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Systematic Review

The use and performance of artificial intelligence applications in 
dental and maxillofacial radiology: A systematic review
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Objectives:  To investigate the current clinical applications and diagnostic performance of 
artificial intelligence (AI) in dental and maxillofacial radiology (DMFR).
Methods:  Studies using applications related to DMFR to develop or implement AI models 
were sought by searching five electronic databases and four selected core journals in the field 
of DMFR. The customized assessment criteria based on QUADAS-2 were adapted for quality 
analysis of the studies included.
Results:  The initial electronic search yielded 1862 titles, and 50 studies were eventually 
included. Most studies focused on AI applications for an automated localization of cephalo-
metric landmarks, diagnosis of osteoporosis, classification/segmentation of maxillofacial cysts 
and/or tumors, and identification of periodontitis/periapical disease. The performance of AI 
models varies among different algorithms.
Conclusion:  The AI models proposed in the studies included exhibited wide clinical applica-
tions in DMFR. Nevertheless, it is still necessary to further verify the reliability and applica-
bility of the AI models prior to transferring these models into clinical practice.
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Introduction

Artificial intelligence (AI) is defined as the capability 
of a machine to imitate intelligent human behavior to 
perform complex tasks, such as problem solving, object 
and word recognition, and decision-making.1,2 AI tech-
nologies have achieved remarkable success and have 
also influenced daily life in the form of search engines 
(such as Google search), online assistants (such as Siri) 
and games (such as AlphaGo), and are developing quite 
broadly into various other fields,3 including medicine. 
In the field of clinical medicine, a large number of AI 
models are being developed for automatic prediction 
of disease risk, detection of abnormalities/pathologies, 
diagnosis of disease, and evaluation of prognosis.4–6 
Radiology is seen to offer more straightforward access 

for AI into medicine due to its nature of producing digi-
tally coded images that can be more easily translated 
into computer language.7

Machine learning is one of the core subfields of 
AI that enables a computer model to learn and make 
predictions by recognizing patterns.2 Just as radiologists 
are trained by repeatedly evaluating medical images, 
the main advantage of machine learning is that the 
respectively designed AI model is able to improve and 
learn with experience through increased training based 
on large and novel image data sets.8 A large number of 
studies have reported the applications of AI diagnostic 
models, for example, to automatically detect pulmo-
nary nodules,9,10 colon polyps,11 cerebral aneurysms,12 
prostate cancer,13,14coronary artery calcification,15 to 
differentiate skin lesions16 as well as lung nodules into 
benign or malignant,17,18 and to assess bone age.19 With 
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the assistance of AI diagnostic models, radiologists 
are hoping to not only be relieved from reading and 
reporting on a large number of medical images, but also 
to improve work efficiency and to achieve more precise 
outcomes regarding the final diagnosis of various 
diseases.6,20

In the field of dental and maxillofacial radiology 
(DMFR), pre-clinical studies have been reporting on AI 
diagnostic models to exactly locate root canal orifices21,22 
and detect vertical root fractures23 and proximal dental 
caries24 with generally favorable findings. These initial 
data were certainly encouraging further studies on AI 
diagnostic models to transfer pre-clinical findings into 
clinical applications. However, the available evidence of 
AI used in DMFR / diagnostic imaging has not been 
assessed yet. Therefore, the aim of this study was to 
systematically investigate the literature related to clinical 
applications of AI in DMFR, and to provide a compre-
hensive update on the current diagnostic performance 
of AI in DMFR and diagnostic imaging.

Methods and material

This systematic review was conducted in accordance 
with the guidance of the Preferred Reporting Items 
for Systematic Reviews and Meta-Analyses extension 
for diagnostic test accuracy (PRISMA-DTA).25 The 
study protocol was prospectively registered in “PROS-
PERO: International prospective register of system-
atic reviews” (registration number: PROSPERO 2018 
CDR42018091176).

Focused question and study eligibility
The focused question used for the present literature 
search was “What are current clinical applications and 
diagnostic performance of AI in DMFR?”, and studies 
were deemed eligible if  they addressed this question. 
The PICO elements are listed in Table 1.

