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Abstract

Background

Artificial intelligence (Al) algorithms have been applied to diagnose temporomandibular dis-
orders (TMDs). However, studies have used different patient selection criteria, disease sub-
types, input data, and outcome measures. Resultantly, the performance of the Al models
varies.

Objective

This study aimed to systematically summarize the current literature on the application of Al
technologies for diagnosis of different TMD subtypes, evaluate the quality of these studies,
and assess the diagnostic accuracy of existing Al models.

Materials and methods

The study protocol was carried out based on the preferred reporting items for systematic
review and meta-analysis protocols (PRISMA). The PubMed, Embase, and Web of Science
databases were searched to find relevant articles from database inception to June 2022.
Studies that used Al algorithms to diagnose at least one subtype of TMD and those that
assessed the performance of Al algorithms were included. We excluded studies on orofacial
pain that were not directly related to the TMD, such as studies on atypical facial pain and
neuropathic pain, editorials, book chapters, and excerpts without detailed empirical data.
The risk of bias was assessed using the QUADAS-2 tool. We used Grading of Recommen-
dations, Assessment, Development, and Evaluations (GRADE) to provide certainty of
evidence.

Results

A total of 17 articles for automated diagnosis of masticatory muscle disorders, TMJ osteoar-
throsis, internal derangement, and disc perforation were included; they were retrospective
studies, case-control studies, cohort studies, and a pilot study. Seven studies were
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subjected to a meta-analysis for diagnostic accuracy. According to the GRADE, the cer-
tainty of evidence was very low. The performance of the Al models had accuracy and speci-
ficity ranging from 84% to 99.9% and 73% to 100%, respectively. The pooled accuracy was
0.91 (95% C1 0.76-0.99), I? = 97% (95% CI 0.96-0.98), p < 0.001.

Conclusions

Various Al algorithms developed for diagnosing TMDs may provide additional clinical exper-
tise to increase diagnostic accuracy. However, it should be noted that a high risk of bias was
present in the included studies. Also, certainty of evidence was very low. Future research of
higher quality is strongly recommended.

Introduction

Temporomandibular disorders (TMDs) can cause pain and dysfunction in the temporoman-
dibular joints (TM]Js) and masticatory muscles. TMDs are the second most common musculo-
skeletal conditions and include various symptoms, such as decreased range of motion, joint
sound, and mouth opening deviation [1]. TMDs can be classified as pain-related disorders,
which include myalgia and arthralgia, and intra-articular disorders, which include internal
derangement and degenerative joint disease (DJD) [2].

The etiology of TMDs is considered multifactorial, with biological, behavioral, and psycho-
social factors contributing independently or as interrelated factors [3, 4]. Moreover, comorbid-
ities, such as cardiovascular diseases, osteoarthritis, tinnitus, sinusitis, and thyroid disorders,
are associated with disease onset and progression [5-7]. Therefore, diagnosis of TMDs
requires a comprehensive evaluation of the patients’ signs and symptoms (acquired through
clinical examination and medical image analysis) and behavioral and psychosocial factors [2,
8]. Subsequently, the complex nature of TMDs makes diagnosis difficult.

Currently, the most widely accepted diagnostic criteria is the Diagnostic Criteria for
Temporomandibular Disorders (DC-TMD) [2] which was developed on the basis of large-
scale international studies and data analyses since the 1990s. The DC-TMD comprises two
axes, Axis I and Axis II, which include diagnostic standards for differentiating pain-related
TMDs and intra-articular disorders (Axis I) and assessing jaw function and behavioral and
psychosocial factors (Axis II).

Despite the popularity of the DC-TMD, it has limitations in terms of its diagnostic accu-
racy. Several subtypes of internal derangement, such as disc displacement with reduction, with
reduction and locking, and without reduction, showed low sensitivity (0.34-0.54). Similarly,
low sensitivity (0.55) and specificity (0.61) were observed for DJD. Further, the interexaminer
reliability is relatively low for internal derangement and DJD [2]. Screening tools, such as sur-
veys to determine patients’ symptoms, are expensive and time-consuming and place a burden
on clinicians.

Advancements in artificial intelligence (AI) technologies have led to major developments in
the healthcare industry. The Merriam-Webster dictionary defines Al as ‘the capability of a
machine to imitate intelligent human behavior.” It essentially refers to the simulation of
human intelligence processes using computer systems. Generally, Al systems are trained using
large amounts of input data. Patterns are learned from these data and then used to predict the
outcome of new instances. Al algorithms are increasingly applied in patient diagnoses, espe-
cially for detecting and classifying lesions, such as skin cancers [9], diabetic retinopathy [10],
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brain tumors [11], and dental caries [12], using medical diagnostic images [13]. Additionally,
other data types, such as electronic medical records in the form of text [14], voice [15], and
sound [16] are used to develop diagnostic tools to support clinicians in decision-making.

Recently, various Al algorithms have been applied to image and nonimage data for TMDs
diagnosis [17-21]. However, studies on the use of AI for TMD diagnosis have used different
patient selection criteria, disease subtypes, input data used for diagnosis, and outcome mea-
sures for performance evaluation. Moreover, the accuracy of the AI models varies. To the best
of our knowledge, there has been no systematic review till date that summarizes such findings.
Therefore, this study aimed to systematically summarize the current literature on the applica-
tion of Al technologies for diagnosis of different TMD subtypes—both muscular and articular
conditions—evaluate the quality of these studies and assess the diagnostic accuracy of existing
Al models.

Materials and methods

This systematic review and meta-analysis was conducted and reported in accordance with the
Preferred Reporting Items for Systematic Review and Meta-analysis (PRISMA) 2020 guide-
lines (S1 and S2 Tables) [22].

