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Abstract

Purpose: The objective of this study was to evaluate and compare the effectiveness of
different deep learning algorithms in classifying overbite based on lateral cephalometric

radiographic images.

Materials and Methods: This study was conducted using lateral cephalometric
radiographs of 1062 patients. Overbite values were measured via WebCeph, and the
radiographs were categorized into three groups (Overbite 1, Overbite 2, and Overbite 3)
based on cephalometric measurements. Six deep learning models (ResNetl01,
DenseNet201, EfficientNetV2-B0, ConvNetBase, EfficientNet-B0, and a Hybrid Model)
were employed to classify the radiographs. Model performance was evaluated using
various metrics, including Fl-score, accuracy, precision, recall, mean absolute error
(MAE), Cohen’s Kappa coefficient, and area under the ROC curve (AUC-ROC).
Additionally, confusion matrices and Grad-CAM visualizations were generated to further

interpret the models’ decision-making processes.

Results: All deep learning models employed in this study achieved classification
accuracies exceeding 85%. Among them, the EfficientNet BO and Hybrid models yielded
the highest accuracy rates, whereas the ConvNetBase model demonstrated the lowest

performance in terms of classification accuracy.

Conclusion: The findings of this study highlight the potential of deep learning models to
accurately and reliably classify cephalometric overbite categories without the need for

conventional cephalometric analysis.

Keywords: artificial intelligence, deep learning, overbite, cephalometry, orthodontic

assessment
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Introduction

Artificial intelligence (AI) encompasses computer programs designed to perform
tasks that traditionally require human cognitive abilities. Initially, Al systems were
developed as expert systems, replicating human decision-making processes through

conditional logic statements (1).

Artificial neural networks, the foundational units of Al, comprise neurons that
typically integrate multiple inputs, which are mathematically processed via nonlinear
activation functions. Deep learning (DL), a subset of Al, employs artificial neural networks
structured through multiple stacked layers. Convolutional neural networks (CNNs), a
specialized type of DL algorithm, feature intricate hidden layer architectures, making them

particularly effective for image analysis (2).

In recent years, significant advancements in machine and deep learning have driven
their integration into various consumer technologies, including smartphones, cameras, and
web search engines. Simultaneously, the digital transformation of healthcare—
encompassing the creation of electronic health records and imaging data—has expanded
the application of machine and deep learning methodologies in medical and dental

practices (1)

Orthodontic datasets hold substantial promise for Al applications due to their
standardized, longitudinal, and multimodal structures. Numerous Al-driven solutions have
been introduced within the field of orthodontics, with one of the most extensively studied
areas being the automated detection of lateral cephalogram landmarks. Traditionally, these
landmarks have been used to calculate specific parameters essential for orthodontic
treatment planning and assessment (3). Likewise, lateral cephalograms have been
employed in classifications of cervical vertebrae maturation stages, decision making for
orthognathic surgery and extraction, predictions of upper airway obstructions and

degenerative temporomandibular joint diseases (4-10).

The identification of orthodontic treatment need relies on standardized indices that
integrate and summarize a broad array of diagnostic data, often emphasizing tooth position
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analysis (3). Overbite, a crucial component of occlusion, has been a central focus of
orthodontic interventions since the field's early days. Overbite correction also serves as an
outcome measure for evaluating the quality of orthodontic treatment. Variations in overbite

have been linked to skeletal differences among individuals (11).

Although there are studies in the literature that perform automatic skeletal
classification with DL algorithms without anatomical landmark marking and
cephalometric analysis; to our knowledge, there is no previously published study
evaluating overbite with different DL algorithms (12,13). The performance of deep
learning algorithms may vary depending on the model and the measured parameter. The
aim of this study was to compare the performance of deep learning algorithms in overbite
assessment on lateral cephalometric radiographs. The findings of this study are expected
to support the development of systems that enhance clinical diagnosis and decision-
making, ultimately fostering the creation of more accurate and purpose-specific Al-based

diagnostic tools in orthodontics.
Materials and Methods
Ethics statement

This retrospective study was approved by the Ethics Research Committee of the

Kocaeli University (Protocol No. KU GOKAEK-2024/14/40)
Data description and preprocessing

Lateral cephalometric radiographs of 1062 patients who applied to Kocaeli
University Faculty of Dentistry between 2018-2025 were collected retrospectively from
the department archive. Patients with a history of prior orthodontic treatment, craniofacial

anomalies, or cleft lip and palate were excluded from the study.
Radiographic evaluation

