Journal of Neonatal Surgery
ISSN(Online): 2226-0439

Vol. 14, Issue 4s (2025)
https://www.jneonatalsurg.com OPEN /=) ACCESS

Applications of Al-based Deep Learning Models for Detecting Dental Caries on Intraoral Images
— A Systematic Review

Dr. Abhijeet Sande!, Dr. Amit Mathur?, Dr. Rashmi Sapkal®, Dr. Agsa Tamboli*

'Reader, Dept of Oral Medicine and Radiology, D Y Patil Dental School, Lohegaon, Pune.
2prof. & Head, Department of Dentistry, Vedanta Institute of Medical Science, Dahanu, Palghar.
3professor, Dept of Oral Medicine and Radiology, M A Rangoonwala College of Dental Sciences and Research Centre, Pune.

“Assistant Professor, Dept of Oral Medicine and Radiology, M A Rangoonwala College of Dental Sciences and Research
Centre, Pune.

Cite this paper as: Dr. Abhijeet Sande, Dr. Amit Mathur, Dr. Rashmi Sapkal, Dr. Agsa Tamboli, (2025) Applications of Al-
based Deep Learning Models for Detecting Dental Caries on Intraoral Images — A Systematic Review. Journal of Neonatal
Surgery, 14 (4s), 523-533.

ABSTRACT

The detection of dental caries, a prevalent oral health issue, remains a critical component of effective dental care. Traditional
methods of diagnosis, such as visual inspection and radiographic analysis, are often limited by subjectivity and variability.
In recent years, the integration of Artificial Intelligence (Al) and deep learning models has shown significant promise in
enhancing the accuracy, speed, and consistency of dental caries detection. This paper systematically reviews the application
of Al-based models, particularly Convolutional Neural Networks (CNNs), Generative Adversarial Networks (GANSs), and
Transfer Learning models, in detecting dental caries from intraoral images. The review highlights the strengths and
limitations of these models, providing a comprehensive analysis of their performance metrics, including accuracy, sensitivity,
specificity, and area under the curve (AUC).

While Al models, especially CNNs, have demonstrated superior performance compared to traditional diagnostic methods,
challenges such as dataset bias, generalization, and model interpretability persist. The analysis also emphasizes the need for
larger and more diverse datasets to improve model robustness and reduce bias across different demographic groups.
Furthermore, the review explores the ethical considerations surrounding Al in dental diagnostics, including the importance
of data privacy and transparency in decision-making.

In conclusion, Al-based models hold transformative potential in dental caries detection, offering faster, more accurate
diagnoses and improving clinical workflows. However, overcoming current limitations, such as dataset diversity and model
explainability, is essential for broader adoption in clinical practice. Future research should focus on expanding datasets,
improving model interpretability, and developing hybrid models to enhance performance across diverse clinical settings.
Ultimately, Al has the potential to significantly enhance global dental health and make caries detection more accessible to
underserved populations, improving both clinical outcomes and patient care.

Keywords: Al, deep learning, dental caries detection, Convolutional Neural Networks, Generative Adversarial Networks,
Transfer Learning, image analysis, clinical applications, dataset bias, model performance, interpretability, healthcare ethics.

1. INTRODUCTION

1.1. Background on Dental Caries

Dental caries, often referred to as tooth decay or cavities, is one of the most common chronic diseases worldwide, affecting
a vast majority of both children and adults across the globe. It is caused by the demineralization of the tooth enamel due to
acids produced by bacteria that feed on sugars in the diet. The global prevalence of dental caries is alarming, with estimates
suggesting that between 60% and 90% of school-age children and nearly 100% of adults in certain regions experience it to
varying degrees (Yousaf et al., 2022). The disease typically progresses in stages, starting with enamel demineralization and,
if untreated, leading to more severe forms that can affect the dentin and pulp, causing pain and infection. Despite its high
prevalence, early detection of dental caries remains a significant challenge in clinical dentistry. Traditional methods, such as
visual examination and radiographic imaging, often miss early-stage lesions, which makes intervention less effective and
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more invasive. Early diagnosis is crucial as it allows for preventive measures and less invasive treatments, thus reducing the
overall burden of dental disease (Kuhnisch et al., 2022). Addressing these challenges has become a priority in modern
dentistry, and innovative technologies such as artificial intelligence (Al) are being increasingly explored for their potential
to improve diagnostic accuracy and treatment outcomes.

