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Abstract— A new metric of surgical difficulty associated with
convolutional neural network (CNN)-based deep learning for the
extraction of impacted mandibular third molars has been
proposed. Based on the panoramic radiographs, anatomical
features were found to influence the difficulty of surgery.
Accordingly, the difficulty level was rated on a 10-point scale from
1 to 10, with 1 indicating very easy and 10 indicating very difficult.
Resulting from the integrated validation of the proposed metric
and Pederson difficulty scoring (PDS) system with CNN models,
the improvements of diagnostic accuracy, sensitivity, and
specificity were profound for classifying the difficulty of wisdom
tooth removal. Furthermore, the evolution of the accuracy and loss
functions during the training process along the epochs has also
been discussed. The present work suggested that this new metric
of surgical difficulty is conducive to making an optimal treatment
plan.

I. INTRODUCTION

CNN is a feedforward neural network that excels in
processing images and visual recognition tasks. CNN
automatically and effectively learns image features through
convolutional layers without manual feature extraction.

In recent years, CNN has been widely used in the medical
field. In dentistry, CNN is used to detect various conditions,
such as caries lesions and periodontal lesions. It can also help
to evaluate the difficulty of endodontic treatment, soft tissue
analysis, and root morphology of oral cancer patients.

It is important to evaluate the complexity of removing third
molars due to potential complications like pain, swelling, and
nerve damage. This study aims to introduce a CNN-based deep
learning model to predict the difficulty of extracting mandibular
third molars using panoramic radiographic images.[1-2]

Il. MATERIALS AND METHODS

Cropping was applied on panoramic dental images to
highlight the region of interest (ROI), which was the area
surrounding the mandibular third molar. Zero-padding was then
employed to adjust the display aspect ratio of the ROI to 1:1.
After preprocessing, the dataset was split into 80% for training
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and 20% for testing the accuracy of the CNN model. An object-
detecting model was used to obtain anatomical features, which
were set up as the standard for the CNN model. These features
included the intersection angle of the long axes of the second
and third molars, the extraction space of the third molar (D/F),
and the degree of embedding of the entire tooth (J/F). The CNN
model was trained by the data in the training set.[3]
Furthermore, the CNN model was applied to the data in the
testing set to acquire a preoperative evaluation of difficulty and
the PDS score prediction.[4-5]
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Figure 1 The entire process performed in this study.

I1l. RESULTS AND DISCUSSION

Postoperative surgical difficulty level was evaluated by
surgical time and certain influential anatomical features.
Meanwhile, the difficulty level was rated on a 10-point scale
from 1 to 10, with 1 indicating very easy and 10 indicating very



difficult. Figure 2 indicated that the preoperative evaluation of
surgical difficulty done by CNN was in line with postoperative
ones.
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Figure 2 Preoperative evaluation of difficulty by CNN distribution of the
postoperative evaluation of surgical difficulty

The CNN-based deep learning model appeared to be able to
judge the PDS score of mandibular third molars as well as a
doctor did since the predictions made by the CNN model were
in line with the doctor’s as shown in Figure 3.
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Figure 3 The PDS score predicted by CNN distribution of the PDS score judged
by the doctor.

Stochastic gradient descent (SGD) was a common
optimization method where the parameters were updated based
on the gradient direction. SGD aimed to find the point that
minimized the loss function. However, as the loss function
decreases, the optimization parameters at the periphery become
uneven, which can lead to overfitting and reduced
generalization performance. Figure 4 illustrates the learning
curve of the CNN deep learning model. Through our analysis,
we observed that SGD tends to overfit as the number of epochs
increases. The root cause of overfitting is the lack of training
data. To address this issue, we plan to gradually increase the
amount of training data in the future to reduce the overfitting
phenomenon.
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Figure 4 Two-dimensional spatial comparison of the dataset distinguished by
operation time.

IVV. CONCLUSION

As far as the preoperative assessment of surgical extraction
of the impacted mandibular third molar was concerned, the
validated metric of extraction difficulty has been developed
profoundly. The difficulty was scored from 1 to 10 - with 1
indicating very easy and 10 representing very difficult. An
evaluation of clinical and radiographic diagnosis revealed that
certain anatomical features played vital roles in difficulty
classifications in oral and maxillofacial surgery practice.
Accordingly, the integration of the proposed metric and
Pederson difficulty scoring (PDS) system with CNN models
appeared to be an improvement. Calculating the accuracy,
sensitivity, and specificity associated with the preoperative and
postoperative values, the better classification ability of the
classification model in this work was also discussed in
connection with the most commonly used Pederson index. The
present study was intended to shed new light on the influence
of artificial intelligence technology in predicting extraction
difficulty, potentially aiding dental professionals in medical
image assessments, fully automated diagnostics, and successful
treatment planning.[6]
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