Inclusion criteria for the studies were as follows

(1)	 Original articles published in English;
(2)	 Radiology-/imaging-based clinical studies using AI 

models for automatic diagnosis of disease, detec-
tion of abnormalities/pathologies, measurement of 
pathological area/volume or identification of ana-
tomical structures in the dental and maxillofacial 
region;

(3)	 Studies that enable an assessment of the perfor-
mance of AI models.

Exclusion criteria for the studies were as follows

(1)	 Review articles, letter to editors and case reports/
case series involving less than 10 cases;

(2)	 Full-text is not available or accessible.

Study search strategy and process
An electronic search was performed in August 2018 via 
databases including PubMed, EMBASE and Medline 
via Ovid, Cochrane Central Register of Controlled 
Trials, and Scopus. The study search strategy was deter-
mined after consulting with the librarian (S.L.) at the 
Dental Library of the Faculty of Dentistry, The Univer-
sity of Hong Kong, and the keywords used for the 
search were combinations of Medical Subject Headings 
(MeSH) terms for each database, respectively (Table 1). 
Vocabulary and syntax were adjusted across databases. 
There was no restriction on the publication period, but 
the search was restricted to clinical studies in English, 
excluding experimental articles (ex-vivo / in-vitro / animal 
models). Records were collated in a reference manager 
software (EndnoteTM; Version: X7, Clarivate Analytics, 
New York, NY, USA), and the titles were screened for 
duplicates. An additional manual search was performed 
in selected core journals in the field of DMFR (“Dento-
MaxilloFacial Radiology”, “Oral Surgery, Oral Medi-
cine, Oral Pathology, and Oral Radiology”, “Oral 
Radiology”, and “Imaging Science in Dentistry”), and 

Table 1  Description of the “P (population) I (intervention) C (comparator) O (outcomes)” elements used in framing the research question and 
the search strategy

Criteria Specification

Focus question “What are current clinical applications and diagnostic performance of AI in DMFR?”

Population Clinical images obtained from human subjects in the dental and maxillofacial region;

Intervention Diagnostic model based on AI algorithms;

Comparator Reference standard, such as expert’s judgment, clinical/pathological examination, etc;

Outcome Diagnostic performance of the proposed AI model, such as accuracy, sensitivity, specificity, 
PPV/NPV, AUC and mean difference from reference.

Search strategy Artificial Intelligence[Mesh] OR Diagnosis, Computer-Assisted[Mesh] OR Neural 
Networks (Computer)[Mesh] OR AI OR CNN OR Machine learning OR Deep learning 
OR Convolutional OR Automatic OR Automated AND Diagnostic imaging[Mesh] AND 
Dentistry[Mesh]

AI, artificial intelligence; AUC, area under the receiver operating characteristic curve; CNN, convolutional neural networks; DMFR, dental and 
maxillofacial radiology; PPV/NPV, positive/negative predictive value.
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the reference lists were completed with these studies 
included. Titles of all records were manually screened 
independently by two reviewers (K.H. and C.M.), and 
abstracts of the records were read to identify studies for 
further full-text reading. Any mismatch at this stage was 
resolved by discussion. Selected full texts were similarly 
read, and suitability for inclusion was verified inde-
pendently by a third reviewer (M.B.). Cohen’s κ values 
were calculated to assess the inter reviewer agreement 
for the selection of titles, abstracts, and full texts.

Data extraction and outcome of interest
Two reviewers (K.H. and C.M.) extracted data from the 
studies included and tabulated this information using 
standardized templates. Data items included author 
title, year of publication, imaging modality, applica-
tion of AI technique, the workflow of the AI model, the 
training/testing data sets, validation technique, type of 
reference standard, and performance of the AI model. 
The primary outcome of interest was the current clinical 
applications of AI in the dental and maxillofacial area, 
and the performance of these AI models in DMFR and 
diagnostic imaging.