1.2. Importance of Intraoral Imaging

Intraoral imaging plays a pivotal role in the diagnosis and management of dental diseases, including caries. This technique
provides detailed, high-resolution images of the teeth, gums, and surrounding tissues, offering critical insights that are often
difficult to obtain through traditional clinical examination. Various intraoral imaging techniques, including bitewing
radiographs, periapical radiographs, and intraoral photographs, are routinely used in clinical practice to detect caries, evaluate
lesion progression, and monitor treatment outcomes. Bitewing radiographs, for example, are particularly useful for detecting
interproximal caries—cavities that form between teeth—while periapical images help in assessing the condition of the root
and surrounding bone (Zhang et al., 2022). These imaging modalities are not only crucial for identifying caries at different
stages but also enable the assessment of other dental conditions, such as periodontal disease and tooth fractures. However,
the accuracy of intraoral imaging is highly dependent on factors such as image quality, the radiographic technique used, and
the clinician’s experience. The variability in these factors highlights the need for a more standardized, automated approach
to analyzing these images, ensuring that all lesions, especially those in the early stages, are detected consistently and
accurately (Yoon et al., 2024). Artificial intelligence, particularly deep learning models, presents a promising solution to this
issue, by automating image analysis and reducing the reliance on human interpretation.

1.3. Emergence of Al and Deep Learning in Dentistry

Acrtificial intelligence (Al) has become a transformative force in healthcare, with applications ranging from administrative
tasks to complex clinical decision-making. In dentistry, the application of Al, particularly deep learning, has shown immense
potential in revolutionizing diagnostic practices. Deep learning, a subset of machine learning, involves neural networks with
multiple layers that can automatically learn and extract features from large datasets. This ability to learn from data without
the need for explicit programming makes deep learning particularly well-suited for image recognition tasks. In the realm of
dental diagnostics, Al-based systems—especially convolutional neural networks (CNNs)—have demonstrated exceptional
performance in detecting dental caries from intraoral images, outperforming traditional methods in terms of accuracy and
speed (Srivasta et al., 2017; Geetha et al., 2020). CNNs, for instance, are highly effective in processing and analyzing the
vast amount of information contained in dental images, identifying subtle patterns indicative of early caries that may be
overlooked by human clinicians (Khanagar et al., 2022). These deep learning models are trained on large datasets of labeled
dental images, enabling them to learn complex features that correspond to caries lesions, tooth decay, and other abnormalities.
Moreover, Al has the potential to integrate with other dental technologies, such as electronic health records (EHRS) and
diagnostic systems, to create a holistic, automated diagnostic pipeline that can improve workflow efficiency and accuracy in
dental practices (Alzubaidi et al., 2021).

The advent of Al in dentistry promises to alleviate some of the long-standing challenges of dental diagnosis, such as
inconsistency in detection and the limitations of human capacity to interpret complex images accurately. Al-driven systems
are also poised to enhance the accessibility of dental care, particularly in underserved or remote regions, by enabling non-
specialists to perform caries detection with high accuracy (Yousaf et al., 2022). This democratization of dental care holds
significant potential for addressing the global burden of dental diseases, improving patient outcomes, and reducing the overall
cost of dental treatment.

1.4. Objective of the Review

The primary aim of this systematic review is to analyze and synthesize the performance of Al-based deep learning models
in detecting dental caries from intraoral images. This review seeks to assess the strengths and limitations of existing Al
models in this domain, offering a comprehensive evaluation of how effectively these models detect, classify, and diagnose
caries in various types of dental images, including bitewing radiographs, periapical images, and intraoral photographs. By
reviewing the latest studies from reputable sources, this review will provide a detailed overview of the accuracy, sensitivity,
specificity, and other relevant performance metrics of Al-driven caries detection systems. Furthermore, the review aims to
identify key challenges in the implementation and clinical integration of Al models, including issues such as dataset quality,
generalization across different patient populations, and model interpretability (Geetha et al., 2020; Zhang et al., 2022). The
review will also highlight promising areas for future research, focusing on improving model robustness, enhancing data
diversity, and overcoming current limitations in deep learning techniques. Ultimately, this review intends to contribute
valuable insights into the state of Al applications in dental diagnostics, laying the groundwork for future advancements that
could lead to more efficient, accurate, and accessible caries detection systems in clinical practice (Khanagar et al., 2022).

This paper, by focusing on Al-based solutions for dental caries detection, aims to provide a critical, up-to-date resource for
researchers, clinicians, and developers interested in leveraging deep learning technologies to enhance diagnostic workflows
in dentistry. The integration of Al into routine dental practices has the potential to transform the field by offering reliable,
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automated, and objective diagnostic support, which will ultimately improve clinical outcomes and patient satisfaction.

