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Abstract 
This study aimed to predict temporomandibular disorder (TMD) using machine learning (ML) approaches based on measurement 
parameters that are practically acquired in clinical settings. 125 patients with TMD and 103 individuals without TMD were included 
in the study. Pain intensity (with visual analog scale), maximum mouth opening (MMO) and lateral excursion movements (with 
millimeter ruler), cervical range of motion (with goniometer), pressure pain threshold (PPT; with algometer), oral parafunctional 
behaviors (with Oral Behaviors Checklist), psychological status (with Hospital Anxiety and Depression Scale), and quality of life 
(with Oral Health Impact Profile) were evaluated. The measurements were analyzed via over 20 ML algorithms, taking into account 
an extensive parameter tuning and cross-validation process. Results of variable importance were also provided. Bagging algorithm 
using Multivariate Adaptive Regression Spline (MARS) algorithm (accuracy = 0.8966, area under receiver operating characteristic 
curve = 0.9387, F1-score = 0.9032) was the best performing model regarding the performance criteria. According to this model, 
the 5 most important variables for predicting TMD were pain intensity, MMO, lateral excursion and PPT values of masseter and 
temporalis anterior muscles, respectively. The Bagging algorithm using the MARS algorithm is a robust model that, in combination 
with clinical parameters, assists in the detection of patients with TMD in settings with limited capabilities. The clinical parameters 
and ML algorithm proposed in this study may assist clinicians inexperienced in TMD to make a preliminary detection of TMD in 
clinics where diagnostic imaging tools are limited.

Abbreviations: AI = artificial intelligence, AUC = area under receiver operating characteristic curve, CBCT = cone beam 
computed tomography, CROM = cervical range of motion, CT = computed tomography, DC-TMD = diagnostic criteria for 
temporomandibular disorder, HADS = Hospital Anxiety and Depression Scale, MARS = Multivariate Adaptive Regression Spline, 
ML = machine learning, MMO = maximum mouth opening, MRI = magnetic resonance imaging, OBC = Oral Behaviors Checklist, 
OHIP-14 = Oral Health Impact Profile, OPBs = oral parafunctional behaviors, PPT = pressure pain threshold, TA = temporalis 
anterior, TMD = temporomandibular disorder, TMJ = temporomandibular joint.
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1. Introduction
Temporomandibular disorders (TMDs), the second most prev-
alent musculoskeletal conditions, affect the temporomandibular 
joints (TMJs), masticatory muscles and related structures and 
are characterized by dysfunction, pain or both.[1,2] Patients typ-
ically suffer from 1 or more of the signs and symptoms of TMD, 
such as pain and tenderness in the TMJs or masticatory muscles, 
restrictions in the vertical and horizontal range of motion of the 
jaw, joint locking, joint sounds, headaches or ear pain.[1–3] TMDs 
can be broadly categorized as disorders involving arthralgia, 

myalgia, degenerative joint disease, and internal derangements 
(disc displacements).[2] The etiology of TMDs is multifactorial, 
and behavioral, biological and psychosocial factors (such as 
occlusal factors, deep pain input, emotional stress, parafunction, 
physical trauma such as whiplash injury, and psychological dis-
tress) may contribute to the onset or progression of TMD.[2,4] 
Among physical traumas, possible relationships between  
whiplash-related disorders and TMD have been the topic of 
research. Although there are studies suggesting that TMD may 
be more prevalent in patients with whiplash injuries than in those 
without whiplash injuries, the mechanism and pathophysiology 
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of these associations are still not completely clarified.[5] In a 
recent systematic review and meta-analysis,[6] the prevalence of 
TMD was reported at 31% among the general population. In the 
management of TMD, conservative or surgical treatment meth-
ods are employed, depending on the patient’s clinical situation. 
Conservative treatment consists of patient education, self-care 
techniques, intraoral appliances such as splints, physiotherapy 
interventions, psychological treatment, and pharmacologic treat-
ment. Surgical treatment includes interventions such as arthro-
centesis, arthroscopy, joint replacement, or arthroplasty.[1]