Quality analysis
The methodological quality of the selected studies 
was graded independently by two reviewers (K.H. and 
C.M.), and any mismatch was resolved by discussion.

The risks of bias and applicability of the included 
studies were assessed by using customized assessment 
criteria based on the Quality Assessment of Diag-
nostic Accuracy Studies (QUADAS-2) (Supplementary 
Table).26 Studies were rated on a 3-point scale, reflecting 
concerns about applicability and risk of bias as low (+), 
high (−), or unclear (?). For “applicability to the research 
question”, studies proposing AI models based only on 
rule-/knowledge-based algorithms were not considered 
for a “high” rating.

Results

Study selection
Initially, a total of 1862 titles were identified via the five 
databases. After removing 615 duplicates, 1247 titles 
were considered further for screening. Manual screening 
of these titles led to the selection of 604 records for 
abstract reading. After abstracts were read, 106 studies 
were considered suitable for full-text reading. From 
these, 30 studies met the inclusion criteria and were 
included. An additional 20 studies were identified 
through a manual search based on the reference lists 
of the studies included and the selected core journals. 
Thus, a total of 50 studies were included in this system-
atic review. The PRISMA flowchart exhibiting the study 
selection process is presented in Figure  1. The two 
reviewers exhibited excellent inter reviewer agreement 
for the study selection process with Cohen’s κ values of 
0.81 for the title screening, 0.85 for abstract reading, and 
0.97 for the full-text reading.

Study quality assessment
The study quality assessment of the 50 studies included is 
presented in Supplementary Figure. Concerns regarding 
applicability were manifested in the domain of subject 
selection for nine studies that were rated as having a 
“high” or an “unclear” risk of concern because of a 
lack of a detailed description of data sets. With regard 
to the selection of reference standard, most studies 
were considered as having a “low” risk of concern. 
Concerns regarding the risk of bias were relatively high 
in the domain of index test as nearly half  of the studies 
included did not test their AI models on unused inde-
pendent images.

Study characteristics
The 50 studies reporting applications of AI models to 
analyze 2D/3D images in the dental and maxillofacial 
region covered a period from November 1992 to January 
2019 (Figure 2). In these studies, six27–32 used periapical 
radiographs,1433–46 used panoramic radiographs, one47 
used both intraoral and panoramic radiographs, ten48–57 

Figure 1  PRISMA flowchart illustrating the study selection process

http://birpublications.org/dmfr
www.birpublications.org/doi/suppl/10.1259/dmfr.20190107/suppl_file/Suppl_Table_rev.docx
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used cephalometric radiographs, 1458–71 used CBCT 
images, one72 used intraoral photographs, one73 used 
intraoral fluorescent images, and one74 used undescribed 
dental X-ray images to develop their AI models. Addi-
tionally, there are two studies that used 3D images (CT/
MRI)75 and cephalometric radiographs76 to test the 
performance of an available computer-aided diagnostic 
software (Table 2).

With regard to the applications of these AI models, 
1948–65,75 reported on localization/measurement of ceph-
alometric landmarks, nine35–43 on diagnosis of osteo-
porosis, six33,34,67–69,76 on classification/segmentation of 
maxillofacial cysts and/or tumors, three27–29 on identifi-
cation of alveolar bone resorption, three30,31,66 on clas-
sification of periapical lesions, two47,74 on the diagnosis 
of multiple dental diseases, and two46,72 on classification 
of tooth types. Furthermore, single studies were found 
for the identification of root canals,71 diagnosis of the 
maxillary sinusitis,45 identification of inflamed gingiva,73 
identification of dental plaque,70 detection of dental 
caries,32 and for classification of the stages of the lower 
third molar (Figure 3).44 The main study characteristics 
are summarized in Table 2.