Research questions

This systematic review and meta-analysis was conducted to answer the following question:
“How accurate are the Al algorithms for the diagnosis of TMDs?” The focused question was
further classified as follows:

1. Which data were used for developing algorithms for TMD diagnosis?

2. Which Al techniques were used for TMD diagnosis?

3. Which features were used for TMD diagnosis?

4. Which outcome measures were used for assessing the model performance?

Further, the research question was formatted using the Population, Intervention, Compari-
son, and Outcome framework (Table 1).

Information sources and search strategy

Our search algorithm comprised the PubMed, EMBASE, and Web of Science databases. A
combination of the following terms was used: “artificial intelligence” OR “neural network” OR
“machine learning” OR “deep learning” OR/AND “TM] osteoarthritis” OR “temporomandib-
ular joint osteoarthritis” OR “temporomandibular disorders” OR “masticatory muscle disor-
ders” OR “TMDs” OR “TM]J disorder” OR “temporomandibular joint disorders” OR “TM]

Table 1. Description of the population, intervention, comparison, and outcome elements.

Research question | How accurate are the AI algorithms for the diagnosis of TMDs?

Population Patients with TMDs

Intervention Use of medical diagnostic images (CBCT, MRI, panoramic radiographs) and health records
Comparison Type of data and algorithm used for Al-based automated diagnosis models
Outcome Performance of Al algorithms for the diagnosis of TMDs assessed using diagnostic accuracy

AL artificial intelligence; TMDs, temporomandibular disorders; CBCT, cone-beam computed tomography; MRI,

magnetic resonance imaging

https://doi.org/10.1371/journal.pone.0272715.t001
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arthritis” OR “temporomandibular joint arthritis” OR “progressive condylar resorption” OR
“degenerative joint disease” OR “temporomandibular joint disease” OR “TM] disease” OR
“idiopathic condylar resorption” OR “juvenile idiopathic arthritis.” No start date was used,
whereas the end date was June 30, 2022. Table 2 includes the search strategy for each database.

Eligibility criteria, study selection, and data collection

We included original studies published in scientific journals whose full texts were available.
The inclusion criteria were as follows: (a) use of Al algorithms to diagnose at least one subtype
of TMDs; (b) the performance of the developed AI algorithms was assessed; (c) no limit on the
participants in terms of gender, age, or ethnicity; and (d) were written in English. The exclu-
sion criteria were as follows: (a) studies on orofacial pain that is not directly related to the
TM]J, such as atypical facial pain and neuropathic pain; (b) studies on TM]J that were unrelated
to disease diagnosis; (c) editorials, comments, book chapters, and excerpts without detailed
empirical data; and (d) studies not written in English.

To determine the final eligibility, the two investigators (YJK and NJ) independently
assessed the full text of studies. Conflicts between the reviewers was resolved by the involve-
ment of a third investigator (KSL). Then, two investigators, NJ and YJK, independently
extracted and formulated the data, such as input data used for TMD diagnosis, Al algorithms
used, and performance measures. Any discrepancies were resolved through discussion.

Risk of bias assessment

The selected articles were critically assessed and scored independently by two investigators
(YJK and NJ). Quality assessment of the studies was based on the Quality Assessment of Diag-
nostic Accuracy Studies (QUADAS-2) [23]. The QUADAS tool was first developed in 2003 for
systematic reviews of diagnostic accuracy studies and later updated to QUADAS-2. It

Table 2. Search strategy for each database.

Database Search Terms Records
retrieved
PubMed (“artificial intelligence " OR " neural network " OR " machine learning " OR " deep | 1142

learning ")) AND/OR (("TM]J osteoarthritis" OR "Temporomandibular joint
osteoarthritis" OR " Temporomandibular disorders " OR "TMDs" OR "TM]J
disorder" OR "Temporomandibular joint disorders” OR "TM] arthritis" OR
"Temporomandibular joint arthritis" OR "masticatory muscle disorder" OR
"progressive condylar resorption” OR "degenerative joint disease” OR
"Temporomandibular joint disease” OR "TM] disease" OR "idiopathic condylar
resorption” OR " juvenile idiopathic arthritis")

Embase (“artificial intelligence " OR " neural network " OR " machine learning " OR " deep | 585
learning ")) AND/OR ((" TM]J osteoarthritis " OR " Temporomandibular joint
osteoarthritis” OR " Temporomandibular disorders " OR " TMDs" OR " TM]J
disorder” OR " Temporomandibular joint disorders" OR " TM] arthritis” OR "
Temporomandibular joint arthritis” OR "masticatory muscle disorder" OR
"progressive condylar resorption” OR " degenerative joint disease” OR "
Temporomandibular joint disease” OR " TM] disease" OR "idiopathic condylar
resorption” OR " juvenile idiopathic arthritis")

Web of ("artificial intelligence " OR " neural network " OR " machine learning " OR "deep | 196
Science learning ")) AND/OR ((" TM]J osteoarthritis " OR " Temporomandibular joint
osteoarthritis”" OR " Temporomandibular disorders " OR " TMDs" OR " TM]J
disorder” OR " Temporomandibular joint disorders" OR " TM] arthritis”" OR "
Temporomandibular joint arthritis" OR "masticatory muscle disorder" OR"
progressive condylar resorption” OR " degenerative joint disease” OR "
Temporomandibular joint disease” OR " TM] disease" OR "idiopathic condylar
resorption” OR " juvenile idiopathic arthritis")

https://doi.org/10.1371/journal.pone.0272715.t1002
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comprises four components: patient selection, index test, reference standard, and flow and
timing. Each component is assessed for the risk of bias. The first three components are also
assessed for concerns about the applicability of each component [23]. The quality was rated as
high, low, or unclear. Conflicts between the reviewers was resolved by the involvement of a
third investigator (KSL).