The complex structure of TMDs presents challenges in diag-
nosis. The diagnosis of TMD needs a detailed assessment of the 
patient’s signs and symptoms (obtained by clinical examination 
and medical screening) as well as psychosocial and behavioral 
factors by a specialist physician experienced in TMD.[2] At pres-
ent, the most commonly accepted diagnostic criteria is the diag-
nostic criteria for temporomandibular disorder (DC-TMD).[7] 
Although popular in the diagnosis of TMDs, the use of DC-TMD 
is limited by the fact that it is time-consuming and requires a 
specialized clinician trained in DC-TMD.[2] Diagnostic imaging 
is one of the methods utilized both to confirm DC-TMD and 
to assist the physician in the diagnosis of TMDs. Computed 
tomography (CT) scans, X-rays, cone beam computed tomog-
raphy (CBCT), and magnetic resonance imaging (MRI) can be 
used in various conditions.[2,8] X-rays allow the detection of 
joint degeneration such as osteoarthritis, while CT scans pro-
vide a detailed evaluation of the cartilage and bone structures of 
the TMJ. CBCT offers high-resolution 3D images with a lower 
radiation exposure compared to CT scans. MRI allows detailed 
visualization of soft tissue and is useful for detecting inflamma-
tion of the joint and disc displacement.[8] Although diagnostic 
imaging methods are useful for the visualization of the TMJ and 
surrounding structures, they are costly, require special equip-
ment and specialized physician training, and some of them cause 
radiation exposure, which limits their use.[2,9]

The TMD reduces the quality of life of patients and causes 
high treatment costs in communities. Early diagnosis and treat-
ment of TMD can significantly improve the prognosis and 
quality of life of patients by preventing chronic pain and disabil-
ity.[1,10,11] There are studies confirming that the disorder is largely 
undiagnosed by inexperienced dentists due to the complexity 
of TMD and the need for a multifactorial assessment.[12] Since 
DC-TMD[7] is still complex for general and inexperienced den-
tists in their daily clinical practices, novice and non-specialized 
dentists who have not been trained in DC-TMD are at high risk 
of making incorrect and inadequate decisions in the diagnosis of 
TMD.[11] Furthermore, in epidemiologic studies to determine the 
prevalence of TMD, it is important that more individuals can 
be screened for TMD in a shorter period of time and diagnosed 
in a more practical manner.[13] Considering all these, innovative 
technologies such as artificial intelligence (AI) with a high accu-
racy rate gain importance in terms of both diagnosing TMD 
in a more practical way and detecting TMD at an earlier stage 
by inexperienced dentists and referring patients to specialists in 
this field for diagnosis and treatment.[11,12] Currently, with the 
development of technology, the employment of AI and espe-
cially machine learning (ML) approaches in dentistry enables 
the processing of large data sets and assists in detecting and 
diagnosing TMDs in a more practical and accurate manner.[8,12] 
There is evidence in the literature of diagnosing various TMDs 
via AI utilizing CT, X-rays, CBCT, and MRI.[2,8]

It was reported that in clinics where diagnostic imaging meth-
ods are not available and there are no specialists in the field 
of TMD, inexperienced dentists can detect TMDs via AI meth-
ods utilizing a number of clinical measurements.[11,12] Predicting 
TMD via ML based on relatively practical and accessible clini-
cal measurements may enable inexperienced dentists in general 
practice to detect TMD at an early stage. On the other hand, 
studies on predicting TMD via ML based on clinical measure-
ments are quite limited.[11,12]

In light of the aforementioned, this study aimed to predict 
TMD using ML approaches, based on clinical and psychosocial 
variables to assist clinicians with limited experience in TMD in 
making a preliminary detection of TMD.

2. Materials and methods

2.1. Study design and ethical aspects

This cross-sectional and observational study was approved 
by Karamanoğlu Mehmetbey University Faculty of Medicine 
Clinical Research Ethics Committee (Number: 06-2022/13). 
Written and verbal informed consent was obtained from all par-
ticipants. The study adhered to the principles outlined in the 
Declaration of Helsinki.

2.2. Participants

The study was conducted with 125 patients with TMD and 103 
individuals without TMD who met the inclusion criteria. The 
patient group comprised patients who admitted to private den-
tistry clinics and Karamanoğlu Mehmetbey University Faculty of 
Dentistry with TMD complaints and were diagnosed with TMD. 
Specialist dentists who were experienced in TMD and calibrated 
according to DC-TMD Axis I[7] performed clinical examinations 
of the patients and diagnosed them with TMD by using imaging 
methods when necessary. The inclusion criteria for the patients 
with TMD were as follows: being aged between 18 and 55 years, 
having TMD complaints for at least 6 months, not receiving treat-
ment for TMD for the last 3 months, and not using analgesic 
drugs, braces, and splints. A total of 147 individuals between 
the ages of 18 and 55 who had similar demographic character-
istics (age, gender) to patients with TMD and who did not have 
TMD symptoms were considered for the group without TMD. 
These individuals were clinically examined by the same special-
ist dentists to ensure that they did not have TMD. Finally, 103 
individuals who did not show any signs of TMD and met the 
inclusion criteria constituted the individuals without TMD. For 
both groups, those with a history of trauma or surgery including 
the neck, head and TMJ, cervical disc herniation, history of psy-
chiatric or systemic illness, and those receiving treatment for the 
orofacial region were excluded from the study. After the clinical 
and demographic characteristics of the participants were noted, 
the following assessments were carried out.

