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3. Results

A total of 211 titles were identified by the electronic search (Figure 1). After screening of the titles,
abstracts, and full-text articles, 55 publications were included that reported a digital application in
dental education. The manual search retrieved 27 additional publications, resulting in the inclusion of
82 studies (Annex S1 and Annex S2).

Figure 1. Systematic search strategy.

The publications were categorized into six areas of digital dental education:

• Web-based knowledge transfer/e-learning (22 studies);
• Digital surface mapping (20 studies);
• Dental simulator motor skills including IOS (23 studies);
• 3D printing and prototyping (2 studies);
• Digital radiography (5 studies); and
• Surveys related to the penetration and acceptance of digital education (10 studies).

3.1. Web-Based Knowledge Transfer/e-Learning

Fifteen studies reported the use of Web-based learning tools in the dental curriculum, comprising
orthodontics [12,13], tooth anatomy [14–16], oral pathogens and immunology [17], dental radiology [18,19],
oral surgery [20] or implant dentistry [21], prosthetic dentistry [22], caries detection [23,24], in growth
and development [25], and the general use of Web-based learning tools [26] (Table 1). Three additional
studies reported on the use of video illustrations of clinical procedures with behavior management in
pediatric dentistry [27], intraoral suturing [28], or tooth preparation [29]. Practicing history-taking
and decision-making in periodontology with a Web-based database application, where students
used free text communication on the screen to interact with patient data, improved their capability
and empathy during the first patient contact [30]. One other study described the introduction of
portable digital assistants for undergraduate students in a primary dental care clinic to access a virtual
learning environment; these tools proved to be a convenient and versatile method for accessing
online education [31]. Mobile devices were found to support learning by offering the opportunity
to personalize digital learning materials by making comments, underlining, annotating images,

17



Int. J. Environ. Res. Public Health 2020, 17, 3269

and making drawings [32]. The availability of free 3D viewer software favored the planning of RPD
designs on 3D virtual model situations [33]. Online access to digital tools without time restrictions
was identified as a major benefit in dental education, and Web-based instructional modules facilitated
students’ individual learning approach and accommodated varying learning paces. While an initial
effort was required to prepare online educational material, faculty time was reduced in the long term.

Table 1. Web-based knowledge transfer / e-learning (n = 22).

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Komolpis et al.
2002 [12] RCT P 99

Compared effectiveness (exam scores and
time spent) in clinical orthodontic diagnosis
in test group (50 students with web-based

digital records) and control group (49
students provided with traditional records)

with study models, panoramic and
cephalometric radiograph, facial and

intraoral photographs.

Test and control group
performed similar in the exam
with no difference in test time;

positive feedback about the
web-based learning module,

students benefit from
convenient access to study
material on the computer

without time constrictions.

Schultze-Mosgau
et al. 2004 [20] OT T 82

Evaluated a web-based course with a
concluding online examination. Feed-back

by questionnaire.

Course gradings excellent or
good were given for

accessibility independent of
time (89%), for access

independent of location (83%),
for objectification of

knowledge transfer (67%), and
for use of videos for surgical

techniques (91%).

Schittek Janda
et al. 2004 [30] RCT P 39

Compared the effect of a web-based virtual
learning environment (VLE) on students’
performance in history interview. Both

groups underwent standard instruction in
professional behavior, history taking, clinical

decision making and treatment planning.
Test group worked with the virtual

periodontal patient for 1 week prior to their
first patient contact; control group was first
allowed to use the virtual patient after their
first patient contact. Time spent, type and

order of questions and professional behavior
were analyzed.

Test group asked more
relevant questions, spent more

time on patient issues, and
performed a more complete

history interview than control.
The use of the virtual patient

and the process of writing
questions in working with the

virtual patient stimulated
students to organize their

knowledge and resulted in
more confident behavior

towards the patient.

Boynton et al.
2006 [27] CS P 108

Explored students’ behaviors management in
pediatric dentistry using portable video

instructions; test group: 11 students
reviewing video lecture material on a
portable device (iPod) supplementing

conventional pediatric behavior management
lecture; additional 6 students (intermediate)

used audio versions or video on the
computer; control group: 91 students

without digital learning material; exam on
student comprehension.

Test group performed
significantly better on the

examination (mean 9.3) than
control (7.9) or intermediate
group (7.8); portable format

was preferred.

Reynolds et al.
2007 [31] CS P 12

Investigated students’ educational use of
portable digital assistants (PDA) to access a
Virtual Learning Environment in a primary

dentalcare clinic and at home; cross over trial
with 6 students with / 6 without for 12 weeks.

PDA was frequently used for
online education; over 90%

wanted PDA as part of their
dental kit.

Kingsley et al.
2009 [17] CS P 78

Examined students’ ability to use web-based
online technologies to find recently

published online citations and to answer
clinically relevant questions (oral pathogens
and immunology course); technology skills

analyzed: ability to locate online library
resources, understand how information is

organized within the library system, access
online databases, interpret and evaluate

research materials within the context of a
specific discipline; students were provided

with a review article of vaccines against
caries from 2001.

100% of students had correct
responses to the

content-specific or
technology-independent
portions; 46% had correct

responses to the information
literacy or

technology-dependent
portions; as web-based
technologies grow more

prevalent in the digital era,
information literacy and
technology-dependent,

applied research assignments
should be integrated into
graduate-level curricula.

Weaver et al.
2009 [28] RCT P 12

Evaluated performance in intraoral suturing
after digital multimedia instruction; control
group: written information; test group: plus
teaching tool; suturing performed on a model

situation, evaluated by 10 grading criteria.

Test group performed better
than control; video addressed

common mistakes made by
novice students, improved

long-term understanding of
the basic suture principles.
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Table 1. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Wright et al.
2009 [14] OT T 235

Determined whether dental students used an
interactive DVD-tooth atlas as a study aid

and perceived the 3D interactive tooth atlas
as a value-added learning experience.

14% students downloaded the
DVD voluntarily prior to
adding atlas-related exam

questions as incentives; after
adding incentives 43%

downloaded the material;
financial concerns and overly

sophisticated content were
deemed responsible for the

low acceptance.

Curnier 2010
[16] OT P 26 Assessed VR integration into teaching of

dental anatomy, feedback by questionnaire

70% of the students were
satisfied/very satisfied with IT
integration in the curriculum.

Bains et al.
2010 [13] RCT T 90

Compared effectiveness and attitudes toward
e-learning (EL, online tutorial without

teacher), face-to-face learning (F2FL, led by
teacher) and blended learning (BL)

subdivided in BL1 (EL first then F2FL) and
BL2 (F2FL first then EL) among 4th year
students. Groups received cephalometric

tutorial in the allocated mode, answered an
MCQ (Multiple Choice Questionnaire).

F2FL and BL resulted in
similar test results; EL alone

was less effective. BL was the
most and F2FL was the least

accepted method, EL was
significantly less preferred, the

order B1 or 2 had no effect.

Mitov et al.
2010 [15] CS T 36

Testing an e-learning software (morphoDent)
to prepare for an anatomy exam. 3D models

with description and x-rays of permanent
human teeth were available for viewing and
interaction on the learning platform. Practical
dental morphology exam was compared to
virtual tooth anatomy exam. Evaluation of

students’ perceptions in a questionnaire.

Similar exam scores in
traditional and online exam.

Majority felt the software
helped them learning dental

morphology, despite of
difficulties in operating

the program.

Vuchkova et al.
2012 [19] CS P 88

Evaluated interactive digital versus
conventional radiology textbook (course

radiographic anatomy), outcome was
radiographic interpretation test and

survey feedback.

95% perceived positive
enhancement of learning and

interpretation.

Smith et al.
2012 [29] OT P 26

Compared the use of online video-clips with
traditional live demonstrations with

one-to-one supervision; students exam scores
before and after the video introduction were

compared. Feed-back by questionnaire.

76% preferred video-clips to
live demonstrations, 57%

reviewed DVD at home; 57%
felt one-to-one supervision
more effective developing
their competence in tooth

preparation.

Qi et al. 2013
[21] RCT P 95

Comparison of active versus passive
approaches in using 3D virtual scenes in

dental implant cases. Students were exposed
to educational materials about implant
restoration on three types of webpages:

traditional 2D (group 1); active-controlling
3D (group 2); passive-controlling 3D (group
3). After reviewing their webpages, students
were asked to complete a posttest to assess

the relative quality of information acquisition.
Before study exposure, students performed a

standardized test of spatial ability (mental
rotations test, MRT).

Posttest scores were highest in
group 3 (passive control) and

lowest in group 2 (active
control). Higher MRT scores
were associated with better
posttest performances in all

three groups. Individuals with
low spatial ability did not
benefit from 3D interactive

virtual reality, while passive
control produced higher

learning effects compared to
active control.

Reissmann et al.
2015 [22] OT T 71

Creation of a blended learning model;
e-learning modules covered fundamental

principles, additional information, and
learning tests (tests were repeated until

passed and the next video sequence
unlocked); modules comprised (i) tooth

preparation, placement of post and core, and
provisional crown; (ii) with preparation,

manufacturing and insertion of a FDP (Fixed
Dental Prosthesis). Students rated the course
on a questionnaire, comparison to previous

courses without e-learning.

Significantly higher
satisfaction among students

enrolled in the e-learning
modules compared to the

years prior to integration of
the e-learning tests. Results

suggest that instructor-based
practical demonstrations in

preclinical courses in
prosthetic dentistry could be

successfully replaced by
e-learning applications

provided that course content
is structured according to

specific predefined learning
goals and procedures.

Luz et al. 2015
[24] RCT P 39

Evaluated the effect of a digital learning tool
on students’ caries detection in 12 pediatric

patients (3.4 per student) using ICDAS
(International Caries Detection & Assessment
System) (1264 dental surfaces). 2 weeks after
first exam students were split into 3 training
groups: Group 1: ICDAS e-learning program;
group 2: plus digital learning tool; group 3:

no learning strategy; students reassessed the
same patients 2 weeks, and results compared.

After training group 1 and 2
had improved with

significantly higher sensitivity;
group 2 showed significant
increase in sensitivity at the
D2 and D3 thresholds as a

result of the digital
learning tool.
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Table 1. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Gonzales et al.
2016 [18] OT T 40

Implementation social media (Twitter) in a
dental radiology course and evaluated

students’ use and perception by a
questionnaire.

95% (38) had not used Twitter
prior to the course; 53% (21)

created an account during the
course to view radiographic
examples and stay informed;
overall Twitter had a positive

impact with improved
accessibility to the instructor.

Jackson et al.
2018 [25] OT P 80

Evaluated dental students study patterns
using self-directed web-based learning

modules with scheduled self-study time
instead of lectures; web-based module access
(date and time) was recorded for four courses

in the growth & development curriculum;
scheduled access time was 8 am to 5 pm.

Frequency of module access (at
least once) varied among the
four courses (10–64%); only
three students had > 20% of

their total accesses taking place
during designated self-study

times. For all courses the
proportion of module access
was significantly higher 0–2

days before an exam compared
to 3–7 or >7 days before final
exam; no association between

module access during scheduled
times and course performance.

Alves et al.
2018 [23] RCT P 64

Evaluated the effect of a digital learning tool
on students’ caries detection in 80 teeth using

ICDAS; Group 1 (21 students): ICDAS
e-learning program; group 2 (22 students):

plus digital learning tool; group 3 (21
students): no training; reassessment of the 80

teeth 2 weeks after training.

After training group 1 and 2 had
improved with significantly

higher sensitivity and
specificity; group 3 had

increased sensitivity at the D2
thresholds; ICDAS e-learning

with or without digital learning
tool improved occlusal

caries detection.

Botelho et al.
2019 [26] OT T 40

Surveyed dental students’ perception of
cloud-based practice records (documenting

clinical progression) compared to traditional
paper record.

Cloud based records were rated
significantly better in terms of

usefulness, ease of use, and
learning, satisfaction.

Pyörälä et al.
2019 [32] OT T 176

Investigated perception of mobile devices for
study use among 124 medical, 52 dental

students provided with iPads and followed
from 1st to 5th year; feed-back

by questionnaire.

Note taking was the most
frequent application of the

mobile device in the 1st–5th
year; students personalized
digital learning materials by

making comments, underlining,
marking images and drawings.
Students retrieved their notes

anytime when studying for
examinations and treating
patients in clinical practice.

Mahrous et al.
2019 [33] RCT P 77

Compared virtual 3D casts with 2D
paper-based exercise in planning removable

partial denture design; group 1 (n = 39)
planned RPD in Kennedy class IV in virtual

3D and Kennedy class II in traditional 2D
format, group 2 (=38) planned class IV

traditional and class II virtual; survey lines
and undercut positions were drawn on

virtual 3D casts or given in written
descriptions (2D); students planned design
(with rests, clasp type, retention location,

guide plane) was scored; feed-back
by questionnaire.

Similar scores for 3D and 2D
exercises; majority favored
virtual 3D casts because of

improved understanding of
relevant parameters and spatial

visualization. Currently,
physical casts are still required

to practice surveying and
drawing on the cast.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study.

3.2. Digital Surface Mapping

Visual inspection of students’ work is known to have shortcomings in inter- and intra-examiner
reliability, whereas standardized digital surface mapping of abutment tooth preparations facilitates
objective evaluation and feedback (Table 2) [34–46]. In the preclinical training of dental students, the
use of software that can match the student’s scanned preparation with an ideal tooth preparation
has been proven to be a helpful tool in the evaluation of preparation form, taper, and substance
removal. High intra-rater agreement was also found for the repeated digital grading of wax-ups in
the undergraduate curriculum [47], and students’ initial self-assessment was overrated compared to
the digital grading [48]. Limitations of digital assessments have been found for intracoronal cavity
preparations, due to the restricted analysis of cavity depth [49,50]. With specified software skills,
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successful application was documented for class II mesio-occlusal-distal (MOD) cavity assessments,
class III composite preparations, and mesio-occlusal (MO) onlay preparations [51–53]. These studies of
digital surface mapping clearly demonstrate the tremendous development of this technology since 2006,
which now enables a thorough and consistent analysis of several preparation parameters, with freely
available open-source comparison tools.

Table 2. Digital surface mapping (n = 20).

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Esser et al. 2006
[35] CS P 36

Compared conventional visual
examination by faculty with digital

analysis (“Prep Assistant”) of students’
preparation of a central incisor for a
metal-ceramic crown; preparations

were scanned; before the exam
preparation, students had received
theoretical and practical exercises.

Digital measuring technique was
superior for convergence angle,
occlusal reduction and width of

shoulder; low correlation between
visual and digital was observed
for the assessments of chamfer,

path of insertion, width of bevel
and basic form; calibration of
evaluators benefit from digital

analysis tool.

Hamil et al.
2014 [37] OT P 81

Evaluated dental students’ opinion
about a new grading software program
(E4D Compare with surface mapping
technology) for their self-assessment

and as faculty-grading tool in a
preclinical course to evaluate crown

preparations. Software was introduced
(one-hour lecture and three-hour
hands-on laboratory session) and

applied for self-assessment during one
semester; questionnaire about

students’ perception.

Students preferred digital grading
system over traditional

hand-grading 95% reported on
feedback inconsistencies among
different faculty members, 72%

reported on inconsistencies from
the examiner; 85% agreed or

strongly agreed that E4D
Compare provided more

consistent grading than faculty;
79% responded that the software

provided more feedback, 90%
found the software helping them
to understand their deficiencies;
89% agreed or strongly agreed

that E4D Compare grading helped
them be better clinicians.

Mays et al.
2014 [49] CT P 25

Compared students’ visual
self-assessment, students’ digital

(CAD/CAM) self-assessment, faculty
visual assessment, and faculty digital

assessment. Students prepared
mesial-occlusal amalgam cavity, used
standardized grading sheets for visual

self-assessment, scanned their
preparation, used design tool of Cerec

software for digital self-assessment.

Moderate agreement between
faculty visual and digital

evaluation for occlusal and
proximal shape, orientation and

definition; poor agreement
between student visual and

digital evaluation for occlusal
shape, and fair for proximal

shape, orientation and definition;
slight to poor agreement between
students visual and faculty visual
evaluation, and digital assessment

did not improve
student/faculty agreement.

Kwon et al.
2014 [47] OT P 60

Compared conventional visual faculty
grading of wax-ups to digital

assessment in dental anatomy course;
30 faculty wax-ups, 15 student wax-ups
and 15 dentoform teeth; visual grading

was performed by two experienced
faculty members, digital grading by one
operator, both gradings were repeated

after 1 week; maxillary 1st molar
wax-up (from faculty) with highest

scores from visual grading was used as
master model for digital grading.

Modest intra-rater reliability for
visual scoring with similar rating
between the two trials (0.7); low

inter-rater agreement between the
two faculty raters; digital grading

showed high intra-rater
agreement for the repeated

assessment (ICC 0.9); modest
correlation between visual and

digital grading.

Garrett et al.
2015 [48] CCS P 57

Evaluated E4D software (Planmeca) to
assess incisor and molar wax-ups of 57
students, who used digital images for

self-assessment, and compare to faculty
members; based on five assessment
criteria (arch alignment, proximal

contacts, proximal contour and
embrasures, facial contour, lingual

contour) and applying 300, 400, and 500
μm level of tolerance in E4D.

Students’ self-assessment of the
maxillary incisor wax-up was

higher than faculty and E4D300,
but lower than E4D 400 and 500.

For the molar wax-up,
self-assessment was not different
to faculty, but higher than E4D300.

E4D500 evaluations were sig.
superior than other assessments.
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Table 2. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Callan et al.
2015 [34] CCS P 82

Validated E4D software (Planmeca) to
assess molar crown preparation of 82

students and compare to calibrated faculty
members based on four criteria (occlusal

reduction, proximal reduction,
facial/lingual reduction, margins and draw).

Agreement in rankings between faculty
scores and E4D Compare scores was

measured with Spearman’s correlation
coefficient (SCC) at five different tolerance

levels (0.1–0.5 mm).

SCC values for practical exams
varied between 0.20 and 0.56.

None of the upper 95% confidence
limits reached the for strong

correlation. SCC values indicated
only weak to moderate agreement
in ranks between practical exam
scores and scores obtained with

E4D Compare. When ranked from
lowest to highest, the results from
the conventional grading by the

faculty did not correlate within an
acceptable range to E4D Compare

software data.

Mays et al.
2016 [42] CCS P 50

Validated E4D software (Planmeca) to
assess occlusal convergence (TOC) of 50
molar crown preparations from students

and compared to traditional
faculty assessment.

Digital software could distinguish
differences in TOC, which were

grouped as minimum taper (mean
11◦), moderate (mean 23◦), or

excessive (mean 47◦). Digital TOC
evaluation was more objective

compared to faculty
visual scoring.

Gratton et al.
2016 [45] RCT P 80

Compared effect of access to digital systems
in addition to conventional preparation
instructions; CEREC prepCheck (n = 20),

E4D Compare (n=20), and control without
access to digital system (n = 40); incisor and
molar crown preparations were assessed by

the students, by 3 faculties and by E4D
Compare at 0.30 mm tolerance.

All groups had similar
preparation scores. Visual and

digital assessment scores showed
modest correlation.

Gratton et al.
2017 [46] RCT P 79

Compared digital systems Compare (n =
42) and prepCheck (n = 37) as additional

evaluation tool assessing their crown
preparations (maxillary central incisor and
mandibular molar); all preparations were

graded by faculty Compare and prepCheck;
feed-back with post-course questionnaire.

Both groups had similar technical
scores; both systems had modest
correlation with faculty scores and
strong correlation with each other.
55.3% of students felt unfavorable
about learning digital evaluation

protocols, while 62.3% felt
favorable about the integration of

the tools into the curriculum.