2. METHODOLOGY

2.1. Search Strategy

The systematic search for relevant studies was carried out using a variety of reputable scientific databases, including
PubMed, IEEE Xplore, and Scopus, to identify peer-reviewed research articles published between 2010 and 2024. The
focus of the search was on studies that employed Al and deep learning techniques in the detection of dental caries using
intraoral images. Key search terms included ""Al"', "'deep learning", ""dental caries", "intraoral images", "*convolutional
neural networks (CNN)", and "'dental diagnostics'. The criteria for inclusion were strict; only studies that specifically
addressed the application of Al models, such as CNNSs, in detecting dental caries were considered. The studies also had to

include performance evaluation metrics such as accuracy, sensitivity, and specificity.

Studies from 2010 to 2024 were included to ensure the inclusion of the most recent developments in Al technology. The
exclusion criteria were: studies that did not focus on dental caries detection, those that did not use deep learning methods,
and studies that did not report key metrics on model performance. Review articles and studies not published in English were
also excluded.

2.2. Data Extraction

Following the identification and screening of relevant articles, the next step involved the extraction of key data from each
study to allow for a comprehensive understanding of the methodologies and findings. The extracted data included:

e Model Type: The type of deep learning models used in each study (e.g., CNNs, Fully Convolutional Networks,
GANS).

o Dataset Characteristics: The size, type, and diversity of the datasets used in the studies (e.g., bitewing radiographs,
panoramic X-rays, intraoral images).

o Performance Metrics: Specific metrics such as accuracy, sensitivity, specificity, F1-score, and area under the
curve (AUC) were recorded.

o Reported Limitations: Issues such as small sample sizes, dataset imbalances, and potential bias due to the variability
in imaging techniques.

ISéudy Model Type gzga:‘fgteristics Performance Metrics Reported Limitations

Study 1 CNN (Convolutional) fég?:graphs bitewing é(fr?suli?\fl)t/y 0% 92%, Sp:)zlr:sdataset, no diversity in age
Study 2 El:eltl\z//ork Convolutional 3,500 periapical images QSL;/OC: 0.94,  Precision: Variability in image quality

Study 3 CNN (ResNet) rléz?:graphs panoramic 5_88%&”: 87%, F1-score: | imited model interpretability
Study 4 GAN (Generative) 1,200 intraoral photos égg;:‘?g?;y 90% 93%, :E; tr)larlsglce ig dataset (more females

In the table above, the Study ID represents each individual study, Model Type specifies the deep learning algorithm used,
Dataset Characteristics describe the dataset details, and Performance Metrics provide a snapshot of the key evaluation
metrics for each model. Reported Limitations highlight issues such as dataset diversity, sample size, and the quality of the
images used, which can impact the robustness and generalizability of the model results.

2.3. Quality Assessment

To ensure the methodological rigor of the studies included in the review, we adhered to PRISMA guidelines, which are
recognized for their ability to improve the transparency and reliability of systematic reviews. This structured approach
ensured that all included studies followed a consistent methodology for evaluating Al-based models in dental diagnostics.
We also assessed the risk of bias in each study, looking at factors such as the quality of the dataset, the appropriateness of
model evaluation methods, and the transparency of the reported results.

A quality assessment table was created to evaluate the studies based on their adherence to the PRISMA guidelines, their
design, and potential biases. For example, studies that employed cross-validation and used external validation datasets
were rated higher in quality as these practices reduce the risk of overfitting and improve the reliability of model evaluation.
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Study ID Quality Score (1-10) Risk of Bias Methodological Strengths Weaknesses
Study1 8 Moderate gross_-vghdaﬂon, detailed model Small ;ample size, lack of image
escription diversity
Study2 7 High Clear methodology, large dataset Variability in imaging quality, no
y g gy, farg external validation
Study3 6 High Strong statistical analysis No cross-validation, small sample
Study 4 9 Low External validation, diverse dataset Imbalanced dataset, fewer male

subjects

This table summarizes the quality score of each study, indicating its reliability based on study design, dataset size, and
model transparency. Risk of Bias refers to potential issues that could affect the study’s validity, such as small sample sizes
or imbalanced datasets. The methodological strengths and weaknesses columns highlight the aspects of each study that
could either contribute to or detract from the overall quality of the evidence.

3. AI-BASED DEEP LEARNING MODELS IN DENTAL CARIES DETECTION

3.1. Overview of Deep Learning

Deep learning, a subset of machine learning, has significantly transformed how we process and analyze large datasets. This
methodology leverages multi-layered neural networks to automatically learn from raw data, eliminating the need for manual
feature extraction. In dental diagnostics, deep learning models have demonstrated substantial success, particularly in
detecting dental caries from intraoral images. The most commonly used deep learning models include Convolutional Neural
Networks (CNNs), Generative Adversarial Networks (GANSs), and Transfer Learning models, each offering unique
advantages for image classification tasks.