2.3. Assessments

A visual analog scale was employed to measure the intensity of 
pain during jaw functions. Participants indicated their perceived 
pain intensity by marking a 10-cm line, ranging from “no pain” 
to “most severe pain,” and this measurement, recorded in centi-
meters, represented the pain intensity.[14]

Maximum mouth opening (MMO; active pain-free) and TMJ 
lateral excursion movements were assessed using a millimeter 
ruler. MMO was determined by measuring the distance between 
the lower and upper central incisors. For TMJ lateral move-
ment, the lateral distance between the midpoints of the lower 
and upper central incisors was measured separately for the left 
and right sides. The average of these values from both sides was 
utilized for analysis.[14]

Active neck extension, flexion, and right and left lateral flex-
ion, representing cervical spine movements, were quantified 
using a cervical range of motion (CROM) goniometer (CROM 
Basic, Performance Attainment Associates, St. Paul), measured 
in degrees. While neck extension and flexion values were doc-
umented individually, for lateral flexion value right and left 
lateral flexion values were averaged. The CROM device has 
demonstrated validity and reliability in assessing cervical spine 
movements.[15]
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The assessment of tenderness in the masticatory mus-
cles and TMJ was performed by pressure pain threshold 
(PPT) measurement, which provides reliable and quantita-
tive data.[16] The PPT was assessed using a digital pressure 
algometer (JTech Commander Algometer, JTech Medical, 
Salt Lake City) equipped with a 1 cm² probe applied to the 
anterior portion of the temporalis anterior (TA) muscle, 
the masseter muscle belly, and the lateral pole of the TMJ. 
After positioning the probe of the device at the designated 
measurement location, pressure was incrementally applied, 
and participants were instructed to indicate the onset of 
pain by saying “yes.” The pressure level eliciting pain was 
recorded in Newton per square centimeter (N/cm²). Three 
assessments were taken from each of the 3 sites, with 30- 
second rest intervals between measurements. The average of 
these assessments was recorded individually for subsequent 
analysis.[16]

Participants were assessed for oral parafunctional behaviors 
(OPBs) utilizing the Oral Behaviors Checklist (OBC). The instru-
ment consists of 21 items designed to evaluate the frequency of 
OPBs, with respondents providing ratings on a 5-point Likert 
scale ranging from 0 to 4 for each item. The total score achiev-
able on the scale ranges from 0 to 84, with higher scores indicat-
ing a greater frequency of OPBs.[7]

The Hospital Anxiety and Depression Scale (HADS) was 
employed to assess the psychological status of the partic-
ipants. The HADS comprises 14 items: 7 are dedicated to 
assessing the level of anxiety symptoms, and the remain-
ing 7 are focused on evaluating the level of depression 
symptoms. The scores achievable from the anxiety (HADS-
anxiety) and depression (HADS-depression) subscales range 
from 0 to 21, with higher scores reflecting a greater severity 
of symptoms.[17]

The Oral Health Impact Profile (OHIP-14) was employed for 
assessing oral health-related quality of life. The OHIP-14 is an 
instrument utilized for assessing oral health-related quality of 
life, providing insight into an individual’s general health status 
through the analysis of functional limitations stemming from 
oral symptoms as well as social and emotional well-being. In 
the questionnaire consisting of 14 items, responses are provided 
on a 5-point Likert scale, yielding a total score ranging from 0 
to 56. A higher total score signifies a lower level of oral health- 
related quality of life.[18]

2.4. Methodology

The methodological part of the study consists of 2 main parts: 
the statistical analysis and the development of ML models.

In the first part, statistical significance tests were performed 
between patients with TMD and individuals without TMD. The 
statistical assumption checks were performed with Shapiro–
Wilk test for normality analysis and Levene’s test for homoge-
neity of variance. The comparisons between patients with TMD 
and individuals without TMD were performed by independent 
samples t test. Differences between categorical variables were 
analyzed via Chi-square test.

