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In the last few years, artificial intelligence (AI) research has been rapidly developing and 
emerging in the field of dental and maxillofacial radiology. Dental radiography, which is 
commonly used in daily practices, provides an incredibly rich resource for AI development and 
attracted many researchers to develop its application for various purposes. This study reviewed 
the applicability of AI for dental radiography from the current studies. Online searches on 
PubMed and IEEE Xplore databases, up to December 2020, and subsequent manual searches 
were performed. Then, we categorized the application of AI according to similarity of the 
following purposes: diagnosis of dental caries, periapical pathologies, and periodontal bone 
loss; cyst and tumor classification; cephalometric analysis; screening of osteoporosis; tooth 
recognition and forensic odontology; dental implant system recognition; and image quality 
enhancement. Current development of AI methodology in each aforementioned application 
were subsequently discussed. Although most of the reviewed studies demonstrated a great 
potential of AI application for dental radiography, further development is still needed before 
implementation in clinical routine due to several challenges and limitations, such as lack of 
datasets size justification and unstandardized reporting format. Considering the current limi-
tations and challenges, future AI research in dental radiography should follow standardized 
reporting formats in order to align the research designs and enhance the impact of AI devel-
opment globally.
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Introduction

Artificial intelligence (AI) is defined as the capability of 
a machine to imitate human intelligence and behaviour 
to perform specific tasks.1 In the past few years, AI has 
achieved great success through rapid development and 
continuously influences the lifestyle. Many AI tech-
nologies have assisted peoples’ daily life and improved 
their quality of life, such as online search engines, image 
recognition and virtual assistants. The development 
and application of AI has also emerged in the field of 
medicine. Several AI tasks have been introduced and 

developed to assist clinicians to diagnose and detect 
diseases, analyse medical images and analyse treatment 
outcomes.2 AI technology has a possibility of improving 
patient care through better diagnostic aids and reduced 
errors in daily practice.

Digital radiographs have greatly enhanced the devel-
opment of AI in the medical and dental field, because 
the radiographic images produced by X-ray irradiation 
are digitally coded and can be readily translated into 
computational language.3 Dental radiography, that is, 
intraoral radiographs, panoramic, cephalogram, and 
CT, are collected during routine dental practice for 
diagnosis, treatment planning and treatment evaluation 
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purposes. Thus, these large datasets offer an incredibly 
rich resource for scientific and medical research, espe-
cially for AI development. In common radiology prac-
tice, radiologists visually assess and interpret the findings 
according to the features of the images; however, this 
assessment can sometimes be subjective and time-
consuming. In contrast, AI methods enable automatic 
recognition of complex patterns in imaging data and 
provide quantitative analysis.1 Therefore, AI can be 
used as an effective tool to assist clinicians to perform 
more accurate and reproducible radiological assess-
ments. Moreover, further development can contribute 
to personalized dental treatment planning by analysing 
clinical data in order to improve treatment decision-
making and achieve predictable treatment outcome.4

AI has gained the attention of many researchers in 
dentistry, especially for dental radiography, due to the 
reasons mentioned above. Many well-written reviews 
that provided basic concepts or radiologist’s guide of 
AI application have published, particularly in medical 
imaging, which attracted more dental researchers to 
develop its application in dentistry.3,5–7 The rapid devel-
opment of technology in recent years has also acceler-
ated the development of various applications of AI for 
dental radiography.8,9

This review focused on the applicability of AI for 
various purposes in dental radiography, which can be 
potentially implemented in dental practice. After we 
classified based on the application purposes, the current 
development of AI methodology or algorithms to 
provide information required to design a future AI study 
was discussed. Finally, limitations and challenges of 
the current AI developments were identified for further 
development of AI research in dental and maxillofacial 
radiology to achieve a better dental healthcare system.

