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Abstract

Aim: This study proposes a support vector machine (SVM)-based classification
model for detecting dental caries in panoramic dental orthopantomography
(OPG) images. The primary objective is to develop a computationally
efficient, reproducible, and clinically adaptable method that enables the
automatic differentiation between carious and healthy tooth structures.

Methodology: The images used in the study were first subjected to standard
resizing and normalization steps. The extracted features were then prepared
for classification through feature scaling, feature selection, and
dimensionality reduction processes. Hyperparameter grid search, stratified k-
fold cross-validation, and decision threshold optimization were applied during
the model development process. Medically meaningful metrics, including
accuracy, precision, sensitivity, F1 score, area under the receiver operating
characteristic (ROC) curve (AUC), and the confusion matrix, were used in the
performance evaluation.

Results: The SVM model demonstrated balanced and stable performance
throughout cross-validation. ROC and Precision-Recall analyses showed that
the model has a high capacity to distinguish between decayed and healthy
classes. Decision threshold scanning revealed that false-positive and false-
negative rates can be optimized according to clinical requirements.

Conclusion: The results show that the proposed SVM-based approach offers
a reliable and feasible method for automatic caries detection from panoramic
OPG images. This study highlights that traditional machine learning methods,
when combined with structural feature engineering, are suitable for
supporting dental diagnosis processes. Future studies should test the model
on larger datasets and perform multi-classification of different dental
pathologies.
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Introduction

Dental caries is recognized as one of the most common
chronic diseases worldwide, affecting both children and
adults (1). Global epidemiological studies show that
untreated decay in permanent teeth affects billions of
individuals and negatively impacts oral health, general
health, quality of life, and the economic burden on
healthcare systems (1, 2). Untreated caries can lead to
pain, infection, tooth loss, impaired chewing function,
and aesthetic problems; these effects are particularly
pronounced in socioeconomically disadvantaged groups
(2, 3). In this context, the early detection of dental
caries with the highest possible sensitivity and specificity
has become a fundamental requirement for both
preventive dentistry and treatment planning. Traditional
caries diagnosis is based on the combined interpretation
of clinical examination and radiographic evaluation (4).
However, this process is highly sensitive to human
factors, such as the dentist's experience, perspective,
and fatigue. Both clinical examination and conventional
radiography have limited sensitivity, particularly in
early-stage lesions; significant demineralization must
occur in the enamel tissue before a lesion becomes
visible on radiographs (4, 5). In addition, radiographic
interpretations for caries detection can have high inter-
observer and intra-observer variability, meaning that the
same image may be assessed differently by different
dentists (6). These limitations clearly highlight the need
for more objective and reproducible methods that go
beyond human vision in caries diagnosis.

In recent years, the growing interest in artificial
intelligence and machine learning applications in
healthcare has also been reflected in dental diagnosis
processes; in particular, the automatic detection of
dental caries has become a key topic on the research
agenda (6, 7). Machine learning can process numerous
clinical, behavioral, or image-based variables
simultaneously to generate predictions regarding the
presence of decay or the risk of decay, thereby providing
decision support to clinicians (8-11). In contrast, deep
learning-based image processing approaches can analyze
complex structures at a level undetectable by the human
eye, owing to their ability to learn high-dimensional
features from raw radiographic images (12). However, in
datasets with a limited number of labelled images,
training deep networks directly from end to end can lead
to overfitting and generalization problems. Therefore,
hybrid approaches that extract features from pre-trained
networks and combine these features with ‘lighter’
machine learning classifiers are gaining importance (13).
In the dental imaging literature, a significant portion of
studies conducted for caries detection focus on localized
images, such as periapical or bitewing radiographs (14).
However, panoramic orthopantomography (OPG) images
enable a comprehensive assessment of the patient's
intraoral condition, as they present all jaw bones and
teeth in a single image (14,15). In this respect, OPG is
considered an indispensable tool, particularly for initial
consultation and general screening evaluations (15, 16).
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However, panoramic images present a more challenging
data structure for automatic analysis due to factors such
as lower resolution compared to intraoral films,
overlapping anatomical structures, geometric distortion,
and noise (17). In this complex image environment,
where teeth and surrounding structures are
intermingled, the detection of small and early-stage
caries lesions is difficult both to the human eye and with
classical image processing methods (17, 18). This
situation requires artificial intelligence models that work
on panoramic radiographs to be specifically designed for
both feature extraction and classification stages.

