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Objective: To assess three machine learning (ML) attribute extraction methods: radiomic,
semantic and radiomic-semantic association on temporomandibular disorder (TMD) detec-
tion using infrared thermography (IT); and to determine which ML classifier, KNN, SVM and
MLP, is the most efficient for this purpose.

Methods and materials: 78 patients were selected by applying the Fonseca questionnaire and
RDC/TMD to categorize control patients (37) and TMD patients (41). IT lateral projections
of each patient were acquired. The masseter and temporal muscles were selected as regions of
interest (ROI) for attribute extraction. Three methods of extracting attributes were assessed:
radiomic, semantic and radiomic-semantic association. For radiomic attribute extraction, 20
texture attributes were assessed using co-occurrence matrix in a standardized angulation of 0°.
The semantic features were the ROI mean temperature and pain intensity data. For radiomic-
semantic association, a single dataset composed of 28 features was assessed. The classification
algorithms assessed were KNN, SVM and MLP. Hopkins’s statistic, Shapiro—Wilk, ANOVA
and Tukey tests were used to assess data. The significance level was set at 5% (p < 0.095).
Results: Training and testing accuracy values differed statistically for the radiomic-semantic
association (p = 0.003). MLP differed from the other classifiers for the radiomic-semantic
association (p = 0.004). Accuracy, precision and sensitivity values of semantic and radiomic-
semantic association differed statistically from radiomic features (p = 0.008, p = 0.016and p
=0.013).

Conclusion: Semantic and radiomic-semantic-associated ML feature extraction methods
and MLP classifier should be chosen for TMD detection using IT images and pain scale data.
IT associated with ML presents promising results for TMD detection.
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Introduction

Temporomandibular disorders (TMD) are character- (TMJ).}* Masticatory muscle disorders are the most
ized by a set of musculoskeletal and neuromuscular prevalent subgroup of TMD and are characterized by
disorders that affect the temporomandibular joint  trigger points affecting more than one muscle group
and myofascial pain associated with muscle spasm and
tenderness during palpation.’*
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TMD diagnosis is based on the clinical history and
clinical examination?, and its detection and classifi-
cation can be challenging. The Research Diagnostic
Criteria for Temporomandibular Disorders (RDC/
TMD) is a widely used diagnostic protocol,>® which
requires a certain amount of training and is time- and
resource-consuming. A precise TMD diagnosis and
effective therapy improves the quality of patients’ lives
significantly.*

Computed tomography (CT), cone-beam computed
tomography (CBCT) and magnetic resonance images
(MRI) are often indicated as complementary image
exams to assist TMD diagnosis and management.’
However, these imaging modalities are more useful for
evaluating cases of degenerative alterations and disc
displacements, not providing information on local
microcirculation, which is important in cases of masti-
catory muscle disorders.®

Infrared Thermography (IT) is a promising non-
ionizing and non-invasive screening method for
measuring skin temperature and temperature variation
remotely.”? Several studies have investigated the use
of IT on TMD diagnosis’*!*1¢ presenting controver-
sial results. The interpretation of IT exceedingly small
temperature variations (0.1-0.5°C) may be a reason
for its divergent results. Therefore, this image modality
may benefit from computational analytical tools.*!"13
Computer-aided interpretation of thermograms is
of great relevance and may improve the information
assessed by IT, since the link between the disease and
heat pattern is subtle and usually non-linear.

Artificial intelligence (Al) is defined as the ability
of a machine to emulate intelligent human behavior
to execute complex tasks."” In general, computerized
methods often employ data mining and machine learning
(ML) algorithms, which are considered computer-aided
diagnostic tools that assist doctors in making diagnostic
decisions.”” Therefore, a computer-aided approach has
three benefits: reduced interobserver variability, Al may
outperform humans on specific tasks, and the perfor-
mance of these objective systems can be measured.!

The use of Al is progressing on dental practice based
on semantic features (data from clinical exams and
auxiliary tools) and radiomic features (image data).?
Radiomic features are image-hidden quantitative infor-
mation, which can be extracted with the aid of algo-
rithms called attribute extractors or feature extractors.
Radiomic features represent patterns quantitatively
in an image and can be classified into three types of
descriptors: shape, texture and frequency.”® Radiomic
features can be associated with semantic features (quali-
tative data) for a more robust characterization of a given
pattern.