Literature search

An online literature search was performed on PubMed 
and IEEE Xplore databases, up to December 2020, 
without restriction of publication period. The 

combinations of search term were constructed from 
“artificial intelligence,” “machine learning,” “deep 
learning,” “convolution neural network,” “automated,” 
“computer-assisted diagnosis,” “radiography,” “diag-
nostic imaging” and “dentistry.” In addition to online 
searches, reference lists from all the included articles 
were manually examined for further full-text studies. 
This review included peer-reviewed research articles 
from journals and conference papers from proceeding 
books in which full-text articles were available. All 
the studies investigating the application of AI using 
digital dental radiography, that is, intraoral, extraoral, 
panoramic, CBCT and CT, were reviewed. This review 
excluded the studies that only provided an abstract or 
the full-text article was not accessible. As a result, this 
review included 119 relevant articles, which along with 
the extracted data for the purposes of the study and AI 
methods are shown in the Supplementary Table 1.

AI Application in dental radiography

Figure 1 shows the publication of AI studies in dental 
radiography has increased significantly every year, espe-
cially in 2020. Deep learning (DL) is the most popular AI 
method applied in dentistry, as most studies (59%) used 
DL as a method to perform image recognition tasks in 
dental radiography, followed by machine learning (ML) 
methods (26%) and other computer vision methods.

One of the main differences between ML and DL is 
the feature engineering process, which is the core process 
of computer vision (Figure  2). In computer vision 
tasks, feature engineering, which is also called feature 
extraction, is the process to reduce the complexity of 
the data so that the patterns can be quantified using 
computer programs and make it more amenable for 
learning algorithms. ML is a subfield of AI that allows 
the prediction of unseen data by using handcrafted 
feature engineering. These features are used as inputs 
to state-of-the-art ML models that are trained to solve 
a specific problem.10 On the other hand, DL, which is 
also a subfield of ML, can automatically learn feature 
representations from data without human intervention. 
This data-driven approach allows more abstract feature 
definitions that depend on the learning datasets and 
thus reduces manual preprocessing steps.6 The demand 
of DL will be expected to increase significantly in the 
future due to the fact that the first DL-based convo-
lution neural network (CNN) architecture, AlexNet,11 
successfully performed the image recognition tasks in 
2012. Since various applications of AI in digital dental 
radiography were reported, the included studies were 
categorized according to similarity of AI application 
purpose. Principally, AI in dental radiography have been 
developed to perform image-based task such as classifi-
cation, detection and segmentation, which are shown in 
Figure 3.

Figure 1  Distribution of artificial intelligence studies by year of 
publication.
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Dental caries
AI can provide additional capability to recognize some 
pathologies, such as proximal caries and periapical 
pathologies, that are sometimes unnoticed by human 
eyes on radiographs due to image noise and/or low 
contrast.12 Several researchers have developed AI models 
that can assist clinicians to automatically identify dental 
caries on radiographs. Devito et al. (2008) applied an 

AI model, a multilayer perceptron neural network, 
to improve the diagnostic ability of proximal caries 
on bitewing radiographs. The results demonstrated 
a 39.4% improvement in proximal caries detection, 
which corresponded to the application of the neural 
networks.13 Using various image processing techniques 
followed by ML classifiers, many studies also demon-
strated high-performance results (accuracy of 86 to 
97%) in classifying dental caries in radiographies.12,14–17 
A DL-based CNN method was also developed for not 
only classifying but also detecting dental caries in peri-
apical radiographs and showed promising results. Choi 
et al. (2016) proposed a combination of several image 
processing techniques with CNN to detect proximal 
caries,18 and Lee (2018) applied the transfer learning 
method of deep CNN architectures for the automatic 
detection of dental caries.19 The automatic detection of 
dental caries, especially in proximal regions, is useful, 
because it is sometimes difficult for dentists to identify 
caries in certain regions because of uneven exposure to 
X-rays, various sensitivities of the receiver sensor, and 
natural variability in the density or thickness of the 
tooth.18 Considering the promising results, more studies 
are needed to optimize the application of AI for dental 
caries detection and segmentation in radiographs.

Periapical pathologies
Periapical pathologies may co-exist with dental caries 
when the infection spreads to the periapical tissues. It 
can be seen on radiographs as a periapical radiolucency, 
which may reflect an abscess, dental granuloma or radic-
ular cyst. Detecting and differentiating these types of 
lesions on radiographs generally depends on the indi-
vidual’s knowledge, skill and experience.20 It is crucial to 

Figure 2  Difference between machine learning (ML) and deep learning (DL) for classification of periapical pathologies.
(a) ML relies on the expert knowledge to perform feature extraction of the periapical lesions on the images. The most robust features are fed into 
ML classifier to make an accurate prediction; and (b) DL, represented by convolution neural network, can simultaneously perform feature extrac-
tion and selection for classification task throughout several hidden layers that can automatically learn relevant features of the images.