Despite this, the literature shows that the number
of studies using open-access datasets and reporting
results in a reproducible manner for caries detection
from panoramic OPG images is quite limited (19). Most
studies are conducted on datasets obtained from closed
clinical archives that cannot be shared with external
researchers, which limits the comparability and
independent verifiability of these methods. In this
context, the Dental OPG X-ray Dataset offered on the
Kaggle platform stands out as an important data source
for researchers, consisting of panoramic dental images
and containing classes such as ‘caries’ and ‘healthy’ (20).
The labelled caries and healthy images in the ‘Dental
OPG (Classification)’ subfolder of this dataset are
suitable for providing a common reference point for both
caries detection-focused studies and new algorithms
working on panoramic images. Working on an open and
standard dataset is of particular scientific value, as it
enables the methods developed to be replicated by
independent researchers and different models to be
compared under equal conditions (14, 20).

From a machine learning perspective, the complex
structure of panoramic OPG images and the relatively
limited number of examples make hybrid approaches
more appealing than classical single-stage deep network
architectures.  Feature extraction from deep
architectures previously trained on large datasets and
processing these features with relatively smaller
parameterized classifiers, such as support vector
machines, has been proposed as a robust solution,
particularly for problems with limited data (21, 22).
Support vector machines (SVM) stand out as a method
capable of achieving good generalization in scenarios
with few classes but many features, owing to their ability
to create decision boundaries that maximize the margin
in  high-dimensional feature spaces and their
regularization mechanisms (22, 23). In noisy and complex
data structures, such as radiographic dental images,
combining SVM with appropriate preprocessing and
feature selection steps can increase both the stability
and performance of the model (23).

This study was designed based on the requirements
and gaps mentioned above. The primary objective of the
study is to develop a classification model that can
distinguish between decayed (caries) and healthy teeth
classes with high performance, using images obtained
from panoramic radiographs located in the ‘Dental OPG
(Classification)’ subfolder within the Kaggle ‘Dental OPG
X-ray Dataset’. To this end, region-of-interest (ROI)
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cropping focused on the tooth region in panoramic OPG
images and limited data augmentation steps consistent
with biological reality were first applied. Deep feature
vectors were then extracted from the images using two
pretrained deep networks (EfficientNet-BO and ResNet-
50), and these vectors were combined to create a high-
dimensional but rich feature space. In the final stage,
dimension reduction was performed using mutual
information-based feature selection and principal
component analysis, and the remainder was fed into an
SVM classifier with a radial basis function kernel. The
original scientific contributions of this study to the
literature can be summarized as follows:

o Demonstrating that high performance can be
achieved even under limited data conditions by using a
classification framework based on an SVM with deep
feature extraction.

» Establishing a foundation for a reliable and
explainable artificial intelligence-based caries screening
infrastructure that can be integrated into clinical
decision support systems in the future, based on the
findings obtained.

This study aimed to automatically classify dental
caries and healthy examples from panoramic dental
orthopantomography (OPG) images.

Materials and Methods

Dataset

The images used were obtained from the ‘Dental OPG
(Classification)’ subsection of the open-access Dental
OPG X-ray Dataset database. As shown in Fig. 1, the
dataset is organized into two classes and contains a total
of 342 images; 119 of these belong to the caries category
and 223 to the healthy category.

Class Distribution
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Count
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50 1

Caries

Healthy
Class

Figure 1. Class distribution
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The dataset was organized into two classes and
comprised 342 images: 119 in the caries category and 223
in the healthy category. This asymmetry in class
distribution reflects the imbalance in the actual clinical
population, ensuring that the model is evaluated with
higher representativeness for practical scenarios. Fig. 2
shows sample images from both classes and provides a
visual reference for the dataset’s overall appearance.

