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Background: The retromolar canal (RMC) is an extension of the mandibular canal located in the distal region of the mandibu-
lar third molar. Accurately detecting the RMC using conventional two-dimensional images is challenging, potentially leading
to anesthetic failure and sensory disorders. This study aims to explore the clinical application of a radiomic model based on
panoramic radiographs in detecting the RMC.

Methods: A retrospective collection of cone beam computed tomography (CBCT) and panoramic radiographs was conducted on
800 patients, covering 1555 hemimandibles. CBCT images served as the gold standard for confirming the presence of RMC. A
dataset comprising 846 retromolar regions was established for model training and testing, with an 8:2 ratio. On the panoramic
radiographs, the retromolar regions were delineated as the regions of interest, and radiomic features were extracted and selected.
Support vector machine (SVM), logistic regression (LR), k-nearest neighbors (KNN), and multilayer perceptron (MLP) were
employed to construct detection models for the RMC. The performance of these algorithms was assessed using receiver operating
characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA), and the area under the receiver operating
characteristics curve (AUC) values were compared with those of a dentist and a radiologist.

Results: The RMC was identified in 423 (27.2%) out of 1555 hemimandibles on CBCT images. The four algorithms, particularly
SVM and MLP, demonstrated outstanding classification abilities in detecting the RMC, with AUC values ranging from 0.831 to
0.895 in the training set and from 0.719 to 0.808 in the testing set. These results significantly surpassed those of the dentist and
radiologist (p < 0.05).

Conclusion: Radiomics based on panoramic radiographs exhibit a high detection capability for the RMC, emphasizing its con-
siderable clinical application value.
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Introduction

The retromolar canal (RMC) is a branching structure
that originates from the mandibular canal at the distal re-
gion of the mandibular third molar. After diverging from
the main trunk of the mandibular canal, it ascends posteri-
orly and opens in the retromolar region, forming the retro-
molar foramen (RMF) [1]. The discovery of the RMC dates
back to 1967 when it was first observed during cadaver dis-
section [2]. It is considered a structural variant resulting
from incomplete fusion of the fetal mandibular canal [3].
The RMC contains vascular nerve bundles primarily com-
posed of myelinated nerves originating from the mandibu-
lar canal, along with fine arterioles and veins [2,4]. The
intricate structure of the RMC increases the risk of com-
plications during oral procedures in the retromolar region,
such as mandibular third molar extraction, fracture reduc-

tion, and orthognathic surgery. Complications related to the
RMC include failure of local anesthesia, unexpected bleed-
ing during surgery, and postoperative sensory disorders of
the buccal gingiva in the molar area [5—7]. Hence, preoper-
ative detection of the RMC is crucial for minimizing these
complications.

As a concealed bony anatomical channel within the
mandible, the RMC is not easily identifiable through gen-
eral radiographic examination. Currently, cone beam
computed tomography (CBCT) stands as the most effec-
tive method for detecting the RMC, offering clear three-
dimensional images of oral hard tissues and precise vi-
sualization of the anatomical structure of the mandibular
canal and its branches. However, the clinical application of
CBCT is limited by its high radiation dose, elevated cost,
and complex operation, rendering it unsuitable as a rou-
tine screening method for RMC. Panoramic radiographs are
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Fig. 1. The workflow of radiomic analysis in this study involved several key steps. Firstly, the recognition and measurements of

the retromolar canal (RMC) on cone beam computed tomography (CBCT) were conducted, and the regions of interest were delineated

on the panoramic films. Subsequently, various radiomic features were extracted from these regions of interest, encompassing first-order

features, shape features, gray-level co-occurrence matrix (GLCM) features, gray-level dependence matrix (GLDM) features, gray-level

run length matrix (GLRLM) features, gray-level size zone matrix (GLSZM) features, and neighborhood gray-tone difference matrix

(NGTDM) features. Following feature extraction, intergroup correlation coefficients, Spearman correlation coefficients, and the least

absolute shrinkage and selection operator (LASSO) methods were employed to select the most relevant features. Finally, the model was

evaluated using the receiver operating characteristic (ROC) curve, calibration curve, and decision curve analysis (DCA) curve. MSE,

mean squared €ITOor.

widely utilized in oral clinical examinations due to their
ability to capture a broad array of anatomical structures,
encompassing the full dental arch, jawbone, nasal cavity,
maxillary sinus, and temporomandibular joint, all in a sin-
gle exposure. Nevertheless, the two-dimensional images in
panoramic radiographs are often subject to geometric dis-
tortion and interference from overlapping tissues. While
several studies have attempted to visualize the RMC us-
ing panoramic radiographs, the accuracy remains limited,
with over 70% of the structures remaining unidentified [8—
10]. Hence, there is a pressing need for an efficient and
cost-effective image analysis method to enhance the diag-
nostic capabilities of panoramic radiography for detecting
the RMC.