Certainty of evidence assessment

We used Grading of Recommendations, Assessment, Development, and Evaluation (GRADE)
[24] to evaluate the quality of evidence of studies for which meta-analysis was performed. Each
outcome gets a rating on the quality of evidence of high, moderate, low, or very low within five
domains- risk of bias, imprecision, inconsistency, indirectness, and publication bias.

Statistical analysis

Meta-analysis of diagnostic accuracy was conducted using the Hartung-Knapp-Sidik-Jonk-
man method for random-effects models. The accuracy estimates were transformed using the
Freeman-Tukey double arcsine method. Heterogeneity was quantified using the I statistic,
which is the percentage of total variation across studies due to heterogeneity rather than
chance. All analyses were conducted using R v.4.0.4 (R Project for Statistical Computing) with
the Meta package.

Results
Study selection

The initial database search yielded 1923 studies. After removing duplicate studies, 985 articles
were screened for inclusion, of which 32 studies corresponded to TMD diagnosis using Al.
However, 15 of these 32 articles were excluded due to various reasons, such as book chapters,
studies with a focus on creating a web system repository for neural data storage, studies related
to TM] movement and anatomy, excluding diagnosis, studies related to facial pain syndrome
as a differential diagnosis, and studies related to robotics (S3 Table). Finally, 17 articles met
our eligibility criteria and were included in this systematic review (Fig 1).

Risk of bias assessment of the included studies

Fig 2 summarizes the study biases as high, low, or unclear. The patient selection bias potential
was low in 11 out of 17 studies [17, 19, 21, 25-32] and high in 6 out of 17 studies [18, 20, 33-
36]. A high risk of bias in patient selection was present due to the inclusion of case-control
studies. However, the applicability concerns for patient selection were assessed as low for these
studies because selection bias was overcome using case-control matching. Regarding the refer-
ence test and flow and timing domains, 17 out of 17 studies were considered to have a low
degree of bias and low degree of applicability (S1 Fig). Index test was reported unclear for 13
out of 17 studies due to a lack of information on threshold values.

Certainty of evidence assessment of the included studies

Of the 7 studies considered for meta-analysis, 2 studies had invalid outcomes for the test of
diagnostic accuracy. Therefore, 5 studies were included for the GRADE analysis [17, 18, 28,
33, 34]. According to the GRADE, the Risk of bias was considered serious as it was high for
three studies [18, 33, 34]. The factor of imprecision was considered very serious because the
number of subjects was less than 1000 [17, 18, 33, 34]. Therefore, the certainty of evidence was
concluded as very low (54 Table).
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Fig 1. PRISMA flowchart for screening and identifying the included studies.

https://doi.org/10.1371/journal.pone.0272715.9001

Characteristics of the included studies

The types of studies included were mostly retrospective studies [17, 20, 21, 25, 26, 28, 30-33], 3
case-control studies [18, 19, 29, 34], 2 case-control cohort studies [35, 36], and 1 pilot study
[27]. Table 3 shows the characteristics of the included studies.

Patient Selection [ NNNMEEI
Index Test I ﬁ

Reference Standard [
Flow and Timing [

0% 25% 50% 75%
Risk of Bias

0% 25% 50%

75%  100%

Applicability Concerns

High |:| Unclear

Low

Fig 2. Quality assessment graph of included studies.

https://doi.org/10.1371/journal.pone.0272715.g002

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022

6/18


https://doi.org/10.1371/journal.pone.0272715.g001
https://doi.org/10.1371/journal.pone.0272715.g002
https://doi.org/10.1371/journal.pone.0272715

Diagnosis of temporomandibular disorders using Al

PLOS ONE

(panutpuo))
sakeq
QAIBN] 991}
Ajod [reag
—aueqay a1}
nrp-moyn
UOLIANLID
UONRULIOJUT
uersadegq
21008 SI[eWdy [H
-pue-yoress ‘sorewx
Apaain $G Xag'7
(NI (quauraoe[dsip uonIpuod G'6c:ade
9%58-%¢/ uontsod osIp ‘TYIN | uryIIm sauerd 2s1p pue sadueyd yred SANL a8eraay (q
%001 Auoq pue Auoq) 1oyne | YO[AL PUe | YI0MIU Ja1[q jostsouderp | 9g-11:98uey
-909 :sanIeuLIouqe Auoq TYN juawaoedsip ay) £4q paunep | jusuaSueIsp uersakeq 10] TN 0} By (e [12]
%66 ‘PPOIN AoeInooy as1q - 10 QIO [eusdiu] NNV I | uoneordde Ngg P8V 1| 10T ‘Plesem]
%€6 :Aoyradg (q
%¥F :LAnIsuag (e
Jomaay
PIS IO YMAQYV PIS U
%68 A1oy1ads (q
%001 :AyanIsuag (e
IMaay [esereqrg
%16 -Loyads (q
%69 :ANATISUAS (B
gomaQy [erle[run LJANL syuro( feuriou
%56 :A1g12ds (q uonemadp | g6 9as unsal, | /DY 03 Surproooe pue a1 (WL
%08 :£)ADISUSS (B | me[ pue ‘Spunos 191 | ‘swoydw4s [eorurp | juswaSuerap SpI0a1 Jo stsouderp [sz]
aMaqy ressyequn | jutof Sunpdrd ;308 Sururel], | pue saLIOISIY Judnjed [eurajuy NNV [eSTPaA | 10J NNV JO 9s) - | T10T “Te1s seg
s[enplarpur
Aqieay
pue QWL
M srenplalput
BIdUWIED u2aMIaq
s1o9(qns Ayi[eay 1oy sSurpuy 0op1a UOTeDYISSE[d
asoy} uey) (JIALL Y3Mm S[ENpPIAIpUT SJUSWAOU UOTJRUTUIEXD (ad£yqns uonN|osax urdyyed [61] £00Z“Te 32
10§ 198xe[ () yusuodxa aoundef T S[qIpueIy [esrurp ou) qALL WAS -ySiy | [erey onRWOINY - 1spoyn
sfe1-x oryderSowo)
Sursn pue ‘sgurpury SYSTp paderdsip
sryderdofuwronoapp Sumnpazx
‘sgurpuryy -uou pue
sIsA[eue UoneIqIA S[IALL TewIou
%898 :AdoeInooy (o jutof ‘sSurpuy Jo uons339p
%816 :A1ADISUAS (q suroped | §¢ os Sunsa], | uoneurwexs reorurp | juswaduersp SPI0221 10§ YI0MIDU [62] €002
%001 :A31ogy0adg (e | Suimayp fespouy | §¢ 39s Sururer, £10351Y [ROTPaWT [euIajuy NNV [BSIPOIN | [eINaU [EDYNIY - “Te 30 pey
(xas 10 /pue
adfyqns sxeaf ur a8e)
Sururen oy AL SursouSerp parpmis pasn| poasnejeq uondrisap
DUBULIONIIJ/SINSNY Ppasn saanjed azIs yasejeq Joy erd) | odfyqns QIL|  swrproSy JoadAy,| 2andalqo Apmig sdureg| xeax “royny