All the radiographs were taken by the same device (J. Morita MFG. Corp
Veraviewepocs 2D Kyoto, Japan) under standardized exposure parameters (80 kV, 10 mA,

and 7.4 seconds). A standardized protocol was employed wherein the patients were
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positioned in the cephalostat with the Frankfort horizontal plane parallel to the floor, the
sagittal plane at a right angle to the path of the X-ray, and the teeth in centric occlusion.
Cephalometric analysis was performed by a single investigator with 6 years of experience
in cephalometric measurement and evaluation, utilizing the WebCeph Al-based
orthodontic and orthognathic online platform (AssembleCircle Corp., Gyeonggi-do,
Republic of Korea). Magnification correction was performed by referencing a known
distance of 10 mm between two fixed points on the cephalostat rod within the radiograph.
Following the automatic landmark digitization performed by the program, the landmarks
were manually adjusted. To assess intra-operator reliability, measurements were repeated
2 weeks after the initial assessment using records from 50 randomly selected subjects.
Intraclass correlation coefficients were calculated using R software (version 4.0.2; R
Foundation for Statistical Computing, Vienna, Austria) and were found to range between

0.89 and 0.98, indicating a high level of reproducibility.

Three linear landmarks were identified on each cephalogram and overbite was
measured: incisal edges of the maxillary and mandibular central incisors (U1 and L1) and

mandibular molar mesial cusp (L6) (Figure 1).

Overbite were obtained from the distance between incisal border of maxillary
central incisor to mandibular central incisor and measured on a line perpendicular to
occlusomandibular plane (a line bisecting the incisor overbite and passing through the

lower molar cusps. (Figure 1).
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Figure 1. Cephalometric reference points and overbite measurement used in the study.

Based on the overbite measurement, the cephalometric radiographs were classified
into three subgroups: Overbite 1, Overbite 2, and Overbite 3. To prevent imbalance
between the groups, numerical equality was established rather than relying on

cephalometric norm values.

The overbite measurements in the Overbite 1 group varied between -10.5 mm and
1.11 mm, encompassing a total of 352 radiographic images; Overbite 2 group varied
between 1,12 and 3,11 mm encompassing a total of 354 radiographic images; Overbite 3
group varied between 3,12 and 14,09 mm, encompassing a total of 356 radiographic

images.
Image augmentation

To enhance the diversity and robustness of the dataset, several image augmentation
techniques were employed. These included horizontal translation, rotation, width and
height shifting, as well as zooming operations. Through these augmentation strategies, each
subclass was expanded to contain 800 images. After augmentation, the dataset was split
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into training and testing subsets, where all deep learning models utilized labeled samples.
Specifically, 80% of the dataset was allocated for training purposes, while the remaining

20% was reserved for model evaluation.
Model architecture and training details

In this research, six deep learning (DL) architectures were implemented:
ResNet101, DenseNet201, EfficientNet B0, EfficientNet V2 B0, ConvNetBase, and a
custom Hybrid model. The proposed Hybrid model combines the strengths of EfficientNet
B0 and DenseNet201, forming a unified classification framework. Input images of size
224x224x3 were concurrently processed by both networks. EfficientNet B0, recognized
for its efficient parameter usage, produced a 1280-dimensional feature vector by extracting
high-level representations. In parallel, DenseNet201 generated a 1920-dimensional feature
vector by leveraging dense connectivity to capture intricate feature relationships. These

vectors were concatenated to create a comprehensive feature space of 3200 dimensions.

To refine feature representation, a Squeeze-and-Excitation (SE) attention
mechanism was incorporated, allowing the network to prioritize salient channels and
suppress less informative ones. This channel-wise attention facilitated improved learning
by reinforcing critical features. The final classification layer was implemented via a multi-
layer perceptron (MLP), consisting of progressively reduced layers with 1024, 512, and
256 neurons, culminating in the final prediction output. Regularization and optimization
techniques such as Batch Normalization, ReLU activation functions, and Dropout were

applied between layers to ensure model stability and prevent overfitting

The training and evaluation procedures were carried out on a GPU-enabled system
hosted on Google Cloud, utilizing an NVIDIA Tesla T4 GPU (2.20 GHz) and an Intel Xeon
CPU with 16 GB RAM. Python 3 and Keras 2.3.1 were used as the development
environment to facilitate model implementation and transfer learning procedures.