Radiomics entails the conversion of digital medical
images into analyzable data by extracting quantitative im-
age features based on shape, intensity, and texture [11]. The
amalgamation of radiomics and dentistry has demonstrated
significant potential in oral diagnosis and treatment in re-
cent years. Oral imaging data, including panoramic films,
periapical films, bitewing films, and CBCT, have been uti-
lized to construct radiomic models in various fields such as
endodontics [12], maxillofacial tumors [13], orthodontics
[14], oral implantation [15], prosthodontics [16], and tem-

poromandibular joint disease [17]. These models exhibit
enhanced precision and efficiency in judgment capabilities
compared to traditional manual film interpretation. How-
ever, no radiomic model based on panoramic imaging has
been developed for the detection of RMC.

In the present study, we initially evaluated the inci-
dence, type, and anatomical characteristics of the RMC
through the analysis of CBCT images. Subsequently, we
developed a radiomic detection model based on panoramic
radiographs to assess the presence of the RMC, utilizing
CBCT identification as the gold standard.

Materials and Methods

Patients and Study Design

The research data consisted of CBCT and panoramic
radiographs from 800 patients (1555 sides, 780 left and 775
right) who visited the Hospital of Stomatology, Sun Yat-
sen University between January 2022 and April 2023. In-
clusion criteria were as follows: (1) Age >18 years; (2)
Symmetrical maxillofacial region with no deformities or se-
vere traumatic or surgical history affecting the shape of the
mandibles; (3) Clear CBCT images with a complete field of
view and no significant metal artifacts. Exclusion criteria
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Fig. 2. Classification of RMC according to the course (arrow). Type A (al,a2), a vertical course. Type B (b1,b2), is a curved course.

Type C (cl,c2), a horizontal course (including the RMCs branched from the independent mandibular foramen). Linear measurement

on sagittal CBCT images (d). Distance from retromolar foramen (RMF) to mandibular second molar (D;); Distance from RMF to
mandibular canal (D2); Height of RMC (H); Starting width of RMC (W(); Width of RMF (W1). Trace of RMC (arrow) on panorama (e)

of the same patient.

included: (1) Patients with mandibular trauma or surgery
severely affecting the shape of the mandibles; (2) Patients
with obvious space-occupying lesions such as mandibular
cysts or tumors; (3) CBCT images with significant metal ar-
tifacts; (4) Patients with severe periodontitis or osteomyeli-
tis of the jaw; (5) Mandibular sides missing second and third
molars. The study design and pipeline are depicted in Fig. 1.

CBCT and Panorama Scanning Techniques

The CBCT images of patients were assessed using a
CBCT scanner (NewTom VGI, QR srl Inc., Verona, Italy)
in the radiology department of the Hospital of Stomatology,
Sun Yat-sen University. The CBCT scanning parameters

were as follows: Spatial resolutions: 0.300 mm, tube volt-
age: 110 kV, tube current: 3.00 mA, field of view: 15 cm X
12 cm, exposure time: 1.8 s. Panoramic radiographs were
captured using computed tomography (PHT-6500, Vatech,
Hwaseong, Korea) with standard parameters of tube volt-
age at 90 kV and tube current at 10 mA. During CBCT
and panoramic imaging, each patient was positioned up-
right with their head stabilized using head supports. The
Frankfurt plane was oriented parallel to the floor plane, and
the facial midline was perpendicular to the ground plane.
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Confirmation of the RMC

Two trained dentists (Q.X. and F.W., with over 20 and
8 years of clinical experience, respectively) conducted si-
multaneous evaluations of the retromolar area on CBCT.
The observed area extended from one side of the mandibu-
lar foramen to the distal region of the mandibular third or
second molar on the same side. If a branch of the mandibu-
lar canal was found to open to the RMF in this region, it was
recorded as the presence of RMC. In cases of disagreement,
a radiologist (Donglin Z, with over 20 years of experience)
made the final decision. To construct the detection model,
a dataset was comprised of 423 mandibular sides diagnosed
with the presence of RMC, combined with an equal number
of samples without RMC randomly selected from the 1132
mandibular sides on CBCT images. The dataset, consisting
of 846 mandibular sides, was then randomly divided into
training (337 sides with RMC and 339 sides without RMC)
and testing sets (86 sides with RMC and 84 sides without
RMC) at an 8:2 ratio.