*S3IPN)S PIPNIUL 3] JO SONSLIdORIRYD) *€ AqQR],

7/18

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022


https://doi.org/10.1371/journal.pone.0272715

Diagnosis of temporomandibular disorders using Al

PLOS ONE

(panunuo))
VOI[NLL
ur safueyd
(dnoid suo-/+ P¢ 19s Junsay, syder3orper Auoq ssasse
JO IOIId Uk J0J 94T6) UOTJEITJISSE[D 65T ur AyIIqerrea 01 JI0M)2U L'11 F6'6€ [81] 610C
J0BX3 JO 9 /% AoeInooy | odeys re[dpuo) ;398 Gururexny, Teo18ooydiow VOIAL NND 109D [eanau doa(g 298y ueay “Ie 32 r1aqryg
So[eWd)
6 ‘Sorewr
19 %38 '
%0°L6 an[eA 2and1paid-aanedaN (@ TETFS6E
%6°06 :an[eA 2A1OIpaId-2A1IS0g (P Bunprwrw
%€"66 :Aoy1oads (0 suonIpuod anlL(q
9%0°69 :ANARISUIS (q Supprwru 8SIFTIE
%996 :£oemody (e AL PUe AL ‘AN (B
€790 ANL/OAY (adfagns SpI009Y 2)eNUIIIP a8y ueay [1€] 810C
‘[opow 3y} Jo J-Jo-ssaupoo oy, | Suruado ynow - SpI0D2I [DTPIIN ou) QAL JIN [edTpaIN 0} I'IN 28y 1 RCEERGING
VOINL PSIFF6E
%66 < eAles | adeys ref{puod s3urpuy JO uoTEDTJISSE[D :s[o1uod (q
pue ewsefd ur sppAd] ura301d (q ‘szayrewrorq | ¢ :39s Sunsay, UONJBUTUIEXD SIOM]OU [eINdU L1 F6'6€
%C8 < Sa[qeLIeA ute (e Arearres 65T [edrurpd 10§ w)s4s 'VOINLL (& | [¢€] 810T “Te 30
vDd pue wnisg ;398 Sururex], £103s1Y [ROTPOW VO[NL vDd ‘NND 109D paseq-qom a8y ueay jsewn(y ap
VOI[NLL
ur safueyd
%56 ‘ejep Sunsa, sydesSorper adeys ssasse
9%¢6 ‘eyep Sururer], ur LyIIqerrea 0} JI0M)dU [0Z] 810T “Te 32
£oemooy | adeys redpuo) S[INLL 89¢ Tear3ojoydiouwr VOIAL NND 104D [emoau daa(g - jsewrn(y ap
%€ :Koyroadsg (2
%62 Ananisuag (q
9%¢/ Koemdoy (e
1S210J WOpUERY
%€, :Kiyadg (o
%8 :K1anIsuag (q
%6/ :AoeImooy (e
sakeq aATEN sjuarpesd
%68 :Kydyadg (o pajuatLio
%¥8 :AIATISUAS (q Jo wrex3o)sTH
%¥8 KLoemooy (e urayyed
NAS Areurq
%06 :&yoy13ds (0 [e20T ‘NN SAALL
%¥6 :AAISUSS (q 7€T 398 Sunsay, sSurpuy NAS ‘sakeg JO JudWISSasse
%6 AoeIndoy (e €1 UOTJRUTUIEXD SATEN 95210 10§ suzajed [9Z] 910T “Te 32
NN | odeys redpuo) 1398 Gururexny, [eoturp VOINL wopuey 104D Areurq [eso] - | repyeSouySery
(xas 10 /pue
adfyqns sxeaf ur a8e)
Sururen 1oy AL SursouSerp parpmis pasn| poasnejeq uondrisap
DUBULIONIIJ/SINSNY Ppasn saanjed azis yasejeq 10y eud) | odligqns QI L|  sunprrodpy JoadLy,| sanda(qo Apmg sdweg| xeax “xoyny

(penunuoD) ¢ 3[qeL

8/18

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022


https://doi.org/10.1371/journal.pone.0272715

Diagnosis of temporomandibular disorders using Al

PLOS ONE

(panunuo))

1470 03 79" woxy

paSuex sajqerLIea [[e 10} DNV ¢
10 < DNV :Adonus

pue £315ud 10J UONOIPAI] ‘T
sdnoid

[013u00 pue YO [JAL 93 UamMI2q
saouaIapIp Jueonyuds pajuasard
JBY) So[qeLIeA 10] SIAIND DOY ‘T

€78°0 91008 T
048°0:DNV
€78°0 :£oeIndOYy

%716 ‘eyep Sunsay,

%6°¢/ “eyep Sururer],
“fyruuoyuod

J0 92130p Suimoys (SNSUISUOD
suemIurp o) pareduwod)