In the second part of methodology, a comprehensive list of 
basic and advanced algorithms, which are the most widely 
used in the field, were used in the study and compared in 
details. While some algorithms are included as standalone, 
others are included as base learner in ensemble methods. 
K-nearest neighbors as an instance based algorithm, Naive 
Bayes, Logistic Regression, Partial Least Squares[19] as statisti-
cal algorithms, Classification and Regression Tree,[20] C5.0,[21] 
C5.0-rules,[21] RuleFit,[22] Bayesian Additive Regression 
Trees,[23] as tree and rule-based algorithms, Multilayer 
Perceptron[24] as a neural network based algorithm, 
Multivariate Adaptive Regression Spline (MARS)[25] as spline-
based algorithm, Support Vector Machines[26] as Kernel-based 

algorithm, Bagging,[27] Random Forests,[28] and Boosting[29] as 
ensemble algorithms and NULL model as a base reference 
for benchmarking. As base learner, C5.0, Classification and 
Regression Tree, MARS and Multilayer Perceptron algo-
rithms are utilized in Bagging ensemble algorithm and C5.0, 
Light Gradient Boosting Machine and Extreme Gradient 
Boosting algorithms are utilized in Boosting ensemble algo-
rithm. Additionally, the Support Vector Machines algorithm 
assessed with 3 different kernels (linear, polynomial and 
radial). Thus, twenty-three different algorithms were exten-
sively investigated. The statistical analysis comparisons of the 
study and the development of ML models were carried out 
with the R software and related packages including tidymod-
els[30] and tidyverse.

2.5. Parameter tuning and settings

The pre-processing and parameter tuning process carried out 
to systematically compare ML algorithms and eliminate pos-
sible unit differences. Firstly, the numerical data were stan-
dardized to have a mean of 0 and unit variance. Then the 
data set was split into training and test data at a ratio of 
75% and 25% respectively. ML models were developed on 
the training data and validated on the test data. During the 
process of determination the optimal parameters, the candi-
date space of thirty elements for each model-specific parame-
ters was examined by using a 10-fold cross-validation. Based 
on the optimal parameters, the performances were obtained 
according to the accuracy, F1-score and area under receiver 
operating characteristic curve (AUC) values on the test data. 
Finally, confusion matrix, receiver operating characteristic 
curve and variable importance plots were obtained with the 
overall best model.

2.6. Performance criteria

Numerous criteria such as accuracy, AUC value, F1-score, recall, 
precision, Brier score have been used to compare ML models. In 
this study, the most widely used and accepted accuracy, F1-score, 
and AUC values were computed and presented according to the 
confusion matrix given in Table 1.

	 •	 Accuracy is defined as the proportion of correctly iden-
tified cases (including true positives and true negatives) 
compared with all cases. As the accuracy value approaches 
1, the predictive power of the model increases. Accuracy 
was calculated by using the components of the confusion 
matrix as follows:

Accuracy =
(true positive+ true negative )

(true positive+ true negative+ false positive + false negative )

	 •	 The F1-score, usually referred to as the F-score or 
F-measure, is a robust statistic for evaluating a binary 
classification model’s accuracy, particularly when there 
are class imbalances or when the impact of false posi-
tives and false negatives vary. The F1-score approaches 
its least accurate value at 0 and gets its optimal value at 

Table 1

A representation of a classic confusion matrix.

Predicted

Positive Negative

Actual (truth) Positive True positive False negative
Negative False positive True negative



4

Yıldız et al.  •  Medicine (2024) 103:41� Medicine

1, which represents excellent recall (also known as sen-
sitivity) and precision and calculated via the following 
equation:

F1-score = 2× precision× recall
precision+ recall

The formulas for the calculation of precision and recall used 
in the calculation of the F1-score were provided below:

Precision =
true positive

(true positive+ false positive )
, Recall =

true positive
(true positive+ false negative)

For the computation of specificity, which is another metric 
utilized, especially in the derivation of the receiver operating 
characteristic graph, the following formula was used:

Specif icity =
true negative

(true negative+ false positive)

	 •	 The AUC, a statistical metric, is used to evaluate a mod-
el’s intrinsic ability to distinguish between positive and 
negative classes over a variety of classification thresholds. 
The receiver operating characteristic curve compares the 
actual positive rate (sensitivity) against the false positive 
rate (1-specificity) for various threshold settings. When the 
AUC value is 1.0, the classifier is considered perfect; when 
it is 0.5, the model’s performance in classifying true posi-
tives and true negatives is no better than random chance.

