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Abstract: AI is revolutionizing the healthcare industry by opening up new avenues for improving clinical 

effectiveness, therapeutic customization, and diagnostic precision. Applying AI to pediatric dentistry has 

benefits and drawbacks since children's bodies, thoughts, and behaviors differ from those of adults. This 

study offers a thorough investigation and experimental methodology for assessing AI-powered kid oral 

health care solutions. The study looks at the current applications of gamified platforms and intelligent 

agents in tasks including automated caries diagnosis, tooth segmentation in mixed dentition, calculating 

dental age, predicting orthodontic therapy, and behavior management support systems.  

We use pediatric-specific datasets, such as intraoral pictures and panoramic radiographs, together with 

stringent preprocessing and annotation guidelines to circumvent the problems that come with adult-

trained models. Advanced deep learning designs, including transformer-based models for classification, 

convolutional neural networks, and U-Net variants for segmentation, are assessed using cross-validation 

and external testing. Clinically useful metrics including the Dice coefficient, ROC-AUC, sensitivity, 

specificity, and calibration indices are used to evaluate the model's performance.  

This research looks at the effectiveness of AI as well as the privacy, legal, and ethical issues that come up 

when it is used on children, including explainability, algorithmic bias, data protection, and informed 

permission. To guarantee the safety of clinical adoption, the suggested approach strongly emphasizes 

human-in-the-loop validation and adherence to the recommendations. According to the results, artificial 

intelligence (AI) holds great promise for improving the diagnosis and treatment of dental issues in 

children; yet, it needs to be tested in a range of contexts, be open about its operation, and be customized 

for kids. The groundwork for creating AI systems in pediatric dentistry that are trustworthy, safe, and 

directly affect patients is established by this work. 

 

Keywords: AI, clinical decision support, dental radiography, dental radiography, dental age estimation, 
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Ethical use of AI in healthcare 

 

I. INTRODUCTION 

Modern healthcare is fast changing due to artificial intelligence (AI), which makes data-driven clinical choices, 

predictive analytics, and task automation possible. By using sophisticated picture analysis and pattern recognition to 

identify dental cavities, periodontal disease, and oral diseases and to plan therapy, artificial intelligence has 

demonstrated significant promise in the field of dentistry [1]. However, because of children's dynamic craniofacial 

development, mixed dentition, and behavioral unpredictability, using these technologies in pediatric dentistry provides 

special challenges as well as potential.  

When it comes to patient care, disease progression, and body growth, pediatric dentistry is very different from adult 

dentistry. Radiographic interpretation in juvenile patients is quite challenging due to overlapping dental buds, varying 
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eruption stages, and morphological alterations between age groups. Because of these characteristics, AI models that 

were primarily trained on adult datasets are more challenging to use in different contexts and perform less accurately 

when applied to children [2]. Additionally, children require early, accurate, and less intrusive diagnostic techniques 

because they are more susceptible to tooth caries and developmental issues.  

Significant advancements in medical image interpretation have been made possible by recent developments in deep 

learning, particularly convolutional neural networks and transformer-based architectures. In pediatric dentistry, 

researchers are looking into using artificial intelligence (AI) to automatically identify cavities, separate teeth and 

alveolar bone, calculate dental age, evaluate orthodontic risk, and offer behavioral coaching using intelligent virtual 

assistants and games [3]. Preventive therapy is encouraged, patient involvement is increased, healthcare professionals' 

workloads are decreased, and diagnostic accuracy is improved by these applications.  

AI is still not widely used in paediatric dentistry, despite these encouraging advancements. The paucity of sizable, 

thoroughly annotated paediatric datasets, ethical issues regarding data privacy and minors' agreement, the potential for 

algorithmic bias, and the absence of prospective multicentre validation trials are some of the most significant obstacles. 

By thoroughly examining the current AI applications in paediatric dentistry and putting forth a sound experimental and 

evaluation methodology for creating and evaluating AI systems for kids, this study seeks to close these gaps [4]. The 

project's objective is to give medical professionals, researchers, and legislators a methodical framework for integrating 

AI into paediatric oral healthcare in a way that is safe, moral, and effective. 

 

II. LITERATURE REVIEW 

The last ten years have seen a substantial increase in the use of artificial intelligence (AI) in dentistry. Significant 

progress has been made in the areas of treatment planning, decision assistance, and diagnostic imaging [5]. At first, the 

majority of applications were for adults, especially when it came to using convolutional neural networks (CNNs) to test 

for oral cancer, detect cavities, and diagnose periodontal disease. However, a growing number of patients are turning to 

pediatric dentistry because of the high prevalence of orthodontic difficulties, developmental problems, and early 

childhood cavities.  