Park et al. 2017
[44] OT P 36

Evaluated prepCheck for self-assessment,
students performed ceramo-metal crown

preparation (maxillary molar during
formative exercise, mandibular molar

during summative exam); five learning
tools were used for assessments: reduction,

margin width, surface finish, taper,
undercut; tools were rated for usefulness,

user-friendliness, and frequency of use
(scale from 1 = lowest to 5 = highest).

Faculty members graded tooth
preparations as pass (P), marginal-pass

(MP), or fail (F).

Tools assessing undercut and
taper received highest scores for

usefulness, user-friendliness, and
frequency of use. Students’

performance was 38.8% P, 30.6%
MP and 30.6% F. Failing students

had the highest score (4.4)
on usefulness.

Kateeb et al.
2017 [38] OT P 96

Compared digital assessment software of
students’ crown preparation with
traditional visual inspection; four

examiners; sample of 20 preparations were
reassessed for intra-rater reliability.

Intra-rater reliability (ICC) was
0.73–0.78 and 0.99 for the digital

grading system; inter-rater
reliability among the four

examiners was good (0.76);
agreement between examiners
and digital ratings were low to
moderate; digital grading was

more consistent.

Sly et al. 2017
[50] OT P 98

Compared E4D software (Planmeca) to
assess students intracoronal Class I
preparation with traditional visual

inspection; four examiners.

Similar results for grading of
isthmus width and remaining

marginal ridge, while pulpal floor
depth was assessed more

precisely with visual inspection;
results indicate that software has
limitations for intracoronal cavity

assessment but offers a
self-assessment tool to improve

psychomotor skills with
independent and

immediate feedback.

Kunkel et al.
2018 [40] OT P 69

Compared prepCheck with visual faculty
assessment of taper in students’ crown

preparation of typodont teeth, 10
experienced course instructors.

Instructor gradings were
overrated compared to digital
prepCheck grades, prepCheck

facilitates evaluation instantly and
exactly by students

and examiners.
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Table 2. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Kozarovska &
Larsson 2018

[39]
RCT P 57

Evaluated a digital preparation validation
tool (PVT) for students’ self-assessment of
crown preparation (tooth 11 and 21); group

A (“prep-and-scan” self-assessed and
scanned three preparations; group B

(“best-of-three”) self-assessed the three
attempts, chose the best for scanning;

questionnaire about students’ and teachers’
experiences with PVT.

Group A showed an increase in
agreement of self-assessment and
feedback from PVT, while group B
showed low level agreement with

PVT. Bucco-incisal reduction,
reduction of the tuberculum

surface and presence of undercuts
were difficult to correctly identify

by the students. Questionnaire
feedback revealed need for PVT to
develop skills, to ease assessment,
while critical aspects were PVT’s
time efficiency and the need for

verbal feedback. Teachers
observed the PVT as a motivation
during skills laboratory training,
while verbal feedback were still

deemed necessary.

Wolgin et al.
2018 [53] RCT P 47

Investigated digital self-assessment concept
(prepCheck software) for students in the

phantom course preparing a three surface
(MOD) class II amalgam cavity;

intervention group (IG): compared a 3D
image of their preparation against master

preparation with PrepCheck; control group
(CG): received verbal feedback from

supervisor based on pre-defined criteria.

Test and control groups
performed similar and

self-assessment learning tool was
deemed equivalent to

conventional supervision.

Lee et al. 2018
[51] OT P 69

Compared students’ self-assessment
(conventional and digital with Cerec

software) with assessment (conventional
and digital) by faculty members for class II
amalgam preparations (C2AP) and Class III

composite preparations (C3CP).

Students overestimated their
performance (positive S-F gap) in

both the C2AP and C3CP
preparation exercises in

conventional (11% and 5%) and
digital assessments (8% and 2%);

in conventional assessments,
preclinical performance was
negatively correlated with

student-faculty gap (r = −0.47, p <
0.001); particularly students in the

bottom quartile sig. improved
their self-assessment accuracy
using digital self-assessments

over conventional assessments.

Nagy et al.
2018 [52] RCT P 36

Investigated the effect of a digital feedback
(test group) for mesio-occlusal onlay

preparation by a 3D visualization of the
cavity (Dental Teacher software, KaVo),

while verbal feedback from supervisor was
given to control group. Following

feedbacks, 2nd corrective preparations
were conducted and improvements

measured. Parameters: occlusal cavity
depth (OD), approximal depth (AD), extent
of cusp reduction on the mesiobuccal cusp

(CR), width of shoulder preparation
around the mesiobuccal cusp (SW), cavity

width at two different points in the occlusal
box (OW).

Test group improved in all
parameter and showed

significantly smaller deviations of
mean OD, AD and mean SW; in

control group, parameter
deviations were similar during 1st

and 2nd preparation.

Liu et al. 2018
[41] RCT P 66

Evaluated the effectiveness of preclinical
training on ceramic crown preparation
using digital training system compared
with traditional training method; test

group: trained with digital method with
Online Peer-Review System (OPRS) and

Real-time Dental Training and Evaluation
System (RDTES); control group: traditional
method with instructor demonstration and

evaluation; central incisor
crown preparation.

Five of 15 assessed items were
significantly better in test group;
96.97% of test students agreed or
strongly agreed that using digital

training system could better
improve the practical ability than

traditional method.

Greany et al.
2019 [36] OT P 67

Compared conventional visual faculty
inspection of wax-ups to digital assessment;

six examiners evaluated 67 students’
wax-ups of maxillary first molar,

reevaluation after 1 week; scan with IOS,
STL files imported to free available open

source data cloud comparison utility
(Cloud Compare.org), digital evaluation by

two examiners.

Visual inspection had low
inter-examiner precision (ICC

0.332) and accuracy;
intra-examiner precision for

reevaluation was low;
inter-examiner precision of digital
exam was high (ICC 0.866) with

high accuracy.
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Table 2. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Miyazone et al.
2019 [43] OT P 100

Compared prepCheck with visual
faculty assessment of students’ crown

preparation of typodont teeth
(mandibular first molar as crown

abutment, maxillary 2nd premolar and
2nd molar as FDP abutments), assess
inter- and intra-grader agreement of

five experienced examiners conducting
visual and digital exam; scoring

repeated three times; parameters for
crown abutments: axial tissue removal,

margin width, undercut, occlusal
reduction, cusp tips, occlusal anatomy;
for FDP abutments: path of insertion.

Intra-grader agreement was better
with prepCheck than visual

assessment for all parameters
except cusp tip and occlusal

anatomy; inter-grader agreement
for path of insertion was

questionable with visual, but
good with digital assessment.

Inter-grader disagreement was
greater in visual than digital

assessment. Overestimation of
tooth reduction in visual grading
was eliminated by digital analysis.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study; ICC = Inter-Class Correlation; STL = Standard Tessellation Language.

3.3. Dental Simulator Motor Skills Including Intraoral Optical Scanning

A high level of interest and acceptance was documented among undergraduate students for
simulator training in cavity preparations [54–56], or in surgical interventions such as apicoectomies
(Table 3) [57]. A trend toward improved technical skills and ergonomics was documented when
simulator training with real-time feedback was added to traditional instructions [58–60]. Training with
a VR-based simulator improved students’ preparation of class I occlusal cavities [61], and of abutments
for porcelain-fused-to-metal crowns [62]. In evaluating the manual dexterity of students, professionals,
and non-professionals, the simulator scoring algorithm showed a high reliability to differentiate between
non-professionals and dental students or dentists [63]. Instruction time from faculty for teaching cavity
and crown preparations was significantly reduced when virtual reality computer-assisted simulation
systems were used compared to contemporary non-computer-assisted simulation systems [64].
Preparation performance on VR units with continuous evaluations and advice from clinical instructors
led to better preparation quality than real-time feedback from the virtual dental unit. Self-paced
learning and the immediate software feedback were beneficial with the VR unit, and it was perceived
as adjunct, but not replacing faculty instructions [65]. Students requested software improvements with
more realistic force feedback during interaction with different tissues in the virtual oral environment
including the maxilla, mandible, gum, tongue, cheek, enamel, dentine, pulp, cementum, etc. [66].
Recent advancements of simulators enabled variations in force feedback accounting for varying
hardness of the virtual material, cut speed gain, and push force [67].

Improved student performance in crown digitization and framework design was observed when
CAD/CAM (Computer-Aided Design/ Computer-aided manufacturing) courses were introduced in
dental education [68]. While students enjoyed designing a full crown using CAD as compared to
traditional waxing, limits of the technology in representing anatomic contours and excursive occlusion
were identified [69]. Viewing their scanned crown preparations magnified on the screen improved
students’ understanding of the finishing line [70]. The application of IOS in the simulation training
showed that even inexperienced dental students were capable of acquiring the skills needed to use
digital tools, and students preferred IOS over conventional impressions [71,72]. Furthermore, students’
work time was shorter with IOS than with conventional impression [72,73], although more teaching
time was required for digital scanning than for conventional impression techniques [74]. Applying
digital complete denture treatment (AvaDent; AvaDent Digital Dental Solutions, Scottsdale, AZ, USA)
in the student clinics resulted in restorations with superior gradings that were preferred by both
students and patients [75]. Using an intraoral camera increased patients’ consent for crown treatment,
and was positively perceived by students and patients, while faculty members were neutral [76].
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Table 3. Dental simulator motor skills incl. IOS (n = 23).

Study (Year) Study Design
Theory /
Practice

Participants Materials and Methods Results

Quinn et al.
2003 [65] RCT P 20

Compared students’ performance in
preparing class I amalgam cavity on a
VR-based training unit; test group had
virtual real-time feedback and software
evaluation, control group had clinical

instructor available during preparation.
Anonymous scoring by 2 faculties, criteria:
outline form, retention form, smoothness,

cavity depth and cavity margin angulation.
Questionnaire feed-back in test group.

Similar results for retention and
wall angulation, while outline
form, smoothness and cavity
depth scored better in control.

Test group assessed software as
superior for immediate feed-back,
self-paced learning, consistency of

evaluation, encouraging
independent work and more
thorough assessment, while
conventional training was

superior for increasing confidence
in cavity preparation. VR-based

training should be used as adjunct
but not replacing conventional

training methods.

Jasinevicius et
al. 2004 [64] CT P 28

Compared students’ performance in
amalgam and crown preparations on

typodont teeth either with a contemporary
non-computer-assisted simulation system

(CS), or with a virtual reality
computer-assisted simulation system (VR).

Both groups were provided with
presentations describing preparations, CS
group received handouts, VR group had

preparation criteria available on the
computer. Student-faculty (S-F) interaction

time was logged.

Preparation quality did not differ
between CS and VR. CS required
2.8 h, VR 0.5 h S-F. CS received

five times more instructional time
from faculty than VR.

LeBlanc et al.
2004 [60] RCT P 68

Compared students’ technical skills in
preclinical operative dentistry after

standard traditional laboratory-based
instructions (over 110 h) and additional

virtual reality simulator-enhanced training
(test group with 20 students) Simulator

(DentSim, DenX) provided real-time
feedback, training conducted during 6–10 h

in 3 blocks over 8 months.

While all students improved in
the 4 tests during the year, test

students tended to better scores in
the final exam. Virtual reality

simulators can be implemented in
the traditional training of future

dentists.

Rees et al. 2007
[54] CT P 16

Evaluated simulator training (DentSim,
DenX) by undergraduate students for Class
I and II preparations (time, marks, number
of evaluations), students spent 6 h cutting
an unlimited number of Class I cavities and
Class II cavities; feedback by questionnaire.

Class I preparations obtained a
mean mark of 66.8, preparation

time was 12.5 min, with 6.7
evaluations; Class II had a mark of

26.5, time 18 min, with 7.0
evaluations. Class II was more

difficult to cut. Students
appreciated easy change of teeth,
working at their own pace and

examine the cavity in a
cross-section.

Welk et al. 2008
[55] OT P/T 80

Evaluated students’ performance in
operative dentistry after training with

computer-assisted dental simulator
(DentSim, DenX), feedback by

questionnaire.

Students indicated high interest in
simulator training, high

acceptance and response to
additional elective training time in
the computer assisted simulation
lab. The shift in curriculum and

instructional goals has to be
optimized continuously.

Urbankova et
al. 2010 [58] RCT P 75

Evaluated adjunctive computerized dental
simulator (CDS; DentSim) training (8 h) in

operative dentistry (Class I and II
preparations): either before (n = 26) or after

1st exam (n = 13); control group (n = 36)
with traditional preclinical dental training

alone (110 h).

CDS-trained students performed
better than control in the 1st and
2nd exam, no difference between
pre-exam and post-exam groups.
In the 3rd exam (end of the year)
CDS group had higher, but not

significantly different scores than
control.

Pohlenz et al.
2010 [57] CT P 53

Evaluated VR training (Voxel-Man) for
virtual apicoectomy; questionnaire about

simulated force feedback, spatial 3D
perception, resolution and integration of

further pathologic conditions.

92.7% recommended the virtual
simulation as additional modality

in dental education, 81.1%
reported the simulated force

feedback as good or very good,
86.8% evaluated 3D spatial

perception as good or very good;
100% recommended integration of

further pathologies.
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Table 3. Cont.

Study (Year) Study Design
Theory /
Practice

Participants Materials and Methods Results

Gottlieb et al.
2011 [59] CT T 202

Evaluated VR simulation training
(DentSim, Image Navigation Ltd.) in

operative preparations and restorations,
60 h VR training, laboratory course was

reduced to 234 h (instead of
traditional 304h).

13 experienced faculties assessed 97
non-VR students (1st year, control) and 105

students with 1 semester VR experience
(test); survey about students’ abilities in

ergonomics, confidence level, performance,
preparation, and self-assessment.

Faculty expected greater
psychomotor skills and ability to
prepare teeth in VR, abilities were

lower than anticipated but
numerically higher than in
non-VR students. Faculty

members perceived students’
ergonomics in the test group

better than in control.

Ben-Gal et al.
2011 [56] CT P 33

Evaluated use of VR simulator (IDEA
Dental) for dental instruction, self-practice,

and student evaluation. 21 experienced
dental educators, 12 randomly selected
experienced dental students (5th year)
performed 5 drilling tasks using the

simulator, feed-back by questionnaire.

Both groups found that the
simulator could provide

significant benefits in teaching
and self-learning of manual

dental skills.

Ben-Gal et al.
2013 [63] CT P 106

Evaluated potential of VR training
simulator (IDEA Dental) to assess manual
dexterity in 63 dental students, 28 dentists,
14 non-dentists, performed virtual drilling
tasks in different geometric shapes: time to
completion, accuracy, number of trials to
successful completion, score provided by

the simulator.

Simulator scoring algorithm
showed high reliability in all
parameters and was able to

differentiate between
non-professionals and dental
students or non-professionals

and dentists.

Lee & Gallucci
2013 [73] CT P 30

Compared digital (IOS) to conventional
impression for single implant restorations,

evaluated efficiency, difficulty and
students’ preference.

Mean total treatment time,
preparation time and working

time were significantly longer for
conventional than for IOS;

conventional impressions were
assessed as more difficult than

IOS; 60% preferred IOS, 7%
conventional, 33%
either techniques

Kikuchi et al.
2013 [62] RCT P 43

Compared VR simulator (DentSim) training
with or without instructor feedback for
preparation of porcelain fused to metal

(PFM) crown preparation. 43 students (5th
year). randomly divided into: 1. VR group
with instructor’s feedback (DSF; n = 15); 2.
VR without instructor’s feedback (DS; n =
15); 3. neither VR simulator training nor

faculty feedback (NDS; n = 13); preparation
time and scores of 4 crown preparations

(1week for 4 weeks).

DSF and DS had significantly
higher total scores than NDS.

Similar results in DSF and DS, but
shortened preparation time with
instructors’ feed-back (DSF) at

early stages.

Douglas et al.
2014 [69] CT P 50

Compared students’ performance in
traditional waxing vs. computer-aided
crown designing (IOS with CEREC 3D,

Sirona Dental Systems), faculty grading of
occlusal contacts and anatomic form,

feed-back by questionnaire.

Similar gradings for wax design
(79.1) and crown design (78.3);

more occlusal contacts with CAD;
students enjoyed designing a full

contour crown using CAD and
required less time with CAD.
Students recognized limits of

CAD technology in representing
anatomic contours and excursive

occlusion compared to
conventional wax techniques.

Wang et al.
2015 [66] CT P 20

Compared VR simulator (iDental with
Phanotm Omni, SensAble Tech. Inc.) in

novice group (graduate students with less
than 3 years clinical practice experience)

and resident group (with 3–0 years clinical
practice); assessment of caries removal,

pulp chamber opening, time and amount of
removed healthy/unhealthy tissue;

feed-back by a questionnaire.

No differences in time and
amount of tissue removal between
groups; residents spend slightly
more time than students; both

groups suggested improvements
in spatial registration precision,

more realistic model with material
properties and force feedback of
different tissues, improvement of

the depth of the virtual space.

Schwindling et
al. 2015 [68] CT P 56

Evaluated a CAD/CAM hands-on course
(test) compared to video-supported lecture

only (control); written exam about cast
digitizing and zirconia crown designing.

Test group performed significantly
better than controls (16.8/20 vs.

12.5/20 correct answers); interest
of students in CAD/CAM was
higher after hands-on course.

Kattadiyil et al.
2015 [75] CCS P 15

Compared clinical treatment outcomes,
patient satisfaction, and dental student
preferences for digital (AvaDent, two
appointments) and conventional (five

appointments) complete dentures (CD) in
15 patients, 15 dental students fabricated
two sets of CDs for each patient. Faculty
and patient ratings, patient and student
preferences, perceptions, treatment time

was analyzed.

Digital process was equally
effective and more time-efficient
than conventional; faculty scored
digital better than conventional
dentures; patients and students

preferred digital dentures.
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Table 3. Cont.

Study (Year) Study Design
Theory /
Practice

Participants Materials and Methods Results

Zitzmann et al.
2017 [72] RCT P 50

Investigated performance (time recording)
and perception (questionnaire feedback) of
IOS and conventional implant impression

after video teaching.

Students rated conventional
impressions as more difficult (VAS

46) than IOS (VAS 70), with
greater patient-friendliness of IOS

(VAS 83) compared to
conventional impressions (VAS

36); 76% preferred digital, 88% felt
most effective with IOS; total

work time of all steps was
significantly shorter with 301 sec.

for IOS and 723 sec. for
conventional impressions.

Wegner et al.
2017 [70] OT P 108

Evaluated students’ perception
(questionnaire feedback) of IOS (Lava Cos
Training, 3M Espe), scanning of 3 typodont

tooth preparations.

63.9% positive opinion, 60.2%
considered scanning process as

manageable, 55.6% profited from
magnified view of their

preparation to understand
chamfer finish lines.

Marti et al.
2017 [74] RCT P 25

Analyzed time to instruct IOS (DS; LAVA
C.O.S. digital impression system) and

conventional impression technique (CI;
polyvinyl siloxane) with video lecture,

investigator led demonstration, and
independent impression exercise: time

recording and questionnaire about
familiarity and student’s expectations.

Teaching DS required significantly
more time than CI for video

lecture (16 vs. 10 min),
demonstration time (9 vs 5 min)

and impression time (18 vs. 9
min). Initially students were more

familiar with CI (3.96) than DS
(1.96) technique. After

instructions and practice, CI
technique proved significantly

easier than expected.
Manageability of DS was not

influenced by the instruction and
practice experience. 96%

expressed an expectation that DS
will become their predominant

impression technique.

de Boer et al.
2019 [67] RCT P 126

Investigated skill transfer between various
levels of force feedback (FFB) using
Simodont dental trainer (Moog) for
cross-figure preparations as manual

dexterity exercise. Assessment of students’
satisfaction by questionnaire.

Longer practice time was
correlated with test performance:
students passing at different FFB
levels had mean of 300h, those

passing in one FFB level had 271 h,
failing students had 224 h. Skill
transfer from one level of FFB to

another was feasible with
sufficient training.