Statistical analysis and performance evaluation

Model performance was assessed using several evaluation metrics, including
diagnostic accuracy, sensitivity, specificity, area under the ROC curve (AUC), Cohen’s
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Kappa coefficient, and mean absolute error (MAE). In addition, confusion matrices and
Grad-CAM (Gradient-weighted Class Activation Mapping) visualizations were generated
to provide further insights into the models’ interpretability and localization capabilities

during training and testing phases.
Results

Cephalometric radiographs were divided into three subgroups as Overbite 1,
Overbite 2 and Overbite 3 and the number of samples for each group was increased to 800
by using data augmentation methods. A total of 480 radiographs, 160 from each group,
were used in the test dataset of deep learning (DL) algorithms. The classification
performance of ResNetl0l, DenseNet201, EfficientNetV2-B0, ConvNetBase,
EfficientNet-B0 and Hybrid algorithms on overbite groups was evaluated. In this context,
accuracy, recall, precision and F1 score were measured and the obtained results are

presented in Tables 1.

Table 1. Classification performance of DL algorithms.

Model Simif Precision Recall F1-Score Support

ResNet101 Overbite 1 0.9195 0.8562  0.8867 160
Overbite 2 0.7965 0.8562  0.8253 160
Overbite 3 0.9057 0.9000 0.9028 160
Accuracy 0.8708 480
DenseNet201 Overbite 1  0.8814 0.9750  0.9258 160
Overbite2  0.8741 0.7812  0.8251 160
Overbite 3 0.9000 0.9000 0.9000 160
Accuracy 0.8854 480
EfficientNet V2 B0 Overbite I  0.9470 0.8938 0.9196 160
Overbite 2 0.7802 0.8875 0.8304 160
Overbite 3 0.9320 0.8562  0.8925 160
Accuracy 0.8792 480

ConvNetBase Overbite 1 0.9262 0.8625 0.8932 160
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Overbite 2 0.7600 0.8313  0.7940 160
Overbite 3 0.8782 0.8562 0.8671 160
Accuracy 0.8500 480
EfficientNet B0 Overbite 1 0.9091 0.9375 0.9231 160
Overbite 2 0.8313 0.8625 0.8466 160
Overbite 3 0.9463 0.8812 0.9126 160
Accuracy 0.8938 480
Hybrid Overbite 1 0.9091 0.9375 0.9231 160
Overbite 2 0.8462 0.8250 0.8354 160
Overbite 3 0.9057 0.9000 0.9028 160

Accuracy 0.8875 480

Confusion matrices were generated for each deep learning model (Figure 2). When the
classification performances were compared, the EfficientNet-B0 model correctly classified
429 out of 480 radiographs; the Hybrid model 426, the DenseNetl01 model 425,
EfficientNet-BO V2 422, ResNet101 418 and ConvNetBase 408.
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Figure 2. Confusion matrices of DL algorithms.

ROC curves were created according to the success of the DL models in classifying
the overbite groups and AUC values were determined (Figure 3, Table 2). The highest
AUC value was found as 0.9897 for the overbite 1 group in the Hybrid model, while the
ConvNetbase model gave the lowest AUC value of 0.9381 for the overbite 2 group.
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Figure 3. ROC curves of DL algorithms.
Table 2. AUC values of DL algorithms.
Model Overbite 1 Overbite 2 Overbite 3
ResNet 0.9765 0.9592 0.9765
DenseNet 201 0.9803 0.9599 0.9852
EfficientNet V2 B0 0.9853 0.9599 0.9812
ConvNetBase 0.9803 0.9381 0.9622
EfficientNet B0 0.9850 0.9556 0.9824
Hybrid 0.9897 0.9538 09811

The Table 3 summarizes the accuracy, MAE and Cohen Kappa metrics of deep learning

models. EfficientNet BO (89.38%) has the highest accuracy rate, while ConvNetBase

(85.00%) is the model with the lowest accuracy. When evaluated in terms of Mean

Absolute Error (MAE), EfficientNet BO (0.1083) has the lowest error rate, while
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ConvNetBase (0.1562) is the model with the most errors. Cohen’s Kappa metric

determined that EfficientNet B0 (0.8406) is the most reliable model in terms of

classification consistency, while ConvNetBase (0.7750) is the model with the lowest

consistency. Additionally, Figure 4 contains Grad-CAM images of deep learning models.

This image provides a visualization of the areas that deep learning models focus on while

performing analysis.

Table 3. Performance metrics of DL algorithm.