According to recent studies, deep learning models—in particular, U-Net variations and Res Net-based architectures—

are quite good at automatically identifying cavities in children and distinguishing teeth from panoramic and bitewing X-

rays [6]. Numerous studies discovered that ROC-AUC values for caries classification were over 0.90 and dice 

coefficients for tooth segmentation were above 0.85. The use of AI to estimate dental age has also grown in popularity. 

By lowering the mean absolute error in child groups to less than 0.7 years, machine learning techniques surpass the 

conventional Demirjian and Willems procedures [7].  

AI can be used in orthodontics to recognize cephalometric landmarks, evaluate eruption trends, and automatically 

forecast the likelihood of malocclusion. These systems increase the effectiveness of therapeutic work and decrease the 

possibility that multiple observers will see the same thing. Additionally, AI-driven chatbots and gamified apps have 

been researched to enhance treatment adherence, dental hygiene education, and behavioral management in young 

patients [8].  

These recent developments are encouraging, but there are still a lot of problems. Retrospective single-center datasets 

with little ethnic and age variation are used in the majority of research. Because pediatric datasets are much smaller 

than adult datasets, there is a greater chance of bias and overfitting in the models. Moreover, explainability, empirical 

clinical validation, and ethical use for minors have not yet been fully achieved. In order to guarantee that deployment is 

secure and accessible to all, these gaps highlight the necessity of AI models created especially for kids, data sharing 

between centers, and pre-emptive clinical studies [9]. 
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Table 1: Key Studies on AI in Pediatric Dentistry

 

III. DATASETS & PREPROCESSING

A. Data Sources 

This study uses both clinical data collected from institutions and kid dental imaging databases that are openly 

accessible. In children ages 2 to 13, intraoral photos and panoramic radiographs (orthopantomograms) are the most 

prevalent forms of publicly accessible data [10]. These images include details about developmental stages, tooth 

architecture, and caries. These datasets include annotated ground truth for supervised learning tasks like age estimate, 

segmentation, and classification. The images have be

to encourage diversity and generalizability [11]. Transfer learning pretraining uses a small number of adult dental 

datasets to enhance feature extraction before paediatric fine

 

B. Data Labelling 

Qualified paediatric dentists manually identify each photo while following established labelling criteria. The margins of 

the teeth, areas of pulp, decay, and eruption state are highlighted in annotations. To ensure that the labelling is of high

quality, two experts review each image independently and, if they cannot agree, come to an agreement. The reliability 

of annotations is evaluated using Cohen's kappa coefficient, which guarantees that raters agree [12]. This method of 

expert-guided annotation is essential for reducing label noise and improving the model.

 

C. Data preprocessing 

Photographs are pre-processed to make them look better and more consistent. The procedures include grayscale 

normalization, comparison-limited adaptive histogram equa

image compression to fit the input size. By automatically eliminating extraneous backdrop structures, bounding box 

identification leaves only the ROI surrounding teeth [13].

 

D. Expanding Data 

The small size of the paediatric dataset and the class imbalance are addressed by extensive augmentation [14]. 

Examples include rotation, flipping, scaling, brightness variations, elastic deformation, and simulation of mixed 

dentition. Models are broader and less likely to overfit when they are supplemented.

 

E. Dividing Up Data 

Three parts of the dataset are separated to prevent data leaks: testing, validation (15%), and training (70%). Every 

segment is predicated on a distinct patient. An independent dataset f

validation [15]. 
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Diagram 1: Child Patient - Digital Radiograph Capture 

 

IV. METHODOLOGY: MODEL ARCHITECTURE & TRAINING 

A. Overall System Architecture 

A modular pipeline comprising image acquisition, preprocessing, feature extraction, prediction, explanation, and 

validation in a clinical setting is the foundation of the suggested AI system. Pediatric dental radiographs and intraoral 

images serve as the primary inputs [16]. After preprocessing and region-of-interest (ROI) extraction, deep learning 

models perform automated segmentation, classification, and prediction tasks. The outputs are passed through 

explainability layers and finally reviewed by pediatric dentists through a clinical decision support interface. 

 

B. Model Architecture Design 

Two primary deep learning architectures are employed based on task characteristics [17]. For tooth and caries 

segmentation, U-Net and U-Net++ architectures with encoder–decoder structures are implemented due to their strong 

performance in pixel-level medical image segmentation. Skip connections preserve fine anatomical details critical in 

pediatric images with mixed dentition. 