VO [IAL Jo Surdess yromjou
[eInau Jo sonAeue 2A1OIPAI]

AUBULIOIdJ /SIMNSIY

adeys re[dpuod
‘SoqeLIeA
Ie[nd3[0wWoIq
Ppue soroTpey

adeys re[dpuoo
‘SaqeLIeA
Ie[nosjowolq
pue sorworpey

S[Apuod pue
©SSOJ JR[NONTY

Sururen 1oy
Ppasn saanjed

Sy

:dnoi8 vO(NL

6¢

:dnoig jonyuop

p¢ 30s Sunsay,

65T
;398 Gururexny,

azIs Jaseje(q

anL/od

anWrL/od

anL/od

uo paseq sisouderp

oryderorper
pue sSurpuy
UOT)RUTIIEXD

[e21U1D

adfyqns
AL SursouSerp

10y eI | 9dA3qns UL

WTITO

VOINL pue NDTO

1500gDX
Qunpewr
Sunsooq

VOI[IL | yuarperd 1ySry

VO[N.L NNO

parpnys pasn
sunprodyy

SI[IeWoIq
SurSewr suoq
aaneuenb
Suisn yO[ALL
Jo sisouger(q

Sururesy
suryoew
pUe sIyIRWIOIq

Sutsn YO[NLL
Jo stsougerq

VOI[NL
ur saued

Auoq ssasse

0] YIoM)aU
[eanau doap puy
pue £3ojoydiour
Te[Apuod

JO SIaYIRWOIq
JO SUOTIR[110D
197,

aAna(qo Apnig

sa[ewa]
8¢ ‘sorewr
L-VO[L(q
S9[RWId) €€
‘safewt 9-n)) (e
X3G'C

P+

9¢ S[ONU0d
T'el+

0V -VOIWL
a3e ueapy (q
0L-1¢C

-o8uer a8y (e
Byl

Sa[eWd)

6€ ‘SR
L-VO[NL(q
Sa[eWd 6€
‘safewt £-D)) (e
X987

0L-1C

:28uey 28y
3Byl

¥SIF v6e
isjonuod (q
LTTF6'6€
ewoyduwAs
(e

28y uea|y
(xas 10 /pue
sxeaf ur a8e)
uondrisap
srdureg

[9¢] ozoT
“[e 32 Tyouelq

[s¢] ozoT
“[e 39 Tyouerq

7€l 6102
“[e 32 LINOYS

Iedy “Ioyny

(penunuoD) ¢ 3[qeL

9/18

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022


https://doi.org/10.1371/journal.pone.0272715

Diagnosis of temporomandibular disorders using Al

PLOS ONE

(panuiuo))

¥8°0 “[[e2"
G8°0 21008 T,
G8'() “UOISIAIJ
98°0 :Aoemndoy

%78 0NV (P

%¥6 :Aoyads (2

%¥S Ananisuag (q

%¥8 :Loemdoy (e
Surung, sur 91HHA

Aq umoys s)nsax 1s3q (¢ [PPOIN])
uonedyyIsse[d Afeuriouqe JApuo))
%6 91008 T (2

%<8 e (q

nxumm ‘UoIS121q Am

(T 1PPOIN)

uonedyIsse[d A)Ipifea sApuo)
%6L-%.. Aoy1ads (p
%88-%8 :ANAnISUIS (2
%E8-%6. AoV (q
o&@h ‘UoIS121q Aw

WAS

%¥6-%9. A1oy1ds (p
%¥8-9%96 ANADISUIS (2
%¥8-%08 :AoeInd0Y (q
%6L—%E9 ‘UOISDAI] (e
sakeq aATEN

%06-%6. Koy10ads (p
%6L~%89 ANADISUIS (2
%¥8-%6. ANV (q
%6L—%99 ‘UOISDAI{ (e
1310 wopuey
%86-%¥6 A1oy10ads (p
%L6—%L8 ANADISUAS (2
%L6-%S6 AoV (q
%96-%€6 ‘UOISAL] (e
NN

AUBULIOIdJ /SIMNSIY

adeys refdpuo)

s[Apuoo pue
€SSO} TR[NONIY

ynow jo Sursop
pue Suruado
‘S)USUIDAOW
[exoye]
‘uoIsnIoIg

Sururen 1oy
Ppasn saanjed

LSL19S
uonepreA

00¢ :39s Sunsay,
LSLT

;398 Gururexny, ANL/Oad

1€ 39s Sunsay,
€6

;398 Sururex],
{UOTIRIJISSB[D)
€

816 :39s Sunsay,
990¢

;398 Sururex],
{UONRUTWILIISIP
Jdpuo)g

£97T :39s Sunsay,
008

;398 Gururexy,
Hi(UIREIE o @

swojdwAs [eoturpd
pue £103s1] JUAT)E

- an.L/oda

adfyqns
AL SursouSerp

azis yasejeq 10J BLISILID)

VOINL

VOINL

Aypedoryyre
pue
Ayyedody

«pIpmIs
adfyqns QL

IV WM

sadewnt 1,040

Suisn yO[INLL

JO JudWISSasse

ass 10490 pajewromny

NNO-Y¥

pue NND

Sp10231 Sursn affpuod

[edrpawr Ienqipuewr

qqdesSorpex JO U0TO3)IP

NND | orweroueg pajewony

‘diNL

JO uonenyeAd

a1} 10§ [00}

snsouderp e se

syuawaAOW Mmef

P10231 03 WId)sAs

wa)sAs sruoxdafeoldo

NN Suppen | ue £q pajoaf[od

NAS ‘saheg -uonouwr SaIN)ed)