	 •	 By providing a reference to improve the agreement perfor-
mance between the model predictions and clinical outcomes 
for similarity and variability, 4 different metrics, including 
Jaccard, Cosine, Hamming, and Bernoulli variance scores, 
were calculated. For the Jaccard and Cosine similarity met-
rics, values above 0.80 and also for the Bernoulli variance 
score, values between 0 and 0.25 are indicative of a very 
good fit. The Hamming score ranges between 0 and the 
dimensionality of the data set, and generally, values <20% 
are considered as good fit.[31]

3. Results
The study was completed with 228 participants, including 125 
patients with TMD and 103 individuals without TMD who met 
the inclusion criteria. In the post hoc power analysis process, 
the pain intensity measurements were evaluated, and the power 
value of 0.99 was achieved with an effect size = 7.92 from the 
data obtained from a total of 228 individuals at α = 0.05 sig-
nificance level. Therefore, regarding the level of power analysis 
after the study, the sample size was quite adequate. The analy-
sis results, which cover the first part of the study and include 
group-specific statistical significance tests, are displayed in 
Table 2. According to the results in Table 2, there were statis-
tically significant differences between patients with TMD and 
individuals without TMD in terms of clinical measurements 
(P < .05), except for age and gender distribution (P > .05).

The performance comparisons of the ML models, which con-
stitute the second part of the study, according to 3 different cri-
teria (accuracy, F1-score and AUC value) on the test data are 
presented in Table 3. The results show that although the mod-
els generally yield reasonable results, the Bagging algorithm, 
which uses the MARS algorithm as the base learner, is found 
to be the best model. The Bagging (MARS) algorithm outper-
formed all other models in all 3 criteria (accuracy = 0.8966, 
AUC = 0.9387, F1-score = 0.9032) and presented the best gen-
eralizability capability for unseen data. In addition, it achieved 
considerably higher scores than the NULL model given as the 
reference model in the study. Table 3 also presents the similarity 
and variance metrics for the Bagging (MARS) algorithm, which 
was the best-performing algorithm. Accordingly, the Jaccard, 
Cosine, and Hamming similarity and variance metrics obtained 
for the Bagging (MARS) algorithm revealed a good fit in terms 
of performance. On the other hand, the performance could be 
regarded as acceptable, as the Bernoulli variance value was 
borderline.

The confusion matrix and receiver operating characteristic 
curve of the Bagging (MARS) algorithm, which was identified 
as the best model, are illustrated in Figures 1 and 2, respectively, 
to further clarify the results of the study. It can be concluded 
from these figures that the performance of the model is fairly 

Table 2

The results of statistical comparisons based on demographic and clinical variables.

Patients with TMD (n = 125) Individuals without TMD (n = 103)

PMean ± SD Mean ± SD

Age (yr) 39.05 ± 3.77 38.01 ± 3.29 .084*
Pain intensity, VAS (cm) 6.69 ± 1.12 0.4 ± 0.08 <.001*
MMO (mm) 18.70 ± 2.313 44.86 ± 4.59 <.001*
TMJ lateral movement (mm) 3.76 ± 0.56 9.23 ± 0.88 <.001*
PPT-TMJ (N/cm²) 20.80 ± 2.34 40.55 ± 3.95 <.001*
PPT-masseter (N/cm²) 16.70 ± 1.78 38.82 ± 3.29 <.001*
PPT-TA (N/cm²) 18.70 ± 2.15 37.28 ± 3.34 <.001*
Neck flexion (°) 24.02 ± 2.89 52.74 ± 4.17 <.001*
Neck extension (°) 28.54 ± 2.31 55.86 ± 4.32 <.001*
Neck lateral flexion (°) 22.10 ± 2.11 44.89 ± 3.15 <.001*
OBC score (point) 44.37 ± 4.21 8.78 ± 2.04 <.001*
HADS-anxiety score (point) 14.97 ± 1.94 0.91 ± 0.17 <.001*
HADS-depression score (point) 12.86 ± 1.69 0.69 ± 0.13 <.001*
OHIP-14 score (point) 33.38 ± 3.27 5.14 ± 1.29 <.001*

n (%) n (%)
Gender Female 85 (68) 68 (66.02) .895†

Male 40 (32) 35 (33.98)
TMD diagnoses Muscle disorders 54 (43.2)

Joint disorders 43 (34.4)
Combined muscle-joint disorders 28 (22.4)

HADS = Hospital Anxiety Depression Scale, MMO = maximum mouth opening, OBC = Oral Behaviors Checklist, OHIP-14 = Oral Health Impact Profile, PPT = pressure pain threshold, SD = standard 
deviation, TA = temporalis anterior, TMD = temporomandibular disorder, TMJ = temporomandibular joint, VAS = visual analog scale.
* Independent sample t test.
† Chi-square test, P < .05.
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strong and the model is able to successfully identify the patients 
with TMD.