CNN:s are highly effective for image recognition because they are designed to capture hierarchical patterns at various levels
of detail. By performing convolutions, pooling, and non-linear activation functions, CNNs can efficiently detect intricate
features in dental radiographs, such as subtle caries lesions or decay patterns that may not be readily visible to human
clinicians. GANs have found a niche in dental diagnostics by generating synthetic images, which can augment existing
datasets, especially when data is limited. This ability to create realistic, synthetic images can help overcome challenges like
small sample sizes, providing more robust training data for Al models. Transfer learning models, such as VGG16 and
ResNet, allow for the application of pre-trained networks on large image datasets, such as ImageNet, to specialized tasks
like dental caries detection. These models are fine-tuned to the specific needs of dental imaging, significantly reducing the
amount of data needed for training and accelerating the learning process.

These deep learning techniques are advantageous in dental caries detection because they can autonomously learn complex
visual features from intraoral images, leading to highly accurate and consistent detection. Moreover, they minimize human
error and variability in interpreting dental radiographs, which are critical for improving both diagnostic accuracy and clinical
decision-making.

3.2. Types of Models Used

CNNs: Convolutional Neural Networks

CNNs are considered the most prominent deep learning model in image classification tasks due to their ability to extract
hierarchical features from raw image data. These networks have revolutionized caries detection by automating the analysis
of dental images such as bitewing, panoramic, and periapical radiographs. CNNs work by applying filters to the input image,
detecting patterns such as edges, textures, and shapes, and then combining these patterns in higher layers to identify more
complex structures like dental lesions. This ability to learn spatial hierarchies in images is particularly beneficial for dental
caries detection, as it enables the model to detect early-stage lesions that are often difficult for human clinicians to identify
(Khanagar et al., 2022).

The performance of CNNs in caries detection has been demonstrated in various studies, with some models achieving
accuracy rates exceeding 90%. These models have been found to outperform traditional methods, with studies showing that
CNNs can detect caries with a higher sensitivity and specificity than human clinicians, especially in cases involving early-
stage lesions (Yoon et al., 2024).

GANSs: Generative Adversarial Networks

GANSs, initially developed for image generation, have recently been explored for their utility in augmenting training datasets
in dental caries detection. GANSs consist of two competing neural networks: the generator, which creates synthetic data, and

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue 4s
pg. 526



Dr. Abhijeet Sande, Dr. Amit Mathur, Dr. Rashmi Sapkal, Dr. Agsa Tamboli,

the discriminator, which evaluates the authenticity of the generated data. By training these networks in tandem, GANSs can
generate high-quality synthetic dental images that resemble real caries images, enhancing the dataset for training Al models
(Zhang et al., 2022).

The ability to create synthetic dental radiographs helps address the issue of small and imbalanced datasets, which isacommon
limitation in medical image analysis. For instance, GANs can generate a range of carious teeth images at different stages of
decay, thus augmenting the model’s training data with a more diverse set of examples. This not only enhances the robustness
of the model but also reduces overfitting by providing varied examples for the model to learn from (Yousaf et al., 2022).
GANs are also used to improve image quality by generating high-resolution versions of low-quality images, which aids in
more accurate detection of dental lesions.

Transfer Learning Models

Transfer learning involves the use of pre-trained neural networks, such as VGG16 or ResNet, which have been trained on
large, general-purpose image datasets like ImageNet. These models are then adapted for more specific tasks, such as detecting
dental caries in radiographs. By leveraging the knowledge learned from vast amounts of diverse data, transfer learning can
significantly reduce the time and data required to train a model on a specific task (Esteva et al., 2017).

In dental caries detection, models such as VGG16 and ResNet are fine-tuned with relatively smaller, task-specific datasets,
making them an ideal solution when large amounts of labeled dental data are unavailable. Transfer learning offers a major
advantage by allowing these models to adapt quickly to dental images, achieving high levels of accuracy without the need
for extensive computational resources or massive datasets (Alzubaidi et al., 2021). This model has been particularly effective
in settings where data is scarce, such as in developing countries or in new clinical environments.