General methodology framework

The method proposed in this study is based on the
classification of deep feature representations obtained
from panoramic dental images using support vector
machines (SVM). The model development process has
been refined within a three-dimensional methodological
framework. In the first stage, a basic performance
evaluation was conducted using SVM on high-dimensional
features extracted through deep networks, revealing the
classification potential of the model. In the second
stage, different types of deep features were combined
to create a richer and more discriminative
representation space, thereby enabling the SVM to
effectively learn non-linear decision boundaries. In the
third stage, the SVM pipeline was optimized using a
systematic hyperparameter search, feature selection,
and dimensionality reduction strategies to control the
model complexity and improve the generalization
performance. By comprehensively addressing these three
stages, this study robustly and systematically establishes
the methodological foundations of the final SVM-based
classification model.

Image pre-processing

The panoramic OPG images used within the scope of the
applied method were subjected to a systematic pre-
processing procedure to ensure that the classification
process was performed reliably and reproducibly. Only
files with the .jpg extension in the dataset were
evaluated within the scope of the study, thus preserving
data integrity. All images were converted to a standard
resolution and rescaled to 224x224 pixels to ensure
consistency during the classification stage. This process
eliminated the potential effects of size differences
arising from different devices, imaging parameters, and
clinical conditions on the learning process. In the next
step, pixel intensities were normalized by reducing them
to a specific range, preventing variability in brightness,
contrast, radiographic exposure, and image quality from
negatively affecting the model performance. This pre-
processing strategy standardized the numerical
representation of all examples in the dataset,
contributing to more stable results in the feature
extraction and classification steps. This enhanced the
reliability and clinical evaluability of the performance
metrics achieved by the classifier algorithm.
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Sample Images per Class

Figure 2. Sample OPG images from caries and healthy classes

Data augmentation

Data augmentation methods were applied to mitigate the
risk of overfitting due to the limited number of images
used during data processing and the high-dimensional
structure of the representation space. Data
augmentation procedures were designed in a controlled
manner to enhance the model generalization ability.
First, data augmentation was not applied during the
cross-validation phase, thereby preventing information
leakage between different layers and preserving the
statistical integrity of the performance measurements.
In the final training process, the diversity of the dataset
was increased by deriving a limited number of additional
examples from each of the original image. The
transformations applied were limited to operations that
preserve the anatomical structure of the image and do
not alter the label information, such as brightness and
contrast changes, the addition of low-level Gaussian
noise, and limited-scale zooming. This approach resulted
in a training set that was more resilient to variations
arising from radiographic imaging conditions, thereby
contributing to a more robust and generalizable
performance of the classification model across different
image quality levels.
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Deep learning-based feature extraction

In the feature extraction process, pre-trained deep
learning models commonly used for medical images were
utilized. The final classification layers of these models
were disabled, and global average pooling was applied to
ensure that each image was represented by a fixed-size
feature vector. Thus, spatial information where the
positional relationships in panoramic OPG images are
concentrated was gathered under a single descriptor
structure. The features obtained in the first stage were
tested directly on classical machine learning classifiers,
while in the subsequent stage, a more comprehensive
representation space was created by combining different
model outputs. This approach enabled the capture of
both the fine textural patterns between dental tissues
and the general structural components of the image,
providing a richer data foundation to enhance the
accuracy of the final classification process.

Label coding and class weights

The classes in the dataset were initially defined with
textual labels, which were converted into numerical
values to make them compatible with the classification
algorithms. Accordingly, healthy tooth images were
coded as ‘0’ and decayed tooth images as ‘1’. Owing to
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the imbalance in class distribution, that is, the number
of healthy examples being significantly higher than the
number of decayed examples, class weights were used
during the training process. The class weights were
determined inversely proportional to the class ratios in
the dataset, thereby preventing the model from
overfitting to the majority class. Such an approach
contributes to increasing the recall rates of the decay
class, in particular, and enables the classifier to improve
its ability to detect the minority class and evaluate the
overall performance metrics in a more balanced manner.