Figure 3  Most common computer vision tasks with an example of 
dental caries recognition.
Classification task, which requires labelled dataset, is used to catego-
rize the entire image into a caries or healthy tooth. Detection task, 
which requires labelled dataset with marking of a region of interest, 
allows to localize and identify the caries by drawing a bounding box 
around it. Segmentation task, which requires labeled dataset with 
precise delineation of the desired object, is implemented to define the 
pixel-wise boundaries of caries.
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differentiate these lesions on radiographs to avoid misdi-
agnosis of periapical pathologies. Computer-aided diag-
nosis has been introduced to quantify periapical lesions 
based on the size21 and severity of lesions.22 DL methods 
were also used to classify the periapical pathologies 
based on severity on panoramic radiographs, from mere 
widening of the periodontal ligament to clearly visible 
lesions.23 Flores et al. (2009) and Okada et al. (2015) 
developed computer-aided diagnosis for automatically 
differentiating dental granuloma and radicular cyst on 
CBCT using ML methods.24,25 Recently, U-net architec-
ture, a fully convolutional network, has been used for 
automated detection and segmentation of periapical 
lesions on panoramic radiographs20 and CBCT.26 These 
studies demonstrated that there was no significant 
difference between the performance of the AI model 
and manual detection by experienced radiologists and 
oral maxillofacial surgeons. Further advancement of 
AI in computer-aided diagnostic systems may help to 
overcome the diagnosis issues of periapical lesions and 
assist clinicians in the decision-making process in the 
near future.

Periodontal bone loss
Periodontitis is one of the most common oral diseases 
and can cause alveolar bone loss, tooth mobility and 
tooth loss.27 A diagnosis of periodontitis can be estab-
lished from clinical examination of periodontal tissues 
and radiographic examination of periodontal bone 
condition.28 However, the intra- and inter-examiner reli-
ability of detecting and analysing periodontal bone loss 
(PBL) on radiographs is low due to their complex struc-
ture and low resolution.29 Hence, the application of AI 
in automated assistance systems for dental radiographic 
imagery data, that is, periapical and panoramic radio-
graphs, could allow more reliable and accurate assess-
ments of PBL. Lin et al developed a computer-aided 
diagnosis model that can automatically localize PBL on 
periapical radiographs by segmenting bone loss using 
a hybrid feature engineering process and subsequently 
measure the degree of PBL based on the positions of 
the alveolar crest, cement-enamel junction and tooth 
apex.28,30 CNN has also been used for the classification 
of periodontal condition31 and detection of PBL.32–34 
Recently, Chang et al. (2020) developed a DL hybrid 
AI model for detecting PBL and staging periodontitis 
according to the criteria of the 2017 World Workshop 
on the Classification of Periodontal and Peri-implant 
diseases and Conditions.35 Promising results have been 
demonstrated in these studies, as the AI models showed 
comparable or even better results than those of manual 
analysis of PBL. Through the continuous develop-
ment of AI methods and high-quality image datasets, 
computer-assisted diagnosis is expected to become an 
effective and efficient tool in daily clinical practice that 
can assist in detection, degree measurement and classifi-
cation of PBL by enabling automated tasks and saving 
assessment time.

Tumour and cyst classification
To identify or diagnose tumours and/or cysts from 
radiographic images, dentists are expected to have basic 
skills in interpreting intraoral and extraoral radiographs 
that are used in dental practice. The ability to recognize 
and interpret abnormal patterns in radiographic images 
is required for diagnostic reasoning, because the char-
acteristics of these lesions vary, such as internal struc-
ture, shape, and periphery of the lesions. Biopsy and 
other additional examinations are normally required to 
provide a final diagnosis of tumour and/or cyst.36 Many 
studies have demonstrated that AI systems have superior 
ability to recognize patterns in images and perform such 
specific tasks. Therefore, the characteristics of tumours 
and/or cysts using feature engineering processes were 
investigated to develop automated diagnosis of various 
jaw cysts and/or tumours.