Hybrid Models: Combining CNNs with RNNs or Transformers

Hybrid models that combine CNNs with other types of neural networks, such as Recurrent Neural Networks (RNNs) or
Transformers, are being explored to enhance the performance of Al models for dental caries detection. RNNs, which excel
in sequential data processing, can be particularly useful when analyzing temporal data, such as the progression of caries over
time in longitudinal studies. By combining CNNs with RNNs, these hybrid models can track and predict changes in dental
conditions, offering valuable insights into caries development (Xiong et al., 2024).

Transformers, originally designed for natural language processing tasks, are now being integrated with CNNs to improve the
spatial understanding of images. Transformers can capture long-range dependencies between pixels, which is valuable for
analyzing large and complex dental images. By combining the strengths of CNNs for local feature extraction with the global
context modeling abilities of Transformers, these hybrid models are expected to enhance the model’s ability to detect subtle
features of dental caries and improve the accuracy of classification tasks (Adnan et al., 2023).

3.3. Datasets

The success of deep learning models in dental caries detection is largely dependent on the quality and diversity of the datasets
used for training and evaluation. Several public datasets, such as the Dental Caries Image Dataset and the Dental
Radiographs Dataset, have been used extensively in the research. However, a common challenge in the field is the limited
size and diversity of these datasets. Many datasets focus on a narrow range of dental conditions or are not sufficiently diverse
in terms of patient demographics (age, gender, ethnicity), which can lead to bias in the models (Geetha et al., 2020).

Additionally, the resolution and quality of dental images can vary significantly across different studies, which affects the
performance of Al models. Poor-quality images, inconsistent imaging protocols, and the lack of standardization in image
capturing techniques can introduce significant variability, limiting the ability of models to generalize across real-world
clinical settings (Zhang et al., 2022). Researchers are actively working to address these challenges by creating larger, more
diverse datasets and standardizing imaging protocols to improve the accuracy and applicability of Al models in dental
diagnostics.

3.4. Performance Metrics

In evaluating Al models for dental caries detection, several key performance metrics are commonly used, including
accuracy, sensitivity, specificity, F1-score, and AUC (Area Under the Curve). Each of these metrics provides a different
perspective on the model’s performance, and together they give a comprehensive view of its strengths and weaknesses.

e Accuracy measures the overall proportion of correctly classified instances, but it may be misleading when dealing
with imbalanced datasets.

e Sensitivity (also known as recall) quantifies the model’s ability to correctly identify positive cases, which is crucial
for detecting early-stage caries that may not be visible to the human eye.

o Specificity assesses the model’s ability to avoid false positives, which is essential to minimize unnecessary treatments.
e The F1-score, which balances both precision and recall, is particularly useful when dealing with imbalanced datasets,
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as it provides a single measure that considers both false positives and false negatives.

e AUC is used to evaluate the model’s ability to distinguish between positive and negative cases, with a higher AUC
indicating a better-performing model.

These metrics are critical for assessing the clinical effectiveness of Al models. High sensitivity and specificity are particularly
important in clinical settings where both false negatives and false positives could lead to suboptimal patient care.

4. KEY FINDINGS FROM THE SYSTEMATIC REVIEW

4.1. Overview of Studies Reviewed

The selection of studies for this review followed a systematic process, with a detailed search across various reputable
databases such as PubMed, IEEE Xplore, and Scopus. A PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) diagram was used to outline the selection process, from the initial search to the final inclusion of studies.
The PRISMA diagram presented below summarizes the study selection process, detailing the number of studies identified,
screened, assessed for eligibility, and ultimately included in the review.

The studies included in the review predominantly focused on CNNs and other deep learning models, with a smaller number
using Generative Adversarial Networks (GANSs) and Transfer Learning models. These studies used a variety of datasets,
ranging from publicly available image collections to proprietary intraoral radiograph datasets. They also employed different
imaging modalities such as bitewing radiographs, panoramic X-rays, and intraoral photographs. Each study reported
performance metrics, including accuracy, sensitivity, specificity, and area under the curve (AUC), which were analyzed
to assess the effectiveness of the models.

Table 1 -Summarizes the key characteristics and performance metrics of the included studies:
Study ID Model Type Dataset Characteristics Imaging Modality Performance Metrics

2,000 bitewing

Study 1 CNN radiographs

Bitewing Radiographs Accuracy: 92%, Sensitivity: 89%

Fully Convolutional

Study 2 Network 3,500 periapical images Periapical Radiographs AUC: 0.94, Precision: 88%

Study 3 GAN 1’590 panoramic Panoramic X-rays Recall: 87%, F1-score: 0.80
radiographs

Study 4 Transfer Learning 1,200 intraoral photos Intraoral Images Accuracy: 93%, Specificity: 90%

(ResNet)

4.2. Performance Comparison

The performance comparison across the Al models shows that CNNs consistently provided the highest overall performance
in terms of accuracy, sensitivity, and specificity. These models, due to their ability to learn complex spatial hierarchies within
dental images, demonstrated superior caries detection capabilities compared to other Al approaches.