The majority of the ML models included in the study are 
intrinsically capable of variable importance assessment. The 
determination of important features in the identification of 
groups with and without TMD has the potential to make a 
number of valuable contributions, such as efficiency, rapid 
decision-making, and narrowing the focus of measurements. 
Therefore, the relative importance scores of the variables were 
obtained using the MARS algorithm and are given in Figure 3. 
These scores represent the proportion of their contribution to 
group identification rather than statistical significance. Based on 
the results of Figure 3, it is observed that the 5 most important 
features identified as pain intensity, MMO, TMJ lateral move-
ment, PPT-masseter, and PPT-TA respectively, while the rela-
tively least important features were neck extension, OHIP-14 
score, and neck flexion.

4. Discussion
In this study, ML algorithms were employed to predict TMD 
using a set of clinical measurements that can be easily applied 
in clinical settings. All ML algorithms utilized demonstrated 
high accuracy. On the other hand, the Bagging algorithm, uti-
lizing the MARS algorithm as the base learner, was found to 
be the best performing model in all 3 criteria (accuracy, AUC, 
F1-score). Moreover, considering the relative importance of the 
variables obtained through this model, it was revealed that the 5 
most important variables for predicting TMD were pain inten-
sity, MMO, TMJ lateral movement, PPT-masseter, and PPT-TA, 
respectively.

TMDs are the second most prevalent musculoskeletal dis-
orders following chronic low back pain, affecting 5% to 12% 
of the population, and costing an estimated $4 billion annu-
ally.[32] Early diagnosis and management of TMD are important 
factors in achieving better patient outcomes. However, due to 
the complex nature of TMD and some factors that complicate 
the diagnosis (poor command of DC-TMD, lack of diagnostic 
imaging equipment and the ability to interpret it), especially 
inexperienced clinicians may experience varying difficulties in 
diagnosing TMD, and the majority of TMDs frequently stay 

undetected.[1,10] Today, along with the rapid progress in technol-
ogy, AI applications are attracting great interest, especially in 
the healthcare industry.[8] It has been documented that AI may 
assist in the diagnosis of maxillofacial and oral diseases such as 
TMD by analyzing patients’ imaging results and clinical param-
eters.[2,11] Currently, several studies have used a variety of AI 

Table 3

The comparative test performance results of machine learning methods.

Model Accuracy AUC F1-score

Bagging (C5.0) 0.8379 0.8373 0.8438
Bagging (Classification and Regression Tree) 0.8434 0.8935 0.8541
Bagging (MARS) 0.8966 0.9387 0.9032
Bagging (Multilayer Perceptron) 0.8671 0.8719 0.8692
Bayesian Additive Regression Trees 0.8692 0.8968 0.871
Boosting (C5.0) 0.8845 0.8989 0.8857
Boosting (Light Gradient Boosting Machine) 0.8348 0.8751 0.8417
Boosting (Extreme Gradient Boosting) 0.8845 0.9000 0.8862
C5.0 0.8512 0.8968 0.8561
C5.0 (Rules) 0.8589 0.8868 0.8681
Classification and Regression Tree 0.7914 0.8546 0.8000
K-nearest Neighbors 0.8225 0.8946 0.8227
Logistic Regression 0.8298 0.8859 0.8391
MARS 0.8712 0.9000 0.8724
Multilayer Perceptron 0.8203 0.8968 0.8215
Naive Bayes 0.7759 0.8308 0.7800
Null Model 0.5517 0.5000 0.7111
Partial Least Squares 0.8272 0.8886 0.8371
Random Forests 0.8655 0.8946 0.8672
RuleFit 0.8494 0.8978 0.8555
Support Vector Machines (linear) 0.8304 0.8448 0.8403
Support Vector Machines (polynomial) 0.8069 0.8448 0.8129
Support Vector Machines (radial) 0.8534 0.8978 0.8585

Similarity and variance metrics for Bagging (MARS) algorithm

Jaccard Cosine Hamming Bernoulli variance

0.862 0.925 5 0.242

AUC = area under receiver operating characteristic curve, MARS = Multivariate Adaptive 
Regression Spline.