Classification and Linear Measurements of the RMCs

The RMCs identified in 423 mandibular sides were
classified into three categories based on their course and
morphology according to VON’s classification [1]: Type A
(vertical course), Type B (curved course), and Type C (hor-
izontal course) (Fig. 2al—c2). From sagittal CBCT images,
the following measurements were obtained: (1) Distance
from RMF to mandibular second molar (D1): the horizon-
tal distance from the midpoint of the RMF to the distal edge
of the enamel-dentin junction of the mandibular second mo-
lar; (2) Distance from RMF to mandibular canal (Ds): the
shortest distance from the RMF to the mandibular canal; (3)
Height of RMC (H): the vertical distance from the midpoint
of the RMF to the upper border of the mandibular canal;
(4) Starting width of RMC (Wj): the width of the starting
point of the RMC; (5) Width of RMF (W1); (6) The aver-
age value of Wy and W, was defined as the width of the
RMC (Fig. 2d). These measurements and classifications
were performed by a trained dentist (F.W., with over 8 years
of clinical experience). Fig. 2e displays the potential trace
on the panorama, which is likely the trace of RMC.

Region of Interest Segmentation and Image
Preprocessing

The panoramic images of 846 mandibular sides were
initially resampled to a voxel resolution of 1 x 1 x 1 mm?.
A dentist (L.H., with over 8 years of clinical experience)
manually outlined the retromolar area on the panoramic im-
ages using ITK-SNAP (version 3.6.0, http://www.itksnap.
org/pmwiki/pmwiki.php) in a blinded fashion. The bound-
aries of the retromolar area were defined as follows: the
distal boundary was the mandibular foramen, the mesial
boundary was the distal aspect of the mandibular second
or third molar, the lower boundary was the upper border
of the mandibular canal, and the upper boundary was the

upper edge of the mandible (Fig. 3a,b). To verify the re-
producibility of the outlining process, 30 mandibular sides
were randomly selected, and a dentist (Y.Q., with over 15
years of clinical experience) independently re-outlined the
retromolar area. These steps were taken to ensure a reliable
and representative dataset for the subsequent analysis and
development of the radiomics model.

Radiomic Feature Extraction and Selection

Radiomic features were extracted from regions of in-
terest using Python software (version 3.7.12; Python Soft-
ware Foundation, Wilmington, DE, USA). The handcrafted
features were categorized into three primary groups: (I) ge-
ometry, (II) intensity, and (III) texture. The geometry fea-
tures capture the shape characteristics of the region, while
the intensity features describe the first-order statistical dis-
tribution of voxel intensities within the region. The tex-
ture features delineate the patterns or spatial distributions
of intensities, encompassing second and higher-order in-
formation. There are five categories of texture features, in-
cluding the gray-level co-occurrence matrix (GLCM), gray-
level dependence matrix (GLDM), neighborhood gray-tone
difference matrix (NGTDM), gray-level size zone matrix
(GLSZM), and gray-level run length matrix (GLRLM).

To ensure comparability, all extracted features were
normalized to a range between 0 and 1. Next, a four-step
procedure was carried out to select relevant radiomics fea-
tures and reduce dimensionality in the training set. Firstly,
invalid features, including null values, infinite values, and
those with zero variance, were eliminated. Secondly, the
intraclass correlation coefficient (ICC) was calculated for
each radiomic feature to assess reproducibility. Features
with an ICC value greater than 0.75 were considered repro-
ducible and robust. Thirdly, Spearman’s rank correlation
coefficient was utilized to measure the correlation between
features. If the correlation coefficient between any two fea-
tures exceeded 0.9, only one of the correlated features was
retained. Finally, the least absolute shrinkage and selec-
tion operator (LASSO) regression model, a regularization
method that effectively selects features and reduces over-
fitting, was employed to construct a signature using the re-
maining features from the previous steps.