Schott et al.
2019 [71] OT P 31

Evaluated dental students’ perception of
IOS compared to conventional alginate

impression; survey after basic training and
self-practicing.

77% (24) students were overall
“very” or “rather satisfied" with

the handling of IOS; 58%
preferred IOS from the dentist’s

perspective, no significant
difference from the patient’s

perspective but reduced comfort
related to the impression tray.

Murbay et al.
2020 [61] RCT P 32

Incorporated VR with Moog Simodont
dental trainer in preclinical training;

students performed an occlusal preparation
on typodont teeth and had previous
exposure to VR (group 1) or no VR
exposure (group 2); assessment was

conducted (satisfactory / unsatisfactory) by
manual approach or digital (Magic 19.01

64-bit).

VR use improved preparation
significantly with 75% (12/16)

satisfactory preparations in group
1 and 44% (7/16) in group 2.

Manual and digital evaluation
methods did not differ

significantly.

Murrell et al.
2019 [76] OT P 288

Evaluated completion of posterior crown
planning with or without presenting the

situation to the patient by intraoral camera
use; 51 students completed 198 surveys, 35

faculty members with 64 surveys, 202
patient surveys, survey was voluntary and

camera use optional.

Positive perception of intraoral
camera use by students and
patients, while faculty was
neutral; significantly higher

completion rate when intraoral
camera was used.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study; DSF = VR group with instructor feedback; DS = VR group without instructor feedback;
NDS =Neither VR simulator training nor faculty feedback; VAS = Visual Analog Scale; IDEA = International Dental
Education Association.
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3.4. 3D Rapid Prototyping

Two studies evaluated training models created by 3D rapid prototyping [77,78]. Such methods
can supplement teaching on human teeth or even replace it, and educational needs can easily be
adapted to students’ skills (Table 4).

Table 4. Group 4: 3D printing and prototyping (n = 2).

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Soares et al. 2013 [77] OT T 40

Cavity preparation was taught with
conventional teaching materials with 2D
schematic illustration and photographs.
New didactic material with virtual 3D

(videos of the preparations) and magnified
nylon prototyped models was introduced.

Evaluation by questionnaire.

Improvement of teaching
quality when combining

3D virtual technology with
real models.

Kröger et al. 2016 [78] OT P 22

3D printed simulation models based on real
patient situations were used for hands-on
practice. Models simulated realistic tooth
positions and wide variability of dental

cases and procedures. Students removed a
crown from tooth 16, detected and removed

caries, did a build-up filling and crown
preparation within 3 h. Students’ feedback

on a VAS questionnaire.

Students evaluated models
based on real patient

situations as good training
possibilities. The lack of
gingiva was disturbing.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study.

3.5. Digital Radiography

Four studies dealt with diagnosing radiographic changes [79–81] or detecting positional errors on
panoramic radiographs [82] (Table 5). Senior students showed a poor ability for approximal caries
detection on both conventional and digital radiographs when compared to histo-pathologic analysis
from sectioned teeth [80]. One study demonstrated that digital learning supported the development
of students’ diagnostic skills [81]. Another study showed that the accuracy of radiographic caries
detection was improved by a computer-assisted learning calibration program, which provided feedback
illustrating the actual tooth surface condition [79]. In one study, two digital systems for endodontic tooth
length measurements were compared, and students’ positive attitudes towards digital radiography
were documented [83].

Table 5. Group 5: Digital Radiology (n = 5).

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Mileman et al.
2003 [79] RCT P 67

Investigated computer-assisted learning
(CAL) calibration program to improves

dental students’ accuracy in dentin caries
detection from bitewing radiographs;

experimental (n = 33) group: used CAL
with feedback for self-calibration control

(n = 34) group.

CAL improved students’
diagnostic performance; true
positive ratio (sensitivity) for

caries detection was significantly
higher in test 76.3% than control
with 66.9%, while false positive

ratio (specificity) was similar
(28.1 and 28.7%); diagnostic odds
ratio was sig. higher in test (12.4)

than in control (8.8).

Wenzel et al.
2004 [83] RCT P 31

Compared 2 digital systems (RVG-ui CCD
sensor, Digora PSP plate system) for

radiographic examination; after education
in digital radiography one student group
started with CCD, one with PSP and both

completed endodontic treatment of
single-rooted extracted tooth; groups

switched radiography system and treated a
2nd tooth. True tooth length (TTL) and root
filling length (RFL) were measured with the

software and compared to manual
measurement; feed-back questionnaire

after each treatment.

Using CCD sensor required less
time than PSP; positioning the

tooth was easier with PSP plate;
positive attitudes towards digital
radiography; lengths measured
on the digital images from both

digital systems were slightly
larger than true tooth lengths with

no difference in ratio TTL/RFL
between systems.
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Table 5. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Minston et al.
2013 [80] CT P 20

Investigated students’ diagnostic
performance on approximal caries
detection with analog and digital

radiographs from 46 extracted human
premolars and molars, compared

diagnostic accuracy; teeth were sectioned
and histopathologically analyzed

(gold standard)

Students ability for caries
detection was poor, no difference

between analog and
digital radiographs.

Busanello et al.
2015 [81] CCS P 62

Evaluated digital learning object to
improve skills in diagnosing radiographic
dental changes (Visual Basic Application
software); test group used the digital tool,

control group: conventional imaging
diagnosis course; diagnosis test after

3 weeks.

Test group performed
significantly better, females were

better than males.

Kratz et al.
2018 [82] CT P 169

Evaluated students’ ability to identify
positional errors (tongue position, head

rotation, chin position) in panoramic
radiographs of edentulous patients,

students in 2nd year (n = 84) and 3rd–4th
year (n = 85)

2nd year students identified
significantly more positional

errors than 3rd and 4th students.
Students were more experienced

at identifying radiographic
findings compared to

positional errors.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study; CCD = Charged Couple Device; PSP = Photostimulable Phosphor.

3.6. Surveys Related to the Penetration and Acceptance of Digital Education

Six surveys evaluated students’ perception and acceptance of digital technologies (Table 6) [84–89].
The more recent studies reflected that digital technologies have become established teaching tools,
particularly in the field of digital radiography and microscopy, and the use of textbooks decreased;
simulation training was preferred [86,87].

Table 6. Surveys related to digital education (n = 10).

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Scarfe et al.
1996 [88] OT T 277

Investigated the effects of
instructions in intraoral digital
radiology on dental students’

knowledge, attitudes and beliefs;
174 from a university with formal

instruction on digital dental
radiography, and 103 from a

university without instructions.

Students with instructions knew
significantly more than students without;

93% wanted digital radiology to be
included in the dental curriculum.

McCann et al.
2010 [85] OT T 366

Surveyed student’s (dental and
dental hygiene) preferences for

e-teaching and learning, using an
online questionnaire in 2008

related to computer experience,
use and effectiveness of

e-resources, preferences for
various environments, need for
standardization, and preferred

modes of communication.

64% preferred printed text over digital and
74% wanted e-materials to supplement but
not replace lectures; 71% preferred buying

traditional textbooks, 11% preferred
electronic versions; among e-resources

virtual microscopy (69%), digital skull atlas
(68%), and digital tooth atlas (64%) were

reported as most effective; e-materials
would enhance learning, in particular

e-lectures (59%), clinical videos (54%), and
podcasts (45%). E-resources should not

replace interactions with faculty; students
wanted lectures and clinical

procedures recorded.

Jathanna et al.
2014 [84] OT T 186

Surveyed the perception of Indian
dental students toward usefulness

of digital technologies in
improving dental practice,

willingness to use digital and
electronic technologies, perceived

obstacles to use digital and
electronic technologies in dental
care setups, and their attitudes
toward internet privacy issues.

Students indicated that digital technology
increases patient satisfaction and practice

efficiency, improves record quality,
doctor-doctor communication, case
diagnosis and treatment planning;

obstacles to the wide adoption of these
technologies were cost and dentists’ lack of
knowledge and comfort with technology.

Chatham et al.
2014 [90] OT T 11

Surveyed the penetration of
digital technologies in UK dental

schools (11/16 responded).

45% did not teach digital technologies (36%
because it was not part of the curriculum,

or in 95% due to the lack of technical
expertise or support); half of those teaching
digital technologies did so with lectures or

demonstrations, the other half allowed
practical involvement.
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Table 6. Cont.

Study (Year) Study Design Theory/Practice Participants Materials and Methods Results

Brownstein et
al. 2015 [91] OT T 33

Surveyed the penetration of
emerging dental technologies into
the curricula at US dental schools

(62 eligible schools were
contacted); academic Deans

answered 19 questions related to
12 dental topics); 19 schools had
<100 students/class; 14 had

>100 students.

Highest penetration was in preclinical didactic
courses (62%) and lowest was in preclinical

laboratory (36%); most common specific
technologies were digital radiography (85%)
and rotary endodontics (81%), least common

were CAD/CAM denture fabrication (20%) and
hard tissue lasers (24%); the bigger the class

sizes (>100 students) and the older the school,
the lower the incorporation of

newer technologies.

Bhardwaj et al.
2015 [92] OT T 54

Surveyed faculties’ opinion (15
dental, 42 medical faculty

members in Melaka, Malaysia)
toward the existing e-learning
activities, and to analyze the

extent of adopting and integration
of e-learning into their traditional
teaching methods; questionnaire
with socio-demographic profile,
skills and aptitude on the use of
computer, knowledge and use of

existing e-learning technology
(e.g., MOODLE), experiences and

attitudes towards e-learning,
faculty opinion on novel

e-learning techniques, and
initiatives to be adopted for

optimization of existing
e-learning facilities.

65.4% of faculty was positive towards
e-learning; formal training required to support
e-learning that enables smooth transition of the
faculty from traditional teaching into blended

approach; traditional instructor centered
teaching is shifting to learner centered model

facilitating students to control their own
learning. Popular e-learning education tools:

Virtual Learning Environment systems such as
WebCT™.

Ren et al. 2017
[86] OT T 389

Questionnaire assessed students’
attitudes towards digital

simulation technologies and
teaching methods, how students

compare digital technologies with
traditional training methods; four

categories: digital microscope,
virtual pathology slides, digital

radiology, virtual
simulation training.

Most students accepted digital technologies as
stimulating tool for self-learning; digital X-ray
images were used to study oral radiology and

preferred to conventional X-rays. Dental
simulation training was most preferred

technology (54.6%), 16.7% preferred digital
microscopy, 15.0% virtual pathology slides,
13.7% digital x-ray images. 76% used the

virtual simulation training machine to study
oral clinical skills; 61% felt that the simulator

would be a useful addition to current
pre-clinical training; 66% felt that the simulator

provided a realistic virtual environment.

Roberts et al.
2019 [87] OT T 282 (in 2015)

129 (in 2017)

Surveyed the use of
student-managed online

technologies in collaborative
e-learning; comparison of

web-based applications and other
study methods (survey in 2015

focused on Google Doc/survey in
2017 focused on all

e-learning technologies).

Significant decrease in Google Docs overall
usage in 2017 (95%) compared to 2015 (99%),

but significantly increased frequency of use in
all courses from 36% (2015) to 71.6% (2017).
The use of textbooks dropped significantly

from 25% (2015) to 15% (2017). Only 4%
reported that textbooks were worth the cost.
52% would not use textbooks to study even
when placed at disposal. In 2017 52% spent

study time with social media (Twitter or
Facebook), 66% “sometimes” questioned the
validity of information posted by others in
collaborative documents. To collaboratively
study with peers, Google Docs and personal

contacts were the top choices in 2017.

Prager & Liss
2019 [2] OT T 54

Surveyed the extent of teaching
digital modalities and use for

patient care in dental schools (54
out of 76 dental schools in U.S.

and Canada responded) in
February 2019.

93% used CAD/CAM digital scanning, IOS was
performed exclusively in 55%, extraoral model

scan was used as sole technique in 8%, intra-
and extraoral scanning in 37% of the schools.

IOS was applied for crowns (100%),
inlays/onlays (77%), implant crowns (52%),

fixed partial denture (34%), complete denture
(2%), but none of the schools indicated to use

IOS always for crowns. 59% had a digital
workflow established to deliver same-day

restorations. 34% had at least 10% of faculty
proficient in IOS, 66% had 10% or less.

Turkyilmaz et
al. 2019 [89] OT T 255

Surveyed students’ perception of
e-learning impact on dental

education, response rate of 22.6%
(255 out of 1130 electronically

distributed 14-question surveys to
2nd–4th year students).

48.6% preferred traditional lecture mixed with
online learning, 18.4% online classes only,

18.0% traditional lecture style only; greatest
impact on learning had YouTube, Bone Box,

and Google. 60% spent between 1 and >4 h per
day on electronic resources for academic

performance. E-learning had a significant
perceived effect on didactic and clinical
understanding. Students observed that

faculties estimated <50 years of age were more
likely to incorporate e-learning into courses

and more likely to use social media for
communication.

RCT = Randomized Controlled Trial; CT = Controlled Trial; CS = Cohort Study; CCS = Case-Control-Study;
OT = Observational Study.
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Four surveys analyzed the penetration of and attitudes towards digital technologies at dental
schools in the UK [90], U.S. [91], North America [2], or among the faculty staff at a dental school in
Malaysia [92]. According to the most recent survey, CAD/CAM technologies were taught in most
dental schools in North America (93%), while other digital modalities showed less penetration [2].

Despite a high acceptance of digital technologies in dental education by faculty [92] and
students [86], it was concluded that e-resources should not replace interactions with faculty; students
wanted lectures and clinical procedures recorded [85].

4. Discussion

The systematic review aimed to investigate current penetration and educational quality
enhancements from digitalization in the dental curriculum. Heterogeneous study types addressing
various fields of digital applications were found. While a meta-analysis was not feasible, a descriptive
approach for identified publications was conducted.

Digitalization in dental education is frequently used to enhance the accessibility and exchange
of documents and to facilitate the collaboration and communication among students, teachers, and
administrative staff. Digitalization enables cloud-based records, evaluation, and feedback, as well
as the provision of e-learning modules [23]. Students today, particularly the Millennials, expect
services instantly, expect to be able to download their grades, course schedules, and other information
automatically, and to be able to get assistance 24 h a day. In order to satisfy these expectations, it is
necessary to promote a change of mindset of the dental faculty and provide instructors with training in
e-learning and e-teaching to enable theoretical and practical knowledge transfer [85]. The coronavirus
disease (Covid-19) pandemic that started in 2019 caused dental schools around the world to close, and
highlighted the need for alternative channels for education (e.g., Web-based learning platforms) [93].
Scheduled webinars can provide a structure for students’ theoretical learning. Additional applications
of digital features include educational videos illustrating clinical exams or therapeutic steps, interactive
systems, adaptive systems that monitor students’ ability and adjust teaching accordingly, online
collaborative tools, etc. The use of pictograms instead of scripts in educational videos facilitates a
language-independent application in several countries.

Especially in the field of motor skills training, digital software tools can be used to evaluate the
manual abilities of potential candidates for the dental curriculum, to analyze students’ preclinical
preparations, to enable self-assessment, and to enhance the quality of education. The objective and
exact nature of these digital evaluations helps to improve students’ visualization, provides immediate
feedback, and enhances instructor evaluation and student self-evaluation and self-correction [43,94].
Students can learn to self-assess their work with self-reflection and faculty guidance in conjunction
with a specially designed digital evaluation tool [48]. IOS and digital impression techniques can be
included early in the dental curriculum to help familiarize students with ongoing development in the
computer-assisted technologies used in oral rehabilitation [3,72].

While undergraduate students today have to be prepared for digital dentistry, they still need to
acquire the knowledge of conventional treatment strategies and processes. Growing up in the digital
world, they will easily adapt to digital features. Digital dentistry offers several options for an objective
standardized evaluation of students’ performance, which should be used for quality enhancement.
It is currently a “teaching transition time”, and new standards have to be defined for dental education
in general. Open questions remain, such as: (i) in which phase of the dental curricula should digital
technologies be introduced as the routine tool; (ii) which analog techniques can be omitted; and iii)
which digital content should be taught in which disciplines?

Several studies indicated that personal instruction and feedback from faculty cannot be replaced by
simulator training and feedback [39,65,85]. In this context, faculty should be aware of their responsibility
in teaching young dentists, who are treating individuals with individual needs requiring empathy and
an informed consent for any treatment decision. Digitalization cannot replace all educational lessons or
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courses, and the role-model function of faculty is important when supervising students during patient
treatment in the clinical courses.

It should be emphasized that there are still no uniform standards in dental education with regard
to the digital tools applied. Such standards are essential to ensure uniformity in teaching, which is
particularly important for an international exchange. Society as well as dentistry is currently undergoing
a digital transformation. It is necessary to clarify learning contents, to what extent conventional
workflows should still be taught, and what can be done digitally. While digital tools and applications
in knowledge transfer are a general challenge for undergraduate education in all disciplines, the field
of dentistry with its high degree of practical training units is specifically demanding. Just because
training units are designed digitally does not mean that students learn on their own. Continuous
training with supervision and feed-back is still the key to good dental education. In this context,
digitization is certainly a great opportunity to convey the learning content with more joy and newly
awakened enthusiasm.

Following the rule, “you can only teach what you are able to perform yourself”, a highly motivated
faculty is needed that is willing to embrace the latest digital technologies. Besides personal motivation,
the financial aspect of implementing the various digital tools and applications has to be managed at
dental universities. Collaborations with industry would be helpful here. This is a classic “win–win
situation”—the dental school would be equipped with the latest products and updates, and the
industry would get access to the youngest target group of potential customers. In the event of such
collaborations, it is vital that universities maintain their objectivity by offering a variety of products
from diverse companies; otherwise, there is a risk of unduly influencing dental students and biasing
them towards one particular technological option. The rapid pace of change in dental technology
must also be considered. Dental technology companies are constantly introducing new products
and workflows. While this provides exciting opportunities for dental research, to test and analyze
those new developments, it complicates the implementation of digital workflows in dental education
programs. New job descriptions are also necessary at dental schools in order to maintain the technical
infrastructures required for these new technologies and to guarantee a smooth operation in clinical
practice. In future, the best dental schools will be ranked according to their digital infrastructure
combined with the level of innovation of the teaching faculty.

5. Conclusions

Digital tools and applications are now widespread in routine dental care. Therefore, this trend
towards digitization and ongoing developments must be considered in dental curricula in order to
prepare future dentists for their daily work-life. There is a need to establish generally accepted digital
standards of education—at least among the different dental universities within individual countries.
Digitalization offers the potential to revolutionize the entire field of dental education. More interactive
and intuitive e-learning possibilities will arise that motivate students and provide a stimulating,
enjoyable, and meaningful educational experience with convenient access 24 h a day.

At present, digital dental education encompasses several areas of teaching interests, including
Web-based knowledge transfer and specific technologies such as digital surface mapping, dental
simulator motor skills including IOS, and digital radiography. Furthermore, it is assumed that
AR/VR-technology will play a dominant role in the future development of dental education.
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Abstract: Given the widespread lack of access to dental care for many vulnerable Americans, there is
a growing realization that integrating dental and primary care may provide comprehensive care.
We sought to model the financial impact of integrating dental care provision into a primary care
practice. A microsimulation model was used to estimate changes in net revenue per practice by
simulating patient visits to a primary dental practice within primary care practices, utilizing national
survey and un-identified claims data from a nationwide health insurance plan. The impact of potential
changes in utilization rates and payer distributions and hiring additional staffwas also evaluated.
When dental care services were provided in the primary care setting, annual net revenue changes
per practice were −$92,053 (95% CI: −93,054, −91,052) in the first year and $104,626 (95% CI: 103,315,
105,316) in subsequent years. Net revenue per annum after the first year of integration remained
positive as long as the overall utilization rates decreased by less than 25%. In settings with a high
proportion of publicly insured patients, the net revenue change decreased but was still positive.
Integrating primary dental and primary care providers would be financially viable, but this viability
depends on demands of dental utilization and payer distributions.