SATEN 9S910J | UJIM BISWIED |  [eDTUBYDIUIOI]

wopuey parenyuy Jo sisfeuy
pasn|  pasnejeq

sunprodyy JoadAy,| aandalqo Apmig

Sa[eWay O€T
‘soewt
8 %98 T
T8I F §'6¢08¢
uedN (q
$8-91:98ue1
By (e [21]
PEV'T | 020T “[e12 997

So[ewa]
766 ‘SoTewx
00£ X3S 'T
¢'cp 98e
a8eraay (q
09-0z:28uey

By (e [87]

@8V "1 | 020T “Te 32 Wiy

So[eUId) 9
‘sofet F-Hvy (2
so[euray

£ ‘soewx

¢-DIN (9
so[ewray

G ‘sofewx
S-DD (e

X3§ 7

0s

-g71 :98ue1 a8y
P8y 1

(xas 10 /pue
sxeaf ur a8e)
uondrisap
srdureg

(2] 0T0T
“Te 12 [I1eD

Iedy “Ioyny

(penunuoD) ¢ 3[qeL

10/18

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022


https://doi.org/10.1371/journal.pone.0272715

Diagnosis of temporomandibular disorders using Al

PLOS ONE

€00¥ G }L¢Le0auod [euinoly| g 1°01/B10"10p//sdpy

"STILIYIIR09)s0 Jutof Temnqipueworoduwa ], ‘Y O[ALL GuewaSuelap [eurajut jutol remqrpuewotoduwa ], ‘qy (AL SI9pIosip jurof renqrpuewrorodurd) ‘AL SouTydew 103004 310oddns ‘WA 1039939

JoyS-9[3uIs ‘@SS nstraoereyd unerado 1041931 ‘DY ‘s10pIosi( Tenqrpuewroroduua J, 10§ BLISNIY) d1souder( Yo1easay ‘QINL/DAY ‘SisAfeue yuauodwod redourid v ‘stsdTeue jusuodurod

edounid ‘yp (g Burewn soueuosar onauSew TYW NNV YTomiau [emnau epynte) uondasrad redemmur ‘g ‘dnoid Ayjedofwr ‘DA s10quSTau jsareau-y ‘NN {UOTUN J9AO UOTIIISIAUT ‘N O]

104D uonnjosai Y3y ‘,OGD-1Y XLew [ISus]-uni [2A9[-A.I13 ‘W TITO XIIJeW 20ULINID0-00 [2A3[-ABI3 DO {[[eI21 PUE UOISIIAId JO UBIWI DTUOULIRY DI0DS T, SIdpIosI( Tenqrpuewrotodura ],

10§ BLIDNID) o1soudel(J ‘qIANL/DJ SYI0MIAU [eInau [euonnjoauo)) ‘NND ‘dnois jonuos ‘57 Lyderdowo) payndurods weaq-auod {1 HgD SI0MIAU Ja1oq Uersakeq NG AIND dY) Iopun eare OOy

S[I0M]DU [BINAU [EDYNIY NNV @ouadipiut [epynte Ty ‘dnoid Ayjedoryyre ‘oy wononpal yim juaurade[dsp osIp I0110)ue “YMJVY SUOTIONPIT JNOYIIM JUIUIIR[ASTP ISTP IoTI)ue “JomqdVy

[2] suoneorddy yoreasay pue [esrur) 10§ (QINL/DA) $12pIosi( Tenqrpuewiorodwa ], 10§ BLINLIY) d1souSer( 9y YIm aoueprodoe ut st adLiqns AL,

sased
[eorurpd asouderp
03 s1suonnoeid
[e1uap pue

dTIN jo Lnpiqe
Surredwoo

*212 $10)08}
Guneaei3de
cwroyduwfs

Jo Aouanboaiy ¢
3)IS }oSUO WIOT)
awry ‘Ayrsuajur
ured ‘s101d11osap
ured jo Ayirenb
cuondrosap pue
josuo woyduwAs
Jjo Jumnsisuod
dIreuuonsan

(2L00" = d) sueprup
Jo 1etp) 03 Jorradns
Jd'TIN Jo £oeamdoe onysouderp

16£°0:0NV (e

adeys osiq

%8°5. :Koyroadg (2

%€"96 ANABISUSS (q

816°0 0NV (&

1$910] wopuey

%8'%8 :K1oy1oads (2

%T'S8 :KAnIsuag (q

0¥6'0 0NV (&

souewojrad 3sayS1y pamoys JTIN

MoITeur
suoq pue adeys
2oeds jurof
adeys essoj
pue s[fpuod
adeys osi(q

Sururen 1oy

AUBULIOIdJ /SIMNSIY Ppasn sainjedq

loyyne
- | £qpauyep eLLILID

(sa8ueyp

Te[puoo @oeds jurof
‘adeys os1p) DI

uo paseq IOYINe

- | 4£q paunep euyu)

adfyqns
AL SursouSerp

azis yasejeq 10J BLISILID)

juowrauerop
[eurayu]

VO[NNI pue
uornerojrad

as1q

«pIpmIs
adfyqns QL

Sp10231

(NNV) dTIN [eS1PIN
18210J
wopuey

‘(NNV) dTIN NN

pasn| pasnejeq
sunprodyy JoadAy,

s10MIPU
[eanau Sursn
ured [eroejoro
pue AL

Jo stisouderq

Sururesy
doap Sursn
uoneroyiad

oSIp (INL
Jo stsouger(q

aAna(qo Apnig

[ee]
TTOT ‘BHIONIA
- 3R ToUTaIY]
So[ewd)
8¢T ‘sorew
0¢ :dnoid
parerojaad
-uou (q
So[ewd)
0TI ‘safew
01 :dnoid
parerojrad (e
X3¢ 7
£z :dnoid
pajerojrad
-uou (q
z¢ :dnoid
parerojrad (e
a8y uerpay [0€]
P8V T | 1207 “Te 19 Wy
(xas 10 /pue
sxeaf ur a8e)
uondrisap
sdureg| xeax “royny