With regard to the methods used for vali-
dating the performance of the AI models, 13 studie
s29,32,35,39,42,46,51,57,65,70,72–74 used split sample validation, 
ten28,30,41,48,50,52,54,62,63,66 used leave-one-out cross-validation 
(LOOCV), two34,68 used 3-fold cross-validation (CV), 
one56 used 4-fold CV, three38,40,44 used 5-fold CV, 
three33,36,47 used 10-fold CV, one43 used out-of-bag esti-
mate, 1231,45,49,55,58–61,64,71,75,76 used independent sample 
validation, three27,37,75 used multiple validation tech-
niques, and two53,67 did not describe the validation 
method (Table 2).

With regard to the performance of these AI models, 
19 studies48–65,75 regarding cephalometric analysis 
reported the mean/median localization/measurement 
deviation on all landmarks/measurements, the range of 
the mean/median deviation on all landmarks/measure-
ment, and/or successful localization rates based on 
different precision ranges (Table 3). In these 19 studies, 
only four48,49,54,58 compared the performances between 

automatic and manual localizations. Nine studies35–43 
regarding the diagnosis of osteoporosis reported accu-
racy, sensitivity, specificity, positive/negative predic-
tive value (PPV/NPV), likelihood ratios, and/or area 
under the receiver operating characteristic curve 
(AUC) (Table 4). The remaining 22 studies27–34,44–47,66–74,76 
reported accuracy, sensitivity, specificity, AUC, mean 
difference from reference, and/or correlation against 
reference (Table 5).

Discussion

The aim of the present systematic review was to provide 
a comprehensive overview of the current use of AI in 
DMFR and diagnostic imaging for various indications 
in dental medicine. The study was performed to iden-
tify areas of specific interest for AI applications using 
DMFR methodologies and devices. According to the 
results, the number of studies using clinical images 
in the dental and maxillofacial region to develop AI 
models has been significantly increasing since 2006 
(Figure 2). Because imaging modalities used in DMFR 
are mostly based on X-rays that are mainly used to 
judge the hard tissue conditions, the majority of the 
AI models proposed in these studies were developed to 
solve clinical issues regarding teeth and jaws. Initially, 
2D images including periapical, panoramic and cepha-
lometric radiographs were predominately used to build 
computer-aided programs for the assistance of clinical 
diagnosis. In 2009, Flores et al66 proposed an AI model 
using CBCT images obtained from patients to distin-
guish periapical cysts from granuloma. Afterwards, an 
increasing number of studies attempted to develop AI 
models based on CBCT images to solve various clinical 
issues (Figure 2).

According to this review, reports on AI techniques 
have been increasing for various aspects in DMFR for 
more than a decade, and most studies focus on four 
main applications including automatic localization of 
cephalometric landmarks, diagnosis of osteoporosis, 
classification/segmentation of the maxillofacial cysts 
and/or tumors, and identification of periodontitis/peri-
apical disease (Figure 3; Table 2).

AI applications to localize cephalometric landmarks
One-third of the studies assessed proposed AI models 
to automatically localize cephalometric landmarks for 
improving the efficiency in orthodontic treatment plan-
ning. In current clinical practice, cephalometric analysis 
can be performed by a manual tracing approach or a 
computer-aided digital tracing approach. As manual 
cephalometric analysis is tedious and time-consuming, 
most orthodontists prefer to perform analyses with the 
aid of a digital tracing software.63 However, although 
a digital tracing software can automatically complete 
cephalometric measurement, it still requires orthodon-
tists to manually locate cephalometric landmarks on 

Figure 2  The distribution of the included studies published from 
November 1992 to January 2019, and the proportion of different 
image modalities (2D/ 3D imaging) used to develop AI models

http://birpublications.org/dmfr
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the monitor. Additionally, cephalometric analyses on 
digital tracing software are still prone to manual errors 
due to the deviation of landmark localization between 
different observers.77 To overcome these shortcomings, 
an automated approach based on AI techniques was 
proposed and has been improved gradually by using 
different algorithms.77 19 studies48–65,75 in this review 
reported the accuracy of AI models developed for ceph-
alometric analysis (Table 3). In these proposed models, 
the number of localizable landmarks varies from 10 to 
43 (Table 2). Most of these studies reported the localiza-
tion deviation for individual landmarks and the mean 
deviation for all landmarks. According to these studies, 
the mean localization deviations in these AI models 
ranged from 1.1 to 4.09 mm (Table 3). Automatic land-
mark localization is considered to be successful if  the 
difference between the location of a landmark localized 
by a model and by an expert’s annotation is ≤2 mm.77 
Only half  of these studies reported on successful rates 
ranging from 35 to 84.70% in accordance with the afore-
mentioned standard (Table 3).

