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Abstract: Objectives: Accurate identification of root canal morphology, particularly C-shaped canals
in mandibular second molars, is crucial for successful endodontic treatment. Current diagnostic
methods rely on radiographic imaging, which has limitations including radiation exposure and cost.
To date, no studies have investigated the use of intraoral photographs for identifying C-shaped
canals. This study aimed to evaluate the potential of artificial intelligence (Al) in identifying C-shaped
canals using occlusal photographs, a novel and non-radiographic approach. Methods: Extracted
mandibular second molars (n=231) were collected and mounted. Occlusal surface photographs were
taken using a wireless oral camera. Cone-beam computed tomography (CBCT) images served as the
gold standard for canal morphology classification. A deep learning model was developed using
various convolutional neural network architectures. The model was trained on 80% of the dataset
and tested on the remaining 20%. Results: The best-performing networks achieved an accuracy of
85.1% in distinguishing between C-shaped and non-C-shaped root canal morphologies. Conclusion:
This study demonstrated the potential of a novel, radiation-free approach to identify complex root
canal anatomies via Al analysis of occlusal photographs, useful for initial screening when
radiographic equipment is unavailable or contraindicated.

Keywords: Artificial intelligence; C-shaped canals; Cone-beam computed tomography; Mandibular
second molars; Occlusal photographs

1. Introduction

The success of endodontic treatment depends on multiple factors (1), among which the
clinician's awareness of dental anatomy and the root canal system holds a special place (2-4),
According to a systematic review, the diversity in the root canal system of second mandibular molars
is very high (5) Notably, as an anatomic variation, C-shaped canals occur frequently in these teeth,
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with a worldwide prevalence of 13.9%. This figure rises dramatically in some Asian populations,
where up to 44% of second mandibular molars exhibit this particular canal configuration (6).
Research suggests that the development of C-shaped canals is influenced by a combination of genetic
and ethnic factors. Additionally, the adaptation of teeth to more compact dental arches may
contribute to root fusion and the subsequent formation of C-shaped canal morphology (7).

The unique morphology of C-shaped root canals presents significant challenges in endodontic
procedures, including difficulties in properly cleaning, shaping, and filling the canal system. As a
result, teeth with C-shaped canals have a higher likelihood of unsuccessful outcomes following root
canal therapy. Therefore accurately identifying C-shaped canal morphology is important (8).Today,
the variations in the root canal system of teeth are accurately examined using CBCT images (4).
Although periapical radiographs are still widely used and play a significant role in pre-treatment
evaluations (3), CBCT provides three-dimensional and high-quality images to clinicians, eliminating
the limitations of conventional radiographs, such as distortion and superimposition of bone and
various parts of the tooth (4). However, CBCT imaging imposes a much higher dose of radiation and
additional costs on the patient, limiting the application of this imaging method in routine clinical
treatments (9). Furthermore, diagnosing the presence or absence of C-shaped canals, commonly seen
in second mandibular molars, using two-dimensional imaging methods not only is time consuming
but also lacks accuracy. In a study by Zhang et al., two dentists were asked to determine the presence
or absence of C-shaped canals in panoramic radiographs. The diagnosis results of the dentists were
then compared with each other and with CBCT evaluations as the correct standard. According to the
results of this study, the agreement of the dentists' opinions with the correct standard was 0.413 and
0.301, and with each other was 0.460 (10).

2. Artificial Intelligence and Deep Learning in Endodontics

McCarthy and colleagues first introduced the concept of artificial intelligence (AI) in 1965 (11).
Al a branch of computer science, focuses on creating intelligent entities, typically in software form
(12). Machine learning, a subset of Al, enables systems to learn tasks without predefined rules by
training on data, gradually improving accuracy through error correction, similar to how a child learns
to recognize images (13). Deep learning, a more advanced subfield, involves learning complex
patterns and hierarchies, often through Artificial Neural Networks (ANNs), which consist of
interconnected layers of neurons. Depending on the number of hidden layers, these networks can be
shallow or deep. In medical and dental sciences, Convolutional Neural Networks (CNNs), a popular
ANN type, process digital signals like images and are well-suited for classification, detection, and
segmentation tasks (14).

Deep learning models have been applied in various aspects of endodontic, including diagnosis
of treatment necessity, working length determination, detection of root fractures, assessment of
periapical lesions and investigation of root canal anatomy (4, 15-22). While most studies utilize
radiographic images, the use of photographic images in Al-based dental diagnostics remains limited
(23). Photographic diagnosis offers advantages such as lower cost, absence of radiation exposure, and
safety for all patients, including pregnant individuals.

This study aims to evaluate the relationship between the clinical crown appearance of
mandibular second molars and the presence of C-shaped canals using a deep learning model trained
on intraoral photographs. The model's performance will be compared against CBCT evaluations as
the gold standard.