Radiomic Model Development and Evaluation

After feature screening, the final retained features
were utilized to build machine learning algorithms, in-
cluding logistic regression (LR), support vector machine
(SVM), k-nearest neighbors (KNN), and multilayer per-
ceptron (MLP). The classification ability of the radiomic
model was evaluated using the area under the receiver op-
erating characteristics curve (AUC) values and their corre-
sponding 95% confidence intervals (CI). Calibration curves
were plotted to compare the predicted and actual val-
ues. Decision curve analysis (DCA) curves were con-
ducted to demonstrate the clinical usefulness of the detec-
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Fig. 3. Region of interest delineation and LASSO-based radiomic feature selection. The region of interest in the left (a) and right
(b) sides: the distal boundary was the mandibular foramen, the mesial boundary was the distal of the last mandibular molar, the lower
boundary was the upper border of the mandibular canal, and the upper boundary was the upper edge of the mandible. Radiomic feature
selection based on the LASSO model: ten-fold cross-validated coefficients (c) and ten-fold cross-validated mean squared error (MSE)
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tion model. The accuracy, sensitivity, specificity, F1 score,
positive predictive value (PPV), and negative predictive
value (NPV) of these algorithms were calculated.

Comparative Analysis of Diagnostic Performance
between the Radiomic Model and Specialists

To compare the detection performance of the radiomic
model with the diagnosis made by human observers, a den-
tist (Dongjing Z, with 4 years of clinical experience) and a
radiologist (Donglin Z, with over 20 years of experience)
independently evaluated the panoramic images in the test-
ing set. The accuracy, sensitivity, specificity, F1 score,
PPV, NPV, and AUC of the observers were calculated. The
DeLong test was employed to compare the AUC values be-
tween the radiomic model and human observers.

Statistical Analyses

Statistical analyses were conducted using Python soft-
ware (version 3.7.12; Python Software Foundation, Wilm-
ington, DE, USA) and SPSS (version 25.0; IBM Corpo-
ration, Armonk, NY, USA). To assess the consistency of
judgments between the two dentists regarding the RMC, the
kappa value was calculated. Pearson Chi-square tests were
performed to analyze the statistical differences among gen-
der, age, and lateral distribution of the RMC. The Shapiro-
Wilk test and Levene’s test were used to assess normal dis-
tribution and homogeneity of variance. For variables that
did not conform to a normal distribution, including the start-
ing width of RMC, width of RMF, and width of RMC,
the results were presented using the median (interquartile
range [IQR]). For variables that followed a normal distri-
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Table 1. Gender, age, and lateral distribution of the RMC:s.

Presence  Absence Total Incidence 2 value p-value

Gender (n = 800)

Male 151 258 409 36.92%

Female 146 245 391 37.34% 0.02 0.90
Age/Year (n = 800)

18-40 152 305 457 33.26%

41-60 111 151 262 42.37%

>61 34 47 81 41.98% 6.82 0.03
Lateral (n = 1555)

Left 213 567 780 27.31%

Right 210 565 775 27.10% 0.01 0.93

Table 2. Linear measurement data of the RMCs and RMFs (mm).

Mean + SD Median [IQR]
Starting width of RMC - 1.50 [0.80]
Width of RMF - 0.70 [0.50]
Width of RMC - 1.10[0.55]
Height of RMC 16.24 4+ 3.34 16.20 [4.30]
Distance from RMF to the second molar 13.26 +£3.10 13.50 [4.28]
The shortest distance from RMF to the mandibular canal ~ 9.54 4+ 2.05 9.50 [2.60]

SD, standard deviation; IQR, interquartile range.

bution, such as the height of RMC, distance from RMF to
the second molar, and the shortest distance from RMF to
the mandibular canal, the results were presented using both
mean =+ standard deviation (SD) and median [IQR] values.
A p-value of less than 0.05 was considered statistically sig-
nificant.

Results

The Prevalence and Classification of the RMCs

The patients included comprised 391 females and 409
males, with an average age of 39.5 years and an age range
from 18 to 84 years. The agreement between the two den-
tists regarding the presence of the RMC on CBCT was sub-
stantial, as indicated by a kappa value of 0.885. Out of the
1555 sides of the mandibles observed on CBCT, 423 sides
(27.2%) showed the presence of RMCs. Among these, 213
cases were on the left side, and 210 cases were on the right
side. There were 126 individuals who had RMCs on both
sides, 171 individuals with RMCs on only one side, and a
total of 297 individuals (37.1%) with at least one side ex-
hibiting RMCs. In terms of morphological classification,
165 sides (39.01%) were classified as Type A (vertical), 242
sides (57.21%) as Type B (oblique), and 16 sides (3.78%)
as Type C (horizontal).