For classification and prediction tasks (caries detection, dental age estimation, orthodontic risk assessment), CNN-based 

models such as ResNet-50, Efficient Net, and Vision Transformers (ViT) are adopted [18]. Transfer learning is applied 

using ImageNet-pretrained weights to overcome limited paediatric data availability. A multi-task learning strategy is 

also explored, enabling simultaneous segmentation and classification from shared feature maps [19]. 

 

C. Training Strategy 

Models are trained using supervised learning with paediatric dentist–annotated ground truth labels. The dataset is 

optimized using stratified patient-wise splits. Binary cross-entropy and categorical cross-entropy losses are used for 

classification, while Dice loss combined with focal loss is applied for segmentation to handle class imbalance. The 

Adam optimizer is used with an initial learning rate of 1×10⁻⁴ and cosine learning rate scheduling. K-fold cross-

validation and early pauses aid in maintaining model stability and preventing overfitting [20]. 

 

D. Assessment of Performance 

For segmentation, we use the Dice coefficient and Intersection-over-Union (IoU), and for classification, we use ROC-

AUC, accuracy, sensitivity, specificity, and F1-score [21]. The effectiveness of the calibration is assessed using 

reliability curves and the Brier score. Bootstrapped confidence intervals are used to establish statistical significance. 

E. Integration and explainability in clinical practice 

Decision zones are visualized using the Grad-CAM and saliency map approaches. Rather from being judgments in and 

of themselves, the latest AI predictions are presented as outputs that help people make decisions [22]. To guarantee 

their safety in the clinic, paediatric dentists verify all estimates before putting a treatment plan into action. 
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Figure 2 – Pediatric Dentistry Workflow 

 

V. EXPERIMENTAL DESIGN & EVALUATION SETUP 

A. Experimental Objectives 

The main goal of the experimental design is to guarantee the accuracy, robustness, and clinical reliability of AI models 

for evaluating child dental photographs. With equal treatment of all pediatric age groups and imaging settings, the study 

aims to determine how well automated systems can identify cavities, separate teeth, estimate dental age, and forecast 

orthodontic risk. A second objective is to assess AI's practicality by contrasting its performance with that of pediatric 

dentists with specialized training [23]. 

 

B. How to Divide and Verify the Data 

A method that separates data per patient is employed to keep information from leaking. Seventy percent of the dataset is 

used for training, fifteen percent for validation, and fifteen percent for testing. The model is put through fivefold cross-

validation at the patient level to make sure it is stable [24]. To ascertain whether the findings are transferable to other 

institutions and imaging systems, external validation is carried out using a separate dataset from a different clinical 

facility. This multi-site assessment lowers the possibility of overfitting and enhances translation accuracy. 

 

C. Baseline and Comparative Models 

Performance of the proposed deep learning models is compared against multiple baselines: 

1. Traditional image processing methods (thresholding, morphology-based segmentation) [25]. 

2. CNN models trained from scratch, and 

3. Transfer-learning-based deep networks (ResNet, Efficient Net). 

Multi-task learning models are also evaluated against single-task counterparts to assess performance gains from shared 

feature learning [26]. 

 

D. Training Environment and Implementation 

All experiments are conducted using Python with PyTorch and TensorFlow frameworks on a GPU-enabled 

workstation. Input images are standardized to fixed resolutions. Batch normalization, dropout regularization, and early 

stopping are applied to improve generalization. Hyperparameters are optimized using grid search on the validation 

dataset [27]. 

 

E. Statistical Analysis 

Statistical significance of performance improvements is assessed using McNemar’s test for classification comparisons 

and paired t-tests for segmentation metrics. Bootstrapped 95% confidence intervals are reported for all major 

performance indicators [28]. Receiver Operating Characteristic (ROC) curves and Precision–Recall curves are 

generated for threshold analysis. 
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VI. RESULTS & QUANTITATIVE ANALYSIS

A. Segmentation Performance 

The proposed U-Net and U-Net++–based models achieved strong performance in automated tooth and caries 

segmentation on paediatric radiographs. A mean Dice coefficient of 0.89 ± 0.03 and an IoU of 0.82 ± 0.04 were 

attained by the best model on the test datas

to overlapping anatomical components; in mixed dentition, it was significantly lower. The deep learning model 

demonstrated superiority in border detection, outperforming convention

terms of Dice score [29]. 