3. Methodology

This cross-sectional study collected 231 extracted mandibular second molars that were lost due
to periodontal disease, caries or other conditions from an Iranian population. The extracted teeth
were divided into two groups: 116 teeth with relatively healthy crowns and 115 teeth with minor
decay or structural defects, to the extent that the decay did not involve more than 25% of the crown
tissue. Based on CDC guideline (24) to prevent cross-sectional contamination, and to avoid significant
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surface alterations the samples were soaked in 10% formalin solution for two weeks and kept in tap
water afterwards. For better resolution, apical one third of all teeth were covered with red dental wax
in a spherical shape in order to be mounted in to rectangular cubes of 1:1 plaster —-Stone. The samples
were then trimmed similar to each other and labeled numerically. Photographs of the occlusal
surfaces were taken using an Ez shot HD wireless oral camera positioned 10 mm away from the
surface. If the initial image was not clear, the camera position was adjusted by up to 5 mm to improve
clarity. The teeth were then arranged in a custom-made board in groups of 8 and 7, with their lingual
surfaces facing the center of the board. A metal piece was used as a reference point for sample
identifications. In each CBCT shot, the samples were arranged so that the tooth with the lowest
numbered sample faced the concave part of the metallic piece (Figure 1). CBCT images were captured
using the Carestream Dental model 9600 cs device s were, all standardized by Radiographic exposure
setting with a tube voltage of: 60 kVp, mAs of: 6.2, and FOV of: 5x10 cm. the teeth were then scanned
at 0.5-mm interval thickness and observed in axial and coronal sections.

Figure 1: The metal piece used as reference point

3.1. Sample Size Calculation Method.

For this study, the sample size was calculated based on a Pearson correlation coefficient of 0.2
between two types of images, considering a power of 0.8 and a Type I error of 0.05 as follows:
The total sample size is calculated as:

e Za for a = 1.9600
o ZB for B = 0.8416
e C=0.5xIn(H) =0.2027

The total sample size is calculated as:

N (za+25

2
=2
C )+3 00

A minimum sample size of 200 was calculated, and in this study, a total of 231 second molars
were collected.
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3.2. Radiographic Data Extraction

In our study, the mandibular second molar root canal morphology was classified into two
patterns: (1) C-shaped canals and (2) non-C-shaped canals.

The C-shaped pattern is characterized by a single root with a deep groove that opens on the
buccal or lingual surface (25, 26) we used both Fan et all Radiographic classification Of c- shaped root
morphology (27) and Melton’s classification of ¢ shaped canals based on their cross-sectional shape
(28) for identifying mandibular second molars with ¢ shaped root canals (Figure 2a).

U

(6

COE

C3b
C4 Cs

Figure 2-a: Classification of C-shaped root canal configuration according to Melton

C3b

Figure 2-b: Fan classification of C-shaped root canal configurations

The pattern of C-shaped canals, on the axial section, could have different morphologies at
different sections as follows:

C1 - A continuous C-shaped outline with no separation.

C2 - A semicolon shape, where dentine separates the main C-shaped canal.

C3 - Two or more discrete round or oval canals.

C4 - A single round or oval canal.

C5 - No canal, which might occur due to calcification and is usually seen near the apex.

According to Fan et al., for a mandibular second molar to have a C-shaped canal system, at least
one cross-sectional view of the canals in a fused root should display a configuration that falls within
the C1, C2, C3, or C4 categories. In the C2 pattern, both angles o and 3 are equal to or greater than 60
degrees, while in the C3 pattern, both angles are less than 60 degrees (26,27) (Figure 2b). Data
extraction was performed by a senior Endodontic resident (A.M.) under the supervision of two
board-certified endodontists with over 10 years of experience (H.K. and E.K.). Challenging cases were
discussed until a consensus was reached.
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3.4. Al Programming for Classification of C-Shaped and Non-C-Shaped Root Canals

Figure 3 displays the overall block diagram of the deep learning method, which includes three
main parts: preprocessing, feature extraction, and classification. We will further investigate its
components.

-

-[ Preprocessing

Feature Extraction l-[ Classification W-TYPO of the root canal

Figure 3: Overall block diagram of deep learning method

3.5. Dataset and Preprocessing

For Al programming, the study utilized a dataset of 212 images of second mandibular molars
(19 excluded due to poor image quality and missing data before processing). The final dataset
comprised 60 images of C-shaped root canals and 152 images of non-C-shaped root canals. Images
were manually preprocessed by:

1. Removing excess backgrounds
2. Standardizing backgrounds
3. Rescaling to 300x300 pixels in most samples

To address class imbalance, data augmentation techniques such as rotation and flipping were
employed, effectively doubling the number of C-shaped canal samples to match the non-C-shaped
group. This augmentation expanded the dataset and improved model generalization. Figure 4 shows
the number of images in each class, while Figures 5 and 6 displays sample images of C-Type and
Non-C-Type teeth.