Since Cheng et al65 proposed an AI model to auto-
matically localize one key landmark on CBCT images 
in 2011, cephalometric radiographs were gradu-
ally replaced with CBCT images to develop models 
for cephalometric analysis. Cephalometric analysis 
on CBCT images is considered as a more versatile 
approach capable of  performing 3D measurements, 
but the automatic localization performance on the 
existing models is still not accurate enough to meet 
clinical requirements. Therefore, the existing models/
software can be recommended for the use of  a prelimi-
nary localization of  the cephalometric landmarks, but 
a manual correction is still necessary prior to further 
cephalometric analyses.

AI applications for the diagnosis of osteoporosis
The diagnosis of low bone mineral density (BMD) 
and osteoporosis is also considered as a potential area 
for AI applications. Both conditions mentioned are 
discussed as relevant diagnostic findings in dental medi-
cine including implant dentistry.78,79Patients with osteo-
porosis are more susceptible to have marginal bone loss 
around dental implants,78 and those treated with antire-
sorptive medications are more at risk for osteonecrosis 
of the jaws following oral surgery.79Nine studies in this 
review proposed AI models to classify normal and oste-
oporotic subjects on panoramic radiographs based on 
reduction of mandibular cortical width and erosion of 
mandibular cortex that are both relevant to low skel-
etal BMD, high bone turnover rate and a higher risk of 
osteoporotic fracture.80,81 The diagnostic performance 
of these models has been gradually increasing due to 
multiple improvements. In recent studies, the accuracy, 
sensitivity, and specificity all reached 95% and above 
demonstrating that these models might be used in clin-
ical practice in the near future (Table 4).

AI application to classify/segment maxillofacial cysts 
and/or tumors
Accurate segmentation and diagnosis of various maxil-
lofacial cysts and/or tumors are challenges to general 
dental practitioners. In some complicated cases, even 
radiologists can only provide tentative diagnoses, 
and have to refer patients for a biopsy examination to 
reach a final diagnosis. Therefore, the application of 
AI for automated diagnosis of various jaw cysts and/
or tumors will be of great value in clinical practice. In 
this review, six studies reporting on automatic segmen-
tation/classification of various maxillofacial cysts and/
or tumors have been included. Abdolali et al67 proposed 
a model based on asymmetry analysis to automatically 
segment radicular cysts, dentigerous cysts and kerato-
cysts. Rana et al76 used an available surgical navigation 
software (iPlan, Brainlab AG, Feldkirchen Germany) 
to automatically segment keratocysts and measure their 
volume. The remaining four studies33,34,68,69 proposed AI 
models trained with 2D/3D images to classify various 
maxillofacial cysts and/or tumors (Table  2). Techni-
cally, the procedure of an AI model to classify cysts 
and/or tumors follows four main steps that are lesion 
detection, segmentation, extraction of texture features 
and subsequent classification. Currently, the first step 
of lesion detection in these models is still required to 
be performed manually so that these models can auto-
matically perform the following steps. It still remains a 
challenge to develop a fully automated model that can 
identify cysts and/or tumors.