Keywords: integrated care; medical–dental integration; simulation model; dental research

1. Introduction

Dentistry has traditionally remained a separate discipline from other areas of medicine in the
U.S. [1], and this artificial division does not foster comprehensive and high-quality care. Evidence shows
that oral health complications, such as inflammation and infections that begin in the mouth, can lead
to major health complications (e.g., dental abscess) [2]. Furthermore, a growing body of research has
identified a potential connection between oral health and other chronic conditions, such as diabetes
and cardiovascular diseases [3–5]. The National Academy of Medicine (an American nonprofit,
non-governmental organization providing expert advice on issues relating to health, medicine,
and health policy) has proposed integrating oral health into primary care as a way to expand access to
recommended treatments and promote better health overall [6,7]. Despite recent studies suggesting
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that integration of dental care may benefit patients or reduce healthcare costs [8], financing and
delivery of dental care remains disconnected from other health services, even among Accountable Care
Organizations (ACOs), a network of coordinated healthcare practitioners in the U.S. that shares financial
and medical responsibility for providing coordinated care to patients in the hopes of improving overall
population health. Integration of dental care may present an opportunity for improved accountability
for total health. However, there is little financial incentive and considerable financial uncertainties for
ACOs to facilitate access to these services [6,9,10].

A number of organizations have initiated efforts to adopt integrated dental–medical care. One form
of these efforts is integration in a co-located setting where provision of primary dental services is within
and a part of primary care or vice versa. Co-location of medical and dental services is not a new concept;
Federally Qualified Health Centers across the country have offered medical and dental facilities in the
same building for decades, but often, electronic health records (EHRs) lack interoperability. A more
innovative co-located model would allow communication across disciplines and sharing of patient
information and EHRs, which provides an opportunity for the providers to “close the loop” on care
gaps for patients beyond just providing care [11,12]. This approach facilitates timely delivery of
diagnostic, preventive, and treatment services to improve patient health and reduce inefficiency in care
delivery, allowing easier bidirectional referrals and quicker access for medical patients with acute oral
health situations (and for dental patients with potential medical issues) [3–5,13].

Currently there are co-located facilities developing in the U.S., and pilot studies are being
conducted in these settings [14]. A number of integrated care projects have had promising results,
including the Colorado Medical Dental Integration Project [15,16]. One of the demonstration projects,
the University of California, Los Angeles (UCLA)-First 5 LA Project, showed increased access to
dental care by 85%, with the majority of services in diagnostic and preventive care [17]. While these
demonstration projects are effective in assessing changes in dental care access rates and identifying
logistical barriers, a key gap in knowledge is the economic viability of the delivery of such services
by primary care practices constrained by financial realities. In this study, we estimated the cost and
revenue implications to primary care practices of embedding a dental practice to integrate primary
dental and primary medical care.

2. Materials and Methods

2.1. Study Design

We estimated costs and revenues for an integrated medical and dental practice using
a microsimulation model (Figure 1), an approach often used to evaluate the effects of hypothetical
interventions before they are implemented in the real world [8,18]. We simulated a representative
sample of 10,000 integrated practices (dental practice embedded within the primary care practice
providing dental services provided by a general dentist and dental hygienist, with supporting
dental assistants), per International Society for Pharmacoeconomics and Outcomes Research (ISPOR)
guidelines [19]. For each of the simulated practices, we assigned a number of simulated patient visits,
then for each visit, an insurance type and indicator variables for receiving certain types of procedures
were assigned, matching the overall distribution of procedure utilization rates by insurance type.
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Figure 1. Simulation model flow diagram [data sources]. ADA = American Dental Association; MEPS
=Medical Expenditure Panel Survey; CDT = Code on Dental Procedures and Nomenclature.

The simulation model was re-run 10,000 times while repeatedly Monte Carlo sampling from the
probability distributions around the patient volume, utilization, cost, and expense data points shown
in Table 1 to compute the mean and 95% credible intervals [20]. This process also accounted for the
correlation among procedure utilization rates by insurance type to capture the common co-occurrence
of procedures. Simulations were performed in R (v. 3.3.2, The R Foundation for Statistical Computing,
Vienna, Austria). This study was reviewed by the institutional review board of the Harvard Medical
School and determined to be “not-human subjects research” since the data are publicly available
and de-identified.

Table 1. Input data for the dental care integration model. Data are expressed as mean (SD).

Parameters Value Source

Practice/patient characteristics

Number of patient visits per dentist (including
hygienist appointment) per year 3415 (347) ADA HPI [21]

Number of patient visits per dentist (excluding
hygienist appointment) per year 1831 (127) ADA HPI [21]

Number of patient visits per hour 2.3 ADA HPI [21]

Number of hours spent on patient visits per day 6.1 ADA HP I[21]

Health insurance payer distribution of overall
population (proportion with dental insurance in

each group)
MEPS [22]

Private 0.66 (0.01)
[0.69 (0.01)]

Public 0.25 (0.01)
[0.02 (0.01)]

Uninsured 0.08 (0.01)
[0.04 (0.01)]
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Table 1. Cont.

Parameters Value Source

Dental insurance payer distribution MEPS [22]

Private 0.52 (0.05)

Public 0.19 (0.03)

Uninsured 0.29 (0.01)

Utilization rates

CDT procedure level utilization rate (privately
insured) Supplementary Table S1 Aetna Warehouse

Relative scales of utilization rates (public and
uninsured) Supplementary Table S1 MEPS [22]

Costs of dental procedures

CDT procedure level costs (privately insured) Supplementary Table S2 Aetna Warehouse

Reimbursement rates relative to private insurance Supplementary Table S3 MEPS [22]

Expenses

Dentist salary 152,210 (20,830) ADA HPI [21]

Hygienist 74,070 (12,680) Bureau of Labor Statistics [23]

Chairside assistant 37,630 (6870) Bureau of Labor Statistics [23]

Primary care physician (hourly) $98 (7) MGMA [24]

Medical Assistant (hourly) $15.1(2) Bureau of Labor Statistics [23]

Recurring costs

Clinical space $1014 (290) MGMA [24]

Dental supplies 6.4% of gross billing ADA [25]

Drugs 0.3% of gross billing ADA [25]

Dental lab charges 6.4% of gross billing ADA [25]

Repairs of dental equipment 0.7% of gross billing ADA [25]

Annual depreciation cost on dental equipment 2.2% of gross billing ADA [25]

EHR software monthly fee $135 (25) Delta Dental [26]

Transition Costs (applied to the first year)

Equipment, computers, software $195,000 (2000) ADA [27]

Integrated EHR development $5000 Delta Dental [26]

Planning, coordination, informatics and workflow
revision, and quality improvement during setup

period
$1411 (73) Prior pilot projects in other

disciplines [28,29]

ADA = American Dental Association; HPI = Health Policy Institute; MGMA = Medical Group Management
Association; EHR = electronic health records.

2.2. Model Assumption

We first estimated the patient volume that needs to be maintained at the integrated settings.
On average, full-time equivalent (FTE) general dental practitioners experience 14.6 patient visits per
day including dental hygienist visits [21]. An FTE primary care physician sees 19.7 patients per day on
average [30]. In our model, we assumed that the minimum patient volume at the integrated settings is
at least 15 patients per day, the supply of dentists remains above 61 dentists per 100,000 population
with 5 primary care physicians to 1 general dental practitioner per setting. Then, we identified dental
procedures that could be routinely offered by general dentists using the Code on Dental Procedures
and Nomenclature (CDT Code) [31]. The final set of procedures offered in the primary care setting
was determined based on the list of dental procedures covered by Adult Medicaid dental benefits in
Maryland and by expert opinions from more than two general dentists to determine a conservative set
of procedures (Supplementary Table S4) [32]. This final set of procedures does not include procedures
that involve cost-prohibitive dental equipment for a small general dental practice, such as a Panorex
machine, or are primarily billed by dentist specialists, such as orthodontic services.
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2.3. Data Sources

Data sources and input data for the model are detailed in Table 1. We obtained the annual patient
volume and transition costs from American Dental Association (ADA) Survey of Dental Practice [21,33].
We then subcategorized dental visits for each procedure type among patients by dental insurance type:
private, public, and self-pay/uninsured based on Medical Expenditure Panel Survey (MEPS) data (for
dental practices; N = 30.5 million) (Figure 1) [22].

We obtained the utilization rates and costs for each procedure among a privately insured
population using un-identifiable member claims data from Aetna and estimated utilization rates and
cost (reimbursed rates and payer distribution) among publicly insured and uninsured populations
by extrapolating from MEPS (Supplementary Tables S2 and S3 and Supplementary Figure S1) [22].
Because MEPS data do not provide procedure-level utilization rates, we grouped CDT procedure codes
into the procedure categories used in MEPS (Supplementary Table S4). These estimates were used to
capture varying utilization and reimbursement rates by insurance status across the U.S.

2.4. Cost and Revenue Estimates from Dental–Medical Integration

We computed the cost of the embedded dental practice using procedure utilization rates and
associated costs (shown in Table 1). The transition costs included the costs related to training staff
and the time necessary for planning, coordination, informatics and workflow revision, and quality
improvement, and start-up equipment purchase, and interoperable EHR software expenses (EHR
software development cost for the first year and monthly lease fees for the subsequent years) [26].
Recurring costs included salaries for a general dental practitioner (1 full-time equivalent (FTE)),
dental hygienists (1.4 FTE), and chairside assistants (1.5 FTE), and the costs associated with delivering
dental services, such as dental supplies and drugs. These estimates were calculated from the fact that
average general dental practitioners hire dental hygienists and chairside assistants 77.5% and 86.3% of
the time, and average numbers of dental hygienists and chairside assistants per dentist among those
who employ these staff are 1.8 and 1.7, respectively [34].

2.5. Primary and Secondary Outcome Metrics

The primary outcome was changes in net revenue per integrated practice per year. We computed
the main outcome metric as the total reimbursements for dental services minus the total cost of service
provision. Our secondary outcome metrics included (1) costs of dental service integration and (2) gross
revenues for dental service integration. The primary and secondary outcomes were computed per
annum for both the first and subsequent years.

2.6. Sensitivity Analyses

In an integrated setting, an increase in dental service utilization is expected due to theoretically
easier access to dental care. Moreover, with recent findings on association between periodontal diseases
and chronic conditions, a number of insurance companies have started offering 100% coverage for
nonsurgical periodontal treatment to those with chronic conditions, such as diabetes, cardiovascular
diseases, rheumatoid arthritis, and HIV/AIDS, which may increase utilization of periodontal treatment
services [35–37]. The average hours per day a general dental practitioner spends in the dental office is
6.3, and 26.5% of surveyed general dentists perceived their workload to be “not busy enough” [38].
In order to estimate expected changes in net revenue from changes in utilization rates, we simulated
potential increases or decreases in utilization rates in all procedure types from 50% (7 patients/day) to
120% (17 patients/day, dental practitioners spending time in the dental office for a maximum 7.6 hours
per day) of baseline values.

Next, based on findings from one of the demonstration projects [17], we assessed how increases
in preventive care utilization (radiographs, prophylaxis, fluoride varnish application, and sealant
placement) would result in changes in net revenue. Because preventive care can be performed
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by hygienists, we simulated changes in net revenue from employing an additional hygienist to
accommodate potential increases in preventive dental care. The number of patients a dental hygienist
could accept was capped at the current average number of hygienist appointments at general dental
practices nationwide [38]. We evaluated the impact of varying rates of increase in preventive care
utilization on total net revenue with an additional dental hygienist.

Lastly, we simulated different payer distributions across the patient visits. In the base-case
scenario, we used the national average payer distribution for medical and dental practices; 66% private,
25% public, 8 % uninsured for medical, and 52% private, 19% public, and 29% uninsured for dental
practices (in dental practices, we did not include Medicare as public as dental benefits are not covered
under Medicare with the exception of select Medicare Advantage plans). In this sensitivity analysis,
we evaluated the impact of different patient payer distributions in certain settings. Community Health
Centers (CHCs) serve a higher percentage of publicly insured or uninsured patients than the national
average: 17% private, 59% public (49% Medicaid), and 24% uninsured [39]. In order to account for the
fact that most patients seen by the dentist will come from the primary care practice after integration,
we simulated average payer distribution at primary care practices: 45% private, 48 % public (17%
Medicaid), and 7% uninsured [40]. In these scenarios, we assumed that same proportions of privately
insured and Medicare patients have private dental insurance as in the base case, and calculated
estimated dental insurance payer distributions for each setting.

3. Results

3.1. Base-Case Analyses

Among the fifteen procedure types that were determined to be routinely delivered by general
dental practitioners, diagnostic examination and cleaning (prophylaxis) had the highest utilization
rates, followed by radiographs (Supplementary Figure S2). The privately insured population visited
dental practices for routine check-ups and cleanings at a higher rate than publicly insured or uninsured
populations. While 62.2% (95% CI: 61.0, 63.3) of the total dental visits in a given year were for
examinations in the privately insured population, publicly insured and uninsured populations visited
a dental practice for examinations 57.6% (95% CI: 55.6, 59.5) and 53% (95% CI: 48.2, 58.3) of the time,
respectively. However, the rate of tooth extraction was more than twice as high among publicly insured
and uninsured patients, which might be due to less-frequent routine dental visits. Uninsured patients
visited a dental practice for tooth extraction 21.6% (95% CI: 19.6, 23.7) of the time, whereas privately
and publicly insured patients visited a dental practice for tooth extraction 5.8% (95% CI: 5.6, 6.0) and
14.4% (95% CI: 13.8, 15.0) of the time, respectively.

When dental services by a general dental practitioner were offered in the simulated integrated
care setting, the primary outcome of net revenue was positive after the first year of integration. Due to
transition costs and start-up expenses, the net revenue in the first year of integration was negative,
-$92,053 (95% CI: −93,054, −91,052) (Table 2). After the first year, annual net revenue for the subsequent
years was $104,316 (95% CI: 103,315, 105,316) per practice after the first year, assuming the same
utilization rates as existing patients who completed dental visits.
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Table 2. Costs and revenues from medical–dental integration, per practice per year.

Cost,
Year 1
(USD)

Cost,
after Year 1

(USD)

Gross Revenue
(USD)

Net Revenue, Year 1
(USD)

Net Revenue, After
Year 1 (USD)

Base case
585,927

(585,335,
586,519)

389,514
(388,923,
390,104)

493,830
(492,831,
494,828)

−92,053
(−93,054,
−91,052)

104,316
(103,315,
105,316)

Overall utilization (patient visit volume) change

50%
546,758
(546,184,
547,331)

350,372
(349,799,
350,944)

247,654
(247,148,
248,160)

−299,227
(−299,929,
−298,526)

−102,717
(−103,416,
−102,019)

60%
554,582
(554,006,
555,158)

358,180
(357,604,
358,755)

296,759
(296,157,
297,362)

−257,842
(−258,595,
−257,089)

−61,420
(−62,170,
−60,669)

70%
562,408
(562,408,
561,829)

366,018
(365,439,
366,596)

346,057
(345,354,
346,760)

−216,448
(−217,256,
−215,639)

−19,960
(−20,768,
−19,152)

80%
570,238
(569,655,
570,821)

373,822
(373,240,
374,404)

395,141
(394,341,
395,940)

−175,034
(−175,904,
−174,164)

21,318
(20,450,
22,186)

90%
578,076
(577,489,
578,663)

381,689
(381,103,
382,275)

444,617
(443,719,
445,516)

−133,575
(−134,507,
−132,644)

62,928
(61,994,
63,862)

110%
593,784
(593,188,
594,381)

397,350
(396,777,
397,966)

543,252
(542,160,
544,344)

−50,490
(−51,557,
−49,421)

145,880
(144,812,
146,948)

120%
601,601

(601,000,
602,202)

405,067
(404,582,
405,782)

592,374
(591,183,
593,564)

−9145
(−10,287,
−8004)

187,191
(186,052,
188,330)

Preventive service utilization change with additional dental hygienist

50% increase
673,080
(672,304,
673,857)

476,603
(475,843,
477,363)

576,377
(575,362,
577,391)

−96,703
(−97,787,
−95,620)

99,774
(98,657,
100,889)

60% increase
675,706
(674,927,
676,484)

479,228
(478,469,
479,988)

592,887
(591,868,
593,907)

−82,818
(−83,897,
−81,738)

113,659
(112,539,
114,778)

70% increase
678,331

(677,550,
679,112)

481,854
(481,094,
482,613)

609,399
(608,373,
610,425)

−68,932
(−70,008,
−67,856)

127,545
(126,421,
128,669)

80% increase
680,955
(680,171,
681,738)

484,477
(483,717,
485,237)

625,899
(624,868,
626,931)

−55,055
(−56,127,
−53,982)

141,422
(140,294,
142,550)

90% increase
683,580
(682,795,
684,366)

487,103
(486,343,
487,863)

642,413
(64,1374,
643,452)

−41,167
(−42,236,
−40,097)

155,310
(154,178,
156,442)

100%
increase(full

capacity)

686,208
(685,420,
686,995)

489,730
(488,970,
490,491)

658,939
(657,894,
659,985)

−27,268
(−28,335,
−26,201)

169,208
(168,071,
170,345)

The total gross revenue from dental practices was $493,830 (95% CI: 492,831, 494,828).
The highest-revenue-generating procedure type was cleanings, with a gross revenue of $130,350
(95% CI: 130,088, 130,612), followed by diagnostic examinations and extractions, with gross annual
revenues of $80,910 (95% CI: 80,747, 81,072) and $53,693 (95% CI: 53,574, 53,811), respectively (Figure 2).
The least-revenue-generating procedure type was repair, such as repairing or rebasing dentures,
resulting in gross annual revenue of $512 (95% CI: 508, 518).
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Figure 2. Gross revenue by procedure type, showing the minimum (lower whisker), maximum (upper
whisker), median (center of the box), lower quartile (bottom of box), and upper quartile (top of
box) values. Exam = diagnostic; clean: prophylaxis; X-ray = radiographic image; flour = fluoride;
seal = sealant; root = root canal; gumsurg = periodontal scaling, root planning or gum; extract =
extraction/ tooth pulled; repair = repair of bridges/dentures or relining.

3.2. Sensitivity Analyses

When overall utilization rates varied from half to twice their baseline values, net revenue per
annum after the first year of integration remained positive as long as the overall utilization rates
decreased by less than 25% (Table 2). Because of a greater number of adults visiting a physician
annually than a dental practitioner and increased rates of enhanced dental benefits among patients
with chronic conditions who are more likely to have more frequent medical visits, we expect that
medical–dental integration would increase access to and utilization of dental care. When the modeled
utilization rates were increased by 20%, net revenue per annum was $187,191 (95% CI: 186,052, 188,330).

Next, we evaluated the impact of hiring an additional dental hygienist to perform four types
of procedures (radiographs, prophylaxis, fluoride varnish application, and sealant placement) to
accommodate potential increases in preventive dental care with integration. When preventive care
utilization increased by more than 53%, hiring an additional full-time dental hygienist resulted in
a higher net revenue. If a full-time dental hygienist is hired and works at full capacity (performing
diagnostic and preventive procedures at approximately the same rates as the average dental hygienist
currently seeing patients in the U.S.), the expected net revenue was $169,208 (95% CI: 168,071, 170,345),
which was a 62.2% increase from before employing the additional dental hygienist (Table 2).

When we simulated payer distributions at a CHC with a high proportion of publicly insured,
the expected net revenue was $70,099 (95% CI: 69,136, 71,061), $34,217 lower than the net revenue from
the base-case scenario, due primarily to lower reimbursement rates from public payers and the types
of dental procedures these patients receive (Figure 3 and Supplementary Table S5). In the average
primary care provider setting, the net revenue was $108,764 (95% CI: 107,744, 109,783), which was
$4448 higher than the net revenue from the base-case scenario.
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Figure 3. Impact of different payer distributions, showing the minimum (lower whisker),
maximum (upper whisker), median (center of the box), lower quartile (bottom of box), and upper quartile
(top of box) values. Base case = national average; PCP = primary care practice; CHC = community
health center.