Several ML methods have been used to develop a 
computer-aided classification system for tumours and 
cysts based on image textures on panoramic radio-
graphs37,38 and CBCT.39 Using CBCT imaging, Abdo-
lali et al. (2017) developed an automatic classification 
system that identified maxillofacial cysts by automatic 
segmentation of the lesions using asymmetry analysis40 
and subsequently classified them into three different 
lesions using the ML classifier.41 DL methods, especially 
using CNN, have also been developed to detect and 
classify lesions into tumours and various cyst lesions 
on panoramic radiographs42–45 and CBCT.46 Kwon et al 
and Yang et al., in 2020 used the You Only Look Once 
(YOLO) network, a deep CNN model for detection 
tasks, to detect and classify ameloblastoma and various 
cysts on panoramic radiographs.46,47 Despite promising 
results, the performance of the included studies, both 
ML and DL models, showed variability. These results 
were reasonable because tumour and cystic lesions 
can present in various forms (e.g., shape, location, and 
internal structure) and sometimes also show similarity 
in radiographic features. Further development of AI 
models to detect and classify tumour and cyst lesions 
are needed for their application in clinical practice.

Cephalometric analysis
AI technology has been applied in automated cephalo-
metric anatomical landmarks and skeletal relation clas-
sification. Cephalometric image analysis is commonly 
used in dental clinics for evaluating the skeletal anatomy 
of the human skull for treatment planning and evaluating 
treatment outcome.48 Manual identification of many 
anatomical landmarks is generally needed to complete 
conventional or digital cephalometric analysis. Various 
AI methods for cephalometric analysis have been devel-
oped to reduce the burden on the clinician and save 
time. The application of AI for automating the cepha-
lometric anatomical landmarks identification has been 
developed from 1998 to 2013 using knowledge-based 
algorithms49 and computer vision methods.50–56 In 2014, 
automated identification of 3D anatomical landmarks 
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was developed using knowledge-based algorithms57,58 
and computer vision methods59–63 to overcome several 
shortcomings of 2D image analysis, such as errors from 
projection, magnification of objects and superimpo-
sition of structures.64 The DL method using CNN65–67 
and R-CNN68,69 was also used to develop AI models for 
automatic detection of anatomical landmarks in 2D 
lateral cephalograms with promising results.

AI models have been developed not only to identify 
anatomical landmarks but also to measure or analyse 
anatomical landmarks on cephalograms. Gupta et al. 
(2015) developed an AI model that can perform auto-
matic cephalometric measurement using knowledge-
based algorithms and showed no significant difference 
between automatic and manual measurements.57,58 Fully 
automatic systems that can classify the anatomical types 
based on eight standard clinical measurement sets, 
formulated as geometrical functions of the landmark 
locations, such as the angle or the distance between 
cephalometric anatomical landmarks, were developed 
using ML70 and CNN71 models. With the development 
of CNN models in AI, Yu et al. (2020) constructed a 
multimodal CNN to provide an accurate skeletal diag-
nostic system without additional cephalometric tracing 
information and analysis using 5,890 lateral cephalo-
grams and demographic data as input.67 Fully automated 
cephalometric analysis systems showed the potential of 
DL application as a cephalometric orthodontic diag-
nostic tool. However, further research comparing these 
systems with the original approach of anatomical land-
mark detection is still needed.

Screening of osteoporosis
To date, many radiomorphometric studies have shown 
the potential of panoramic radiographs to detect oste-
oporosis based on low bone mineral density (BMD),72 
which accelerated AI application for automatic early 
detection of osteoporosis. Since panoramic radiography 
is commonly used as a diagnostic tool in dental practice, 
it will be very useful for initial screening of osteoporosis 
if  AI technology can be applied. The outcome can be 
used as a consideration for other dental treatments that 
are affected by low BMD, such as increased risk of peri-
implant bone loss73 and osteonecrosis of the jaws.74