Feature scaling and dimension reduction

The high dimensionality and varying scales of the vectors
obtained after deep feature extraction can lead to
various numerical imbalances in the classification
process. In particular, in algorithms with distance-based
decision mechanisms, large-scale features can
disproportionately influence the model's decision;
therefore, the aim is to ensure that all features have a
similar distribution structure. To this end, each feature
dimension was scaled to have a mean of zero and a
variance of one, thereby balancing the dominance of the
features on margin optimization. In the subsequent
stage, based on the assumption that the entire high-
dimensional feature space does not carry equal levels of
information for classification, a feature selection process
was applied to highlight the most informative
components. This process helped eliminate components
that had a low direct contribution to classification, were
noisy, or were redundant. Following feature selection,
dimensionality reduction was performed on the
remaining dimensions, and the data space was
transformed into a new set of components explaining the
maximum variance. This made the classifier learning
process more stable and reduced the computational cost.
This sequential process, consisting of scaling, feature
selection, and dimensionality reduction, improved the
overall performance of the model, reduced the risk of
overfitting, and ensured that classification decisions
were made in a more balanced manner.

Support Vector Machines (SVM) and

classification framework

Support Vector Machines are a powerful classification
method based on supervised learning that aims to
determine the separating decision boundary between
two classes with the widest margin. The fundamental
approach of the model is to find the optimal hyperplane
that separates the classes in the feature space and allows
the data points closest to this plane (support vectors) to
determine the structure (25, 26). In this context, the
goal is not only to achieve correct classification but also
to establish a decision boundary with the safest possible
margin. This feature provides a significant advantage,
particularly for datasets consisting of high-dimensional
feature vectors. The theoretical foundation of SVM is
highly suitable for problems with relatively few examples
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but high feature dimensions, and vectors obtained
through deep learning-based representation extraction
on dental panoramic images also possess a similar
quality. Therefore, the preference for SVM in the
classification stage is based on both the stability
provided by the margin-based decision mechanism and
its high-dimensional generalizability (27).

The performance of the SVM classifier used in this
study was optimized by evaluating different kernel
functions and tuning parameters. Within the scope of
kernel selection, linear and radial basis functions were
tested, systematically observing how the decision
surface behaved in both linear and nonlinear scenarios.
The regularization parameter was tested with different
values to control the balance between the margin width
and the model error tolerance. In addition, various
parameter combinations were tested to evaluate the
effect of feature selection and dimension reduction steps
on the SVM decision mechanism. Ten-fold balanced
cross-validation was performed for different scenarios,
and the best structure was determined as the final model
based on the average F1 score, which represents the
success of the decay class. This approach ensured that
the classification performance was optimized through a
multidimensional evaluation rather than being
dependent on a single parameter, thereby increasing the
reproducibility and statistical reliability of the results.

Cross-validation strategy

To reliably assess model generalizability, a balanced ten-
fold cross-validation method was applied. Under this
strategy, the dataset was divided into ten equal sub-
sections, but the ratio of defective to healthy classes in
each section was kept consistent with the overall
distribution. This approach reduced the biases that class
imbalance could create in model performance
measurements and allowed for an average performance
estimate across different sampling scenarios without
relying on a single training-test split. Furthermore, this
method enabled the assessment of the statistical
stability of the classifier performance by providing the
ability calculating the variance of the results obtained
from different splits. Reapplying the scaling, feature
selection, and dimensionality reduction steps for each
fold prevented information leakage between the training
and validation processes and ensured the methodological
integrity.

Hyperparameter optimization

Hyperparameter optimization, a key component of the
classification process, was performed using a systematic
search approach. To this end, a parameter space
encompassing different kernel functions, regularization
parameters, and feature dimensions was evaluated. Ten-
fold cross-validation was applied for each parameter
combination, and the optimal structure was determined
based on the average F1 scores, which better reflected
the representativeness of the defective class. Thus,
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without using an overly extensive search space on the
limited-sized dataset, the critical components affecting
the model's decision boundary were optimized with an
appropriate balance. This process contributed to
obtaining classification performance in a more stable and
iterative manner by reducing parametric uncertainties.

Decision threshold optimization

Most classifiers use a fixed threshold value to determine
class labels from probability outputs. However, in
medical image analysis, adjusting the decision threshold
is crucial due to the potential clinical consequences of
missing positive cases. In this study, potential threshold
values were evaluated across a wide range, and the
performance profile was examined by calculating the F1
score for each of the thresholds. The threshold value
corresponding to the highest F1 score was defined as the
optimal decision level. While basic performance
reporting was conducted using the traditional 0.5
threshold, findings related to different threshold levels
were supported by additional visuals, and a discussion
was held on which threshold values provide a more
balanced error distribution depending on the clinical
situations.