4. Discussion

With increased interest in the potential for integrated medical–dental care, our study evaluated
the financial viability of primary integrated services—primary medicine and primary dentistry—to
achieve whole-person care. We found that the net revenue changes after the first year of integration
would remain positive when the integrated care could maintain at least 75% of current patient volume
and the payer distribution. Serving a high proportion of patients covered by public dental insurance
would result in a lower net revenue due to lower reimbursement rates. With the potential increase
in utilization of basic preventive services due to integration, employing an additional hygienist to
accommodate increased demand would increase the net revenue up to 62% if the hygienist worked at
full capacity.

A key obstacle to successful integration of medical and dental service provision has been the
substantial infrastructural investments required, such as interoperable EHRs, shared or commonly
managed facilities, and a multidisciplinary workforce. While an interoperable EHR promotes
well-informed care and treatment planning as well as coordination of the scheduling and billing
of patient visits, it is relatively new concept and involves technical hurdles [41]. In our study,
we implemented a monthly leased software option, a reasonably integrated option; however, it could
be home grown with greater financial investment. For this and other reasons, the integration of medical
and dental services can be a highly resource-intensive model to implement.

Our results suggest that facilities would experience negative net revenue from implementation in
the first year; however, the net revenue for successful implementation would remain positive. While our
study was limited to evaluating the financial viability of the integrated care, the expected benefits from
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this integration may extend beyond positive revenue. Integrated care facilitates timely delivery of
diagnostic, preventive, and treatment services to improve patient health and reduce inefficiency in care
delivery. Integrated care with dental, psychiatric, and allied health service has been also supported in
other countries [42], and due to significant overlap in training between dental and medical students
in many European countries, it is practically viable outside the U.S. [43]. Based on recent findings
on the association between oral health status and chronic conditions [3–5] and potential cost savings
from co-management of these diseases [44,45], integrated medical–dental practice could be expected
to improve health outcomes of the population and result in cost savings in the overall healthcare
expenditures in the U.S.

Our analysis has limitations inherent to simulation modeling based on secondary data sources.
First, we simulated the utilization and cost of dental services at procedure level based on claims data from
a mostly privately insured population. Although we extrapolated from nationally representative survey
data to make projections about publicly insured and uninsured populations, some information loss is to
be expected by grouping a number of procedure codes into different categories. An additional logical
step for future research is to gain access to claims data from publicly insured populations, such as Center
for Medicare and Medicaid Services (CMS) data, to identify whether incorporating procedure-level
data in this population would alter the findings of our study [46]. Furthermore, we lacked sufficiently
rigorous data to expand our model to incorporate regional variation in service utilization and payer
distribution, such as urban vs. rural or by state. Dentist supply, dental care demand, and payer
distributions vary a lot across geographic location. While our study results are based on national
averages, medical–dental integration would likely yield higher revenue in one setting than the in other.
In the absence of robust data about how much patient volume would change in terms of dental service
need, we did not make any assumptions about the trends in dental utilization or payer distribution
of the population over time. Moreover, we assumed that only a subset of dental procedures would
be performed by general dental practitioners at an integrated setting under a fee-for-service scenario,
and specialty services would be referred out. However, it may not be applicable to CHC where it
accepts encounter-based payment, and there is a possibility that some CHCs may provide specialty
services that are not covered, which would alter the financial impact of the integrated care practice.
Finally, the proprietary nature of the ADA data used here is a limitation for broad usage; the potential
availability of other practice cost registries or data from a strong medical–dental integrated practice
may eventually lead to the wider availability of financial data for practice planning, and it remains as
an area for future research.

5. Conclusions

Our findings suggest that medical–dental integration is financially viable. Given that more adults
visit a physician than a dentist annually and that in some case enhanced dental benefits are being
offered to patients with chronic conditions, medical–dental integration could improve patient health
and reduce inefficiency in care delivery. Furthermore, it has potential value to provide comprehensive
whole-person care through bidirectional referrals and sharing patient information, which would
provide a critical opportunity to bridge the gap between dentistry and medicine.

Supplementary Materials: The following are available online at http://www.mdpi.com/1660-4601/17/6/2154/s1,
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Abstract: The increasing use of three-dimensional (3D) imaging techniques in dental medicine has
boosted the development and use of artificial intelligence (AI) systems for various clinical problems.
Cone beam computed tomography (CBCT) and intraoral/facial scans are potential sources of image data
to develop 3D image-based AI systems for automated diagnosis, treatment planning, and prediction
of treatment outcome. This review focuses on current developments and performance of AI for 3D
imaging in dentomaxillofacial radiology (DMFR) as well as intraoral and facial scanning. In DMFR,
machine learning-based algorithms proposed in the literature focus on three main applications,
including automated diagnosis of dental and maxillofacial diseases, localization of anatomical
landmarks for orthodontic and orthognathic treatment planning, and general improvement of image
quality. Automatic recognition of teeth and diagnosis of facial deformations using AI systems based on
intraoral and facial scanning will very likely be a field of increased interest in the future. The review is
aimed at providing dental practitioners and interested colleagues in healthcare with a comprehensive
understanding of the current trend of AI developments in the field of 3D imaging in dental medicine.

Keywords: artificial intelligence; AI; machine learning; ML; cone beam computed tomography
(CBCT); intraoral scanning; facial scanning

1. Introduction

Artificial intelligence (AI) is generally defined as intelligent computer programs capable of learning
and applying knowledge to accomplish complex tasks such as to predict treatment outcomes, recognize
objects, and answer questions [1]. Nowadays, AI technologies are widespread and penetrate many
applications of our daily life, such as Amazon’s online shopping recommendations, Facebook’s image
recognition, Netflix’s streaming videos, and the smartphone’s voice assistant [2]. For such daily life
applications, it is characteristic that the initial use of an AI-driven system will give a more generalized
outcome based on big data, and after repeated use by the individual, it will gradually present a more
adapted and personalized outcome in accordance with the user’s characteristics. The remarkable
success of AI in various fields of our daily life has inspired and is stimulating the development of AI
systems in the field of medicine and, also, more specifically, dental medicine [3,4].

Radiology is deemed to be the front door for AI into medicine as digitally coded diagnostic images
are more easily translated into computer language [5]. Thus, diagnostic images are seen as one of
the primary sources of data used to develop AI systems for the purpose of an automated prediction
of disease risk (such as osteoporotic bone fractures [6]), detection of pathologies (such as coronary
artery calcification as a predictor for atherosclerosis [7]), and diagnosis of disease (such as skin cancers
in dermatology [8]). Machine learning is a key component of AI, and commonly applied to develop
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image-based AI systems. Through a synergism between radiologists and the medical AI system used,
increased work efficiency and more precise outcomes regarding the final diagnosis of various diseases
are expected to be achieved [9,10].

In the field of dental and maxillofacial radiology (DMFR), reports on AI models used for
diagnostic purposes and treatment planning cover a wide range of clinical applications, including
automated localization of craniofacial anatomical structures/pathological changes, classification of
maxillofacial cysts and/or tumors, and diagnosis of caries and periodontal lesions [11]. According to the
literature related to clinical applications of AI in DMFR, most of the proposed machine learning
algorithms were developed using two-dimensional (2D) diagnostic images, such as periapical,
panoramic, and cephalometric radiographs [11]. However, 2D images have several limitations,
including image magnification and distortion, superimposition of anatomical structures, and the lack
of three-dimensional information for relevant landmarks/pathological changes. These may lower
the diagnostic accuracy of the AI models trained using only 2D images [12]. For example, a 2D
image-based AI model built for the detection of periodontal bone defects might not be able to detect
three-walled bony defects, loss of buccal/oral cortical bone plates, or bone defects around overlapping
teeth. Three-dimensional (3D) imaging techniques, including cone beam computed tomography
(CBCT), as well as intraoral and facial scanning systems, are increasingly used in dental practice. CBCT
imaging allows for the visualization and assessment of bony anatomic structures and/or pathological
changes in 3D with high diagnostic accuracy and precision. The use of CBCT is of great help when
conventional 2D imaging techniques do not provide sufficient information for diagnosis and treatment
planning purposes [13]. Intraoral and facial scanning systems are reported to be reproducible and
reliable to capture 3D soft-tissue images that can be used for digital treatment planning systems [14,15].
CBCT and intraoral/facial scans are considered as an ideal data source for developing AI models to
overcome the limitations of 2D image-based algorithms [12,15]. Thus, the aim of this review is to
describe current developments and to assess the performance of AI models for 3D imaging in DMFR,
as well as intraoral and facial scanning.

2. Current Use of AI for 3D Imaging in DMFR

A literature search was conducted using PubMed to identify all existing studies of AI applications
for 3D imaging in DMFR and intraoral/facial scanning. The search was conducted without restriction
on the publication period but was limited to studies in English. The keywords used for the search
were combinations of terms including “artificial intelligence”, “AI”, “machine learning”, “deep
learning”, “convolutional neural networks”, “automatic”, ”automated”, “three-dimensional imaging”,
“3D imaging”, “cone beam computed tomography”, “CBCT”, “three-dimensional scan”, “3D scan”,
“intraoral scan”, “intraoral scanning”, “facial scan”, “facial scanning”, and/or “dentistry”. Reviews,
conference papers, and studies using clinical/nonclinical image data were eligible for the initial screening
process. Initially, titles of the identified studies were manually screened, and subsequently, abstracts of
the relevant studies were read to identify studies for further full-text reading. Furthermore, references
of included articles were examined to identify further relevant articles. As a result, approximately
650 publications were initially screened, and 23 publications were eventually included in the present
review for data extraction (details provided in Tables 1 and 2).

The methodological quality of the included studies was evaluated using the assessment criteria
proposed by Hung et al. [11]. For proposed AI models for diagnosis/classification of a certain condition,
four studies [16–19] were rated as having a “high” or an “unclear” risk of concern in the domain of
subject selection because the testing dataset only consisted of images from subjects with the condition
of interest. With regard to the selection of reference standards, all studies were considered as “low”
risk of concern as expert judgment and clinical or pathological examination was applied as the
reference standard. Concerns regarding the risk of bias were relatively high in the domain of index
test, as ten [16,17,20–27] of the included studies did not test their AI models on independent images
unused for developing the algorithms.
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Table 1 exhibits the included studies regarding the use of AI for 3D imaging in DMFR. These studies
focused on three main applications, including automated diagnosis of dental and maxillofacial
diseases [16–20,28–32], localization of anatomical landmarks for orthodontic and orthognathic treatment
planning [21,22,33–35], and improvement of image quality [23,36].

2.1. Automated Diagnosis of Dental and Maxillofacial Diseases

The basic principle of the learning algorithms for diagnostic purposes is to explore associations
between the input image and output diagnosis. Theoretically, a machine learning algorithm is initially
built using hand-crafted detectors of image features in a predefined framework, subsequently trained
with the training data, iteratively adapted to minimize the error at the output, and eventually tested
with the unseen testing data to verify its validity [37]. Deep learning, a subset of machine learning, is
able to automatically learn to extract relevant image features without the requirement of the manual
design of image feature detectors, which is currently considered as the most suitable method to develop
image-based diagnostic AI models [12].

The workflow of the proposed machine learning algorithms for diagnostic purpose can be mainly
categorized as (see Figure 1).

1. Input image data;
2. Image preprocessing;
3. Selection of the region of interest (ROI);
4. Segmentation of lesions;
5. Extraction of selected texture features in the segmented lesions;
6. Analysis of the extracted features;
7. Output of the diagnosis or classification.

Figure 1. The workflow of the proposed machine learning algorithms for diagnostic purposes.
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Some of the proposed machine learning algorithms were not fully automated and required
manual operation/adjustment for the ROI selection or lesion segmentation. Okada et al. proposed
a semiautomatic machine learning algorithm, using CBCT images to classify periapical cysts and
granulomas [16]. This algorithm requires users to segment the target lesion before it proceeds to the
next step (feature extraction). Yilmaz et al. proposed a semiautomatic algorithm, using CBCT images to
classify periapical cysts and keratocysts [18]. In this algorithm, detection and segmentation of lesions
are required to be performed manually. The users need to mark the lesion on different cross-sectional
planes to predefine the volume of interest containing the lesion. Manual segmentation of cystic lesions
on multiple CBCT slices is time-consuming, which limits the efficiency of the algorithms and also their
implementation for routine clinical use. Lee et al. proposed deep learning algorithms, respectively,
using panoramic radiographs and CBCT images for the detection and diagnosis of periapical cysts,
dentigerous cysts, and keratocysts [19]. It was reported that automatic edge detection techniques can
segment cystic lesions more efficiently and accurately than manual segmentation. This can shorten the
execution time for the segmentation step and improve the usability of the proposed algorithms for
clinical practice. Moreover, higher diagnostic accuracy was reported for CBCT image-based algorithms
in comparison with panoramic image-based ones. This may result from a higher accuracy in detecting
the lesion boundary in 3D and more quantitative features extracted from the voxel units. Abdolali et al.
proposed an algorithm based on asymmetry analysis using CBCT images to automatically segment
cystic lesions, including dentigerous cysts, radicular cysts, and keratocysts [39]. The algorithm exhibited
promising performance with high true-positives and low false-positives. However, its limitations
include a relatively low detection rate for small cysts, imperfect segmentation of keratocysts without
well-defined boundaries, and the incapability of dealing with symmetric cysts crossing the midsagittal
plane. Based on the proposed segmentation algorithm, Abdolali et al. developed another AI model
using CBCT images to automatically classify dentigerous cysts, radicular cysts, and keratocysts [17].
This model exhibited high classification accuracies ranging from 94.29% to 96.48%. Subsequently,
Abdolali et al. further proposed a fully automated medical-content-based image retrieval system for
the diagnosis of four maxillofacial lesions/conditions, including radiolucent lesions, maxillary sinus
perforation, unerupted teeth, and root fractures [29]. In this novel system, an improved version of a
previously proposed segmentation algorithm [39] was incorporated. The diagnostic accuracy of the
proposed system was 90%, with a significantly reduced segmentation time of three minutes per case. It
was stated that this system is more effective than previous models proposed in the literature, and is
promising for introduction into clinical practice in the near future.

Orhan et al. verified the performance of a deep learning algorithm using CBCT images to detect
and volumetrically measure periapical lesions [28]. A detection rate of 92.8% and a significant positive
correlation between the automated and manual measurements were reported. The differences between
manual and automated measurements are mainly due to inaccurate lesion segmentation. Because of
low soft-tissue contrast in CBCT images, the deep learning algorithm exhibits difficulties in perfectly
distinguishing the lesion area from neighboring soft tissue when buccal/oral cortical perforations
or endo-perio lesions occur. Johari et al. proposed deep learning algorithms using periapical and
CBCT images to detect vertical root fractures [30]. The results showed that the proposed model
resulted in higher diagnostic performance for CBCT images than periapicals. Furthermore, some
studies have reported on the application of deep learning algorithms for the diagnosis of Sjögren’s
syndrome or lymph node metastasis. Kise et al. proposed a deep learning algorithm using CT images
to assist inexperienced radiologists to semiautomatically diagnose Sjögren’s syndrome [32]. The results
exhibited that the diagnostic performance of the deep learning algorithm is comparable to experienced
radiologists and is significantly higher than for inexperienced radiologists. The main limitation of
the proposed algorithm is its semiautomatic nature, requiring manual image segmentation prior to
performing automated diagnosis. For further ease and implementation in daily routine, a completely
automated segmentation of the region of the parotid gland should be developed and incorporated
into a fully automated diagnostic system. Kann et al. and Ariji et al., respectively, proposed deep
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learning algorithms using contrast-enhanced CT images to semiautomatically identify nodal metastasis
in patients with oral/head and neck cancer [20,31]. The user of the respective programs is required
to manually segment the contour of lymph nodes on multiple CT slices. Excellent performance was
reported for both algorithms proposed, which was close to or even surpassed the diagnostic accuracy
of experienced radiologists. Therefore, these deep learning algorithms have the potential to help
guide oral/head and neck cancer patient management. Future investigations should focus on the
development of a fully automated identification system to avoid manual segmentation of lymph nodes.
This can significantly improve the efficiency of the AI system used and could enable wider use of this
system in community clinics.

2.2. Automated Localization of Anatomical Landmarks for Orthodontic and Orthognathic Treatment Planning

The correct analysis of craniofacial anatomy and facial proportions is the basis of successful
orthodontic and orthognathic treatment. Traditional orthodontic analysis is generally conducted on 2D
cephalometric radiographs, which can be less accurate due to image magnification, superimposition of
structures, inappropriate X-ray projection angle, and patient position. Since CBCT was introduced in
dental medicine, 3D diagnosis and virtual treatment planning have been assessed as a more accurate
option for orthodontic and orthognathic treatment [40]. Although 3D orthodontic analysis can be
performed by a computer-aided digital tracing approach, it still requires orthodontists to manually
locate anatomical landmarks on multiple CBCT slices. The manual localization process is tedious
and time-consuming, which may currently discourage orthodontists from switching to a fully digital
workflow. Cheng et al. proposed the first machine learning algorithm to automatically localize one
key landmark on CBCT images and reported promising results [33]. Subsequently, a series of machine
learning algorithms were developed for automated localization of several anatomical landmarks
and analysis of dentofacial deformity. Shahidi et al. proposed a machine-learning algorithm to
automatically locate 14 craniofacial landmarks on CBCT images, whereas the mean deviation (3.40 mm)
for all of the automatically identified landmarks was higher than the mean deviation (1.41 mm)
for the manually detected ones [34]. Montufar et al. proposed two different automatic landmark
localization systems, respectively, based on active shape models and a hybrid approach using active
shape models followed by a 3D knowledge-based searching algorithm [21,22]. The mean deviation
(2.51 mm) for all of the automatically identified landmarks in the hybrid system was lower than
that of the system only using active shape models (3.64 mm). Despite less localization deviation,
the performance of automated localization in the proposed systems is still not accurate enough to meet
clinical requirements. Therefore, the existing AI systems can only be recommended for the use of
preliminary localization of the orthodontic landmarks, but manual correction is still necessary prior to
further orthodontic analyses. This may be the main limitation of these AI systems and this needs to be
improved for future clinical dissemination and use.

Orthodontic and orthognathic treatments in patients with craniofacial deformities are challenging.
The aforementioned AI systems may not be able to effectively deal with such patients. Torosdagli et al.
proposed a novel deep learning algorithm applied for fully automated mandible segmentation and
landmarking in craniofacial anomalies on CBCT images [35]. The proposed algorithm allows for
orthodontic analysis in patients with craniofacial deformities and showed excellent performance with
a sensitivity of 93.42% and specificity of 99.97%. Future studies should consider widening the field of
applications for AI systems, especially for different patient populations.

2.3. Automated Improvement of Image Quality

Radiation dose protection is of paramount importance in medicine and also for DMFR. It is reported
that medical radiation exposure is the largest artificial radiation source and represents approximately
14% of the total annual dose of ionizing radiation for individuals [41]. Computed tomography (CT)
imaging is widely used to assist clinical diagnosis in various fields of medicine. Reducing the scanning
slice thickness is the general option to enhance the resolution of CT images. However, this will increase
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the noise level as well as radiation dose exposure to the patient. High-resolution CT images are
recommended only when low-resolution CT images do not provide sufficient information for diagnosis
and treatment planning purposes in individual cases [42]. The balance between the radiation dose and
CT image resolution is the biggest concern for radiologists. To address this issue, Park et al. proposed a
deep learning algorithm to enhance the thick-slice CT image resolution similar to that of a thin slice [36].
It is reported that the noise level of the enhanced CT images is even lower than the original images.
Therefore, this algorithm has the potential to be a useful tool for enhancing the image resolution for CT
scans as well as reducing the radiation dose and noise level. It is expected that such an algorithm can
further be developed for CBCT scans.