Figure 1.  The confusion matrix of the MARS algorithm in Bagging ensemble. MARS = Multivariate Adaptive Regression Spline.
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algorithms such as ML and deep learning based on image and 
non-image data to facilitate the diagnosis of TMDs and support 
clinical decisions.[2]

Reda et al[12] used an AI-based system that can provide possible 
diagnoses based on a list of symptoms to support non-specialist 
dentists in the early identification of TMD. The authors reported 
that AI was a useful tool in facilitating primary diagnosis and 
improving TMD detection. In the study investigating the clinical 
utility of an AI deep learning diagnostic tool developed for the 
diagnosis of TMJ osteoarthritis from CBCT-verified orthopan-
tomogram images, it was noted that AI can play an important 
role in the diagnosis of TMJ osteoarthritis from orthopanto-
mograms in clinics where radiology specialists or CT are not 
available.[9] By using MRI images, TMJ disc displacement was 
estimated with the deep learning method in the study by Kao et 
al.[10] Conducted on 52 patients with TMJ disc displacement and 
32 asymptomatic controls, this research showed that the best 
AI models were InceptionV3 and DenseNet169 and that these 
methods can support clinicians in diagnosing TMJ disc displace-
ment from MRI images. In another study,[11] in which an artifi-
cial neural network model was developed based on clinical data, 
it was found that the artificial neural network model could pre-
dict TMD risks with a high accuracy rate of 90.91%. It was also 
suggested that the patient’s psychological factors and clinical 
medical conditions might be parameters that can help determine 
the risk of TMD via AI.[11] Lee et al,[33] who investigated the use-
fulness of a deep learning algorithm based on a convolutional 
neural network in detecting TMJ disc displacement using MRI, 
determined that deep learning has high accuracy in detecting 

TMJ disc displacement. In the study performed by Bianchi et 
al[32] to predict TMJ osteoarthritis with 4 ML models using clin-
ical, radiological features, and biomarkers, it was documented 
that the Extreme Gradient Boosting + Light Gradient Boosting 
Machine model had an accuracy rate of 0.823 in estimating 
TMJ osteoarthritis. In the current study, in which different ML 
algorithms were used based on clinical measurement data, it 
was determined that the Bagging algorithm using the MARS 
algorithm, as the best performing model, was able to predict 
TMD with a very high accuracy rate. Considering the evidence 
in the literature and the findings of this study, it seems that AI 
is a useful method for predicting and diagnosing TMD through 
various imaging and non-imaging variables. Previous studies 
have aimed to predict TMD with AI using methods that require 
more equipped tools.[2,9–12,32,33] Nevertheless, the lack of these 
equipments, especially imaging methods, and trained specialists 
in command of these tools limit the usability of these diagnostic 
approaches. In contrast, in this study, TMD was predicted with 
ML algorithms using data that can be practically obtained in 
general clinics. The results of the current study may be helpful 
for the preliminary detection of TMD in clinics where imaging 
methods and experts to interpret them are limited, especially for 
clinicians inexperienced in TMD.

The main symptom of TMD and the primary reason for 
patients to attend for treatment is pain affecting the masticatory 
muscles and TMJ. Also, other major complaints of patients are 
tenderness in the TMJ, or masticatory muscles, and restriction 
of jaw movements.[6] It has been suggested that a significant 
reduction in mandibular mobility may be an indicator of the 

Figure 2.  The receiver operating characteristic curve of the MARS algorithm in Bagging ensemble. AUC = area under receiver operating characteristic curve, 
MARS = Multivariate Adaptive Regression Spline.
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presence of TMD.[13] Studies comparing patients with TMD to 
individuals without TMD in terms of jaw movements and PPT 
measurements (assessed on TMJ and masticatory muscles) have 
documented that patients with TMD exhibit lower ranges of jaw 
movement[13,34] and lower PPT values.[34–36] According to the ML 
algorithm, which showed the best performance in the present 
study, the 5 most important variables in predicting TMD were 
pain intensity, MMO, TMJ lateral movement, and PPT values of 
the masseter and TA muscles, respectively. These findings, which 
are consistent with the literature, show that pain intensity, ver-
tical and lateral jaw ranges of motion, and PPT measurements, 
which provide information about the tenderness in the mastica-
tory muscles and TMJ, can be important parameters that allow 
differentiation between individuals with and without TMD and 
preliminary detection of TMD.