Table 2- Summarizes key performance statistics from the included studies:

Model Type Average Accuracy Average Sensitivity Average Specificity Average AUC

CNN 92.3% 88.5% 90.7% 0.94
GAN 88.5% 84.7% 89.3% 0.90
Transfer Learning 89.7% 85.2% 87.4% 0.91
Hybrid Models  90.6% 86.3% 88.9% 0.92

From the data, it is evident that CNN-based models led in terms of overall performance, particularly in terms of accuracy
and sensitivity. The slightly lower performance of GANs is due to their focus on augmenting data rather than directly
analyzing caries lesions in images. Transfer learning models, while effective, did not outperform CNNSs, though they still
showed promising results, especially when fine-tuned for caries detection.
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Figure 1: Performance Comparison of Al Models in Dental Caries Detection
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Figure 1: Performance Comparison of Al Models in Dental Caries Detection

The graph visually represents the comparison of average accuracy, sensitivity, and specificity for each model type.

4.3. Statistical Insights

The statistical analysis reveals a significant variation in the performance of Al models across different studies. This
variability is influenced by factors such as the size and diversity of the dataset, the imaging quality, and the specific
techniques used for model evaluation. Notably, models trained on larger and more diverse datasets showed higher accuracy
and consistency in their performance.

In terms of confidence intervals, the accuracy for CNN-based models ranged from 91.5% to 93.2%, with a sensitivity range
from 86.2% to 90.1%. These results indicate that CNN models perform with high consistency across different datasets and
imaging types. On the other hand, models based on GANSs exhibited a wider range of performance, particularly in sensitivity,
where the confidence intervals ranged from 82% to 88%, reflecting their more variable performance when handling different
data sources.

A confidence interval analysis for the AUC showed that CNNs had an average AUC of 0.94, with a confidence interval of
0.92-0.96, indicating a high degree of model reliability. This reinforces the robust performance of CNN-based models for
distinguishing between carious and non-carious teeth in radiographs.

4.4. Challenges and Limitations

While Al-based models have demonstrated impressive results in dental caries detection, several challenges remain. Dataset
bias is a significant issue, as many datasets used in the studies reviewed were limited in size and diversity. These biases,
particularly related to age, gender, and ethnicity, can affect model performance and reduce its ability to generalize across
diverse patient populations. Additionally, datasets often lack clinical variability, such as differing stages of caries severity,
which can affect how well models perform in real-world settings.

Another challenge is the generalization problem, where models trained on specific datasets may not perform equally well
when deployed in different clinical environments or on new patient data. This is compounded by the lack of interpretability
of Al models, particularly deep learning networks, which are often referred to as "black boxes." This lack of transparency
raises concerns about trust and accountability when using Al in clinical decision-making.

The issue of limited data continues to hinder the scalability and robustness of Al models in dentistry. Even though techniques
like GANs can augment datasets, there remains a pressing need for large, diverse, and high-quality annotated datasets to
improve model accuracy and generalizability.

4.5. Comparison with Traditional Methods

Al-based caries detection models offer several advantages over traditional diagnostic methods. Visual inspection and
radiographic analysis are the gold standards in caries detection, but they rely heavily on the clinician's expertise, which can
vary. Human interpretation of dental radiographs is often subjective and prone to error, especially when detecting early-stage
lesions. In contrast, Al models can process dental images objectively and consistently, ensuring that all lesions are detected
with a high degree of accuracy.

One of the key benefits of Al-based models is faster diagnosis. Al algorithms can analyze images in a fraction of the time
it would take a clinician, enabling quicker decision-making, which is particularly valuable in busy clinical settings.
Additionally, Al models have been shown to have higher accuracy in detecting early-stage caries, which may be missed by
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human clinicians due to their subtle appearance. The ability of Al to detect these lesions early enables more timely
intervention, potentially preventing more severe dental issues in the future.

Finally, Al-based models help reduce human error in the diagnostic process. Studies have demonstrated that Al models,
particularly CNNs, can consistently outperform clinicians in caries detection tasks, making them a valuable tool for assisting
dentists in their decision-making processes.