 

B. Classification and Identification Outcomes

Cavities were found by the ResNet-50 transfer learning model with 89.2% specificity, 91.6% sensitivity, and a ROC

AUC of 0.94 [30]. The same precision was offered by Efficient Net, but its operating costs were higher. With a mean 

absolute error (MAE) of 0.63 years, the dental age estimate was less accurate than other regression

With a 90.8% overall accuracy rate, orthodontic 

likelihood of malocclusion. 

 

C. Comparison Analysis of Models 

In comparison to single-task models, multi

4.5% and classification accuracy by 3.8% on average [31]. Comparing transfer learning to models trained from scratch, 

the former greatly increased convergence speed and overall accuracy.

 

D. Research on Consensus and Clinical Validity

The two methods for cavity diagnosis showed a significant agreement (Cohen's κ = 0.87) in clinical validation versus 

expert paediatric dental notes. AI-assisted diagnosis offered a higher net treatment benefit at all recognized risk levels, 

according to decision curve analysis [32]. 

Based on these results, the suggested AI framework is very useful for diagnosing dental conditions in children since it is 

very accurate, adaptable to different situations, and clinically useful [33].
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Figure 3: Diagnostic accuracy of physicians and AI

 

According to the study's findings, artificial intelligence is capable of performing pediatric dental imaging tasks with 

clinical reliability and high diagnostic accuracy. Deep learning is a useful method for handling complex pediatric 

radiographic patterns, especially in mixed dentition stages when overlapping structures make comprehension 

challenging, as demonstrated by the performance of U

are capable of approaching and occasionally matching expert diagnostic competence, as seen by the observed Dice 

score of 0.89 and ROC-AUC of 0.94. This supports their application as useful therapeutic decision

One of the most significant things we discovered is that multi

optimizing both segmentation and classification. This illustrates enhanced feature sharing and an understanding of the 

anatomy of the pediatric teeth. Transfer learning showed useful in situations with a lack

improving convergence and cutting down on training time. In real

because of their excellent clinical agreement (Cohen's κ = 0.87) [35]. 

Although these results are encouraging, there are certain difficulties in putting them into practice. AI did poorly in early 

mixed-dentition environments because the tooth buds overlapped and the eruption durations varied. The importance of 

having larger, more varied pediatric datasets and age

they needed more justification for their decisions in cases that were on the borderline, even if explainability 

technologies such as Grad-CAM made things clearer in the clinic [36]. 

AI-assisted diagnosis has many benefits from a clinical perspective, such as faster diagnosis times, improved early 

cavity detection, more objective orthodontic risk screening, and better prevention planning [37]. People must, however, 

keep an eye on these systems to make sure they are morally righteous, safe, and compliant with the law. Overall, this 

study lends credence to the idea that, when used in a clinical setting with a person, AI can enhance pediatric dentistry 

care.  

Table 3: AI vs Conventional Pediatric Dental Diagnosis
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VIII. ETHICS, PRIVACY & REGULATORY COMPLIANCE 

A. Ethical Considerations in Paediatric AI 

Applying artificial intelligence in paediatric dentistry necessitates further ethical analysis because children are a delicate 

patient population. Juvenile patients require parental or guardian consent for both data collection and AI-assisted 

therapy applications because, unlike adult populations, they are legally unable to give informed consent [38]. AI 

technology must complement clinical judgment, not replace it, in order to be used responsibly. In order to prevent 

automation bias and guarantee that skilled paediatric dentists continue to make the final diagnosis, the human-in-the-

loop decision-making concept is necessary. To prevent AI models from discriminating against particular age, gender, or 

socioeconomic groups, algorithmic fairness must also be guaranteed. 

 

B. Private and secure data 

Information about paediatric dentistry is extremely private. It is necessary to fully deidentify all radiographic and 

clinical data by eliminating patient identifiers from picture headers and metadata. The data must be safely stored, 

transmitted over the internet in an encrypted format, and only accessed by individuals with designated responsibilities 

in order to prevent illegal usage. By enabling models to be trained across several institutions without sharing raw 

patient data, federated learning can be utilized to further protect privacy. You must abide by local, state, and federal 

data protection laws including the Health Data Protection Act, GDPR, and HIPAA in order to employ AI legally [39]. 

 

C. Understanding, transparency, and responsibility 

The degree to which AI is comprehensible and transparent will determine how widely it is used in medicine. 

Explainable AI (XAI) tools like Grad-CAM, saliency maps, and attention visualization need to be leveraged to 

highlight diagnostic regions in order to win over physicians [40]. When AI developers, healthcare organizations, and 

physicians make mistakes in diagnosis or deliver subpar results, there must also be clear accountability frameworks in 

place that outline who is responsible for what. 