Performance metrics

The performance metrics used to evaluate the
classification model have been selected with particular
consideration given to their clinical relevance and
interpretability, especially in the context of medical
image analysis. Although accuracy can provide the
proportion of correctly classified examples within the
entire observation set, it can be misleading when the
class distribution is imbalanced. Therefore, in this study,
the accuracy value has been evaluated only as a
complementary indicator. Balanced accuracy is based on
the average of the sensitivity values calculated for each
class and provides a more balanced evaluation when the
number of healthy images in a dataset is high.

Accuracy measures the effect of false positive
predictions by showing how many of the samples
predicted to be positive are actually positive (28). It is
particularly important in medical decision-making
processes in terms of preventing unnecessary further
investigations or treatments (29). In contrast, sensitivity
indicates how many of the true positive samples are
correctly detected and provides a critical criterion for
ensuring that cases of decay are not overlooked (29, 30).
Since these two metrics are insufficient on their own in
medical classification problems, the F1 score, which
represents the harmonic mean of precision and
sensitivity, has been used. The F1 score was preferred as
the primary performance indicator for model selection
and decision threshold optimization because it provides
a more meaningful summary evaluation for imbalanced
datasets. In addition to these metrics, a confusion matrix
was also used in the study. The confusion matrix allows
for a detailed examination of the model error types by
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displaying the number of correct and incorrect
classifications for each class at the row and column levels
(31, 32). In particular, the distribution of false negatives
(samples predicted to be healthy but actually decayed)
and false positives (samples predicted to be decayed but
actually healthy) contributes to a more qualitative
interpretation of the performance of this matrix model,
as it yields clinically distinct outcomes in the context of
dental imaging. The findings obtained from the confusion
matrix provide an opportunity to discuss, for example,
whether errors are systematically concentrated in
specific anatomical regions or whether the model has the
capacity to distinguish early-stage caries images.

The model's discriminatory capacity was also
evaluated using the ROC curve and the area under the
curve (ROC-AUC). The ROC curve graphically illustrates
the relationship between the true positive rate and the
false positive rate at various decision thresholds; the AUC
value summarises the discrimination power between
classes in a single value. AUC values approaching 1
indicate that the model has a high ability to distinguish
between images of decayed and healthy teeth. In this
study, all metrics were calculated separately for each
fold within a ten-fold cross-validation protocol, and
variance values were presented alongside the average
performance. Thus, not only the model performance but
also the consistency and statistical stability of the
predictions were systematically evaluated [31-33]. This
comprehensive performance evaluation approach reveals
not only the model's overall accuracy level but also
different error profiles and clinically critical
misclassification types, thus providing a comprehensive
analysis of the model's applicability, reliability, and
areas for improvement.

Results

This study proposes an integrated classification
framework that combines traditional machine learning
algorithms with a deep feature extraction-based
approach to distinguish between decayed and healthy
teeth using panoramic dental images. The developed
methodology systematically incorporates multi-layered
processes, such as scaling, feature selection,
dimensionality reduction, and decision threshold
optimization, leveraging the high discrimination power
of support vector machines (SVM) in the final
classification stage. The decision mechanism of SVM,
based on the principle of margin maximization in high-
dimensional feature spaces, offers a significant
advantage in producing stable decision boundaries, even
under limited and imbalanced data conditions. The
cross-validation and hyperparameter optimization steps
applied throughout the study enabled a reliable
evaluation of the developed model's performance. This
approach points to a potential decision support structure
that can be integrated into computer-aided clinical
evaluation systems in the future, offering an explainable
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and reproducible artificial intelligence-based decay
detection infrastructure.

Table 1 shows the optimal hyperparameter
configuration determined for the SVM classifier. The
basic parameters include feature selection with
SelectKBest for 300 features, variance preservation with
PCA at 90%, a regularization coefficient of C=10, and an
RBF kernel function. Furthermore, the model
performance was improved through decision threshold
optimization, achieving consistent classification
behavior across different layers. The average best
decision threshold was calculated as 0.613 + 0.093,
indicating the model's tendency to produce balanced
decisions on ambiguous examples.