The presence of metal artifacts in CT/CBCT images is another critical issue that can obscure
neighboring anatomical structures and interfere with disease diagnosis. In dental medicine, metal
artifacts are not uncommon in CBCT images due to materials used for dental restorations or orthodontic
purposes. These metal artifacts not only interfere with disease diagnosis but, in some cases, impede the
image segmentation of the teeth and bony structures in the maxilla and mandible for computer-guided
treatment. Minnema et al. proposed a deep learning algorithm based on a mixed-scale dense
convolutional neural network for the segmentation of teeth and bone on CBCT images affected by
metal artifacts [23]. It is reported that the proposed algorithm can accurately classify metal artifacts as
background and segment teeth and bony structures. The promising results prove that a convolutional
neural network is capable of extracting the characteristic features in CBCT voxel units that cannot be
distinguished by human eyes.

2.4. Other Applications

In addition to the above AI applications, automated tooth detection, classification, and numbering
are also fields of great interest, and they have the potential to simplify the process of filling out digital
dental charts [43]. Miki et al. developed a deep learning algorithm based on a convolutional neural
network to automatically classify tooth types based on CBCT images [38]. Although this algorithm
was designed for automated filling of dental charts for forensic identification purposes, it may also be
valuable to incorporate it into the digital treatment planning system, especially for use in implantology
and prosthetics. For example, such an application may contribute to the automated identification of
missing teeth for the diagnosis and planning of implants or other prosthetic treatments.

3. Current Use of AI for Intraoral 3D Imaging and Facial Scanning

In recent years, computer-aided design and manufacturing (CAD/CAM) technology have been
widely used in various fields of dentistry, especially in implantology, prosthetics, orthodontics,
and maxillofacial surgery. For example, CAD/CAM technology can be used for the fabrication of
surgical implant guides, provisional/definitive restorations, orthodontic appliances, and maxillofacial
surgical templates. Most of these applications are based on 3D hard and soft tissue images generated by
CBCT and optical scanning (such as intraoral/facial scanning and scanning of dental casts/impressions).
Intraoral scanning is the most accurate method of digitalizing the 3D contour of teeth and gingiva [44].
As a result, the intraoral scanning technique is now gradually replacing the scanning of dental casts
or impressions and is also frequently used in CAD/CAM systems. Tooth segmentation is a critical
step, which is usually performed manually by trained dental practitioners in a digital workflow to
design and fabricate restorations and orthodontic appliances. However, manual segmentation is
time-consuming, poorly reproducible, and limited due to human error, which may eventually have
a negative influence on treatment outcome. Ghazvinian Zanjani et al. and Kim et al., respectively,
developed deep learning algorithms for automated tooth segmentation on digitalized 3D dental surface
models resulting in high segmentation precision (Table 2) [24,45]. These algorithms can speed up the
digital workflow and reduce human error. Furthermore, Lian et al. proposed an automated tooth
labeling algorithm based on intraoral scanning [25]. This algorithm can simplify the process of tooth
position rearrangements in orthodontic treatment planning.
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Currently, only a few studies have reported on the use of machine learning techniques based on
facial scanning (Table 2). Knoops et al. proposed an AI 3D-morphable model based on facial scanning
to automatically analyze facial shape features for diagnosis and planning in plastic and reconstructive
surgery [26]. In addition, this model is also able to predict patient-specific postoperative outcomes.
The proposed model may improve the efficiency and accuracy in diagnosis and treatment planning,
and help preoperative communication with the patient. However, this model can only perform an
analysis based on 3D facial scanning alone. As facial scanning is unable to acquire volumetric bone
data, the information about the underlying skeletal structures cannot be analyzed by this model.
An updated model that can perform the analysis simultaneously on facial soft tissue and skeletal
structures will be more realistic and probably more effective for clinical use.

Interestingly, facial scanning techniques in combination with AI can also be used for the diagnosis
of neurodevelopmental disorders, such as autism spectrum disorder (ASD). Liu et al. explored the
possibility of using a machine learning algorithm based on facial scanning to identify ASD and showed
promising results with an accuracy of 88.51% (Table 2) [27]. This algorithm could be a supportive tool
for the screening and diagnosis of ASD in clinical practice.

4. Limitations of the Included Studies

While the AI models proposed in the included studies have shown promising performance,
several limitations are worth noting, which may affect the reliability of the proposed models. First,
most of the proposed AI models were developed using a small number of images collected from
the same institution over one defined time period (see details in Tables 1–3). Additionally, some
classification models were only trained and tested using images from subjects with confirmed diseases
(Table 3). These limitations might result in a risk of overfitting and a too optimistic appraisal of
the proposed models. In addition, the images used to develop the algorithms might very likely
be captured using the same device and imaging protocols, resulting in a lack of data heterogeneity
(Table 3). This might cause a lack of generalizability and reliability of the proposed models and can
result in inferior performance in clinical practice settings due to differences in variables, including
devices, imaging protocols, and patient populations [46]. Thus, these models may still need to be
verified by using adequate heterogeneous data collected from different dental institutions prior to
being transferred and implemented into clinical practice.
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5. Conclusions

The AI models described in the included studies exhibited various potential applications for 3D
imaging in dental medicine, such as automated diagnosis of cystic lesions, localization of anatomical
landmarks, and classification/segmentation of teeth (see details in Table 3). The performance of most
of the proposed machine learning algorithms was considered satisfactory for clinical use, but with
room for improvement. Currently, none of the algorithms described are commercially available. It
is expected that the developed AI systems will be available as open-source for others to verify their
findings and this will eventually lead to true impact in different dental settings. By such an approach,
they will also be more easily accessible and potentially user-friendly for dental practitioners.

Up to date, most of the proposed machine learning algorithms were designed to address specific
clinical issues in various fields of dental medicine. In the future, it is expected that various relevant
algorithms would be integrated into one intelligent workflow system specifically designed for dental
clinic use [47]. After input of the patient’s demographic data, medical history, clinical findings,
2D/3D diagnostic images, and/or intraoral/facial scans, the system could automatically conduct an
overall analysis of the patient. The gathered data might contribute to a better understanding of the
health condition of the respective patient and the development of personalized dental medicine, and
subsequently, an individualized diagnosis, recommendations for comprehensive interdisciplinary
treatment plans, and prediction of the treatment outcome and follow-up. This information will be
provided to assist dental practitioners in making evidence-based decisions for each individual based
on a real-time up-to-date big database. Furthermore, the capability of deep learning to analyze the
information in each pixel/voxel unit may help to detect early lesions or unhealthy conditions that
cannot be readily seen by human eyes. The future goals of AI development in dental medicine can be
expected to not only improve patient care and radiologist’s work but also surpass human experts in
achieving more timely diagnoses. Long working hours and uncomfortable work environments may
affect the performance of radiologists, whereas a more consistent performance of AI systems can be
achieved regardless of working hours and conditions.

It is worth noting that although the development of AI in healthcare is vigorously supported by
world-leading medical and technological institutions, the current evidence of AI applications for 3D
imaging in dental medicine is very limited. The lack of adequate studies on this topic has resulted
in the present methodological approach to provide findings from the literature rather than a pure
systematic review. Thus, a selection bias could very likely not be eliminated due to the design of the
study, which is certainly a relevant limitation of the present article. Nevertheless, the results presented
might have a positive and stimulating impact on future studies and research in this field and hopefully
will result in academic debate.
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Abstract: The increasing healthcare cost imposes a large economic burden for the Japanese government.
Predicting the healthcare cost may be a useful tool for policy making. A database of the area-basis
public health insurance of one city was analyzed to predict the medical healthcare cost by the dental
healthcare cost with a machine learning strategy. The 30,340 subjects who had continued registration of
the area-basis public health insurance of Ebina city during April 2017 to September 2018 were analyzed.
The sum of the healthcare cost was JPY 13,548,831,930. The per capita healthcare cost was JPY 446,567.
The proportion of medical healthcare cost, medication cost, and dental healthcare cost was 78%, 15%, and
7%, respectively. By the results of the neural network model, the medical healthcare cost proportionally
depended on the medical healthcare cost of the previous year. The dental healthcare cost of the previous
year had a reducing effect on the medical healthcare cost. However, the effect was very small. Oral health
may be a risk for chronic diseases. However, when evaluated by the healthcare cost, its effect was very
small during the observation period.

Keywords: healthcare cost; medical healthcare cost; dental healthcare cost; zero-inflated model;
neural network

1. Introduction

The increasing healthcare cost imposes a large economic burden for the Japanese government. In
Japan, the national insurance system covers a wide range of treatment of diseases and injuries including
dental treatment and medication. By the annual report of “Estimates of National Medical Care Expenditure,
FY 2017”, which summarizes the expense of the national health insurance, the total healthcare cost was
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JPY 43.0710 trillion with a 2.2% increase on the previous fiscal year. It occupied 7.78% of the GDP and
10.66% of the national income. The per capita cost was JPY 339,900. Twenty-five percent of the source
funding was from the national treasury and 13% from local governments [1].

Oral diseases are the most prevalent diseases globally and have serious health and economic burdens.
The most frequent disease leading to death worldwide is a non-communicable disease. Oral health,
especially the periodontal condition has been suggested to be affected by noncommunicable diseases [2–11].
An imbalance towards a periodontal immune response is underlined for other chronic diseases [11].
Epidemiological studies had shown that periodontitis was associated with the metabolic syndrome [3]
and cardiovascular disease [4,7]. The suboptimal oral function was a potential risk of mortality [12,13].
Periodontitis was associated with an increased risk of all-cause mortality, mortality due to cardiovascular
diseases, cancer, coronary heart disease, and cerebrovascular diseases [2]. The prevention and intervention
of oral disease may lead to improving the health status and is finally expected to lead to reducing the
medical healthcare cost.

In the previous report, statistical models were constructed to predict the healthcare cost by the
periodontal status and dental healthcare cost [14,15]. The limitation of these studies were a small sample
size and the subjects analyzed in these studies were adults who engaged in a specific occupation: High
school teachers [14] and the clerk of the insurance company [15].

In contrast to previous studies, the area-basis public health insurance database contains a large sample
size and subjects and their families engaged in a variety of occupations. By analyzing the area-basis public
health insurance database, a more validated and general statistical model to evaluate the effect of oral health
on the healthcare cost can be constructed.

In this study, a database of the area-basis public health insurance of one city was analyzed. The aim
of this study was to present the descriptive statistics of the healthcare cost and to predict the medical
healthcare cost by the dental healthcare cost.

2. Materials and Methods

2.1. Setting

Ebina city is located in Kanagawa Prefecture next to Tokyo, Capital of Japan. The population of Ebina
city was 135,619 at 1 October 2020. Ninety-one subjects were born and 84 died during October 2020. Four
hundred and seventy-two subjects were moved in and 440 subjects were moved out during October 2019.
A total of 36,856 subjects were subscribed to the area-basis public health insurance of Ebina city at 1 April
2017 [16].

2.2. Database

The Japan Federation of National Health Insurance Organization constructed and provided the
database software for all the cities or villages that managed the area-basis public health insurance. This
database is called the Kokuho database. The abbreviation of “Koku” means nation and “ho” means
insurance. This database is conventionally known as KDB. KDB summarizes the monthly healthcare cost
per capita. Healthcare costs are summarized by the medical healthcare cost, medication cost, and dental
healthcare cost. The medical healthcare cost was summarized separately by the hospitalized patients care
cost and outpatients care cost. The data from April 2017 to September 2018 were completed in October
2020. In this study, the data during this duration were analyzed by the exported CSV file.
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2.3. Statistical Modeling

2.3.1. Generalized Linear Model and Zero-Inflated Model

Before the application of the zero-inflated model, the medical and dental costs were categorized.
Optimal categorizations were performed by the SPSS Statistics version 24.0 (IBM, Tokyo, Japan).

For the prediction of the medical healthcare cost, the generalized linear model and zero-inflated
models were constructed [17]. The categorized medical healthcare cost was used as a dependent variable.
The age, sex, categorized medical healthcare cost of the previous year, and the categorized dental healthcare
cost of the previous year were used as an independent variable. The model fit was evaluated by Akaike’s
information criteria (AIC). To improve the model fit, link functions and distributions were changed. The
model that had the least AIC was selected. The R software version 3.50 with AER, glm2, pscl, and MASS
package was used.

2.3.2. Neural Network Model

The multilayer perceptron was applied to predict the medical healthcare cost [14,15,18]. The age,
sex, medical healthcare cost of the previous year, and dental healthcare cost of the previous year were
used as predictor values. The data were randomly divided into 15 groups. One group was used for the
construction of the model and the model was trained by the other data of the 14 groups. The model
construction and prediction were performed by the SPSS Modeler version 18.22 (IBM, Tokyo, Japan).

2.3.3. Support Vector Machine Regression

Support vector machine regression was performed by the R software with e1071 and the kernlab
package. The model was constructed by the spline kernel as a kernel function. A four times-fold cross
validation on the training data were used for training the model.

2.3.4. Generalized Boosted Regression Models

Generalized boosted regression models were constructed by the R software with the gbm package and
the following parameter settings: Distribution = “gaussian”, n.trees = 100, shrinkage = 0.1, interaction.depth
= 3, bag.fraction = 0.5, train.fraction = 0.5, n.minobsinnode = 10, cv.folds = 5.

2.4. Ethics

The study protocol was approved by the Ethical Committee of Tsurumi University School of Dental
Medicine (approval number: 1747).

3. Results

3.1. Descriptive Statistics of the Healthcare Cost

From April 2017 to September 2018, 6526 subjects were resigned from the area-basis national health
insurance of Ebina city and 2901 subjects were newly affiliated. A total of JPY 14,899,646,550 were used as
the healthcare cost during this period. The 30,340 subjects who had continued registration of the area-basis
public health insurance of Ebina city were analyzed. The study population consisted of 15,787 men and
14,553 women, and their age was 53.23 +/− 19.60 for the mean and standard deviation, and 62 (41–69) for
the median and 25th to 75th percentile. The healthcare cost of these subjects were JPY 13,548,831,930. The
per capita healthcare cost was JPY 446,567. The itemized healthcare cost is shown in Figure 1. The medical
healthcare cost, which is the sum of hospitalized patients care cost and outpatients care cost, was 78%
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of the total cost and the dental healthcare cost was 7%. The itemized healthcare cost by the age groups
was shown in Table S1. The distribution of the healthcare cost was skewed. During this one year and half
period, 5707 (18.8%) subjects did not use a medical service, and 10,336 (34.1%) did not use a medication
service, and 14,717 (48.5%) did not used a dental service.

The numbers indicate the sum of each cost during 2017 to the first half of 2018 (Japanese yen).
The medical healthcare cost is the sum of hospitalized patients care cost and outpatient care cost. The
itemized national healthcare cost was JPY 4,531,692,560 (37.6%) for the hospitalized patients care cost,
JPY 5,992,460,680 (33.9%) for the outpatients’ care cost, JPY 2,047,271,910 (18.1%) for the medication cost,
and JPY 977,406,780 (6.7%) for the dental healthcare cost. The proportion of the itemized healthcare cost
was not statistically significant when compared with the proportion of the national healthcare cost by the
chi-square test (p = 0.630).

 

Figure 1. Total healthcare cost during 2017 to the first half of 2018.

3.2. Healthcare Cost by Specific Diseases

The KDB database contained a diagnosis of major diseases. For these diseases, the total healthcare
cost during one year and half and the healthcare cost per capita were illustrated by a bar chart (Figure 2).
For the total healthcare cost, musculoskeletal disease was highest followed by hypertension. For the
healthcare cost per capita, peritoneal dialysis was highest followed by hemodialysis. However, the number
of patients with peritoneal dialysis and hemodialysis were a very small fraction.
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Figure 2. Cont.

Figure 2. Healthcare cost of specific diseases. (A) Total healthcare cost, (B) healthcare cost per subjects.

The KDB database contained a diagnosis of major diseases and injuries. The healthcare cost by a
specific disease was summarized by the sum of the healthcare cost during a one and half year period (A)
and per capita during a one and a half year period (B).
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3.3. Prediction of Medical Healthcare Cost

3.3.1. Descriptive Analysis

The scatter plot of medical cost against the medical cost of the previous year and dental cost of the
previous year were shown in Figure 3. Plots were aggregated on the x and y axis. The regression lines by
simple regression were not reliable. Therefore, to estimate the medical cost by the medical cost or dental
cost of the previous year, statistical modeling is indispensable.

 

Figure 3. Cont.

 
Figure 3. Scatter plot of medical healthcare cost against the medical healthcare cost of the previous year (A),
dental healthcare cost of the previous year (B), and age (C). Plots were aggregated on the x or y axis.
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3.3.2. Prediction of Medical Healthcare Cost by Regression Models

The medical healthcare cost during the half year was estimated by the regression model. The age, sex,
medical healthcare cost of the previous year, and dental healthcare cost of the previous year were used
as an independent variable. The conventional generalized linear model and zero-inflated model were
applied (Table 1). When compared by Akaike’s information criteria, the fittest model was the zero-inflated
model. The zero-inflated model consisted of two components: Zero-inflation model and count model.
For the zero-inflation model, the coefficient of the medical healthcare cost and dental healthcare cost
of the previous year were negative and statistically significant. It indicated that subjects who used the
medical or dental healthcare cost of the previous year tended not to use the medical healthcare cost the
next year. By the count model, the coefficient of medical healthcare cost was positive and statistically
significant. It indicated that the amount of the medical healthcare cost positively depended on the amount
of the medical healthcare cost of the previous year. The coefficient of the dental healthcare cost was not
statistically significant. It indicated that the amount of the medical healthcare cost was not dependent on
the amount of dental healthcare cost of the previous year. For the prediction of the medical healthcare cost,
the zero-inflated model gave us significant factors. However, there is a limitation for the zero-inflated
model. Variables need to be treated as discrete variables.

3.3.3. Prediction of Medical Healthcare Cost by the Neural Network Model, Support Vector Machine
Regression, and Generalized Boosted Regression Modeling (GBM)

Since the zero-inflated model has limitations for high values, the neural network model, support
vector machine regression, and generalized boosted regression modeling (GBM) were applied to predict
the medical healthcare cost. The age, sex, medical healthcare cost, and dental healthcare cost of the
previous year were used as independent variables. The constructed neural network model was shown in
Figure 4. The errors of square sum were 6687 for the learning step and 5626 for the test step. The predictive
performances of these models are shown by the scatter plot of predictive values against the observed value:
Neural network model (Figure 5A), Support Vector Machine Regression Figure 5B), and GBM (Figure 5C).
The response surface of the prediction of the medical healthcare cost is shown in Figure 6. The medical
healthcare cost proportionally depended on the medical healthcare cost of the previous year. The dental
healthcare cost of the previous year had a reducing effect on the medical healthcare cost. However, the
effect was very small. The information of the support vector machine regression and generalized boosted
modeling were shown in Table S2 and Figure S1.

Table 1. Results of the regression model to estimate the medical healthcare cost.

Independent Variable Generalized Linear Model
Zero-Inflated Model

Zero-Inflation Model (Binomial, Link: Log-log)
Estimate p-Value

(Intercept) 0.736 <0.001
Age −0.0002 0.737

Sex (Women/Men) −0.140 <0.001
Medical healthcare cost of the

previous year −0.259 <0.001

Dental healthcare cost of the
previous year −0.265 <0.001
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Table 1. Cont.

