 studies) were also employed.

3.8. Findings

The model performance varied widely between studies, tasks, and
used metrics (see above). The most frequent tasks were tooth classifi-
cation, with a reported mean accuracy of 0.77 to 0.98, and detection of
carious lesions, with a reported mean accuracy of 0.82 to 0.89. From
the twelve studies comparing CNNs against human examiners, three
found the CNN to outperform humans, seven found similar performance
of CNN and humans, and in one study the CNN performed worse than
the humans.

4. Discussion

CNNs show highly promising performance when assessing imagery
material in medicine. Their application in healthcare could allow more
comprehensive, reliable and accurate image assessment and disease
detection, thereby facilitating more effective, efficient and safer care
[15]. The present study assessed, using a systematic review, the ap-
plication of CNNs in dental and oral medical research, and evaluated
the employed methodology and resulting rigour of the included studies.
Based on our review, a number of findings emerged, which need to be
discussed.

The use of CNNs in dental research has been continuously growing
since the first published application in 2015, but an “explosion” (as can
be seen in medicine, where 42 PubMed entries on “CNN” are available
in 2015, and over 800 in only the first half of 2019) is not in sight. It is
conceivable that dentistry is experiencing a lag time, following medi-
cine, of several years. This may come to the detriment of patients in
case these new technologies provide benefits. However, it may also
allow to define methodological standards and introduce rigour early on,
whilst other disciplines have already a larger body of evidence which
suffers from risk of bias [16].
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Table 2
Application of CNNs in different fields of dentistry and oral medicine.
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Field N articles Application

General dentistry 15

Detection and classification of teeth (8), detection of oral structures including pathologies (2), segmentation of teeth (2), teeth and pathologies

(1) and mandible (1), mandible segmentation and anatomical landmark detection (1)

Cariology 5 Detection of carious lesion detection (3), classification of biofilm (2)

General medicine 4 Detection of osteoporosis (2), atherosclerotic carotid plaques (1), sinusitis (1)
Orthodontics 3 Detection of cephalometric landmarks (2), classification of facial features (1)
Periodontology 3 Detection of periodontal inflammation (2), bone loss (1)

Endodontics 2 Classification of root canal fillings (1) and root morphology (1)

Dental radiology 2 Image quality enhancement (2)

Forensic medicine 2 Age estimation (1), classification of sex (1)

Only about half of all identified study reports were retrieved from
Medline, which is usually a major source for medical and dental re-
search. Instead, a significant proportion of studies were published in
technology-focused databases/repositories. The latter, while not being
necessarily peer-reviewed, come with the advantage of swift publica-
tion and open access to the community. Researchers may prioritize such
publication strategies given the pace of technological advances and the
associated turnover of (technological) methods. It remains unclear,
though, if the validity of studies provided in only in repositories
(without peer, but possibly public review) is lower than those from
established journals [17]. Generally, it is obvious that a significant
proportion of the identified research is not originated in the dental, but
the technical sciences, and also published differently.

The main image material used in the included studies were radio-
graphs, specifically panoramic radiographs or (to a lesser degree) CBCT.
This may be grounded in the general relevance of radiographs for
dental diagnostic and decision-making. For panoramic images, it may
further reflect the frequency this image material is employed in daily
clinics (in Germany, for example, nearly 8 million panoramic radio-
graphs are taken each year) [18]. Moreover, both panoramic and in
particular CBCT images are complex and burdensome to assess given
the vast number of structures and possible pathologies to assess or
screen for. Hence, virtual assistance is of high interest for the practi-
tioner.

The main task CNNs had so far been tested for were structure
identification and segmentation; only few studies tackled the detection
of pathologies, where one would expect the greater benefit given the
difficulties in dental image diagnostics and the resulting limited relia-
bility and accuracy [19,20]. It can be assumed that so far, researchers
focused on the more basic task of identifying structures (most often
teeth), with this being the basis of a more complex detection system,
where pathologies are then detected and assigned to the identified
tooth in a subsequent step.