ML is one of the subfields of AI that allows a
computer model to learn and predict by recognizing
patterns.” ML classifiers are algorithm classification
techniques widely used in machine learning. K-Nearest
Neighbors (KNN) classification algorithm is one of
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the most used non-parametric classification methods
to determine a sample’s classification label based on
neighboring samples; however, it is limited due to high
memory consumption when using large datasets.*
Support Vector Machine (SVM) is a computer algorithm
that learns by pattern to assign labels to objects®® and
needs long training time for large datasets.?® Artificial
neural networks (ANNs) are non-linear models inspired
by the neural architecture of the brain and a typical
ANN architecture is a multilayer perceptron (MLP)
that contains a series of layers, composed of neurons
and their connections.”’” When assessing ML classifiers,
it is important to stablish which one shows higher accu-
racy for the assessed diagnostic task, image modality
and type of extracted data (radiomic or semantic).

Therefore, this study aimed to assess three ML attri-
bute extractor methods: radiomic, semantic and the
association of semantic and radiomic methods on TMD
detection using IT; and to determine which ML classi-
fier, KNN, SVM and MLP, is the most efficient for this
purpose.

Material and methods

This cross-sectional observational study was approved
by the University’s Ethics and Research Committee
(protocol n° 73417017.2.0000.5187) and follows the
Helsinki Declaration.

Sample selection
IT exams were performed in 41 patients with temporo-
mandibular disorders and 37 patients without temporo-
mandibular disorders (control group), referred to the
University’s Orofacial Pain clinic. TMD patients and
controls were matched for age, sex and body mass index
(BMI). The control group was composed of volun-
teers who did not present TMD signs and symptoms,
according to the Fonseca questionnaire during the
first patient screening to separate controls from TMD
patients. A second screening was done using RDC/
TMD (Axes I and II) to ensure the groups categoriza-
tion.?® The selected patients should be 18 to 60 years old.
Patients with toothache, fever, systemic changes
(hypoglycemia, hypothyroidism or hyperthyroidism,
hypertension, respiratory diseases, rheumatoid arthritis,
fibromyalgia, pregnancy, rheumatological disorders,
menopause, neurological disorders); cancer patients;
patients under therapy with myorelaxant medication,
analgesic and/or anti inflammatory, or who underwent
hormone replacement; and patients who had facial scars
or papules were excluded from this study.

Palpation and pain scale assessment

A specialist in TMD and Oral facial pain with 5 years
of experience on RDC/TMD examination executed the
Orofacial pain examinations. The diagnosis of TMD
was performed using RDC/TMD (Axes I and II).%


http://birpublications.org/dmfr

3 0.98
Hum. rel.  50%
Temp. atm.24

TMD assessment with Al and infrared thermography
Diniz de Lima efa/

Jof 11

£
<

Hum. rel. 50%
Temp. atm.24

Figure 1 (A) left side-lateral norm thermogram; (B) right side-lateral norm thermogram of the same patient.

Palpation was performed, and pain intensity data were
collected according to the following characterization: 0
— without pain; 1 — slight pain; 2 — moderate pain; 3 —
severe pain, in accordance with the RDC / TMD.

IT acquisition

For the acquisition of IT exams, a handheld FLIR model
T650 infrared sensor camera (FLIR Systems, Wilson-
ville, USA), with 25 mm lens and 640 x 480 pixels spatial
resolution, capable of capturing images with tempera-
ture variation between —40 and 150°Cand thermal
sensitivity of 0.05 to 30°C was used. The thermographic
camera was attached to a tripod and switched on 20 min
prior image acquisition.

All images were acquired in the University’s Infrared
Thermography Laboratory in a room with standardized
temperature (22 to 24°C) and no windows. Cold-cathode
fluorescent lamps were used for ambient lighting and
the walls where the patient’s chair was positioned were
covered with 25-mm-thick Expanded Polystyrene (EPS-
Styrofoam) plates, aluminum foil and Ethylene-vinyl
acetate (EVA) in black color.