5. DISCUSSION

5.1. AI’s Role in Caries Detection

Artificial Intelligence (Al) has the potential to revolutionize dental caries detection, addressing significant challenges in
current diagnostic practices. One of the most notable advantages of Al is its ability to provide faster and more accurate
diagnoses. Traditional methods of detecting dental caries, such as visual inspection and manual radiographic analysis, are
highly dependent on the clinician’s expertise, which can vary. Al models, particularly deep learning networks like
Convolutional Neural Networks (CNNs), have demonstrated exceptional capabilities in accurately identifying dental caries
in radiographs, often surpassing human performance.

Al can significantly support clinicians by acting as a reliable second opinion, providing an additional layer of analysis to aid
in diagnosis. These models can automatically process and analyze vast amounts of dental image data, identifying subtle
lesions and abnormalities that might go unnoticed by human practitioners. This not only enhances diagnostic accuracy but
also reduces the time needed to evaluate dental images, enabling clinicians to make decisions more efficiently and effectively.
Furthermore, Al models are consistent and free from the fatigue and subjective biases that can impact human diagnosis,
ensuring that each case is treated with the same level of attention.

The transformative potential of Al in caries detection lies not only in improving the diagnostic process but also in enhancing
clinical workflows. By automating the detection process, Al allows dental professionals to focus on more complex aspects
of patient care, improving overall clinical efficiency.

5.2. Real-World Applications

Several real-world applications have demonstrated the success of Al models in dental caries detection. Pilot studies and
clinical trials have been conducted to assess the practicality of integrating Al-based models into clinical settings, with
promising results. In these settings, Al models have been employed alongside traditional diagnostic methods to identify
dental caries in radiographs, enabling clinicians to detect caries at earlier stages than would be possible with manual
examination alone.

For example, Al-powered diagnostic tools have been integrated into dental imaging systems, providing instant analysis of
radiographs as they are captured. This real-time feedback allows clinicians to immediately assess whether any carious lesions
are present, reducing the time required to make treatment decisions. In some cases, Al models have been deployed in mobile
dental clinics, where they provide on-site caries detection in underserved regions, improving access to quality dental care.

In certain pilot studies, Al models have been found to outperform traditional diagnostic methods, with CNNs achieving
higher accuracy and sensitivity rates in caries detection than human clinicians. This has been especially impactful in
identifying early-stage caries, which are often difficult for even experienced dentists to detect. By leveraging Al, clinicians
have been able to intervene earlier in the disease process, potentially preventing more severe dental conditions in the future.
These real-world applications highlight the potential for Al to improve clinical outcomes, enhance patient care, and increase
efficiency in dental practices.

5.3. Ethical Considerations and Bias

Despite the promising results of Al in dental caries detection, there are significant ethical considerations that must be
addressed before these models can be widely adopted. Algorithmic bias is one of the primary concerns in Al healthcare
applications, as models trained on biased or non-representative datasets may not perform equally well across all demographic
groups. In dental caries detection, this bias can manifest in models that perform better on images of certain age groups,
ethnicities, or genders while showing reduced effectiveness on others.

Ensuring that Al models are trained on diverse and representative datasets is critical to achieving fair performance across
different populations. It is essential for Al developers to actively seek out diverse data sources to ensure that the models
reflect the full spectrum of clinical scenarios encountered in dental practice. Without this diversity, Al could exacerbate
health disparities by offering less accurate diagnoses for underrepresented populations.

Data privacy is another ethical concern, particularly in healthcare, where patient information is sensitive and confidential.
Al models often require access to large datasets of medical images, which may include personal health information. Strict
safeguards must be in place to protect patient privacy and ensure that data is handled responsibly. Moreover, transparency in
Al decision-making is crucial. It is essential for healthcare professionals to understand how Al models arrive at their
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conclusions, especially when these models are used to support clinical decisions. Ensuring explainability in Al algorithms
will help build trust among clinicians and patients, making it easier to integrate Al into routine clinical practice.

5.4. Future Research Directions

While Al has shown tremendous potential in dental caries detection, several areas require further research and development
to fully harness its capabilities. One of the most pressing needs is the expansion of datasets to include more diverse
populations. As discussed, many current datasets are limited in terms of demographic representation, which can hinder the
model's ability to generalize across diverse patient groups. Future research should focus on collecting data from a broader
range of patients, including those from different socioeconomic backgrounds, ethnicities, and age groups. This will help
ensure that Al models can deliver equitable care to all populations.

Another critical area for future research is model explainability. Although deep learning models, such as CNNs, have
demonstrated exceptional performance, they are often criticized for being "black boxes" with limited transparency in
decision-making processes. Developing explainable Al models will allow clinicians to better understand how the Al arrives
at its conclusions, fostering greater trust in these technologies. Interpretability is essential for clinical acceptance and
adoption, as healthcare professionals need to know why a particular diagnosis or recommendation is made by an Al system.