AI applications to identify periodontitis/periapical 
disease
The features of alveolar bone resorption and periapical 
radiolucency can both contribute to the development of 
AI models for diagnosis of periodontitis and periapical 

Figure 3  Pie chart for the clinical applications of AI proposed in the 
included studies
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disease. Lin et al proposed two models to identify alve-
olar bone loss27 and to measure the degree of bone 
loss,28 respectively. Lee et al29 proposed a model based 
on deep learning convolutional neural network to iden-
tify periodontally compromised premolars and molars, 
and predict hopeless premolars and molars according 
to the degree of alveolar bone loss. Regarding the diag-
nosis of periapical disease, Mol et al31 and Carmody et 
al30 proposed models to classify the extent of periapical 
lesions. Moreover, Flores et al66 proposed a model using 
CBCT images to distinguish periapical cysts from gran-
uloma, which is considered as having high value in clin-
ical practice as periapical granuloma can heal after root 
canal treatment without surgical intervention.

AI application for the detection of dental caries
Dental caries is a common oral disease, which can be 
prevented through early detection and treatment.82 
Although only one study in this review proposed a 
caries detection model developed by using clinical X-ray 
images,32 a large number of studies have attempted to 
develop caries detection models by using non-clinical 
2D images obtained from extracted teeth.24,83–86 The diag-
nostic performance of the models in these pre-clinical 
studies exhibited satisfactory results, but these results 
might be overly optimistic due to the training-testing 
images presenting obvious lesions from extracted teeth 
and lacking the image of other oral tissues.24,84–86Lee et 
al32 proposed a caries detection model based on deep 
learning algorithms to detect caries in maxillary premo-
lars and molars. The model exhibited high diagnostic 
performance for both maxillary premolars and molars. 
However, this caries detection model still has limitations. 
Because this model was developed using 2D images, 
it might only detect proximal and occlusal caries, and 
might not be able to detect buccal and lingual caries. 
Moreover, this model was trained on images of aligned 
teeth without restorative materials. Hence, it is still 
unknown if  this model could detect secondary caries or 
caries on the overlapping teeth. Finally, training image 
data used in this model only included images of perma-
nent premolars and molars so that its applicability on 
deciduous teeth remains unknown.

AI applications for other purposes
The remaining studies in this review developed AI 
models addressing the diagnosis of maxillary sinus-
itis,45 the classification of the stages of the lower third 
molar development44 and tooth types,46,70 the identi-
fication of root canals orifices,71 dental plaque72 and 
inflamed gingiva,73 and the diagnosis of multiple dental 
diseases.47,74 This further demonstrates that AI tech-
niques are now being explored more and more broadly 
for various fields in DMFR.

Data collection strategy in the assessed studies
In order to create a high-quality diagnostic AI model, 
it is imperative to have a strategy to collect image data A
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Table 4   List of the diagnostic performance reported in the studies included regarding the diagnosis of osteoporosis

Author (year)
Accuracy (95% 

CI)
Sensitivity 
(95% CI)

Specificity 
(95% CI)

Positive predic-
tive value (95% 

CI)

Negative 
predictive value 

(95% CI)
Likelihood ratios 

(95% CI) AUC (95% CI)

Allen35 (2007) NA NA NA NA NA NA 0.81/automatic 
measurement;

0.61–0.68/manual 
measurement

Nakamoto42 (2008) Low BMD
74.0% 76.8% 61.1% 90.0% (84.1%, 

95.9%)
36.7% (27.3%, 

46.1%)
1.98 (1.09, 3.57) NA

Osteoporosis
62.0% 94.4% 43.8% 48.6% (38.8%, 

58.4%)
93.9% (88.4%, 

100%)
1.68 (1.33, 2.11) NA

Kavitha39 (2012) Identifying site: lumbar spine
88% (81.6%, 

94.4%)
90.9% (85.3%, 

96.5%)
83.8% (76.6%, 

91.0%)
71.4% (62.5%, 

80.3%)
96.7% (93.8%, 

99.6%)
5.5 (4.5, 6.5) NA

Identifying site: femoral neck
75.0% (66.5%, 

83.5%)
90.0% (84.1%, 

95.9%)
69.6% (60.1%, 

78.6%)
46.6% (38.8%, 

56.4%)
96.0% (92.1%, 

99.2%)
3.1 (2.2, 4.0) NA

Identifying site: combination of lumbar spine and lumbar spine
79.0% (71.0%, 

86.9%)
90.6% (84.9%, 

96.3%)
80.9% (73.2%, 

88.6%)
61.2% (51.7%, 

70.8%)
96.6% (92.0%, 

100%)
4.1 (3.3, 5.1) NA

Roberts43 (2013) Identifying site: lumbar spine
NA NA NA NA NA NA 0.802/based on MCW;