The prevalence of RMCs was 36.92% in males and
37.34% in females, with no significant difference observed
(» = 0.90). When considering age groups, the prevalence
of RMCs in the youth group (18-40 years old), middle-
aged group (41-60 years old), and elderly group (over 61
years old) was 33.26%, 42.37%, and 41.98%, respectively.

Significant differences were noted between the three age
groups (p = 0.03). Moreover, RMCs were observed in
27.31% of the left sides and 27.10% of the right sides, with
no significant difference between the two sides (p = 0.93)
(Table 1).

Linear Measurement Data of the RMCs

The linear measurements of RMCs on CBCT images
are summarized in Table 2. The median starting width of
the RMC, width of RMF, and width of RMC were 1.50 mm,
0.70 mm, and 1.10 mm, respectively. The mean height of
the RMC was 16.24 mm, with a median height of 16.20
mm. The mean distance from RMF to the second molar
was 13.26 mm, and the median distance was 13.50 mm.
The mean shortest distance from RMF to the mandibular
canal was 9.54 mm, with a median value of 9.50 mm.

The Performance of Panorama-Based Radiomic
Model and Specialists in Predicting the RMC

A total of 1561 handcrafted features were extracted
from the panorama, including 14 geometry features, 306
intensity features, 374 GLCM features, 238 GLDM fea-
tures, 272 GLRLM features, 272 GLSZM features, and 85
NGTDM features. These features underwent a four-step
feature-selection procedure. In the first step, 663 invalid
features were excluded. Secondly, 163 unproducible fea-
tures were excluded. In the third step, 526 features were
further excluded to avoid redundancy. Finally, the LASSO
classifier selected 52 features from the remaining 209 fea-
tures for model construction (Fig. 3c,d).
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Table 3. Performance of radiomic model and specialists.

Algorithm Group AUC 95% CI Accuracy  Sensitivity  Specificity PPV~ NPV Fl1

SVM train ~ 0.895  0.8700-0.9193 0.818 0.816 0.820 0.818 0.818 0.817
SVM test 0.794  0.7247-0.8628 0.718 0.698 0.738 0.732  0.705 0.714
LR train ~ 0.831  0.8003-0.8611 0.757 0.774 0.740 0.748  0.768 0.761
LR test 0.793  0.7261-0.8594 0.700 0.744 0.655 0.688 0.714 0.715
KNN train ~ 0.847  0.8200-0.8741 0.765 0.858 0.673 0.722  0.826 0.784
KNN test 0.719  0.6442-0.7935 0.665 0.733 0.595 0.649  0.685 0.689
MLP train ~ 0.892  0.8685-0.9156 0.808 0.831 0.785 0.793  0.824 0.812
MLP test 0.808  0.7410-0.8741 0.741 0.756 0.726 0.739  0.744 0.747
Dentist test 0.542  0.4666-0.6167 0.541 0.500 0.583 0.551  0.533 0.524
Radiologist test 0.565  0.4902-0.6399 0.565 0.535 0.595 0.575  0.556 0.554

SVM, support vector machine; LR, logistic regression; KNN, k-nearest neighbors; MLP, multilayer perceptron; AUC, area

under the receiver operating characteristics curve; PPV, positive predictive value; NPV, negative predictive value.