The exams were performed by an Oral and Maxil-
lofacial Radiologist with 10 years’ experience blinded
to the clinical information. The image exams were
acquired in the lateral (right and left sides) norm
(Figure 1) following the recommendations of the Amer-
ican Academy of Thermology.?® All patients received
written and oral instructions one day prior the IT exam
(do not apply make-up or lotion to the face; do not use
sources of heat such as hairdryers or hair straighteners;
do not take analgesics, corticoids, anti -inflammatory
drugs; do not carry out any kind of physical exercise;
and do not touch, rub, or scratch the area of skin that
is to be examined). The patients should wait 15min in

the examination room with an average temperature of
23+1°Cand relative humidity between 40 and 60% to
achieve the recommended thermal balance.*

The patient was seated in a swivel-chair, maintaining
an erect posture, with the sagittal plane perpendicular
to the ground and camper plane parallel to the ground.
A standardized distance of 0.80 m between the camera
and the patient was set for all image acquisitions. The
emissivity of the skin was set at 98%.1314163132 To mini-
mize the reflection of thermal radiation, only the patient
and the operator should be present in the room during
image acquisition.

156 thermographic images were acquired and stored
in individualized folders. Subsequently, all images were
evaluated by the Oral and Maxillofacial Radiologist
with the aid of the FLIR Tools v.6.4 software (FLIR
Systems, Wilsonville, USA). The thermographic images
were used for both semantics and radiomics attribute
extractions.

The regions of interest (ROI) were selected in the
image region of the temporal and masseter muscles on
the right and left lateral norms, with two points in the
temporal region and six points in the masseter region.
The “circle” tool (diameter 22 = 3mm) was used to check
the thermal gradient. Absolute averages of temperatures
were obtained for each ROI. The average temperature
values for each patient, muscle and ROI were tabulated
in a spreadsheet for posterior analysis.

Thermographic images were also analyzed with the
aid of Al using three ML methods of feature extraction.
The first ML method was the extraction of radiomic
features, which are the characteristics extracted from
an image through mathematical formulas that describe
quantitatively various characteristics related to the
image texture within the ROI. The second ML method
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Figure 2 (A) Thermographic image assessed with Fiji Image]J software using the “polygon” selection tool to select the ROI; (B) Standardization
of the lateral right and left norms to the right-side-norm by using the tools “transform” e “flip horizontally”; (C) left-side-lateral norm trans-
formed into right-side-lateral form; (D) ROI of the masseter muscle; (E) ROI of the temporal muscle.

used was the extraction of semantic features, which are
qualitative characteristics that are collected according
to a subjective assessment done by a radiologist or a
health professional.*** The third method used was an
association of radiomic and semantic features to create
a single dataset.

To perform the technique of extracting image texture
radiomic features, right and left lateral norm images
were used (74 images for the control group and 82
images for the TMD group). With the aid of Fiji Imagel
software (64-bit Java 1.8.0_172, National Institutes of
Health, Bethesda, MD), the regions corresponding to
the masseter and temporal muscles were selected using
the “polygon” selection tool. By selecting the “crop”
tool, the ROI was removed from the image. To remove
the image background, “make-inverse” and “clear”
tools were used. The lateral right and left norms were
standardized to the right-side-norm by using the tools
“transform” e “flip horizontally”, to improve image
assessment (Figure 2).

The semantic features were extracted from a set of
tabulated data. A spreadsheet containing temperature
data from the masseter and temporal regions obtained
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using FLIR Tools v.6.4 software in addition to the cate-
gorized scale of pain on palpation data.

The third method used radiomic and semantic
features extracted previously and transformed these
features in a single dataset for further assessment.

Radiomic features (texture attributes)

The vector of attributes construction of each image
was done initially with the segmentation of the ROI.
For the definition of the ROI, manual segmentation
was adopted, isolating the masseter and temporal areas
separately, as previously described. This segmentation
method is needed to precisely select only the relevant
region of the thermogram and discard areas with poten-
tial for interference in the attribute classification, such as
regions with facial hair.