(penunuoD) ¢ 3[qeL

11/18

PLOS ONE | https://doi.org/10.1371/journal.pone.0272715  August 18, 2022


https://doi.org/10.1371/journal.pone.0272715.t003
https://doi.org/10.1371/journal.pone.0272715

PLOS ONE

Diagnosis of temporomandibular disorders using Al

Sex distribution indicated higher number of female subjects than male subjects for most of
the studies [17, 21, 27, 30, 31, 35, 36]. Image and nonimage data were used, and medical diag-
nostic imaging modalities, such as CBCT [17, 18, 20, 26, 33], high-resolution CBCT
(HR-CBCT) [34-36], MRI [21, 33], and panoramic radiography [28] were used. Other types of
image data included infrared cameras with a motion-tracking system [27] and high-resolution
video cameras [19]. Nonimage data included medical records, such as patients’ symptoms [25,
29, 31, 32]. The most frequently used method was convolutional neural networks (CNNs; 7
studies), followed by artificial neural networks (ANN; 5 studies), and decision trees (4 studies).
Other techniques included Bayesian networks (3 studies), support vector machines (SVMs; 3
studies), K-nearest neighbors (KNNs; 2 studies), and natural language processing (NLP; 1
study). Some studies used several machine-learning algorithms and compared the results.

Meta-analysis

The diagnostic accuracy was 0.69-1.00, and the pooled accuracy was 0.91 (95% CI 0.76-0.99),
I = 97% (95% CI 0.96-0.98), p < 0.001 (Fig 3). The study with the lowest accuracy had multi-
ple classes of condylar shape in patients with DJD in which the classes represented varying
degrees of condylar resorption and remodeling [33].

Discussion

Diagnosis of TMDs can be complex as patients present with various symptoms according to
subtypes, thus requiring clinical expertise. Various studies have diagnosed TMDs using Al to
facilitate diagnosis and support clinical decisions. However, the accuracy of the developed
models varied greatly depending on the type of data used, dataset size, and algorithms used for
developing the model.

Among the subtypes of the TMDs, TMJOA was found to be the most studied type of TMD
in this systematic literature review. One of the possible reasons is that TMJOA is an advanced
form of disease that occurs after disc displacement, and it has a significant effect on occlusion
and facial appearance. Deep-learning algorithms were used to diagnose TMJOA by detecting
the changes in the condyle shape using CBCT images [18, 20, 33]. Lee et al. developed an auto-
mated diagnostic tool for detecting TMJOA based on the Diagnostic Criteria for TMDs [17].

Study

Lee et al., 2020
Ribera et al., 2019

Ghodsi et al.,2007

Iwasaki , 2015

Kim et al., 2020
Shoukri et al., 2019

Events Total Weight IV, Random, 95% CI IV, Random, 95% CI

257 300 155% 0.86[0.81, 0.89] ' |
34 35 135% 0.97 [0.85, 1.00] —l

de Dumast et al., 2018 24 34 134% 0.71[0.53,0.85] ——
16 16 11.5% 1.00[0.79, 1.00] ——
1177 1180 15.8%  1.00[0.99, 1.00] |

482 518 157% 0.93[0.91, 0.95] ]

47 68 145% 0.69 [0.57, 0.80] ——

2151 100.0%  0.91 [0.76, 0.99] o

Total (95% Cl)

Heterogeneity: Tau” = 0.040; Chi” = 212.64, df = 6 (P < 0.01); ¥ = 97%

Fig 3. Meta-analysis of seven studies indicated by forest plot.
https://doi.org/10.1371/journal.pone.0272715.g003
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Kim et al. used panoramic radiographs to automatically detect the condyles and classify osteo-
arthritis [28]. Although panoramic radiographs are not considered the standard imaging tech-
nique in the diagnosis of TMJOA [4], the AT model showed accuracy, sensitivity, and
specificity of 0.84, 0.54, and 0.94, respectively, for diagnosing bony abnormality [28].
Machine-learning methods were used to examine correlations between the biomarkers, and
condylar shape changes were investigated to increase diagnostic sensitivity [34-36]. Radiomics
features were extracted from high-resolution CBCT scans to detect early bony changes [35,
36].

All studies on TMJOA used image data to analyze mandibular condyle shapes [17-20, 28-
31, 33-36], and CBCT was the most commonly used imaging modality. Accurate assessment
of bony changes is possible using CBCT; thus, it is considered the gold standard for TMJOA
[37]. HR-CBCT scans at a submillimeter resolution with voxel size as low as 80 um [38]. Com-
pared with micro-CT, it allows observing subtle changes in the trabecular pattern of the con-
dyle [35, 39]. The accuracy of the Al models used in these studies ranged from 80% to 90%,
indicating their high reliability. These results are similar to the conventional studies involving
human experts to diagnose TMJOA using CBCT [40, 41]. MRI was the most frequently used
imaging method for the diagnosis of internal derangements and disc perforations [21, 30].
Other data include jaw movement records [27]. Bas et al. used clinical symptoms and diagno-
ses to predict the subtypes of internal derangements using ANNs [25]. We provide a brief
explanation of techniques used in each study below.

ANN is a popular AI model that includes one input layer, two or three hidden layers, and
one output layer. ANN training begins by randomly assigning weights as small numbers near
0 and iterating the feedforward and backpropagation algorithms until certain criteria are met
to accurately predict the final output [42].

Deep learning is a subgroup of ANNs that involves many hidden layers. CNNs are a type of
deep learning algorithms that have been developed for image data analysis. CNNs can be used
for medical image analysis by performing tasks such as classification, which identifies input
image data as pretrained classes (such as disease or normal), detection, which locates the
region of interest (i.e. abnormal area), and segmentation, which identifies regions of interest as
pixel-wise boundaries [43-45].