Model Accuracy MAE Cohen's Kappa
ResNet101 0.8708 0.1375 0.8063
DenseNet201 0.8854 0.1187 0.8281
EfficientNetV2 B0 0.8792 0.1208 0.8187
ConvNetBase 0.85 0.1562 0.775
EfficientNet B0 0.8938 0.1083 0.8406

Hybrid 0.8875 0.1167 0.8313
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Figure 4. Grad-CAM visualizations of DL algorithms.
Discussion

Artificial intelligence is transforming the conventional practices of dentistry by
introducing advanced technologies. Al-based systems are predominantly utilized in the
development of automated software solutions that enhance diagnostic accuracy and

streamline data management in dental care (11).

In recent years, the ability of deep learning to effectively utilize digitized data from
large-scale radiological image datasets has led to a growing number of studies focused on
the analysis of radiological images using deep learning techniques (14). Convolutional
Neural Networks (CNNs), a specialized architecture of deep neural networks for image
data, emulate the functionality of the visual cortex by extracting local patterns such as
edges and lines, thereby enabling the generation of rich visual features. As a result, CNNs
demonstrate superior performance in tasks involving image-based input data (15). The
application of deep learning to radiological imaging can generally be categorized into three
main tasks: classification, detection, and segmentation (15,16). In our study, we utilized
the classification capabilities of deep learning to evaluate its performance in distinguishing
between different overbite groups.
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Since the development of the Broadbent-Bolton cephalometer, numerous
researchers have analyzed cephalograms by identifying key anatomical landmarks,
defining reference lines, and measuring angular relationships and lateral cephalometric
radiographs has become a standard tool in orthodontic assessment and treatment planning
(17,18). This practice also plays a significant role in the frequent use of lateral
cephalometric radiographs in artificial intelligence research. In our study, 1,050
cephalometric radiographs were analyzed. Similarly, previous studies employing deep
learning techniques have utilized extensive datasets. For instance, in the cervical vertebral
maturation (CVM) assessment study conducted by Muhammed Rahimi et al (19), 890
lateral cephalometric radiographs were examined, while the automated sagittal skeletal

classification research by Nan L et al. (12) analyzed 1,613 lateral radiographs.

In this study, six different deep learning algorithms were employed. The
EfficientNet BO algorithm demonstrated the highest classification accuracy at 89.38%,
whereas ConvNetBase exhibited the lowest classification accuracy at 85.00%. The other
algorithms achieved performance levels that were quite similar to each other. Given that
the AUC values exceed 0.9, we conclude that the applied DL models demonstrate excellent
diagnostic performance in identifying overbite, indicating their potential utility from a
clinical epidemiological perspective. The consistent high performance across all models is
promising in terms of highlighting the potential success of deep learning algorithms in

overbite measurement.

With the exception of DenseNet201 and ResNet, the classification accuracies of all
algorithms were ranked in descending order as Overbite 1, Overbite 3, Overbite 2. The
ResNet model demonstrated equal performance in the Overbite 1 and Overbite 3 groups,
whereas the DenseNet201 model performed better in the Overbite 3 group compared to
Overbite 1. For all models, the lowest performance was observed in the Overbite 2 group.
As the values deviated from the norm, the performance of deep learning models increased.
Notably, the Overbite 1 group, which included radiographs of patients with reduced
overbite, demonstrated the highest level of success. In their study, Yu HJ et al. (13)
performed automatic skeletal classification using lateral cephalometric radiographs
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through deep learning techniques. The vertical skeletal pattern was assessed based on the
Bjork sum and Jarabak ratio, and the classification was carried out using the DenseNet
algorithm. The researchers reported a classification accuracy of 96.40% (13). Consistent
with the findings of our study, they also noted that the classification accuracy for
hyperdivergent and hypodivergent groups was higher compared to that of the
normodivergent group (13). One of the key distinctions between our study and that of Yu
HIJ et al. (13) is that our research provides insights into the identification of more effective

diagnostic algorithms through the comparison of six different deep learning (DL) models.

Neural networks are often referred to as "black boxes" due to their inherent
complexity and feature learning capabilities, which make their decision-making processes
difficult to interpret (16). Model explainability plays a crucial role in assessing the
interpretability and reliability of the model, identifying its limitations, and uncovering
previously unrecognized or hidden patterns within the data (20). To gain a better
understanding of the underlying decision mechanisms of a trained CNN, one can examine
the receptive field in the input image that leads to the highest activation. This approach
provides insight into the role played by specific feature maps in the model's inference (16).
In this study, Grad-CAM visualizations were generated for the deep learning models
employed. The results indicated that the ConvNetBase model exhibits broader but less
precise activation regions compared to other architectures, whereas DenseNet-201 and
EfficientNet-B0O demonstrate more focused and less noisy activation areas within the

relevant regions.