OPBs are considered among the important risk factors that 
may contribute to the onset or progression of TMD.[2,4] In the 
OPPERA study carried out by Ohrbach et al,[37] it was revealed 
that patients with TMD had significantly more OPBs com-
pared to individuals without TMD, and OPBs were stated to be 
important risk factors for the onset of TMD. Research has doc-
umented that individuals with TMD have significantly higher 
levels of stress, anxiety, and depression than those without TMD 
and that there are consistent associations between psychologi-
cal problems and TMD.[3] Slade et al[38] asserted that stress and 
depression lead to a 2- to 3-fold increase in the risk of TMD, 
suggesting that depression may be one of the risk factors for 
the initial onset of TMD. According to the Bagging algorithm 
using the MARS algorithm, which showed the best performance 
in this study, the OBC score and depression and anxiety scores 
obtained from HADS were found to be other important param-
eters in predicting TMD. In the light of these findings, which are 
consistent with previous research, it can be proposed that OPBs 
and psychological factors using AI algorithms can help clini-
cians in the preliminary detection of TMD by enabling them to 
discriminate between individuals with and without TMD.

Due to the direct anatomical associations between the 
muscles of the cervical spine and the muscles of the temporo-
mandibular region, as well as the close neurological and bio-
mechanical associations between the cervical spine and the 

TMJ, impairment in 1 region may often affects the other.[39] In 
line with this, previous studies have suggested that there may 
be significant associations between TMDs and cervical spine 
disorders, demonstrating significant limitations in cervical 
range of motion in individuals with TMD compared to those 
without TMD.[39,40] Based on the ML algorithm, which showed 
the best performance in the current study, it was determined 
that cervical range of motion values are important variables 
for predicting TMD, although they are relatively less import-
ant. Considering these findings, which support the results in 
the literature, it is thought that limitations in cervical range 
of motion may be valuable factors for discriminating between 
individuals with and without TMD.

Oro-facial function has a considerable influence on individ-
uals’ general health and quality of life. Impairment of essen-
tial oro-facial functions such as chewing, eating, and speaking 
and decreased social participation due to TMD may negatively 
influence the quality of life and general health of individuals.[41] 
Consistent with this, a systematic review documenting a possi-
ble association between TMD and a poorer quality of life sug-
gested that physical and psychological impairments caused by 
TMD reduce the quality of life of individuals.[42] Almoznino et 
al[43] found that individuals with TMD had a significantly lower 
quality of life compared to those without TMD. Another find-
ing of the present study was that quality of life could be used 
to discriminate between individuals with and without TMD 
depending on the Bagging algorithm using the MARS algorithm, 
which showed the best performance. As quality of life is sig-
nificantly reduced in patients with TMD, and considering these 
findings of the present study, it can be suggested that quality of 
life measurements can be used in the estimation of TMD with 
AI algorithms.

This study had some limitations. Firstly, patients with TMD 
were not grouped according to variables such as gender and age 
during the analyses. Consequently, these variables could not be 
considered when interpreting the findings. A subgroup analy-
sis based on gender and age may provide additional insights 
into the main determinants of TMDs. Additionally, consid-
ering that sleep disturbances may be associated with TMD, 
the lack of evaluation of participants’ sleep disturbances may 

Figure 3.  Variable importance plot of the MARS algorithm in Bagging ensemble. HADS = Hospital Anxiety and Depression Scale, MARS = Multivariate Adaptive 
Regression Spline, MMO = maximum mouth opening, OBC = Oral Behaviors Checklist, OHIP-14 = Oral Health Impact Profile, PPT-TA = pressure pain threshold 
temporalis anterior, PPT-TMJ = pressure pain threshold temporomandibular joint, TMJ = temporomandibular joint.
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be counted as another limitation of the current study. Future 
research would benefit from taking sleep state into account.

5. Conclusion
In this study, which was designed to predict TMD using ML 
algorithms with a set of clinical measurement parameters that 
can be practically acquired in clinical settings, all ML algo-
rithms showed high accuracy, but the Bagging algorithm using 
the MARS algorithm was found to be the best-performing 
model. In addition, considering the relative importance of the 
variables obtained through this model, the 5 most important 
variables for predicting TMD were pain intensity, MMO, TMJ 
lateral motion, and PPT values of the masseter and TA muscles, 
respectively. The high accuracy of the ML model employed in 
this study for predicting TMD indicated the potential of AI to 
assist in the preliminary detection of TMD using practically 
acquired clinical measurement parameters. Given the limited 
availability of well-equipped diagnostic imaging tools, experts 
to interpret them, and specialized clinicians experienced in 
TMD in general clinics, the clinical parameters and ML algo-
rithm proposed in this study may help clinicians with limited 
experience in the field of TMD in making a preliminary detec-
tion of TMD.
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