Count model (Poisson, link: Log)
Estimate p-value Estimate p-value

(Intercept) 0.374 <0.001 1.390 <0.001
Age 0.004 <0.001 0.004 <0.001

Sex (Women/Men) 0.031 <0.001 −0.023 <0.001
Medical healthcare cost of the

previous year 0.114 <0.001 0.058 <0.001

Dental healthcare cost of the
previous year 0.077 <0.001 −0.003 0.462

AIC 178,481 130,725

The zero-inflated model consisted of two components: For the hurdle model, zero hurdle model, and count model and
for the zero-inflated model, zero-inflated model, and count model, respectively. The zero-hurdle model and zero-inflation
model are models to estimate if the samples exceeded zero or not. The count model is a model to estimate if the optimal
distribution of the samples exceeded zero. AIC: Akaike’s information criteria, the smaller AIC indicate the well model fit.
The AICs of the models were very high.

 
Figure 4. Neural network model for the prediction of medical healthcare cost.
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Figure 5. Predictive performance of the neural network model (A), support vector machine regression (B),
and generalized boosted regression modeling (C). Predictive performance was shown by the scatter plot of
the predictive value against the observed value.

Figure 6. Response surface of the prediction of the medical healthcare cost by the medical healthcare cost of
the previous year and dental healthcare cost of the previous year.

4. Discussion

The prediction of the healthcare cost is important for health policy making to decide the priority for
the prevention of the disease. In this study, the medical healthcare cost was predicted by the medical
healthcare cost of the previous year and the dental healthcare cost of the previous year. Our previous
report had shown that conventional regression models were not applicable for the prediction of the medical
cost [14,15].

The proportion of the itemized healthcare cost was not statistically significant when compared with
the national healthcare cost. It indicated that the data analyzed in this study represented the national
healthcare cost of Japan (Figure 1).

Some studies tried to predict the healthcare cost by the statistical modeling [19–24]. The age, gender,
and a previous year’s healthcare cost are strong predictors [24]. By the simulation presented in Figures 4
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and 6, the medical healthcare cost increased with the increase of the previous year’s medical healthcare cost.
As shown in Figure 3, healthcare costs were aggregated on the x or y axis. It indicates that healthcare costs
were abruptly consumed. One reason may derive from the subscribers’ characteristics of the area-basis
public health insurance. The proportion of low-income subscribers is higher than the other insurance [25].
In addition, the subscribers may not afford to spend the healthcare cost to maintain their health status.

As shown in Figure 2, about 1/3 of the subjects used the healthcare cost for musculoskeletal disorders.
The number of subjects that used the healthcare cost for musculoskeletal disorders was higher than that of
hypertension. In Japan, other than clinics of orthopedics, there are many treatment places managed by
the bonesetter. These treatment places provide a massage, electric stimulation therapy, and hyperthermia
treatment as rehabilitation. The national insurance system covers these treatments. It may be one of the
reasons that many subjects used the healthcare cost for musculoskeletal disorders. The healthcare cost by
kidney diseases was very high. More than JPY 10,000,000 per subject were used for the patients treated by
hemodialysis. However, these patients were a tiny fraction. The prevention of kidney diseases by a high
risk strategy may be a useful tool to reduce the healthcare cost.

There are many limitations to predict the healthcare cost by the conventional regression models. One
of the solutions is to apply the zero-inflated model which consists of two components. However, this
statistical model has a serious limitation. The variable that this model can deal with is a discrete variable.
The neural network model can deal with both discrete and contentious variables. Our previous studies and
the other study successfully predicted the medical healthcare cost by the neural network model [14,15,18].
Therefore, the neural network model as a nonlinear model may be an optimal statistical model to predict
the healthcare cost.

When focusing on the axis of dental healthcare costs shown in Figure 6, spending the dental healthcare
cost reduced the medical healthcare cost. However, its effect was a very tiny fraction. Periodontal disease
was a risk for diabetes mellitus and diabetic complications: Diabetic retinopathy, neuropathy, nephropathy,
cardiovascular complications, and mortality [26]. Oral health disorders were risks of hypertension [27].
The periodontal status affected hypertension [28]. Oral infections affected the prognosis of the patients
with kidney disease [29,30]. The proportion of the medical healthcare cost of diabetes, hypertension, and
kidney diseases was high (Figure 2A).

Poor oral hygiene has been suggested to be a risk for pneumonia, especially aspiration pneumonia [31].
Dental biofilm contains potential respiratory pathogens [32]. Oral hygiene behaviors including professional
tooth cleaning by attending a dental clinic were associated with pneumonia [33]. Oral health intervention
can reduce the incidence of pneumonia [34,35]. Therefore, using the dental healthcare cost is expected to
reduce the healthcare cost for pneumonia. However, the study population of these studies were older
adults. The subjects analyzed in this study were less than 75 years old. Insurance for the older adults over
75 years were different from the area-basis public health insurance. It is one of the limitations of this study.
The prevalence of diseases and subsequent expenditure of healthcare cost may be different when limited
to older adults. Older adults over the age of 65 spent four times the healthcare cost of the subjects less than
65 years old [1].

Improving the oral health status through dental treatment is expected to promote the health status
and lead to the reduction of the medical healthcare cost. The Japanese insurance system covers not only
the dental treatment, but also the supportive therapy by regular follow ups. However, when evaluating
the health status by the medical healthcare cost, the dental treatment had an exiguous effect during a short
period. The dental healthcare cost is low when compared to the medical healthcare costs. Oral health
promotion affects the reducing prevalence of hypertension and type 2 diabetes, it will effectively act on
reducing total healthcare costs. Therefore, a long term basis observational study is necessary to evaluate
the effect of oral health on the medical healthcare cost. It is one of the limitations of this study. Electric
data accumulation of the healthcare cost is just getting started in Japan.
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5. Conclusions

The area-basis public health insurance database contains subjects with a wide range of age groups
and their family members engaged in a variety of occupations. By analyzing this database, the robust
statistical model for prediction can be obtained. Among the machine learning tools, the neural network
model was the best method to predict the healthcare cost. The healthcare cost largely depended on the
medical healthcare cost of the previous year. In addition, the dental treatment had an exiguous effect on
the reduction of the medical healthcare cost.

Supplementary Materials: The following are available online at http://www.mdpi.com/1660-4601/18/2/565/s1. Figure
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Abstract: Big Data and Internet and Communication Technologies (ICT) are being increasingly
implemented in the healthcare sector. Similarly, research in the field of dental medicine is exploring
the potential beneficial uses of digital data both for dental practice and in research. As digitalization is
raising numerous novel and unpredictable ethical challenges in the biomedical context, our purpose
in this study is to map the debate on the currently discussed ethical issues in digital dentistry through
a systematic review of the literature. Four databases (Web of Science, Pub Med, Scopus, and Cinahl)
were systematically searched. The study results highlight how most of the issues discussed by the
retrieved literature are in line with the ethical challenges that digital technologies are introducing in
healthcare such as privacy, anonymity, security, and informed consent. In addition, image forgery
aimed at scientific misconduct and insurance fraud was frequently reported, together with issues of
online professionalism and commercial interests sought through digital means.

Keywords: Big Data; digital dentistry; oral health; ethical issues

1. Introduction

The sophistication and increased use of Internet and Communication Technologies (ICT), the rise
of Big Data and algorithmic analysis, and the origin of the Internet of Things (IOT) are a plethora of
interconnected phenomena that is currently having an enormous impact on today’s society and that is
affecting almost all spheres of our lives. In recent years, we have seen an exponential growth in the
generation, storage, and collection of computational data and the digital revolution is transforming an
increasing number of sectors in our society [1,2].

In the biomedical context, for instance, digital technologies are finding numerous novel applications
to improve healthcare, cut costs for hospitals, and maximize treatment effectiveness for patients.
Examples of such implementations include the development of electronic health records (EHRs) and
smarter hospitals for increased workflow [3], personalized medicine and linkage of health data [4],
clinical decision support for novel treatment concepts [5], and deep learning and Artificial Intelligence
(AI) for diagnostic analysis [6]. In addition, the implementation of mobile technologies into the medical
sector is fundamentally altering the ways in which healthcare is perceived, delivered, and consumed.
Thanks to the ubiquity of smartphones and wearable technologies, mobile health (mHealth) applications
are currently being explored by healthcare providers and companies for remote measurement of health
and provision of healthcare services [7].

Dentistry, as a branch of medicine, has not remained unaffected by the digital revolution. The trend
in digitalization has led to an increased production of computer-generated data in a growing number of
dental disciplines and fields—for example, oral and maxillofacial pathology and surgery, prosthodontics
and implant dentistry, and oral public health [8–10]. For this reason, research in the field of dental
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medicine is currently focusing on exploring the numerous potential beneficial applications of digital
and computer-generated data both for dental practice and in research. Population-based linkage
of patient-level information could expand new approaches for research such as assisting with the
identification of unknown correlations of oral diseases with suspected and new contributing factors
and furthering the creation of new treatment concepts [11]. AI applications could help enhance the
analysis of the relationship between prevention and treatment techniques in the field of oral health [12].
Digital imaging could promote accurate tracking of the distribution and prevalence of oral diseases to
improve healthcare service provisions [13]. Finally, the creation of the digital or virtual dental patient,
through the application of sophisticated dental imaging techniques (such as 3D con-beam computed
tomography (CBCT) and 3D printed models) could be used for precise pre-operative clinical assessment
and simulation of treatment planning in dental practice [9,14]. As these technologies are still at the
early phases of implementation, technical issues and disadvantages might also emerge. For instance,
data collection for the implementation of Big Data applications and AI must be done systematically
according to harmonized and inter-linkable data standards, otherwise issues of data managing and
garbage data accumulation might arise [15]. AI for diagnostic purposes is still in the very early phases,
where its accuracy is being assessed, and although they are revealing themselves to be valuable for
image-based diagnoses, analysis of diverse and massive EHR data still remains challenging [16]. Finally,
with regards to the simulation of a 3D virtual dental patient, dataset superimposition techniques are
still experimental and none of the currently available imaging techniques are sufficient to capture the
complete dataset needed to create the 3D output in a single-step procedure [9].

In the past few years, alongside the ambitious promises of digital technologies in healthcare,
the research community has also highlighted many of the potential ethical issues that Big Data and
ICT are raising for both patients and other members of society. In the biomedical context, data
technologies have been claimed to exacerbate issues of informed consent for both patients and research
participants [17,18], and to create new issues regarding privacy, confidentiality [19–21], data security
and data protection [22], and patient anonymization [23] and discrimination [24–26]. In addition, recent
research has also emphasized additional pressing challenges that could emerge from the inattentive
use of increasingly sophisticated digital technologies, such as issues of accuracy and accountability in
the use of diagnostic algorithms [27] and the exacerbation of healthcare inequalities [25].

As dentistry is also undergoing the digital path, similar ethical issues might emerge from the
application of ICT and Big Data technologies. To the best of our knowledge, there is currently no
systematic evaluation of the different ethical issues raised by Big Data and ICT in the field of dentistry,
as most of the literature on the topic generally focuses on non-dental medicine and healthcare [28].
As timely ethical evaluation is a consistent part of appropriate health technology assessment [29] and
because recent literature has focused on the ethical issues concerning health-related Big Data [28],
it is of the utmost importance to map the occurrence of the ethical issues related to the application of
heterogeneous digital technologies in dental medicine and to investigate if specific ethical issues for
dental Big Data are emerging.

We thus performed a systematic review of the literature. The study has the following aims:
(1) mapping the identified ethical issues related to the digitalization of dental medicine and the
applications of Big Data and ICT in oral healthcare; (2) investigating the suggested solutions proposed
by the literature; and (3) understanding if some applications and practices in digital dentistry could
also help overcome some ethical issues.

2. Materials and Methods

We performed a systematic literature review by searching four databases: PubMed, Web of
Science, Scopus, and Cinahl. The following search terms were used: “big data”, “digital data”, “data
linkage”, “electronic health record *”, “EHR”, “digital *”, “artificial intelligence”, “data analytics”,
“information technology”, “dentist *”, “dental *”, “oral health”, “orthodont *”, “ethic *”, and “moral
*”. No restriction was placed on the type of methodology used in the paper (qualititative, qualitative,

86



Int. J. Environ. Res. Public Health 2020, 17, 2495

mixed methods, or theoretical). No time restriction was used. In order to enhance reproducibility of the
study, we only included original research articles from peer-reviewed journals; therefore, grey literature,
books (monographs and edited volumes), conference proceedings, dissertations, and posters were
omitted. English was selected as it is the designated language of the highest number of peer-reviewed
academic journals. The search was performed on 24 of January 2020 (see Table 1).

Table 1. Search terms.

No. Match Search Terms Pub Med Web of Science Scopus Cinahl

1

(“big data” OR “digital data” OR
“data linkage” OR “electronic
health record*” OR “EHR” OR

“digital*” OR “artificial
intelligence” OR “data analytics”
OR “information technology”)

251,004 4,682,526 1,750,766 67,116

2 (“dentist*” OR “dental *” OR
“oral health” OR “orthodont*”) 827,547 1,409,796 613,348 158,231

3 (“ethic *” OR “moral*”) 334,537 582,299 528,738 98,246

4 1 AND 2 AND 3 190 186 71 63

We followed the protocol from the Preferred Reporting Item for Systematic Reviews and
Meta-Analyses (PRISMA) method [30], which resulted in 510 papers. We scanned the results
for duplicates (125) and 385 papers remained. In this phase, we included all articles that focused
on digitalization of dentistry or on one specific digital technology in the field of dentistry and that
mentioned, enumerated, discussed, or described one or more ethical challenge related to digitalization.
Papers that only described a technology from a technical point of view, that did not focus on dentistry
or focused generally on medical practice, or that did not relate to the ethical challenges of digitalization
were excluded. Additional papers (27) were excluded because they were book sections, posters,
conference proceedings, or not in English. In total, 356 papers were excluded.

We subsequently scanned the references of the remaining 29 articles to identify additional relevant
studies. We added five papers through this process. The final sample included 34 articles. During the
next phase, the first author read the full texts in their length. After thorough evaluation, eight articles
were excluded for the following reasons: (1) they did not discuss or mention any ethical issue related
to the technology discussed in the study; and (2) they did not refer to any digital implementation in
dentistry (see Figure 1).

The subsequent phase of the study involved the analysis of the remaining 26 articles. Regarding
data analysis, we carried out a narrative synthesis of included publications [31]. Therefore, we extracted
the following information relevant to the aim of the present study and to the research question from
the papers: year and country of publication; methodology; type of technology or digital application
discussed; field of application of the article; ethical issues that emerge from the use of the technology;
technical issues that might exacerbate the ethical issues discussed; suggested potential solutions to the
issue(s); and ethical issues that the technology could help overcome.
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Figure 1. Preferred Reporting Item for Systematic Reviews and Meta-Analyses (PRISMA) flowchart.

3. Results

Among the 26 papers included in our analysis, 22 were theoretical papers that critically discussed
the impact of digitalization in the field of dentistry or that discussed a specific technology highlighting
its promises and some of its ethical challenges. Among the remaining papers, three applied empirical
methods and one was a feasibility study. The majority of papers (n = 20) were published after 2010, five
were published between 2008 and 2010, and one of them was from 1996. Half of the articles (n= 13) were
from the United States, five came from the United Kingdom, and four from India. The remaining ones
came from Belgium, Brazil, Germany, and South Africa. Regarding the type of technological application
they discussed, almost one-third of the papers (n = 8) analyzed digital photography, radiology and
computed imaging; six papers discussed the impact of digital communication and social media in
dentistry; three articles focused on electronic health records (EHRs) and patient records; another three
discussed the promises and challenges of mobile health and teledentistry; and an additional three
records focused on data linkage and personalized medicine. In addition, two papers broadly discussed
the challenges and promises of ICT and digital implementations in dentistry, while one paper focused
on search engine optimizations in dental practices. Finally, concerning the field of application of the
different papers, 10 articles discussed the ethical issues of digitalization regarding dental practice, nine
discussed digitalization and digital application for dentistry without a specific focus, five focused on
education and dental school, and two discussed applications in research (see Table 2).
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Table 2. Retrieved papers. EHR, electronic health record; mHealth, mobile health; CBCT, con-beam
computed tomography; ICT, internet and communication technologies.

Author, Year,
Country

Design Participants
Technology
Discussed

Field of
Application

Ethical Issues

Boden (2008), USA Theoretical Digital transfer of
patient records Dental practice

Justice and autonomy- high
charges for the patient prevent

beneficial use of records for
future patient treatment

Calberson et al.
(2008), Belgium Theoretical Digital

radiography General Fraudulent use of radiographs

Cederberg and
Valenza (2012), USA Theoretical EHR (in dental

schools) Dental school

Justice, patient privacy and
security, shift in doctor patient
relationship, misconduct from

students

Chambers (2012),
USA Theoretical Digital

Communication Dental practice
Shift in doctor patient

relationship, patient privacy
and security, professionalism

Cvrker (2018), USA Theoretical mHealth General
Patient access, data

ownership, patient privacy
and security, bystanders

da Costa et al. (2012),
Brazil Theoretical Teleorthodontics General Patient privacy and security

Day et al. (2018), UK Feasibility
Study

Birth cohort in the
United Kingdom Data linkage Research Anonymization, data

ownership
Eng et al. (2012),

USA Theoretical Personalized
dentistry General Discrimination, confidentiality

Gross et al. (2019),
Germany Theoretical Digitalization in

dentistry General

Shift in doctor patient
relationship, data literacy,

responsibility and
accountability for AI, digital

footprint

Indu et al. (2015),
India Empirical

A sample of
postgraduate
students and

teaching faculties
of oral pathology

in India

Digital
photography General Anonymity and security

Jampani et al (2011),
India Theoretical Teledentistry General Confidentiality, patient

privacy and security, consent

Kapoor (2015), India Empirical
Digital

photography and
radiology

General
Fraudulent use of

radiographs/photographs,
scientific misconduct

Khelemsky (2011),
USA Theoretical CBCT Dental practice Harm to patient, consent

Knott (2013), UK Theoretical ICT Dental practice Anonymity, data security,
patient privacy

Luther (2010), UK Theoretical Digital forensics Research Fraudulent use of images,
scientific misconduct,

Neville and Waylen
(2015), UK Theoretical Social Media Dental practice

Shift in doctor patient
relationship, patient

Confidentiality, privacy,
anonymity

Oakley and Spallek
(2012), USA Theoretical Social Media Dental School

Shift in doctor patient
relationship, patient privacy

and confidentiality,
miscommunication, boundary

violation

Peltier and Curley
(2013), USA Theoretical Social Media Dental practice

Dishonest/unlawful
advertising, patient

confidentiality

Rao et al. (2010),
India Empirical

A sample of
randomly selected
clinicians in India

Digital
photography General

Fraudulent use of
photographs, scientific

misconduct

Spallek er al. (2015),
USA Theoretical Social Media Dental School

Shift in doctor patient
relationship, patient privacy

and confidentiality,
miscommunication, boundary

violation

Stieber et al. (2015),
USA Theoretical

Electronic media
and digital

photography
Dental School

Patient privacy and
confidentiality, autonomy and

consent

Swirsky at al. (2018),
USA Theoretical Search engine

optimization Dental practice
Beneficence, autonomy,

consent, conflict of interest
and undue influence
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Table 2. Cont.

Author, Year,
Country

Design Participants
Technology
Discussed

Field of
Application

Ethical Issues

Sykes et al (2017),
South Africa Theoretical Social Media Dental practice

Patient privacy, anonymity,
confidentiality and consent,

professionalism, shift in
patient doctor relationship,
misleading advertisement

Szekely et al. (1996),
USA Theoretical EHR Dental practice Patient privacy and

confidentiality, security

Wenworth (2010),
USA Theoretical Digital

Radiography Dental practice
Patient privacy and

confidentiality, misleading
advertisement

Zijlstra-Shaw and
Stokes (2018), UK Theoretical

Big Data analytics
(in dental
education)

Dental school Consent and data ownership

3.1. Implementation of Digital Technologies in Dentistry

Two papers generally discussed the ethical implications that ICT and digitalization are introducing
in dentistry [32,33]. According to Gross et al. [32], digitalization of dentistry is influencing the patient
doctor relationship as the integration of digital technologies could distract attention away from the
patient during the visit. Issues of data literacy can arise for both the dentist—who will need to
constantly be updated on the latest technologies—and the patient—who will need to understand how
new technologies work, possibly disfavoring people with poor computer literacy such as the elderly.
The application of AI for diagnostic purposes could create issues of responsibility and accountability.
A shift might occur towards overtreatment of the patient owing to increased demand for the use of
digitized systems. In addition, the constant use, refurbishment, and replacement of increasingly new
technology leaves a remarkable digital footprint and aggravates digital pollution. Finally, digital
technologies create issues of data security, data falsification, and privacy issues regarding identifiable
patient information [33].