As presented in Table 3, the EfficientNet BO model stands out with the highest
accuracy (89.38%) and the lowest MAE (0.1083), whereas DenseNet201 demonstrates
strong generalization capacity, exhibiting a high Cohen’s Kappa score (82.81%) along with
a low MAE (0.1187). The densely connected architecture of DenseNet, which enables
feature reuse, combined with EfficientNet’s compound scaling strategy, contributes to a
richer and more balanced feature representation. These observations led us to combine the
two models within a hybrid architecture. However, the hybrid model did not consistently
outperform the best of the individual models. One possible explanation for this outcome is
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that the models used in the hybrid structure (DenseNet201 and EfficientNet B0O) may
exhibit similar learning behaviors and may not sufficiently complement each other in terms
of feature diversity. In particular, since both models are deep, highly parametric, and
optimized architectures, the contribution gained from their combination might have

remained limited.

The study presents certain limitations. The utilization of data collected from a single
center raises the potential risk of overfitting. Additionally, employing homogeneous
datasets may lead to reduced predictive accuracy when applied to diverse data contexts.
Furthermore, lateral cephalometric radiograph parameters are prone to variability across
different populations. Conducting multicenter studies would allow for larger and more
heterogeneous datasets, facilitating the creation of a balanced dataset and thereby

enhancing the generalizability of the findings.
Conclusion

The findings of this study demonstrate the potential of deep learning models to reliably
estimate cephalometric overbite classifications in the absence of traditional cephalometric
assessment. All DL models employed in our study demonstrated classification accuracies
exceeding 85%. The EfficientNet BO and Hybrid models presented the highest accuracy
rates, and ConvNetBase presented the lowest accuracy rates. The highest classification
accuracy of the DL models was observed in the Overbite 1 group, which included
hypodivergent/reduced overbite cases, whereas the lowest accuracy was noted in the

Overbite 2 group, characterized by values closer to the norm.
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Tiirkce Oz: Derin ogrenme modellerinin sefalometrik radyograflar iizerinden overbite
siniflandirma  performanslarimin  degerlendirilmesi. Amag: Lateral sefalometrik
radyografik goriintiiler kullanilarak overbite élgiimlerini siniflandirmada farkli derin
ogrenme algoritmalarimin etkinligini degerlendirmek ve karsilastirmaktir. Gereg¢ ve
Yontem: Calismada, 1.062 hastaya ait yanal sefalometrik radyografiler kullanilmistir.
Overbite degerleri WebCeph araciligiyla olgiilmiis ve radyografiler sefalometrik
olgiimlere gore ii¢ gruba ayrilmistir (Overbite 1, Overbite 2 ve Overbite 3). Goriintiileri
simiflandirmak amaciyla alti farkly derin ogrenme modeli (ResNetl(1, DenseNet201,
EfficientNetV2-B0, ConvNetBase, EfficientNet-B0 ve Hibrit Model) kullanilmistir. Model
performansi; F1 skoru, dogruluk (accuracy), kesinlik (precision), duyarlilik (recall),
ortalama mutlak hata (MAE), Cohen’s Kappa katsayisi ve ROC egrisi altinda kalan alan
(AUC-ROC) gibi ¢esitli dlgiitler kullanilarak degerlendirilmistir. Ayrica, modellerin karar
verme stireglerini daha iyi yorumlayabilmek icin karmasiklik matrisleri (confusion
matrices) ve Grad-CAM gorsellestirmeleri olusturulmugtur. Bulgular: Bu ¢alismada
kullanilan tiim derin 6grenme modelleri %85 ’in iizerinde siniflandirma dogrulugu elde
etmistir. Modeller arasinda EfficientNet B0 ve Hibrit Model en yiiksek dogruluk oranlarina
ulasirken, ConvNetBase modeli siniflandirma dogrulugu agisindan en diisiik performansi
gostermigstir. Sonu¢.: Bu ¢alismanin bulgulari, geleneksel sefalometrik analizlere ihtiyag
duyulmaksizin, derin 6grenme modellerinin sefalometrik overbite kategorilerini dogru ve
giivenilir bir sekilde siniflandirma potansiyelini ortaya koymaktadir. Anahtar Kelimeler:

yvapay zeka, derin ogrenme, overbite, sefalometri, ortodontik degerlendirme
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