To characterize the pathology (TMD) and healthy
(control) patterns, 20 texture attributes were extracted
from the co-occurrence matrices on a 0° standardized
angulation. The attributes extracted from the temporal
and masseter muscles were contrast, correlation,
energy, homogeneity, entropy, trimmed means, kurtosis,


http://birpublications.org/dmfr

asymmetry, standard deviation, and variance. There-
fore, a dataset of 156 samples was created and each
sample had 20 attributes (ten attributes for each muscle
assessed).

Semantic features (temperature and pain scale data
attributes)

The construction of the temperature and pain scale
data attribute vectors started during image acquisition.
The temperature values were mapped using the infrared
camera software (FLIR Tools v.6.4 software). The ROIs
used to assess temperature values were the same used for
radiomic features.

For each region, the corresponding pain intensity
values were assessed in accordance with the RDC/
TMD.® Finally, this extraction process generated a
dataset with 156 samples in a tabular format, each
sample with eight attributes (masseter temperature at
its superior region, pain data at the masseter’s superior
region, masseter temperature at its middle region, pain
data at the masseter’s middle region, masseter tempera-
ture at its inferior region, pain data at the masseter’s
inferior region, anterior temporal temperature, and pain
at the anterior temporal).

Association of radiomic and semantic attributes

To verify if the association of radiomic and semantic
attributes could improve TMD detection, a dataset was
created associating both ML methods. For each one
of the 156 samples, 28 attributes were extracted. The
attributes extracted from the temporal and masseter
muscles were contrast, correlation, energy, homoge-
neity, entropy, trimmed mean, kurtosis, asymmetry,
standard deviation, variance, temperature (superior,
middle, and inferior masseter and temporal muscles),
and pain (superior, middle, and inferior masseter and
temporal muscles).

Data processing

The Principal Component Analysis (PCA) method was
used to reduce the dimensionality and a 95% variance
was considered to generate the new features; therefore,
generic features were generated statistically based on the
existing features. After applying PCA, the number of
radiomic features was reduced from 20 to 8, the number
of semantic features was reduced from 8 to 4 and the
number of radiomic-semantic association features was
reduced from 28 to 11.

Considering these datasets in a tabular format, it
is understood that when applying the PCA a new set
with the same number of samples (rows) as the orig-
inal set will be obtained, however with fewer attributes
(columns). The datasets are then partitioned into two
subsets, following the holdout method, in 70/30 propor-
tions. The subset with 70% was destined to the training
stage and the 30% subset was used to carry out the
tests. It is important to highlight that the stratification
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adopted for this partitioning was proportionality guar-
anteed for both classes (healthy and pathology).

For subsets with 70% of the samples (training), cross-
validation was used, which is a method that consists of
using various combinations of the same dataset during
training. This method is extremely useful to increase the
generalizability of a model. In this research, 10 itera-
tions were defined for resampling the training base via
cross-validation.

Classification algorithms ( classifiers)

Kernel nearest neighbor (KNN), support vector
machine (SVM) and multilayer perceptron (MLP) clas-
sifiers were implemented and compared.

The metric adopted to evaluate the classification
algorithms was accuracy, which corresponds to the
level of correctness of a model. In addition to accuracy,
precision, sensitivity, and specificity were assessed.

KNN classifier

The KNN aims to determine a sample’s classification
label based on neighboring samples. The Kerner value
corresponds to the number of neighbors that the algo-
rithm must consider performing the classification. For
the construction of this model, kernel value five was
used. This value was defined after an iterative execution
of the classification varying the k (kernel) from 1 to 50
and comparing the accuracy of the model training in
each k value.

SVM classifier

In the SVM technique, classes are separated by a line
named the decision boundary dividing the space
between classes which must be as large as possible. The
greater the space of the decision boundary, the better
the classification of the model. Due to the non-linearity
of the data used in this research, a degree three polyno-
mial function was used to define the decision boundary.
Polynomials of different degrees were also tested, but
there was no gain in accuracy.

Multilayer Perceptron (MLP)

In addition to KNN and SVM, a classifier was also
created using MLP. The first layer corresponded to the
input layer, the second layer has eight neurons and the
third and fourth layers have six neurons, the fifth has four
neurons and the last layer corresponded to the output.
Therefore, for the radiomic, semantic and the radiomic-
semantic association features, the MLP had 8§, 4, and
11 neurons in the input layer, respectively (Figures 3-5).
The input layer corresponds to the number of features
after principal components analyses (PCA).