Total data dist

140 A

120

100 A

80 A

Count

60 1

20

None C-Type C-Type

Figure 4: number of images in the dataset for each class

Figure 5: Some images of non-C-type teeth
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Figure 6: Some images of C-type teeth

3.6. Feature Extraction and Transfer Learning

The classification task aimed to categorize images into C-Type or Non C-Type using deep
learning methods. Due to the challenge of manual feature extraction from dental images, deep
learning networks were employed. To address the issue of limited data, transfer learning was applied
using pre-trained networks (ResNet50, ResNet101, VGG19, ResNet152, and EfficientNetB1/B3/B5) on
ImageNet datasets. ConvNext networks were initially tested but showed suboptimal performance,
leading to their exclusion from further analysis.

3.7. Classification

Various classification methods can be used, such as KNN, SVM, Naive Bayes, and neural
networks. Here, we have used a fully connected neural network. The specifications of one of the
models that yielded the best results are shown in Figure 7.

Layer (type) Qutput Shape Param #
Cefficientnett? (Functional (Nome, 2560) 64097687
)

dropout (Dropout) (None, 2560) @

dense (Dense) (None, 256) 655616
dropout_1 (Dropout) (None, 256) 2

dense_1 (Dense) (None, 1) 257

Total params: 64753560 (247.82 MB)
Trainable params: 64442833 (245.83 MB)
Non-trainable params: 310727 (1.19 MB)

Figure 7: Specifications of one of the models used for Classification

3.8. Implementation

Programming: Python with NumPy, SciKitLearn, TensorFlow, and Keras libraries

Hardware: Colab platform with Tesla T4 GPU (16GB memory)

Data split: 80% training, 20% testing

Training parameters: 150 epochs, batch size of 16

For implementing this model, deep networks VGG19, ResNet50, ResNet101, and EfficientNetB1,
B3, B5 were used. The data was split into 20% for testing and 80% for training, and the images of the
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C-Type were augmented to equalize the number of images in the classes. Transfer learning models
were utilized, leveraging pre-trained weights from ImageNet. Each network was trained for 150
epochs, with batch sizes of 8, 16, and 32 tested; a batch size of 16 yielded the best results across all
networks and was used consistently.

3.9. Evaluation Metrics

Performance was evaluated using accuracy and a confusion matrix. The confusion matrix
provides insights into model performance by breaking down prediction results into True Positives
(TP), True Negatives (TN), False Positives (FP), and False Negatives (FN), offering a more detailed
performance analysis than accuracy alone. Additional metrics derived from the confusion matrix
include precision and recall, from which the F1-score (F-measure) can be calculated. The formulas are

given below:
A TP+ TN
T =
ceuracy Number of Test Samples
R i = TP
€At =TPrFN
PrecisionxRecall
Fmeasure =2 ——
Precision+Recall
soecificity = TV
pecificity = TN+ FP
4. Results

ResNet101 and ResNet50 networks achieved the best performance, with 85.1% accuracy in
distinguishing dental canal types. The effectiveness of ResNet networks is attributed to their skip
connections, which help mitigate the vanishing gradient problem, allowing better adaptation to this
specific classification task.

The obtained results are presented in Table 1, and epoch vs. loss graphs for several models are
shown in Figures 8-13.
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Figure 8: Epoch to Loss graph for ResNet50 Network
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Figure 9: Epoch to Loss graph for ResNet101 Network
1.0 A
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0.5 1 == val
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Figure 10: Epoch to Loss graph in EfficientNetB3 Network
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1.0 4
0.9 4
0.8
0.7 4
0.6 1
0.5 1
(4] 20 40 60 80 100
Figure 11: Epoch to Loss graph for EfficientNetB5 Network
0.75
0.70
0.65
0.60
0.551
0.50 4
0.45
0 20 a0 60 80 100
Figure 12: Epoch to Loss graph for EfficientNetB1
1.0
0.9
0.8
0.7
0.6
—e— train
0.5 —— val
0 20 40 60 80 100
Figure 13: Epoch to Loss graph for VGG19 Network
Table 1. Results obtained from different models.
Number of | Number of Confusion matrix
Architectures Accuracy%
layers arameters
y P True Class
Predicted 26 &
EfficientNetB1 340 8149640 82.1 7 29
Class
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Predicted 21 10
EfficientNetB3 386 11177264 77.7
7 31
Class
Predicted 26 &
EfficientNetB5 571 29038328 82.1
7 29
Class
Predicted 2 S
ResNet 152 58856449 80.6
8 28
Class
Predicted % 6
ResNet 101 43151361 85.1
4 32
Class
Predicted 26 &
ResNet 50 24112513 85.1
5 31
Class
Predicted 28 3
VGG19 19 20155969 71.65
16 20
Class