3.2. Big Data and Data Analytics

Nine papers discussed the increased employment of Big Data and data analytics in dentistry related
to different applications such as data linkage [34], data analytics in dental schools [35], personalized
medicine [36], EHRs [37–39], and mHealth and teledentistry [40–42].

3.2.1. Electronic Health Records (EHRs)

Three papers focused on the implementation of EHRs both in private practices and in dental
education [37–39]. Ethical issues that arise from this technology are data security, as sensitive patient
information could be more easily accessed by unauthorized third parties, resulting in a breach of
patient privacy and confidentiality [38,43].

In addition, Cederberg and Valenza [38] argue that the use of digital records might compromise
the doctor patient relationship in the future, as easy access to all relevant information through digital
means and forced focus on the computer screen could accustom students to becoming more detached
from patients.

Suggested solutions for privacy and security issues related to EHR are as follows: (a) the
implementation of a three-zone confidentiality model of medical information for databases both linked
(networked) and non-linked (network), where different levels of access and security are put in place
for different areas—from a more secured inner area that holds the highest sensitive information about
the patients (e.g., HIV status and psychiatric care) to an outer, less secured area containing generally
publicly available information [37].
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3.2.2. mHealth and Teledentistry

Ethical concerns related to mHealth and teledentisry—that is, the use of information technologies
and telecommunications to provide remotely dental care, education and raise oral health awareness—
were raised by three articles [40–42]. As for other Big Data technologies, issues of data security and
patient anonymity [40,41] and confidentiality [42] were the most mentioned, as networked transfer
through unsecure means could enable unwarranted third parties to obtain easier access to sensitive
patient data.

mHealth might also have an impact on consent both for the patient who might not have been
appropriately informed about all of the risks that teledentistry implies [42] and for non-consenting
bystanders, whose data might be collected by the device the patient is using [41].

Furthermore, Cvkrel [41] argued that first, mHealth creates additional vulnerability as smartphones
gather additional data that are usually not collected by healthcare practitioners (e.g., fitness data,
sleep patterns), and, as it is an object of everyday use, it might be easily accessible to unauthorized
people. Second, easy access through the smartphone to raw data including data related to dental care
could be counterproductive and harmful for patients who might self-adjust the prescription given by
the practitioner.

Among the suggested solutions are the following: (a) the establishment of secured networking
communication such as the development of state-of-the-art firewalls and antiviruses to mitigate
security concerns in telecommunications [40]; (b) the formulation of high quality consent processes that
appropriately make the user aware of the risks and all relative factors [41]; and (c) the implementation
of information and education about the specific issues that such technology raises for dentists who
want to employ teledentistry in their practice.

3.2.3. Personalized Medicine and Data Linkage

In the context of data linkage in dental practices, personalized medicine, and dental schools, the
analyzed articles reported how consent issues might arise concerning data usage when the student or
the patient cannot be completely informed about the ways in which the collected data is used [35].
Data anonymization [34] and patient confidentiality [36] were again both mentioned as issues of data
linkage. Finally, Eng et al. [36] highlighted how discrimination based on higher risk for specific diseases
might appear from the linkage of different databases in personalized medicine.

In order to overcome these issues, Eng et al. [36] suggested to develop protective measures at
both at a legal and a clinical level to ensure patient data confidentiality and security.

3.3. Digital Communication and Social Media in Dentistry

Seven papers discussed the impact that the employment of digital communication and social
media could have upon dental practices and the dentist–patient relationship [44–50].

According to the retrieved studies, one of the main issues is the possibility that commercial values
might creep into the management of private practices’ websites and official social media pages [44].
For instance, digital media broadcasts might deliver a distorted image of the practice, resulting in
misleading or dishonest advertisement of state-of-the-art dental technologies or dental practices, thus
exercising an undue influence on patients [47,49]. In addition, Swirsky [50] also raised a concern
regarding unethical search engine optimization, an aggressive marketing technique aimed at making
your own website appear before others in popular search engines. This practice creates conflict of
interest between the dental profession and the patient/public.

Furthermore, the introduction of digital communication in dental practices has heavy effects
on the dentist–patient relationship. Neville and Waylen [45] indicate how the use of social media
pages is blurring the personal and professional divide. Via social media, patients might have access
to information about their dental providers that could compromise the doctor–patient relationship
and create issues of trust between the two parties. For instance, shared posts and messages of doctors
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might be misinterpreted by the users (patients) and be considered unprofessional. Likewise, privacy
issues might occur in the case where a dentist visits the personal social media page of their patient
and uncovers information that the patient did not want to share with them [46,48]. In addition,
doctor–patient confidentiality could be breached by dentists both willingly and inadvertently, if
information about a patient is disclosed online, such as identifiable patient photographs or sensitive
treatment details [47,49].

Suggested practices to avoid such issues are the development of adequate social media policies for
the use of social media in dental practices and increased education for dental practitioners regarding
online professionalism in social media—such as awareness of the ethical issues and of the rules of
conduct to be used while using social media [48,49].

3.4. Digital Photography and Radiography

The technology discussed by eight of the collected papers was digital photography and digital
radiography [51–58]. Among them, four articles [51,53,55,56] highlighted that image modification,
made easier by digitalization of both dental photography and radiography, could result in misconduct in
science and fraudulent use of modified pictures. Practitioners could be tempted to modify radiographs
to deceive insurance companies [51] and researchers might do the same to falsify the results of their
research [55].

Three papers correlated the ethical issues of digital imagery to digital sharing and storage of
images [52,57,58]. For instance, issues of security of data and patient privacy and confidentiality
might arise owing to inattentive storage of images (if digital photographs are stored for too long on
an SD-card or if images are shared via electronic means such as using emails and smartphones or
networking apps as Whatsapp) [52]. In addition, Stieber et al. [57] indicate how even patient autonomy
and consent might be breached if the images are used in an unauthorized manner, such as posting
them on a public forum.

Finally, one paper that discussed the ethical issues of digital dental imaging focused on a particular
diagnostic technology: cone beam computed tomography (CBCT) [54]. Highlighted issues related
to this particular technology are related to its routine use potentially causing harm to patients,
especially children and adolescents, owing to the excessive exposure to radiation and consent if patients
are not appropriately informed about the health risks they are exposed to when undergoing this
diagnostic exam.

Some papers also highlighted some potential solutions. Regarding image modification, the
application of state-of-the-art anti-forgery techniques was suggested [51], as well as the development
of appropriate guidelines to set an acceptable standard for image modification in dentistry [53]. As for
image sharing issues, Stieber et al. [57] suggested the implementation of a privacy compliant framework,
where informed consent is enhanced in order to give patients more control over how their images
are used, while Indu et al. [52] proposed the use of only custom apps built exclusively for medical
data sharing.

3.5. Digital Dentistry Might Solve Ethical Issues

Finally, almost one-third of the papers discussed not only ethical issues, but also mentioned how
some of these technologies could be of assistance to solve ethical issues in dentistry and oral health.
For instance, the application of digital technologies could result in empowerment of patients and
democratization of oral health knowledge owing to increased and widespread information that could
be easily retrieved on the Internet [32]. mHealth and teledentistry were argued to be powerful tools to
(a) fight known inequalities in healthcare and provide better treatment and patient care in vulnerable
populations thanks to the increased saturation of mobile phones and communication technologies that
will allow them easier access to health information and remote treatment [41]; (b) overcome cultural
and geographic barriers in oral health [40]; and (c) help eliminate the disparities in oral health care
between rural and urban communities [42]. Provision of information about health care prevention and
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oral health issues through social media could positively influence and promote oral healthcare [46,49].
The implementation of research through correlation and data linkage between birth cohorts in the
United Kingdom and oral health habits could ameliorate public oral health issues such as caries
prevention for children and adolescents [34]. Finally, digital forensics, that is, the digital analysis of
images, could help with the recognition of scientific misconduct in dental research [55].

4. Discussion

The analyzed literature raised a plethora of intertwined ethical issues across different technologies
and practices in dentistry. Numerous issues are in line with the commonly mentioned ethical challenges
that digital technologies are introducing in healthcare—privacy anonymity, security, and so on. On the
other hand, additional aspects emerged for dental medicine—such as commercialization and image
forgery—that are usually less associated with digitalization of healthcare and Big Data [28].

The most frequently mentioned ethical issues related to the increased digitalization of dentistry
are those related to patient privacy, which is often associated with anonymization and confidentiality.
This is in line with a study by Mittelstadt and Floridi [28] that highlighted how this cluster of issues
related to patient privacy is the one that is most correlated by scholarly research with Big Data
technologies such as data analytics, IOT, and social media use. In the era of digitalization, with
increased implementation of EHRs and digital data management, issues of privacy become among
the most paramount, notably also in dentistry, on account of the opportunities for patient treatment
development and research offered by data linkage. Important ethical issues could be overlooked if it is
assumed that dental health data are less sensitive than, for example, mental health or stigmatizing
infectious disease data. On the contrary, dental health data are sensitive for a number of specific
reasons. For example, economic or marketing discrimination, that is, inequality in pricing and offers
that are given to costumers based on profiling, such as insurance or housing [59], or discrimination
based on health data and health prediction [60], are practices that are creeping out of the exploitation
of digital records and might be exacerbated by the analysis of dental records and the use of mHealth
in dentistry.

Informed consent was another issue that was often mentioned by the selected papers, although
surprisingly not in relationship to the reuse of EHR data. From an ethical and legal point of view,
consent needs to be specific concerning three different activities: use for clinical care; clinical trials,
where new Big Data technologies are used in dental patients; and secondary use of data for research or
other purposes (such as marketing). For use in the clinical setting, issues of informed consent are not so
prominent as the EHR would function as a substitute for a paper patient chart, leaving more concerns
in the area of data security and patient privacy. However, as Big Data applications for secondary use
of EHR data are becoming an increasingly implemented research practice and issues of consent for
EHR and Big Data are quite often discussed for the biomedical context [28], more research should be
spent in this area for the dental field. In fact, only three retrieved papers focused on EHR—they mostly
targeted clinical care, and two of them were from before 2010, which may explain why they did not
consider the implications of Big Data and secondary use of data from health records that are currently
causing dilemmas of consent from both an ethical and a regulatory point of view [17,61]. Consent was
also briefly mentioned by the retrieved papers in relation to data linkage and personalized medicine,
but overall, the literature has not sufficiently analyzed the issue data linkage and secondary use of data
for dentistry. In fact, electronic dental records increasingly include sensitive and complementary data
about the patient, such as automatic tooth charting, general patient health information, development
of treatment plans, radiographic captures of the mouth, and intraoral photography [43], which could
be linked and analyzed for research and app development purposes without obtaining the appropriate
patient’s approval. Cvrkel [41], in the context of mHealth, suggested deflecting the discussion from
privacy concerns to the development of high-quality consent practices for both clinical as well as
secondary research use. On the basis of a recent study by Valenza et al. [62], which assessed the benefits
of “Smart consent” strategies that take into account patients’ preferences and desires regarding both

93



Int. J. Environ. Res. Public Health 2020, 17, 2495

treatment and the use of their dental data, we argue that the implementation of better consent policies
and strategies could also be beneficial to electronic dental records in order to face not only privacy
issues related to clinical care, but also issues of consent related to secondary use of data.

As might be expected, considerable space was given to digital photography and radiology in
dentistry. Ethical issues were raised in two directions. First, concerns of patient privacy and anonymity
and of data security were highlighted in relation to the storage and sharing of digital images [52,57,58].
These issues are of a comparable nature to those enumerated for EHR, mHealth, and teledentistry,
which principally have to do with possible access to sensitive patient information by unwarranted
parties and interception of digital communications. Interestingly, substantial weight was given to the
topic of image forgery. According to the literature, image modification for fraudulent purposes such as
insurance fraud and scientific misconduct is described as an expanding practice within dentistry [55,56].
The main problem is that the introduction of digital imagery in our society has exponentially increased
the ease with which digital photographs can be manipulated and changed, both in the early and late
stages of image production, to a point where essential information about the subject of the image
might be falsified [63]. As a consequence, numerous scholars who focused on the epistemic status of
photographs and digital imaging have tried to analyze the challenges that digital imaging poses to the
epistemic consistency of images [63–65]. The question is, in our opinion, whether in the case of image
modification in dentistry, a well-defined line can be settled on acceptable modifications that prevent
misinterpretation or misreading by the observer, and modifications that would let the image fall in the
category of image forgery. Following clear guidelines on the ethics of image modification [66] could
assist practitioners in making the right choices, but might not be enough. Well-intentioned image
modification, such as changing the background, modifying light sources, over and under exposure,
cropping, color modification, and so on might unintentionally alter the epistemic consistency of an
image, as the limit of acceptable alterations that digital images can endure, while maintaining their
epistemic value is vague and undetermined [63].

Another interesting finding of this study is that numerous articles—almost one-third of the
total and all theoretical papers—rather than expanding on the ethical issues that derive from the
application of a medical/dental digital technology, focused on how digital communication could
have an impact on the practice of dental care itself and on the doctor–dentist relationship. Some
of the retrieved papers [44–49], in fact, highlighted how the inappropriate use of social media by
dentists could compromise trust between dental practitioners and patients either owing to leakage of
confidential information about patients, such as treatment outcomes or identifiable pictures, or displays
of inappropriate behavior on their private social media pages. As the use of social media is permeating
our everyday life, blurring the line between private and public, social media and online professionalism
are topics that have been increasingly addressed in other areas of healthcare as well [67,68]. The ethical
challenge here seems to be twofold. First, education regarding the professional use of social media for
dental practitioners could be enhanced by the implementation of rules and social media policies that
clearly state the “dos-and-don’ts” of managing a social media page, such as the following: do not post
identifiable pictures of patients without their consent; do not discuss patient treatment on the page,
and so on [48]. However, if a breach of confidentiality should occur through inattentiveness, the reach
of the leaked information would be greater than in face to face exchanges, expanding exponentially the
scale of the mistake [67]. Second, it becomes more challenging to implement strategies to appropriately
educate dental practitioners about their private social media behavior. It has been argued by Greysen
et al. [67] that some online content that might be flagged as unprofessional—such as posts concerning
off-duty drinking and intoxication or the advertisement of radical political ideals that might question
their professionalism—do not clearly violate any existing principle of medical professionalism, as they
are done in the private sphere. In addition, even the interactions that a health practitioner might have
with the private social media page of a patient become an intricate matter that might raise ethical
dilemmas. By only accessing the page of their patient, the doctor could access private information such
as their marital status, sexual orientation, or political orientation that might have an impact, either
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conscious or unconscious, on the practitioner’s personal perception of the patient [69]. Things become
even more complicated if the healthcare professional retrieves posts or photos on social media sites
that depict patients participating in risk-taking or health-averse behaviors [67]. All of this information
might create a fracture in the patient–doctor relationship, as implicit bias and conflict of interests might
prevent medical practitioners from providing the patient with the best care [69,70].

In addition, another interesting challenge raised by almost all of the papers that discussed digital
communication in dentistry was the issues of commercialization and conflict of interest that interfere
with patient care. A strong focus of some of the papers was on the possible exertion of undue influence
on the patient by producing misleading advertisement for private practices and state-of-the-art dental
procedures. As Chambers et al. [44] argue, the dentist–patient relationship should never shift to one of
customer–provider, and commercial interests should always be in a subordinate position to that of
oral health, as the well-being of the patient should always come first. In addition, according to the
American Dentist Associations’ (ADA) Code of Conduct: “dentists who, in the regular conduct of their
practices, engage in or employ auxiliaries in the marketing or sale of products or procedures to their
patients must take care not to exploit the trust inherent in the dentist–patient relationship for their own
financial gain [ . . . ] and no dentist shall advertise or solicit patients in any form of communication in a
manner that is false or misleading in any material respect” [71].

Doing so would negate the patient’s right to self-determination and accurate information [50].
As additional technological developments are being increasingly introduced in dental practices, it is of
the utmost importance that strong measures are taken to limit commercial interests for dental practice.

In addition, while a substantial number of papers focused on digital photography and radiography,
as well as the impact of digital communication for dental practice, this systematic review highlighted
some gaps regarding some of the applications that data technologies have in dentistry and the
possible ethical issues that might emerge as a consequence. For instance, the implementation of AI
applications for diagnostic purposes in dentistry [12] or the sophistication of 3D imaging technologies
for pre-operative clinical assessment [9] were not discussed in the retrieved literature. In addition,
very few of the retrieved papers focused on the increased application of Big Data analytics and data
linkage of health-related data. Shetty et al. [72] highlighted how the debate on digital dentistry is
reflective of the traditional dental delivery model and usually focuses on micro trends in technology
development such as technology-assisted services (e.g. computer-aided design/computer-aided
manufacturing (CAD/CAM)), digital radiography, and electronic patient records. However, trends
in the implementations of Big Data technologies such as mHealth, social media, AI, and the like are
transforming oral healthcare through social and technical influences from outside the dental profession,
as has been seen in relation to the social media use by dental providers. In addition, it has recently
been argued that current literature on the topic of digital dentistry has a tendency to focus on its
beneficial potentials or on the technical challenges of the discussed technology without appropriately
addressing the ethical issues that these technologies might raise [32]. Also, our review indicates that,
while a theoretical discussion on this topic is emerging, empirical studies on the ethical issues of digital
implementations in dentistry are largely lacking. As a consequence, owing to the sensitive nature of
data included in electronic dental records, the specific digital implementations in dental practice and
research, and the gaps in the literature regarding the ethical analysis of some dental applications, it is
of the outmost importance to conduct additional research, and especially more evidence-based studies,
on the possible specific ethical issues related to the field of digital dentistry in order to appropriately
understand and confront these issues.

Finally, only a few papers mentioned ethical issues that could be solved by digital dentistry.
In addition to those mentioned in Section 3.5, there are two other contenders for useful applications of
Big Data research. It has historically been very difficult to conduct epidemiological research on the
relationship (if any) between the public health measure of adding fluoride to water supplies and the
incidence of dental fluorosis in children owing to the very high number of variables and confounders
involved in such research. Big Data analytics could make sense of this difficult area of research,
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helping to address the public health ethics of water fluoridation [73]. Similarly, antibiotic prophylaxis
before dental treatment in patients who have undergone heart surgery remains a contentious area,
with dentists tending to recommend against it despite heart surgeons supporting the prescription of
antibiotics [74]. Big Data research could help to shed some light on this difficult ethical dilemma.

5. Conclusions

Our study highlighted how most of the issues presented for digital dental technologies such
as electronic dental records, mHealth, and teledentistry, as well as developments in personalized
medicine, are in line with those mostly discussed in the debate regarding the application of ICT in
healthcare, namely, patient privacy, confidentiality and anonymity, data security, and informed consent.
In addition to those issues, image forgery aimed at scientific misconduct and insurance fraud was
frequently reported in the literature. Moreover, the present review identified how major concerns
in the field of dentistry are related to the impact that an improper use of ICT could have on the
dental practice and the doctor–patient relationship. In this context, issues of online professionalism
were raised together with issues of aggressive or misleading social media or web. Finally, additional
research should be conducted to properly assess the ethical issues that might emerge from the routine
applications of increasingly novel technologies.
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