0.730/based on cortical 
texture;

0.800/based on MCW 
and texture

Identifying site: femoral neck
NA NA NA NA NA NA 0.830/based on MCW;

0.824/based on cortical 
texture;

0.872/based on MCW 
and texture

Muramatsu41 (2013) NA 88.5% 97.30% NA NA NA 0.96/automatic 
measurement
0.98/manual 
measurement

Kavitha38 (2013) Identifying site: lumbar spine
93.0%

(88.0%, 98.0%) 
/SVM;
91.0%

(85.4%, 96.6%) 
/NN

95.8%
(91.9%, 99.7%) 

/SVM;
93.3%

(88.0%, 98.0%) 
/NN

86.6%
(79.9%, 93.3%) 

/SVM;
83.2%

(75.6%, 90.4%) 
/NN

76.8%
(68.5%, 5.1%) /

SVM;
75.5%

(66.5%, 3.4%) 
/NN

98.5%
(96.1%, 100%) /

SVM;
98.2%

(95.0%, 100%) 
/NN

7.2
(6.3, 8.1) /SVM;

6.9
(5.9, 7.8) /NN

0.871 (0.804, 0.936)

Identifying site: femoral neck
89.0%

(82.9%, 95.1%) 
/SVM;
86.0%

(79.2%, 92.8%) 
/NN

96.0%
(92.2%, 99.8%) 

/SVM;
93.8%

(89.0%, 98.0%) 
/NN

84.0%
(76.8%, 91.2%) 

/SVM;
82.0%

(74.5%, 89.5%) 
/NN

66.7%
(57.5%, 5.9%) /

SVM;
66.3%

(56.7%, 5.3%) 
/NN

98.4%
(95.9%, 100%) /

SVM;
98.0%

(95.3%, 100%) 
/NN

6.0
(5.4, 6.9) /SVM;

5.9
(4.9, 6.8) /NN

0.886 (0.816, 0.944)

Kavitha37 (2015) Identifying site: lumbar spine
91.5% 94.0% 82.8% NA NA NA 0.922 (0.878, 0.966)

Identifying site: femoral neck
93.5% 96.1% 84.7% NA NA NA 0.947 (0.910, 0.984)

(Continued)

http://birpublications.org/dmfr


birpublications.org/dmfr

17 of  22

Dentomaxillofac Radiol, 49, 20190107

The Use and Performance of AI Applications in DMFR
Hung et al

prior to model development. Ideally, it is suggested that 
images used for developing a model should consist of 
heterogeneous images collected from multiple institu-
tions in different time periods.87 In addition, both images 
from subjects with and subjects without the condition 
of interest should be used. However, all studies in this 
review only used image data collected from the same 
institution in one time period, and some classifica-
tion models were only trained and tested with images 
from subjects with confirmed diseases.27,28,47,72–74 These 
might result in a lack of generalizability and a risk of 
overfitting.87

Model validation techniques used in the assessed studies
The main steps to develop an AI model consist of 
training a model, tuning the hyperparameters and eval-
uating the performance of the model.7,87 Split sample 
validation and k-fold cross-validation (CV) are two 
common techniques used to develop AI models.88 Split 
validation is recommended when a large number of data 
are available, and the whole data will be randomly split 
into three data sets. K-fold CV is more applicable to 
small to medium-sized data sets. This technique has a 
parameter named k, and when a specific value for k is 
chosen, the whole data are to be split into k data sets. 
One of these data sets is used to validate the model 
while data in the remaining (k-1) sets serve as training 
data. This process will be repeated k times until each 
data set has been served once as a validation set. After-
wards, the performance of the model will be evaluated 
on the average of each of the separate results obtained. 
There is a particular situation when the k value equals 
the number of the whole data (n), which is called leave-
one-out cross-validation (LOOCV) and is mainly 
performed on small-sized data sets.