Table 3 provides an overview of the performance met-
rics of different algorithms in both the training and testing
sets. The SVM and MLP algorithms achieved the high-
est AUC values of 0.895 and 0.892 in the training sets,
and 0.794 and 0.808 in the testing sets (Fig. 4a,b). The
LR and KNN algorithms achieved AUC values of 0.831
and 0.847 in the training sets, and 0.793 and 0.719 in the
testing sets (Fig. 4b). Furthermore, in the testing set, the
four algorithms demonstrated accuracy ranging from 0.665
to 0.741, sensitivity from 0.698 to 0.756, specificity from
0.595 to 0.738, PPV from 0.649 to 0.739, NPV from 0.685
to 0.744, and F1 score from 0.689 to 0.747. The SVM and
MLP algorithms showed robust and balanced performance
as all metrics were above 0.7, while the LR and MLP al-
gorithms achieved high sensitivity (0.733-0.744) but low
specificity (0.595-0.655). In contrast, the performance of
human judgments by a dentist with 4 years of clinical ex-
perience and a radiologist with over 20 years of experience
yielded lower AUC values of 0.542 and 0.565. There was
no significant difference in performance between the two
observers (p =0.65). The AUC values of all four algorithms
were significantly better than those of the two observers (p
< 0.05). In terms of clinical benefits, DCA curves demon-
strated the advantages of the four algorithms, particularly
the LR, SVM, and MLP, in most testing set circumstances
(Fig. 4c). The calibration curves of the four algorithms
showed good agreement between the predicted probabili-
ties and the actual rates in the testing sets (Fig. 4d).

Discussion

The detection of the RMC presents challenges due to
its hidden location and varied anatomical orientation. In
this study, we developed a prediction model to enhance the
RMC-detecting ability of panoramic radiographs using four
different machine-learning methods. Our results revealed
that all four strategies, especially SVM and MLP, exhibited
excellent predictive ability and surpassed the performance
of experienced imaging-specialized experts.

The RMC plays a crucial role in innervating various
regions, including the retromolar triangle and buccal mu-
cosa of mandibular molars [2,4]. Failure to consider the
existence of this canal may lead to complications such as in-
complete anesthesia and postoperative loss of sensation. It
is recommended to use Gow-Gates high-block anesthesia in
patients with retromolar canals [10]. In patients with acute
pulpitis of the mandibular first molar, the adjunctive use
of retromolar canal infiltration anesthesia can significantly
alleviate pain when only inferior alveolar nerve block anes-
thesia is employed [ 18]. There have been reports of reduced
sensation in the buccal gingiva of the molar area following
sagittal split ramus osteotomy and extraction of the third
mandibular molar as a result of intraoperative damage of the
retromolar canal [6,19,20]. Various methods have been uti-
lized to discover the RMC, including micro-CT [21], elec-
tron microscopy [22], CBCT [23], and panoramic radio-
graphs [6]. The first two methods are primarily conducted
in cadaver mandibles while CBCT and panoramic radio-
graphs are commonly applied in clinical diagnosis and re-
search. The reported incidence rates of the RMC in differ-
ent CBCT studies vary significantly, ranging from 8.5% to
65.4% [1,6,8,9,21,24-30].

This wide range of variation may be attributed to dif-
ferences in ethnicities, CBCT spatial resolution and image
quality, and the number of samples studied. Despite these
discrepancies, CBCT remains the most effective tool for
detecting the retromolar canal owing to its ability to pro-
vide three-dimensional anatomical information [21]. In our
study, by analysis of CBCT images, the prevalence of the
RMC was found to be 27.2%, and the rate in the youth group
was significantly lower than that of the middle-aged group
and elderly group. This finding might be attributed to in-
sufficient marginal ossification in young individuals, mak-
ing it difficult to identify the RMC. In the present study,
the distance from the RMF to nearby structures was mea-
sured. The results showed that the mean horizontal distance
from the RMF to the distal edge of the enamel-dentin junc-
tion of the second molar was 13.26 mm, which is consistent
with research on the Eastern Asian population (11.9 mm to
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Fig. 4. Performance of radiomic model. ROC curves of the LR, SVM, MLP, and KNN algorithms in the training sets (a) and the testing
sets (b); DCA curves (c) and calibration curves (d) of the LR, SVM, MLP, and KNN algorithms in the testing sets.

13.13 mm) [6,8,21] and shorter than that in European stud-
ies (15.16 mm to 15.45 mm) [1,9], indicating differences
between ethnicities. The shortest distance between RMF
and the mandibular canal was measured for the first time,
i.e., less than 10 mm, emphasizing the need for operators
to pay attention to the protection of the mandibular canal in
patients with RMC during surgical procedures. These find-
ings, derived from a large sample size of 1555 mandibular
sides, provide valuable insights into the anatomical charac-
teristics of retromolar structures.