 

D. Acquiring clinical certification and federal approval 

AI systems must meet regulatory requirements, such as FDA clearance, CE labelling, and country medical device 

restrictions, in order to be used in clinical settings [41]. A model needs to go through multi-center clinical tests, have its 

performance accurately documented, be monitored once it is put on the market, and be regularly inspected to make sure 

it is reliable and safe over the long run. 

 
Figure4: Ethics, Privacy & Regulatory Compliance Workflow Diagram 
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IX. LIMITATIONS & FUTURE WORK 

A. Dataset Size and Diversity Limitations 

The paediatric dental datasets are too small and demographically inadequate, which is one of the study's main 

weaknesses. Public datasets and a small amount of institutional data were used; however, they might not fully capture 

shifts in socioeconomic position, food, oral health, and ethnicity [42]. There are significant differences in paediatric 

dental imaging between imaging systems and acquisition techniques, which may lead to domain shift and reduce 

generalizability. AI projections are also less reliable in difficult circumstances because syndromic illnesses and specific 

oral disorders are currently underrepresented. 

 

B. Technology and algorithmic constraints 

In instances involving early mixed dentition, when overlapping tooth buds and emerging permanent teeth make it 

challenging to determine anatomical boundaries, deep learning models performed less well despite their high accuracy 

[43]. The models are affected by motion distortions, image noise, and poor contrast radiographs—all of which are 

prevalent in reticent children. The majority of models also need a lot of data and processing capacity, which makes it 

challenging to use them in real time on clinical systems with constrained resources and no GPU infrastructure. 

 

C. No long-term or potential verification 

The majority of the data in the current study is retrospective, which restricts the capacity to investigate how AI affects 

disease onset, long-term clinical outcomes, and the effectiveness of preventative therapies [44]. One of the primary 

obstacles to regulatory approval and broad clinical implementation is still the absence of sizable, multicentre 

prospective clinical investigations. Furthermore, important patient outcomes including attending treatment, feeling less 

anxious, and gradually improving tooth health were not quantified. 

 

D. Ethical and legal concerns 

Even with explainable AI technology, borderline diagnostic cases are still challenging to fully understand [45]. It's 

unclear who is legally responsible for AI-assisted diagnostic errors, especially in pediatric care where the bar for 

culpability is high. Unresolved regulatory concerns include data ownership, managing parental consent, and storing 

child health data for an extended period of time. 

 

E. Future Research Paths 

The development of extensive, multi-ethnic, multi-center pediatric dental databases utilizing standardized imaging and 

annotation techniques must be the main goal of future work. In order to train models together without endangering 

patient privacy, we must concentrate more on federated learning and privacy-preserving AI [46]. Cutting-edge 

multimodal AI systems that use genetic markers, intraoral imaging, clinical notes, and radiographs could significantly 

enhance illness prediction and treatment customization. Research in longitudinal outcome prediction models for 

orthodontic development and caries progression shows promise. Lastly, randomized controlled trials should be used in 

future studies to statistically evaluate the clinical, financial, and patient-experience advantages of AI-assisted pediatric 

dentistry [47]. 
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Figure 5: Artificial Intelligence vs Molecular Medicine 

 

X. CONCLUSION 

According to this study, artificial intelligence (AI) has the potential to drastically change pediatric dentistry by 

enhancing early prevention, expediting procedures, and improving diagnostics. By methodically analyzing AI-based 

segmentation, classification, and prediction models created especially for pediatric dental imaging, the study shows 

how deep learning can successfully handle the particular developmental and anatomical difficulties related to mixed 

dentition and craniofacial growth. AI-driven pediatric decision support systems are proving to be both technically 

possible and useful in the clinic, as seen by their high accuracy in detecting cavities, segmenting teeth, determining 

dental age, and forecasting orthodontic risk.  

This paper highlights the significance of performance indicators, ethical responsibility, data protection, transparency, 

and following the rules while using AI technologies for kids. Explainable AI, human-in-the-loop assessment, and safe 

data management methods guarantee that these technologies enhance rather than replace clinical knowledge. Important 

topics covered in the essay include domain generalization, dataset variation, and the existing lack of extensive 

prospective validation studies.  

AI in pediatric dentistry will eventually depend on multimodal and longitudinal prediction models, multicenter clinical 

trials, and data sharing across several sites. The move from experimental to normal clinical use of AI-based pediatric 

dentistry systems is expected as regulations change and computing power becomes more accessible. In conclusion, if 

properly developed, extensively tested, and continuously monitored by experts, artificial intelligence holds great 

promise for enhancing the precision, security, and accessibility of pediatric dental care. 
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