Mandibular cortical bone is considered as an 
important feature and effective region of interest related 
to BMD. A method of automatic measurement of 
the mandibular cortical width using an active shape 
model75,76 and discriminant analysis77 demonstrated 
that the automatic width measurement significantly 
correlated with BMD. Roberts et al. (2013) proposed 
the combined features of mandibular cortical width 
and texture as a potential biomarker for osteoporosis 
after showing increased performance using the ML 
method.78 Subsequently, several ML methods have been 
developed to analyse and find the optimum feature engi-
neering process of mandibular cortical width,79–83 and 
these demonstrated high diagnostic performance (AUC: 

98.6%) with femoral neck BMD.83 Several CNN archi-
tectures have also been developed for the classification 
of osteoporosis using panoramic radiographs with 
promising results (AUC varied from 86 to 99%).84–86 The 
development of the above-mentioned computer-assisted 
diagnostic systems for osteoporosis showed promising 
results in recent years and may become available for 
clinical use in the near future for early detection of 
osteoporosis.

Tooth recognition and forensic odontology
AI methods can be beneficial for achieving efficient 
forensic dental identification at the time of large-scale 
disasters, in which many victims’ bodies are severely 
damaged. The use of dental information for personal 
identification is useful because dental features generally 
remain unaltered after death. Dental radiographs are 
commonly used for comparison between ante- and post-
mortem data, because they contain essential and unique 
information regarding individual dentition. However, 
this process is time-consuming because each tooth with 
various anatomies should be manually analysed prior 
to the matching process. Considering the capability of 
AI to assist the dental forensic process, DL methods, 
such as CNN and R-CNN, have been used for auto-
matic tooth detection on periapical radiographs,87–89 
panoramic radiographs90–92 and CBCT.93,94 DL methods 
are also used to perform automatic teeth segmenta-
tion in panoramic radiographs, which can be benefi-
cial for antemortem and postmortem data-matching 
processes.95–98 To another extent, the promising results 
of tooth recognition with the AI can be useful in daily 
clinical practice.

AI application in forensic odontology can also be 
used for automatic age estimation, sex determination, 
skeletal morphology identification and personal iden-
tification.99–105 Deep CNN was used for age estimation 
through staging of  third molar development corre-
sponding to the Demirjian classification in panoramic 
radiographs.100–102 The best stage allocation accuracy 
obtained was 61% in a fully manual segmentation 
process of  the third molar.102 Avuçlu et al. (2017) 
developed novel approaches to determine age and sex 
using teeth images from cropped panoramic radio-
graphs. They used image processing techniques to 
segment the teeth images and feed them into multi-
layer perceptron neural networks for age and gender 
estimation.103 Patil et al. (2020) also demonstrated the 
potential use of  ANN for gender determination using 
mandibular morphometric parameters in panoramic 
radiographs.104 Matsuda et al. (2020) conducted a 
preliminary study to investigate the potential use of 
simple CNN architectures for personal identification 
by comparing 30 pairs of  panoramic radiographs.105 
Despite the various promising results in the field of 
forensic odontology, further improvement of  AI 
models is still needed.

http://birpublications.org/dmfr
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Dental implant
Dental implant has evolved as a one of standard treat-
ment to replace missing teeth. Despite the fact that 
dental implant treatment showing long-term success 
and a survival rate of more than 10 years in over 90% 
of the cases, mechanical and biological complications 
can occur. When implant failure occurred and the 
information about the implant system is not available, 
identifying the correct implant system is essential for 
retreatment of the existing implant. However, since 
there are numerous kinds of dental implant systems 
including the abutment system and the materials of the 
superstructure, it becomes more difficult nowadays to 
accommodate specific clinical indications. In such cases, 
AI can provide advantages to classify the dental implant 
system through dental radiography because radio-
graph examination is commonly performed to evaluate 
implant treatment in medical facilities.