The panoramic radiograph has been previously uti-
lized by some researchers to identify RMCs, as it offers
more convenience for clinical use and poses lower radia-
tion risk at a lesser expense compared to CBCT scans [10].
However, the detection rate of RMCs in panoramic radio-
graphs ranges from 0% to 5.8%, significantly lower than
that of CBCT scans [1,6,9,29,31,32]. The limited detection

percentage of RMCs in panoramic radiographs may be at-
tributed to its inherent limitations, including lower resolu-
tion, imaging distortion, and interference from adjacent tis-
sues (e.g., the mandibular lingual groove and oblique line of
the mandible). In the present study, the accuracy of two ob-
servers in identifying RMCs in panoramic radiographs was
found to be relatively low at 0.541 and 0.565 [10], further
underscoring the challenges associated with accurate iden-
tification irrespective of experience levels. In recent years,
the integration of radiomics in dentistry has significantly
improved the accuracy of diagnostic judgments while re-
ducing medical costs and time [12].

Researchers have successfully extracted radiomic fea-
tures from panoramic radiographs to obtain additional dis-
ease information and develop radiomics models that outper-
form dentists in diagnosing various dental conditions. For
example, radiomics models show superior performance in
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predicting additional distal roots of the mandibular second
molar [33], C-shaped root canals of the mandibular sec-
ond molar [34], osteoporosis [35], dental caries [36], age
group [37], and periodontal bone loss [38]. These stud-
ies employed multiple algorithms to identify the most suit-
able strategies for their respective objectives. In our study,
we aimed to enhance the accuracy of RMC detection on
panoramic radiographs and utilized well-established ma-
chine learning algorithms, including SVM, LR, KNN, and
MLP. SVM is a discriminative classifier known for find-
ing the optimal hyperplane to separate classes with a maxi-
mum margin. It is particularly effective when dealing with
high-dimensional data and non-linear decision boundaries.
MLP, on the other hand, is a powerful neural network model
consisting of multiple layers of interconnected nodes and is
capable of capturing complex relationships between input
and output variables. LR is a classical linear classifier that
models the probability of binary outcomes, while KNN is
a non-parametric algorithm that classifies based on the ma-
jority vote of the k nearest neighbors, making it suitable for
small datasets [39].

In the present study, these algorithms yielded promis-
ing results. The AUC values obtained from all four al-
gorithms were significantly higher than those achieved by
two human observers, showcasing the superiority of the ra-
diomic model over human visual assessment in detecting
the RMC [10]. MLP and SVM exhibited the highest AUC
values in both the training set and testing set. This demon-
strates their proficiency in handling intricate radiomic fea-
tures, suggesting their suitability for this task. The LR and
KNN algorithms showed relatively low specificity, indicat-
ing a higher tendency for misdiagnosing RMC. It is impor-
tant for users to exercise caution in interpreting results and
consider the potential of false positives when using these al-
gorithms. The exploitation of our radiomic detection model
may be beneficial in identifying patients who may require
specific methods of local anesthesia or advanced imaging
techniques, such as CBCT scans [10]. The American Den-
tal Association emphasizes the judicious use of CBCT scans
based on thorough patient history collection and initial two-
dimensional imaging data, discouraging its routine use as
a screening tool [40]. By employing the radiomic model
to improve the diagnostic capabilities of panoramic radio-
graphs, clinicians can make more informed decisions re-
garding the need for additional imaging, aligning with the
principles of precision medicine.

Despite the enhanced detection rate of RMCs on
panoramic radiographs in our research, this manuscript
possesses several limitations that warrant consideration.
Firstly, the training images were created through manual
segmentation, which is a time-consuming process. The de-
velopment of accurate automatic segmentation algorithms
would be a valuable and progressive technical avenue for
image analysis in future research. Secondly, the data were
collected from a single institution, resulting in data homo-
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geneity. To establish the clinical utility and generalizabil-
ity of the model, further validation studies should be con-
ducted using external datasets from different ethnic groups
and regions. Finally, only traditional radiomics features
were available in our study. Future research will explore
comprehensive analysis by combining deep learning with
traditional radiomics to improve the model and investigate
the interpretability of the results.

Conclusion

In conclusion, this study found that the prevalence of
the RMC in the 1555 mandibular sides was 27.2%, based
on the analysis of CBCT images. A detection model for
the RMC was developed by utilizing radiomic features ex-
tracted from panoramic radiographs and analyzing these
features with four machine-learning algorithms. These al-
gorithms demonstrated high performance in accurately dif-
ferentiating the presence of the RMC and outperformed spe-
cialists.
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