Table 1. Optimal SVM hyperparameters

Tables 2 and 3 present a summary of the 10-fold
cross-validation results and layer-based performance
metrics. The average accuracy value was 87%, the F1
score was 0.82, and the ROC-AUC was 0.92, with
precision and recall metrics hovering around 0.79 and
0.85, respectively. The variation in accuracy values
between 70% and 97% in the layer-based results indicates
performance differences depending on the data subsets.
However, the fact that the ROC-AUC values are above
0.90 in most layers indicates that the discrimination
power between classes can be maintained independently
of the data divisions. Overall, the table reveals that
despite individual variations, the model exhibits a
statistically consistent and generalizable performance.

Hyperparameter

Feature selection (SelectKBest) - k
Variance ratio preserved by PCA
Regularisation coefficient (C)
Kernel function

Decision threshold optimization
Mean_BestThresh+Std_BestThresh

Table 2. Performance metrics (10-fold cross-validation)

Metric
Accuracy
Precision (Caries)
Recall (Caries)
F1 (Caries)
ROC-AUC (Caries)
Table 3. 10- Detailed metrics
Fold Best Accuracy Precision
1 0.57 0.9714 0.9231
2 0.71 0.9429 0.8571
3 0.67 0.9118 0.8462
4 0.63 0.8824 0.8333
5 0.61 0.8529 0.7692
6 0.51 0.8235 0.7143
7 0.75 0.7059 0.5714
8 0.67 0.7941 0.6923
9 0.44 0.9118 0.9091
10 0.57 0.9118 0.8333
142

Value

300
0.90
10
RBF
Applied
0.613 + 0.093

mean i+ std ‘

0.8709 + 0.079
0.7949 + 0.1088
0.8576 + 0.1039
0.824 + 0.102
0.926 + 0.0624

Recall | ROC-AUC
1.0 0.96 1.0
1.0 0.9231 1.0

0.9167 0.88 0.9678

0.8333 0.8333 0.9697

0.8333 0.8 0.9015

0.8333 0.7692 0.8712

0.6667 0.6154 0.8277
0.75 0.72 0.8542

0.8333 0.8696 0.9034

0.9091 0.8696 0.9644
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Figure 3 shows the performance of the developed
classification model in distinguishing positive and
negative classes under different decision threshold
values. The high area under the curve (AUC = 0.933)
indicates that the model maintains its ability to detect
true positives even when the false-positive rate increases
and that the discrimination power between classes is
significant. This metric serves as a fundamental
reference for evaluating the overall accuracy of the
classification performance.

ROC Curve (Caries Positive)

1.09 — AUC=0.933

0.8

0.6

0.44

True Positive Rate

0.21

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 3. ROC curve

Figure 4 shows the relationship between precision
and recall for the decay class across different decision
threshold values. The high area under the curve (PR-AUC
= 0.828) indicates that the model maintains a low
probability of producing false positives, particularly
when detecting examples related to the positive class.
The precision-recall curve provides a complementary
perspective to the ROC curve for evaluating the model's
positive class performance in imbalanced classification
problems.

Fig. 5 comprehensively presents the performance
characteristics of the developed classification model
during the 10-fold cross-validation process. The upper
panel presents the fold-based distribution of the
accuracy and F1 scores. The variability observed across
layers revealed the structural heterogeneity of the data
subsets and the direct sensitivity of the classification
problem to the data distribution. The lower panel shows
that ROC-AUC values mostly remain at high levels across
folds, indicating that the discrimination power between
classes is sustainable, independent of data splits. The
decision threshold-F1 relationship graph in the lower
right panel reveals the sensitivity of the classification
performance to threshold selection, indicating that the
optimal F1 score is achieved at threshold values of
approximately 0.60. This visual whole provides an
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interpretable analytical framework for evaluating the
statistical stability of the model, the dependence of the
decision mechanism on the threshold parameters, and
the effects of the cross-validation process on the
classification performance.