The number of data needed to train an AI model 
depends on many factors, such as input features, algo-
rithm type, number of algorithm parameters, etc.89 
Theoretically, it is suggested that 10 times the number 
of an algorithm’s parameters is a reasonable estimate of 
the data needed to train a model.89 In this review, 40% of 

the studies included used less than 50 images to develop 
their models, 68% used less than 100 images, and 90% 
used less than 500. In general, most studies used a small 
number of images to develop their models. This limited 
number of images is not suitable to be further split into 
subsets so that k-fold CV techniques are frequently 
performed in these studies.

Limitations and future outlook
As the present systematic review focused specifically 
on the use of AI in DMFR and diagnostic imaging for 
various purposes in dental medicine, some studies that 
were using common oral radiology methodologies for 
AI applications but with no direct relevance for dental 
medicine were excluded following discussion between 
the observers. For example, out of such articles excluded 
in the present study, one evaluated carotid artery calcifi-
cations on panoramic radiographs.89 This focused selec-
tion could have introduced a certain bias to the present 
systematic review. Future reviews that address specific 
topics in more detail and critically assess their impact 
and clinical potential are needed.

Despite the promising performance of the AI models 
described, it is still necessary to verify the generaliz-
ability and reliability of these models by using adequate 
external data that are obtained in newly-recruited 
patients or collected from other dental institutions.87 On 
the other hand, deep learning that is regarded as a more 
advanced AI technique and is widely used to develop 
diagnostic AI models in the field of clinical medicine 
should also be used to expand clinical applications of 
AI in DMFR.6 The future goals of AI development in 
DMFR can not only be expected to improve the perfor-
mance of AI models on par with experts, but also to 
detect early lesions that cannot be seen by human eyes.

Conclusion

In summary, AI models described in the studies included 
exhibited various potential applications for DMFR, 

Author (year)
Accuracy (95% 

CI)
Sensitivity 
(95% CI)

Specificity 
(95% CI)

Positive predic-
tive value (95% 

CI)

Negative 
predictive value 

(95% CI)
Likelihood ratios 

(95% CI) AUC (95% CI)

Kavitha40 (2016) Identifying site: lumbar spine
96.0% (90.3%, 

95.9%)
95.3% (76.2%, 

99.8%)
94.7% (90.5%, 

98.6%)
80.0% (59.3%, 

93.2%)
98.1% (95.3%, 

99.9%)
22.8 (9.6, 54.2) 0.962 (0.912, 0.983)

Identifying site: femoral neck
98.9% (92.0%, 

100%)
99.1% (83.2%, 

100%)
98.4% (94.2%, 

99.8%)
91.2% (70.8%, 

98.9%)
99.4% (96.7%, 

100%)
60.5 (15, 239) 0.986 (0.942, 0.998)

Hwang36 (2017) 96.2% /
Decision tree;
96.6% /SVM

97.1% /
Decision tree;
97.2% /SVM

95.7% /
Decision tree;
97.1% /SVM

NA NA NA NA

AUC, area under the receiver operating characteristic curve; BMD, bone mineral density; CI, confidence interval; MCW, mandibular cortical 
width; NA, not available; NN, neural network; SVM, support vector machine.

Table 4  (Continued)
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which were mainly focusing on automated localization 
of cephalometric landmarks, diagnosis of osteoporosis, 
classification/segmentation of maxillofacial cysts and/
or tumors, and identification of periodontitis/peri-
apical disease. Future systematic reviews should focus in 
more detail on these specific areas in dental medicine to 
describe and assess the value and impact of AI in daily 
practice. The diagnostic performance of the AI models 
varies among different algorithms used, and it is still 
necessary to verify the generalizability and reliability of 
these models by using adequate, representative images 

from multiple institutions prior to transferring and 
implementing these models into clinical practice.
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