Data analysis

To prove the clustering tendency of the datasets,
Hopkins’s statistic was used. This statistical test has the
threshold of 0.5 (H = 0.5) as reference, and the resul-
tant statistical data will be a value between 0 and 1.
The closer the H value is to 0, the greater the clustering
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Figure 3 Multilayer Perceptron (MLP) for radiomic features.
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Figure 4 Multilayer Perceptron (MLP) for semantic features.

Dentomaxillofac Radiol, 51, 20210318 birpublications.org/dmfr


http://birpublications.org/dmfr

@
@ o
- ®

U S gie

s S LIRS

S e N
(. fo
G

InputLayer: X* EiddenLayer: X* HiddenLayer: X*

TMD assessment with Al and infrared thermography

Diniz de Lima et a/ 7of 11
@
@
@
S @
f
@ ‘o
‘e
HiddanLayer: 3° HiddenLayerz 3 Output Layer

Figure 5 Multilayer Perceptron (MLP) for radiomics and semantics associated features.

tendency of the dataset, and the closer the H value is to
the threshold, the greater the randomness of the data
distribution (lower tendency of clustering).

Data analysis was done using the Jamovi software
(v.1.6, 2021, Sydney, Australia). The Shapiro-Wilk test
was used to assess data distribution, which was found
to be normal for all groups (p > 0.05). For each tested
ML method and classifier, accuracy, precision (positive
predictive value), sensitivity (true positive rate), and
specificity (true negative rate) were calculated. ANOVA
for repeated measures and Tukey test were used to
compare the studied variables.

Results

The H value obtained in this study for the radiomic,
semantic, and radiomic-semantic association features

were 0.19, 0.21, and 0.16, respectively. Therefore, there
is a cluster tendency for the studied datasets.

Table 1 shows the accuracy values of the classifiers
for the training and testing assessments for each studied
feature extraction method. The training and testing accu-
racy only differed statistically for the radiomic-semantic
associated features (p = 0.003). MLP presented the best
accuracy values and differed from SVM and KNN for
the radiomic-semantic associated features (p = 0.004).
Although SVM presented the best accuracy values for
radiomic and semantics features assessed separately, it
did not differ from KNN and MLP (Table 1).

When assessing and comparing the testing accu-
racy, precision and sensitivity values of each feature
extraction method, semantic features and radiomic-
semantic features associated differed statistically
from radiomic features (p = 0.008, p = 0.016and p =

Table 1 Accuracy values of the ML classifiers for the training and testing datasets and the studied feature extraction methods

RADIOMIC FEATURES p-value ~ SEMANTICS FEATURES vp-value ASSOCIATED FEATURES  p-value
Intra Intra Intra
ACCURACY KNN*SVM 4 MLP* 0.695 KNN* SVM* MLP* 0.499 KNN* SVM® MLP¢ 0.004
TRAINING 71.54% % 79.52%* 90.90%* Inter 89.90%* 89.91%* 91.95%* Inter 89% 93.63%* 98.68%* Inter
TESTING 68.08%* 76.59%* 63.82%°* 0.296 87.23%* 95.74%* 91.48%* 0.758 82.97%" 87.23%"> 91.49%" 0.003

*ANOVA test for repeated measures and post Tukey test.
*Intra corresponds to KNN, SVM and MLP.
“Inter corresponds to training and testing.

IDifferent letters indicate statistically significant differences between groups.
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Table 2 Testing dataset accuracy, precision, sensitivity, and specificity values for the studied feature extraction methods for each assessed clas-
sifier
KNN SVM MLP MEAN SD p-value
ACCURACY RADIOMICS* 68.08% 76.59% 63.82 69.50% 6.5 0.008
SEMANTICS® 87.23% 95.74% 91.48% 91.15% 4.26
ASSOCIATED?® 82.97% 87.23% 91.49% 87.20% 4.26
PRECISION RADIOMICA 70.08% 79.16% 66.66% 72% 6.46 0.016
SEMANTIC® 82.75% 96% 88.88% 89.20% 6.63
ASSOCIATED?® 84% 85.18% 86.20% 85.10% 1.10
SENSITIVITY RADIOMIC* 68% 76% 64% 69.30% 6.11 0.013
SEMANTIC® 96% 96% 96% 96% 0
ASSOCIATED® 84% 92% 100% 92% 8
SPECIFICITY RADIOMICA 68.18% 77.27% 63.63% 69.70% 6.94 0.045
SEMANTIC® 77.27% 95.45% 86.36% 86.40% 9.09
ASSOCIATED*® 81.81% 81.81% 81.81% 81.81% 0

aDifferent letters indicate statistically significant differences between groups.