4. Discussion

The application of Artificial Intelligence (Al) in dentistry is rapidly expanding, revolutionizing
various aspects of dental care and diagnosis. However, the use of photographic images for training
Al models in this field remains relatively unexplored [3]. While most Al applications in dentistry rely
on radiographic images, a few notable exceptions have emerged, demonstrating the potential of
photographic-based Al diagnostics. For instance, researchers have developed AI models for
diagnosing occlusal caries lesions in posterior permanent teeth using color dental photographs (29).
Similarly, an Al system capable of identifying gingivitis from intraoral photographs has been created
(30). These studies showcase the versatility of photographic-based Al in assessing both hard tissue
anomalies and soft tissue conditions.

Despite these advancements, there remains a significant gap in current research concerning the
use of photographic images for Al-assisted analysis in endodontics, particularly in the identification
of complex root canal anatomies such as C-shaped canals. One of the most frequent anatomical
variations of second mandibular molar is c- shaped canals (7) that are characterized by the presence
of isthmi, or narrow connections, between the individual root canals. This results in the formation of
a canal system that resembles the shape of the letter "C"(26, 31).

Panoramic radiography can assist in recognizing and diagnosing C-shaped root canal systems
and is considered a common approach for identifying C-shaped canals in mandibular second molars.
Radicular fusion or proximity is a characteristic feature of C-shaped canal systems which can be seen
in this modality, but nonfused root appearances should also be considered suspicious [23, 33].

Identifying C-shaped canals through conventional two-dimensional imaging techniques such as
panoramics presents some challenges due to the overlapping of structures in the resulting images.
The detection of certain C-shaped canals is further complicated by the density of trabecular bone,
which can obscure the canal's morphology (34).

Cone beam computed tomography (CBCT) offers a significant advancement over traditional 2-
dimensional (2D) radiographic techniques, enabling clinicians to capture and manipulate three-
dimensional images of specific structures or regions of interest, effectively addressing the limitations
of conventional 2D imaging methods. CBCT allows for evaluation of the root canal configuration (C1-
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C5) at different root levels (coronal, middle, apical) (35). Yet as mentioned earlier it imposes a much
higher dose of radiation and additional costs on the patient, limiting the application of this imaging
method in routine clinical treatments (2).

The ability to identify root canal morphology without exposing patients to radiation has been a
compelling area of investigation. This study aims to address this possibility, exploring the potential
of Al-analyzed intraoral photographs in identifying these complex anatomical variations.

Our findings demonstrate the successful development of an Al model capable of distinguishing
C-shaped canals in mandibular second molars with an accuracy of 85.1%, using ResNet50 & 101
architecture and intraoral photographs. While the results are promising, it is important to consider
them within the broader context of Al applications in endodontics. Direct comparisons with previous
studies were not possible due to the novelty of this approach and the lack of comparable
methodologies; however, several relevant studies are worth noting. Previous research has reported
higher accuracy rates, albeit using different imaging modalities. For example, Zhang et al. (11)
achieved 98.3% accuracy in detecting C-shaped root canals in mandibular second molars using a
CNN model with a lightweight architecture incorporating a receptive field block. Similarly, Jeon et
al. (23) reported a 95.1% accuracy rate using a CNN-based deep learning model called
Xception."These models utilized radiographic images."which allowed them to analyze distinctive
features of C-shaped canals, such as root furcation and convergence, facilitating differentiation from
other canal configurations. The higher accuracy rates in these studies can be attributed to the detailed
internal tooth structure information provided by radiographs. While our current accuracy leaves
room for improvement, it represents a solid starting point for a novel approach in endodontic
diagnostics. Future research could focus on improving the Al model’s performance through larger
datasets, advanced image processing techniques, or by integrating multiple imaging modalities while
maintaining low radiation exposure. By utilizing only intraoral photographs, we offer a practical
alternative that avoids radiation, allowing for safer and potentially more frequent assessments. This
method could be particularly useful in screening processes, early detection of anatomical variations,
or in situations where radiographic equipment is unavailable, such as in underserved areas or for
patients who must avoid radiation exposure, like pregnant women.

5. Conclusions

Achieving an accuracy of 85.1%, our Al-driven approach demonstrates the feasibility of using
non-radiographic imaging methods for endodontic diagnostics. While these results are promising,
further work is needed to refine the models' accuracy, especially when compared to higher
performance levels seen with radiographic-based systems.
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