Decision trees are popular tools that present results in a tree structure that can be easily
interpreted, are less time-consuming, and can help understand the interactions among differ-
ent features [46]. Decision tree algorithms were used by four studies in various forms, such as
random forest [26, 27, 30], light gradient boosting machine, and XGBoost [35].

Bayesian networks are a group of techniques connecting statistics and machine learning
applicable to complex systems, which can leverage smaller data sizes compared with other
machine-learning algorithms [47]. Further, large probability distributions can be compactly
represented using Bayesian networks [48]. They comprise factorizing a probability distribution
and a corresponding directed acrylic graph (DAG). The DAG presents a cause—effect relation-
ship among nodes [21, 48]. Bayesian networks have many forms, including naive Bayes (super-
vised classification) [45], greedy search-and-score [21], and Bayesian belief network path
condition [21].

SVMs have been recently developed and are useful techniques in pattern recognition and
classification studies [49]. Algorithm consideration, i.e., selecting a kernel/learning function,
made in advance, can improve the performance of SVMs. This technique involves the nonlin-
ear mapping of input vectors in a high-dimensional feature space to construct a linear decision
surface [49].

KNN is one of the simplest classification methods wherein the samples are divided into
training and testing groups. Training is performed with known labels, following which test
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samples are predicted using the learned model. The training and testing data need not be iden-
tical for KNN [50].

NLP is a subfield of Al that is used to decode human language into computer language [31].
Hospital data in the form of clinical history, radiology reports, and physical examination find-
ings are available from clinical databases; these can be interpreted with computational linguis-
tics using Al-assisted NLP systems. Free text can be organized into structured data [31, 51],
which reduces labor-intensive and error-prone administrative demands.

Feature extraction techniques such as gray-level co-occurrence matrix, gray-level run-length
matrix [36], local binary patterns [26], and histograms of oriented gradients [26] are used as
image-processing techniques to automatically analyze texture, shape, and color changes within
images. Feature selection is an important step in classification [52]. Different feature extraction
algorithms can be sequentially applied to extract feature matrices for individual images. Follow-
ing this method, feature matrix classification is performed using algorithms, such as SVM and
KNN ([52]. Principal component analysis (PCA) is a mathematical algorithm used to identify
variations in data that simultaneously reduces their dimensionality, creating sample plotting,
and identifying similarities and differences within a group of simple tasks [53].

Regarding the risk of bias assessment, this study used the QUADAS-2 tool recommended
for systematic reviews of diagnostic accuracy by the Agency for Healthcare Research and Qual-
ity, Cochrane Collaboration [54]. We could have used the Cochrane tool for Risk Of Bias due to
Missing Evidence in a synthesis. However, this tool was intended for risk of bias assessment for
the meta-analyses of the effects of interventions [55]. Some of the included studies showed a
high risk of bias in the patient selection domain because they were case-control studies. Other
domains showed a low risk of bias and low risk of applicability concerns for all included studies.

Regardless of the possible risk of patient selection bias, most of the included studies
reported high performance of the AI models showing a pooled accuracy of 0.91. However,
there was a concern about the quality of evidence due to the small number of subjects included
in the studies. Moreover, apart from the quality of the evidence, most studies lacked robust val-
idation mechanisms. Validation, i.e., model performance evaluation, may be evaluated using
data used for model development (internal) or from separate data that is not used for model
development (external) [56]. Crossvalidation or validating from similar data sources may
introduce accuracy bias [57]. External validation mechanisms, such as cohort studies, data col-
lection from various institutions, prospective data [58], and data from different sites [56], are
needed to improve the accuracy, quality, and generalizability of AT models.

Accuracy of traditional diagnostic tools for TMDs varies greatly. A systematic review on the
diagnostic accuracy of clinical diagnostic tests and signs of TMD reported sensitivity and spec-
ificity of 2-89% and 14-97%, respectively [59]. The diagnostic accuracy varied according to
the disease subtype and diagnostic test and signs used. In contrast, medical imaging modalities
such as CT and MRI, which are regarded as gold standards for diagnosis of osteoarthritis and
internal derangement, respectively, have shown a high examiner reliability [60]. Latest Al tech-
nologies have been introduced to support clinicians in diagnosing TMDs using various types
of data, such as medical diagnostic images, video images, radiomics features, jaw movement
tracking, electronic medical records (EMR), and biomarkers. These may contribute to the
increased diagnostic accuracy.

This study has a few limitations. Most of the included studies have reported the model per-
formance in terms of sensitivity, specificity, accuracy, recall, and R1. However, they did not
provide raw data for meta-analysis of sensitivity and specificity, except for one study [14].
Therefore, only accuracy could be calculated in the meta-analysis. Additionally, the accuracies
of the included studies showed high heterogeneity because the Al algorithms were developed
for different TMD subtypes, thus the number of classes in the output and the criteria for
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accurate prediction varied among studies. Another limitation is that the study protocol was
not registered in PROSPERO, and the transparency of this study could be affected. Lastly, we
omitted abstracts and conference proceedings in our review and only used English articles
selected from major databases, which collectively may exclude relevant studies published in
other languages.

Conclusions

The results of this study suggest that Al algorithms developed for automated TMD diagnosis
can be used as a decision support tool for clinicians. In addition to the medical diagnostic
images, various input data types, such as EMR, biomarkers, and radiomics features may help
increase the diagnostic accuracy of TMDs. However, a high risk of bias in patient selection was
present due to the inclusion of case-control studies. Most of the studies used a small training
dataset and lacked external validation. Additionally, a significant heterogeneity was observed
among the studies included for meta-analysis of diagnostic accuracy. The certainty of evidence
was concluded as very low. Further studies with a larger dataset to prevent overfitting and
ensure generalizability of developed models are warranted.
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