In 1996, Lehmann et al developed IDEFIX or iden-
tification of dental fixtures in intraoral x-rays using 
ML method to classify eight different dental implant 
systems based on several parameters such as implant 
diameter, length and cross-section area.106 Recently, 
many studies utilized CNN to classify different implant 
systems using intraoral and panoramic radiograph.107–112 
Kim et al used transfer learning method on five CNN 
architectures to classify four different implant systems 
and demonstrated accuracy exceeding 90% on all 
models. YOLO network, which specialized to detect 
an object, can also be used to perform dental implant 
detection.108 Lee et al used automated deep CNN model 
to classify six different implants using 11,980 panoramic 
and periapical radiographs. The results showed that the 
automated DCNN outperformed most of the partici-
pating dental professionals, including periodontists and 
residents.109 The CNN showing highly effective in classi-
fying similar shapes of different types of implant system 
based on dental radiographic images. As numerous 
varieties of dental implants are available in market, 
further development might be able to classify many 
dental implant systems and, therefore, can provide valu-
able information for clinicians when evaluate or fix the 
implant failure.

Image quality enhancement
CNN-based architecture can also be applied to enhance 
the image quality of dental radiograph correction. Du 
et al used a CNN-based architecture that can correct 
blurred image on panoramic radiograph due to patient’s 
positioning errors. The result demonstrated stable 
performances of CNN to estimate the positioning error 
of patient’s dental arch followed with reconstruction of 
the corrected panoramic image, resulting in blur reduc-
tion.113 Hatvani et al applied U-net architectures for 
resolution enhancement of 2-D CBCT dental images by 
using μCT data of the same teeth as ground truth. The 
results demonstrated the superiority of the proposed 
CNN-based approaches, allowing better detection 

of salient features, such as the root canal features for 
endodontic treatment.114 Because of the better perfor-
mance for the segmentation task, several studies also 
applied this U-net architectures to perform metal arte-
fact reduction (MAR) in CBCT images.115–117 Metal 
artefact commonly appeared in CBCT images due to 
the high attenuation of heavy materials such as dental 
restoration and dental implant. Despite the limitation 
and lack of ground truth images, the results suggest that 
CNN-based MAR has possible clinical value in real 
applications on CBCT images as also already demon-
strated in conventional CT.

Other purposes
AI has a lot of potential in dental radiography and, 
henceforth, is expected to reduce the dentists’ workload 
and human errors through automated tasks. To date, in 
addition to the above-mentioned applications, AI has 
also been developed to perform other tasks. Several 
ML method were used to develop automated diagnosis 
system of various dental diseases (e.g., dental caries, 
cracked teeth and periodontal bone loss)118–120 and clas-
sification of various dental restoration.121 On the other 
hand, DL was used to develop AI model using several 
dental radiography modality for automated diagnosis 
system common dental diseases122; detect the presence 
of maxillary sinus pathologies123–125; identification and 
classification of head and neck lymph node metas-
tasis126,127; detection and segmentation of the relation-
ship between the mandibular canal and mandibular 
third molar position128–131; detection of vertical root 
fracture132,133; detection and classification of impacted 
maxillary supernumerary teeth134 and mandibular 
third molar135,136; classification of root morphology of 
the mandibular first molar137; and diagnosis support 
in patients with Sjögren syndrome using CT images.138 
Considering the great potential of DL methods, the 
application and development will be greatly increased 
in near future.

Limitation and challenges

Figure 1 shows an increasing number of AI studies in 
recent years, which demonstrate the potential use and 
promising results of AI for a wide variety of purposes. 
However, most of them are not readily applicable in daily 
clinical practice as further development is needed. The 
development of AI applications for dental radiography 
should consider several things. Quantity and quality of 
data are crucial to the learning process for AI systems. 
The amount of imaging data and the quality of images 
are continuously increasing, and they are routinely 
stored in medical facilities. However, not all of these 
data are available and accessible for AI development due 
to ethical issues and patients’ data protection policy.139,140 
Despite the exponential rise of computational power 
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year by year, the limitation of data size can be a main 
problem in developing AI studies.

For the ML-based AI model, especially DL, each of 
the training, validation and testing sets should be ideally 
independent. Additionally, demographic and clinical 
characteristics of cases in dataset should be specified 
and meet the criteria in accordance to study’s rationale, 
goals and anticipated impacts.141 For training dataset, 
the disparity of each dataset or data imbalance that 
represent each class should be avoided to prevent a high 
number of false-negative results.142 Furthermore, the 
relationship between the number of training images and 
model performance should be evaluated.5 Some studies 
also did not describe the rationale for the choice of the 
reference standard or ground truth; and the potential 
errors, biases, and limitations of that reference. For 
example, the number of human annotators and their 
qualifications should be specified. Also, inter- and intr-
arater variability or any steps should be measured to 
reduce the variability of the reference standard.