®ANOVA test for repeated measures and post Tukey test.

0.013). The semantic features presented the best speci-
ficity values, followed by radiomic—semantic associated
features and the semantic features attribute extractors
differed statistically from radiomic features (p = 0.045)
(Table 2).

Discussion

IT is a noninvasive and rapid screening method that
reveals the dynamics of microcirculation on the skin
surface in real-time, detecting the extent of functional,
nervous, and vascular changes caused by inflammatory
processes, endocrine disorders or oncological condi-
tions.” This diagnostic method has been assessed previ-
ously in dentistry in studies on oral candidiasis,* caries
lesions,* lip herpes® and endodontic tasks.*

Muscles need oxygen provided by the blood flow to
perform their contraction and relaxation movements.
The blood flow can also affect the skin temperature
which is regulated by the autonomic nervous system.? In
cases of masticatory muscles disorders, the blood flow
can be altered and directly affect the muscles thermal
patterns®’; therefore, IT would be indicated to assess
muscles thermal alterations. IT diagnostic usefulness in
identifying patients with TMD presents limited effec-
tiveness®; however, the literature is still scarce regarding
the reliability of IT in the diagnosis of TMD.’

Other image exams have been used to assess the TMJ
and aid TMD diagnosis and management. CBCT and
CT are useful for evaluating TMJ potentially patho-
logic changes to the hard tissues such as erosion and
osteophyte and morphological changes associated with
TMD. CBCT has the advantage of lower doses than CT,
and no image distortion when compared to panoramic
images. Panoramic images present geometric distortions
proper to this image modality technique that may impair
the detection of bone alterations*; therefore, only
gross osseous changes can be identified.*> Panoramic
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birpublications.org/dmfr

images underestimate the radiological findings with
higher prevalence, therefore, should not be used as an
effectively diagnostic tool for bone components within
the TMJ region.* MRI is useful for evaluating disc
morphology, internal disc derangement, joint effusion,
abnormalities within the bone marrow of the condyle,
and within the muscles and surrounding soft tissues
without using ionizing radiation. In many institutions
MRI is the preferred examination for TMJ soft tissue
pathology; however, its cost is a limitation to MRI indi-
cation in many countries. IT is a low-cost noninvasive
image exam that can aid TMD diagnosis and manage-
ment, permitting multiple image acquisition.

Regarding the use of Al in the medical field,
studies on the detection of breast cancer,* respiratory
frequency,® cellulite stages,**¢ differentiation of poten-
tially malignant lesions and lower lip cancer,*” facial
analysis*® and thermographic findings related to orofa-
cial pain have shown promising results.* Recently, at the
eighth European Medical and Biological Engineering
Conference, a conference paper sought to investigate the
ability of infrared thermal image on TMD detection,
using Al and found promising AUC values (0.71), thus
suggesting that IT can be a relatively inexpensive and
simple to use tool for assessing TMD.*® Therefore, the
use Al may improve IT diagnostic efficiency increasing
productivity and diagnostic accuracy, aiding the subjec-
tive interpretation of the clinician.

According to Hung (2020)," reports on Al tech-
niques in the dentomaxillofacial radiology field focus on
four main applications including automatic localization
of cephalometric landmarks, diagnosis of osteoporosis,
classification/segmentation of the maxillofacial cysts
and/or tumors, and identification of periodontitis/peri-
apical disease. Previous studies have used Al on TMD
diagnosis using CBCT scans and have shown satisfac-
tory results.?®34 A recently published study used Al
through the extraction of radiomic features (texture
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attributes) to assess thermographic findings related to
TMD symptoms of 19 TMD patients and 21 control
patients, using the texture attribute homogeneity.
The authors stated that there is a potential for texture
attribute analysis assessing IT on TMD diagnosis, as
TMD pain affects all masticatory system and can affect
thermal changes in muscles unevenly.