Precision-Recall Curve

1.0 1 — PR-AUC=0.828

0.8 1

0.6 1

Precision

0.4+

0.2 1

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 4. Precision-recall curve

o
1.000 ——
——\
\ os _— l
0975 — o L
\ -

050 7 ol | |

auc

Figure 5. Cross-validation performance and threshold
optimization
Fig. 6 illustrates the prediction behavior of the

classification model on the samples, both in absolute
values and normalized ratios. The confusion matrix
presented in the left panel shows the numerical
distribution of the correct and incorrect classifications.
The normalized matrix in the right panel provides a
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proportional assessment of the classification
performance by the class. The limited level of false
positive rates for the healthy classes and the high true
positive rates for decayed classes indicate that the
model can consistently distinguish between the two
classes. This visualization provides a fundamental
reference for evaluating the structure of classification
errors and interpreting the model performance at the
class level.

Figure 6. Confusion matrix and normalized confusion matrix

Figure 7 shows the distribution of the model's
predicted probabilities for the caries class across classes.
The clustering of samples in the caries class at high
probability values indicates that the model has a strong
tendency to distinguish the positive class; the
concentration of samples belonging to the healthy class
at low probability values indicates high distinguishability
in the negative class. The clear separation of the
distribution at both ends allows flexibility in threshold
selection and provides a reliable basis for classification
in clinical applications.

Predicted Probability Histogram

Caries
Healthy
100 A
80 4
5 60
Q
u]
404
204
0 T T T T T
0.0 0.2 0.4 0.6 0.8

P(Caries)

Figure 7. Predicted probability histogram
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Figure 8 presents a comparative analysis of the
distribution of the model probability estimates for the
‘decayed’ class across the two classes in the form of a
box and violin plot. The concentration of the probability
distribution in the lower region and the proximity of the
median to zero in healthy samples indicate that the
model represents the negative class with low estimate
values. In contrast, in rotten samples, the median is
located at high values, and the distribution is
concentrated in the upper region, revealing that the
positive class is distinctly separated. When the box and
violin plots are evaluated together, the overlap between
class distributions is limited; therefore, the model
exhibits a consistent probability structure in terms of
determining the decision threshold and analyzing
misclassifications.

Boxplot of P(Caries) by Class

5 B

Violin Plot of PiCaries) by Class

caries

Figure 8. Distribution of Predicted Probabilities Across Classes

Figure 9 presents a two-dimensional representation
of the feature space obtained by the classification model
using Principal Component Analysis (PCA) and t-
distributed stochastic neighborhood embedding (t-SNE)
methods. In the PCA graph (for the ‘Healthy’ and ‘Caries’
classes), it can be seen that the samples generally
exhibit an overlapping distribution, although there are
clustering tendencies between classes in certain regions.
This indicates that the linear components alone cannot
fully explain the class separation. In contrast, the t-SNE
representation  better reflects the non-linear
relationships between the samples, revealing class
density differences, particularly in high-probability
regions. When both visualizations are evaluated
together, it is concluded that structural patterns
enabling differentiation between classes exist in the data
manifold; however, the distinction is not entirely clear,
thus justifying the use of margin-based methods such as
SVM.

t-SNE 20 Feature Space (subset)

5 o 200 0 o
w1 om1

Figure 9. Two-dimensional feature space visualization (PCA
and t-SNE)

International Dental Research



Dal & Sonmez

Int Dent Res 2025; 15(3): 136-147

Discussion

This study evaluated the performance of an SVM-based
classification model developed to automate the
detection of dental caries from panoramic
orthopantomography  (OPG) images within a
multidimensional evaluation framework. The findings
indicate that the combined application of appropriate
feature selection, dimensionality reduction, and decision
threshold optimization significantly improves
classification success. In particular, the hyperparameter
search results revealed that parameters such as the
regularization coefficient (C) and RBF kernel are
effective in dealing with class imbalance and image
variation in the dataset. In this context, the high average
ROC-AUC and F1 scores achieved by the model
demonstrate not only its strong discrimination ability but
also that false positive and false negative rates can be
reduced in a balanced manner. The combined evaluation
of the tables and figures confirms that the variation
between the models remained limited throughout the
10-fold cross-validation and that the results are not
based on randomness. In particular, the ROC and
Precision-recall curves demonstrated that the
sensitivity-specificity balance could be significantly
optimized by visualizing the model's prediction behavior
at different decision thresholds. However, probability
distribution analyses, such as prediction probability
histograms and box and violin plots, revealed that the
model could produce well-separated probability regions
for both classes. This indicates that, in classification
studies where decision threshold optimization is applied,
multiple decision functions should be considered rather
than a single metric. Furthermore, it was found that the
majority of misclassifications observed in the confusion
matrix results originated from examples close to the
boundary. These finding highlights that the model's
decision margin is the most critical determinant in
clinical image analyses where intra-class variation is
pronounced.