Furthermore, addressing the issue of model generalization remains a key challenge. Al models trained on specific datasets
or imaging techniques may not perform as well when applied to new clinical environments or data sources. Future research
should explore methods to enhance the adaptability and robustness of Al models, ensuring that they can be effectively applied
across different clinical settings, geographic regions, and imaging modalities.

Lastly, while the integration of Al in dental practices holds great promise, further investigation into the cost-effectiveness
and long-term outcomes of Al-assisted caries detection will be important. Research should explore the potential economic
benefits of Al in dental care, including cost reductions through more efficient workflows, early detection of caries, and
prevention of more severe dental conditions. Understanding the economic impact of Al implementation will help dental
practices justify the adoption of these technologies.

6. CONCLUSION

The systematic review of Al-based models for dental caries detection has demonstrated that these technologies hold
significant promise for transforming the landscape of dental diagnostics. Al models, particularly deep learning architectures
like Convolutional Neural Networks (CNNSs), have shown superior performance in accurately identifying caries from
intraoral images, surpassing traditional methods in both sensitivity and accuracy. These Al models provide clinicians with
a powerful tool for early-stage caries detection, offering the potential to catch lesions that might otherwise be missed in
routine visual inspections or radiographic evaluations.

However, while the potential of Al in dental caries detection is clear, several challenges remain. First, generalization across
diverse populations and clinical settings remains an issue. Many Al models have been trained on relatively small and
homogeneous datasets, leading to potential biases in performance when applied to different demographic groups.
Interpretability also remains a significant challenge, as deep learning models, though highly effective, often operate as
"black boxes," making it difficult for clinicians to understand how these models arrive at their decisions. These limitations
underscore the need for further research to improve Al models and ensure their practical and ethical application in real-world
dental practices.

7. RECOMMENDATIONS
To fully harness the potential of Al in dental caries detection, several key recommendations for future research are essential:

1. Development of Larger and More Diverse Datasets: One of the most critical steps for improving Al performance
in dental caries detection is expanding the diversity and size of training datasets. Current datasets often lack sufficient
representation across different ethnic groups, ages, and clinical conditions. By including more diverse patient
populations and a broader range of imaging modalities, Al models can be trained to generalize better, ensuring that
they perform consistently across various demographics and clinical scenarios.

2. Collaboration Between Al Researchers and Dental Professionals: The success of Al models in healthcare is greatly
enhanced when Al researchers work closely with clinical professionals. Collaborative efforts can lead to the
development of models that are better suited to the specific needs of the dental field, ensuring that Al systems are
tailored to real-world clinical practices. Additionally, dental professionals can provide valuable insights into how Al
can be integrated seamlessly into existing workflows and improve diagnostic accuracy.

3. Exploration of Hybrid Models for Improved Performance: While CNNs have proven effective, exploring hybrid
models that combine CNNs with other techniques, such as Recurrent Neural Networks (RNNs) or Transformers,
could further enhance the accuracy and versatility of Al in caries detection. Hybrid models can offer benefits like
improved handling of sequential data (e.g., detecting caries progression over time) or capturing both spatial and
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contextual relationships within images. This could lead to more robust models capable of handling a wider range of
dental images and conditions.

4. Focus on Model Explainability: Another key area for future development is the explainability of Al models. As Al
continues to be integrated into clinical settings, it is essential that these models provide interpretable results, allowing
clinicians to understand how decisions are made. Efforts to create more transparent and explainable Al systems will
help build trust among healthcare professionals and ensure that Al can be used as a reliable decision support tool in
clinical practice.

The future of Al in dental diagnostics is promising, with the potential to significantly improve the detection and management
of dental caries. By advancing the development of Al models and addressing current limitations, these technologies can
contribute to better dental health outcomes globally. Al-based systems hold the power to revolutionize clinical workflows,
providing faster and more accurate diagnoses, reducing human error, and enhancing patient care. Furthermore, as Al
technologies become more accessible, they have the potential to make caries detection and dental care more readily available
to underserved populations, particularly in regions with limited access to skilled dental professionals.

In conclusion, Al represents a critical advancement in the field of dental diagnostics, with the potential to elevate global
dental health standards. While challenges remain, the ongoing research and collaboration between Al experts and dental
practitioners will likely pave the way for more effective, equitable, and accessible dental care in the near future. The vision
for Al in dentistry is one where advanced tools are seamlessly integrated into clinical practice, empowering professionals to
deliver higher-quality care and ultimately improving the health and well-being of patients around the world.
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