Automatic segmentation tools are paramount for the
creation of diagnostic task specific software and apps so
Al can be used as an auxiliary tool in the dental clinic
routine. IT automatic segmentation is difficult because
heat distribution is not delimited by anatomical struc-
tures, segmentation errors due to similar temperatures
between the environment and object of study can occur
and different shapes and sizes of the object of interest
may difficult the machine learning process.** There-
fore, a large dataset must be used with the purpose of
obtaining high accuracy automatic segmentation of
IT images. Several semi-automatic methods have been
proposed for segmentation; however, this process often
depends on hand-crafted image features and prepro-
cessing operations.> Studies with large sample sizes are
needed to stablish the best IT automatic segmentation
method.

The total number of published predictive modeling
studies using radiomic features has been rapidly rising;
however, a consensus on which features are repeatable
and reproducible has not yet emerged.”® Radiomic
features characteristics have values in a continuous
scale, which can provide details distinguishing for
example odontogenic tumors.’*>7 Technically, the
images are transformed into dimensional data to search
for correlations that can define a radiographic pheno-
type useful before, during or after therapy.””*® Entropy
has been consistently reported as one of the most stable
radiomic features and contrast appears among the
least reproducible radiomic features.®® In this study,
10 texture attributes (contrast, correlation, energy,
homogeneity, entropy, trimmed means, kurtosis, asym-
metry, standard deviation, variance) were assessed, in
order to extract as much quantitative texture attributes
as possible to improve TMD diagnostic efficiency. A
previous study® assessing TMD pain using IT and
Al in a smaller study sample used only one radiomic
feature (homogeneity) obtaining lower accuracy values
than this study.

Additionally, three classification algorithms were
used in this study (KNN, SVM and MLP) to assess ML
feature extraction accuracy. KNN and SVM classifiers
are easy to implement and widespread in the field of
ML.¥ SVM is less computationally demanding than
KNN and is easier to interpret but can identify only
a limited set of patterns.” SVM presented satisfying
accuracy values for all assessed ML feature extraction
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methods and performed better than the other studied
classifiers for semantic features.

ANN are non-linear models inspired by the brain’s
neural architecture and were developed aiming to model
the learning capacity of biological neural systems. Multi-
layer perceptron (MLP) is a typical artificial networks
architecture containing a series of layers, composed
of artificial neurons and their connections, which can
calculate the weighted sum of its inputs and then apply
an activation function to obtain a signal that will be
transmitted to the next neuron. A MLP must have a
good architecture with the necessary connections to
solve the problem in question and training with the right
amount of data, which can be time-consuming for large
datasets.”’” Convolutional Neuro Networks (CNN) are
a class of artificial neural networks that has increased
in the radiology field with promising results; however,
this class of ANN needs larger image samples than the
one used in this study. Although this study sample was
larger than previous studies, the limited sample size is
a limitation and studies with larger samples sizes and
using CNN are needed.

In this study, the Fonseca questionnaire was used as
a first screening tool to assess the volunteers to stab-
lish a control group. According to Pires (2018), the
Fonseca questionnaire is a short form that can be used
as a screening tool with adequate level of diagnostic
accuracy and reliability for myogenous TMD; however,
it is important to have a proper diagnosis to guide TMD
therapy using the RDC/TMD.® Therefore, a second
screening was done, assessing all patients with RDC/
TMD to correctly categorize the studied groups.

Our study has a certain degree of novelty and a
methodology with potential to be used in future studies.
Furthermore, more studies assessing the use of Al as
an auxiliary tool of image exams (IT, CBCT, MRI) on
TMD detection are needed to create a software to be
used in dental clinics and radiology centers.

Conclusion

Semantic and radiomic-semantic-associated ML feature
extraction methods perform better than radiomic
features for TMD detection. The radiomic-semantic
attribute extraction method associated with the MLP
classifier should be chosen for TMD detection using IT
images and pain scale data. I'T associated with Al pres-
ents promising results for TMD detection.
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