A range of CNN architectures have been employed. Most often, in-
dividual or at least individualized networks were used, possibly as most
pretrained networks could not be leveraged on the rather small amount
of data in most studies (the average sample size was around 1,000
images, while most pretrained CNNs were developed on tens or hun-
dred thousands of images, oftentimes not in the medical arena, where
sparse data are generally a problem) [21]. Notably, dental researchers
adopted network architectures published in 2015 or 2016, indicating a
possible lag in the adoption of latest architectures. However, it is also
conceivable that very deep CNNs, published recently [22], could not be
leveraged using the available datasets.

A major aspect of CNN application is how the reference test is es-
tablished. In most included studies, human annotators were employed;
in many cases even a single annotator had been labelling images. This
may be acceptable when structures, especially those easy to identify by
a human expert (like teeth) are labelled. However, when training CNNs
to detect pathologies, a higher number of experts should be used to
overcome the limitations of a single expert. It should be highlighted
that if this is done, though, different approaches as to how derive one

single reference label are available (different majority vote schemes, for
example), the impact of which is not clear [23]. The definition of a
reference test should ideally follow a standard which the dental com-
munity, jointly with technical sciences, should establish.

The performance of CNNs was reported in a range of metrics, most
of which come with limitations. (1) The accuracy can be highly mis-
leading when class imbalances are present, as is often the case with
pathologies [24]. Apical lesions, for example, are not found frequently;
the tooth level prevalence seems to be below 10% (only every tenth or
even fewer teeth are affected in most populations). In such cases, ac-
curacies of 90% or more can be achieved only be guessing the majority
class (“a tooth is not affected by an apical lesion”), without this being
clinically useful. (2) The AUC is only partially informative and not
useful for decision making, where over- or under-detection are not
equally important. Hence, the sensitivity or specificity should be ad-
ditionally reported. (3) It should be highlighted that most studies did
not display metrics which are conferring information towards clinical
benefit (some studies reported on the PPV = precision, while negative
predictive values were rarely reported), or assessed in how far using
CNNs aid detection, diagnosis and decision making. From most studies,
it remains also unclear if using the CNNs is more or less accurate than
the assessment by a single dentist. Notably, some studies provided such
second comparative test group of human observers; often, tough, the
observations from these humans were also used as labels for training
the CNN. In such case, humans will always perform remarkably well
given themselves being (at least part of) the reference test. There was
also no information on the applicability, efficiency, or safety of CNNs
when applied. Overall, our study calls for the definition of a standard
set of outcomes and performance metrics to be used in CNN studies in
dentistry and oral medicine.

Generally, there seems to be a high need for standardizing metho-
dology to increase robustness, comparability and generalizability. Such
standardization should start with the steps used to recruit image ma-
terial and prepare the dataset. Detailed and comprehensive reporting on
modelling and validation strategies should also be demanded. An open
access standard test dataset to be used for each image type (panoramic
images, bitewings etc.) could further ensure that CNN performance can
be reliably assessed and compared.

This review comes with a number of limitations. First, given this
being a scoping review, our review question was less defined than when
using a conventional systematic review, and our outcomes are rather
broad. Moreover, the search was performed by one reviewer, and also
the extraction was only doublechecked by a second reviewer. This was
decided pragmatically, as our inclusion criteria were broad and during
screening, studies were retained rather than excluded if in doubt.
Second, study findings were compiled narratively and according to a
systematization which we devised post-hoc; using a different strategy to
synthesize data may have emerged further or different findings. Third,
only a limited number of databases were searched, assuming these to
cover the vast majority of publications. Overall, and despite these
limitations, our study is informative as to which fields of applications
are currently in the focus when applying CNNs in dentistry and oral
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medicine, which methodologies are used and what limitations they
suffer from. Our findings should be used to guide and further develop
future studies in the field.

5. Conclusions

The present review, with the discussed limitations, compiled and
appraised studies employing CNNs on dental or oral medicine imagery.
Overall, a wide range of applications, so far largely on radiographs, was
found, with the current focus being detection and segmentation of
anatomical, not pathological structures. We identified significant het-
erogeneity in the reported methods and outcomes, and it can be as-
sumed that the applied methods partially determine the performance,
but more so the external and internal validity of the study findings.
There seems to be great need for standardizing the methodology in CNN
studies in dentistry and oral medicine, including the definition of a
standard set of outcomes and outcome metrics relevant to stakeholders.
Aspects like applicability and impact on decision-making should be
considered, and performance outcomes replicated on independent da-
tasets before adopting CNNs for clinical practice.
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