Dimension reduction visualizations (PCA and t-SNE)
were evaluated together to reveal linear and non-linear
separation structures in the data manifold. PCA results
show that linear components cannot provide a complete
separation between classes; in contrast, t-SNE produces
distinct clusters, particularly in marginal regions. This
supports the notion that the margin-based separation of
SVM in high-dimensional space is an appropriate choice
for complex, noisy, and anatomically variable datasets,
such as dental images. Although deep learning-based
methods are frequently recommended in the literature
for similar problems, it is noteworthy that the standard
machine learning pipeline used in this study (feature
selection + PCA + SVM) yielded satisfactory results with
relatively fewer data requirements.

When the results are considered holistically, the
developed model demonstrates consistent performance
in terms of generalizability, decision threshold
optimization, and ability to produce precise probability
estimates. However, it has been observed that
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misclassifications, particularly in the caries class, are
concentrated in certain sub-image groups. This situation
may  necessitate  integrating  additional data
augmentation  techniques, local lesion region
segmentation, or attention-based weighting approaches
into the model in the future. Furthermore, addressing
class imbalance with more advanced balancing methods
(e.g., SMOTE variants and dynamic updating of class
weights) has the potential to increase both sensitivity
and specificity. Overall, the findings demonstrate that
SVM-based decision models can be an effective tool for
caries detection in panoramic dental images, with
clinical applicability possible when evaluated using
multiple performance metrics. This study demonstrates
that classical machine learning methods, when combined
with appropriate systematic pre-processing steps, enable
the development of classification systems that are more
cost-effective and computationally faster than deep
learning networks.

Conclusion

This study has developed an SVM-based classification
approach for detecting dental caries from panoramic

dental orthopantomography (OPG) images. The
systematic combination of feature selection,
dimensionality reduction, and decision threshold

optimization ensured that the model produced balanced
and stable results across different performance metrics.
The findings obtained through cross-validation revealed
that the model effectively balanced sensitivity and
specificity, achieving high values for metrics such as
ROC-AUC and F1. Furthermore, visualizations based on
the distribution of prediction probabilities demonstrated
that the model successfully separated areas of
uncertainty for distinct classes. When the results are
evaluated holistically, it can be stated that the proposed
system offers a reliable, computationally efficient, and
practically adaptable structure for caries detection from
panoramic dental images.

This study has achieved high classification accuracy
but has certain limitations. First, although the dataset
used represents real clinical records, the imbalance in
class distribution and variability in image quality may
lead to decision errors in certain subcases. The
anatomical diversity of carious lesions and artifacts in
the images increase the model's margin of error in
marginal cases. Additionally, the model only produces
decisions at the global image level and does not utilize
segmentation information regarding the location of the
lesion. This may limit the clinician feedback in terms of
explainability. Finally, the model has only been
evaluated with a single type of radiographic image
(panoramic OPG) and has not been tested with different
modalities, such as periapical, bite-wing, or CBCT;
therefore, its generalizability requires validation with
different data sources.
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Future studies should focus on improving the current
approach in terms of both performance and clinical
applicability. First, addressing class imbalance using
advanced sampling techniques (e.g., SMOTE variants,
adaptive synthetic sampling) and applying cost-sensitive
learning strategies in decision threshold optimization
would be beneficial. Automatic segmentation of the
lesion region or region-based deep feature extraction
could increase the lesion-focused interpretability of the
model. Furthermore, the inclusion of different
radiographic modalities would enable comparative
performance analyses using multiview learning
strategies. Finally, integrating model outputs into
clinical decision support systems, applying semi-
supervised learning techniques with expert feedback,
and performing performance validation through
prospective real-time experiments can strengthen the
clinical validity of the results obtained.
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