Although the popularity of DL is increasing in recent 
years, they require huge amounts of data; however, 
some of the included studies had relatively smaller 
numbers of dental radiograph datasets, especially when 
compared to AI study in the medical field. For example, 
the studies included in a review of AI application for 
thoracic imaging used a dataset of chest radiograph 
ranged from 1000 to 100.000 dataset.143 Despite many 
of AI studies using dental radiograph were pilot/explor-
ative studies, this could lead to over-fitted AI models 
leading to over optimistic performance results because 
DL algorithms are usually scaled with data.8,140 To avoid 
these problems, sample size should be justified, and if  
applicable, statistically calculated so that it can be gener-
alized in order to show an effect in larger population.144 
However, even if  the sample size is statistically sufficient, 
it should be noted that the AI model may cause overfit-
ting or underfitting depending on the quality and quan-
tity of dataset. The number of training and validation 
dataset should be evaluated during the training process 
by observing the learning curve of the AI model. The 
learning curve is a graph showing the relationship 
between the sample size and the accuracy. For example, 
when the training score is significantly higher than the 
validation score, the addition of the training dataset will 
most likely increase the generalization. Based on the 
dataset and computational sources, the selection of best 
algorithm and method to be applied in AI study should 
be carefully assessed; and experienced dental clinicians, 
expert computer engineers and data scientists should be 
involved for the proper choice of methodology.

Thirty-seven of the reviewed studies did not provide 
information regarding validation techniques, either 
cross-validation or hold-out validation techniques, 
which are crucial for not only avoiding the over-fitted 
model but also for monitoring the performance of the 
model during training and choosing the best optimized 
model that can be generalized in an independent set of 

data.145 It should be noted that to achieve optimal gener-
alizability of the model, hold out validation test set is 
more preferable than using cross-validation approach 
although both methods are still methodologically 
considerable. Therefore, hold-out validation techniques 
with heterogeneous datasets of dental radiography 
should be considered as a preferred approach in devel-
oping AI model to overcome generalizability issue.

Finally, aligning and standardizing research method-
ologies, such as concept and terminology usage, dataset 
size justification, performance metrics, and reporting 
formats, are required. A standardized reporting format 
is required, such as that described in the checklist for 
artificial intelligence in medical imaging (CLAIM).141 
CLAIM guideline provides essential information 
regarding required reporting items that should be 
included and specified in the AI study, with the goal to 
promote clear, transparent and reproducible scientific 
communication about the application of AI to medical 
imaging. By following standardized reporting format, 
further AI research in dental radiography are expected 
to have a global impact and bring about substantial 
improvement in the field of dental and maxillofacial 
radiology.

This narrative review covered an overview of AI 
application in digital dental radiography for a wide 
variety of purposes. However, some limitations in this 
review should be taken into consideration. Although we 
tried to cover many studies through rigorous literature 
search, some study may not be covered in this review 
due to the non-systematic protocol of literature search 
and assessment. Additionally, the challenge of devel-
oping AI models using dental radiography might be 
different depending on the application. Further system-
atic reviews are needed to answer specific questions 
regarding AI application for specific purposes in the 
field of dental and maxillofacial radiology.

Conclusion

AI has rapidly advanced in various medical fields and 
has gained attention, particularly in the radiology 
community, in recent years. To date, the application of 
AI in dental radiography has shown great potential for 
a wide variety of purposes and may play an important 
role in assisting clinicians in the decision-making 
process. However, current AI development in dental 
imaging is not mature enough and requires substan-
tial improvement before its implementation in clin-
ical routine. Future AI research in dental radiography 
should involve interdisciplinary researchers and follow 
the guidelines of reporting formats in order to align the 
research design and enhance the impact of AI develop-
ment globally. AI application in dental radiography is 
expected to revolutionize the dental healthcare system 
by ensuring better dental care at lower costs and thereby 
benefit patients, providers and the wider society.

http://birpublications.org/dmfr
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