
Poster Print Size:
This poster template is 21” high by 30” 
wide and is printed at 200% for a 42” 
high by 60” wide poster. It can be used 
to print any poster with a 7:10 aspect 
ratio.

Placeholders:
The various elements included in this 
poster are ones we often see in medical, 
research, and scientific posters. Feel 
free to edit, move,  add, and delete 
items, or change the layout to suit your 
needs. Always check with your 
conference organizer for specific 
requirements.

Image Quality:
You can place digital photos or logo art 
in your poster file by selecting the 
Insert, Picture command, or by using 
standard copy & paste. For best results, 
all graphic elements should be at least 
150-200 pixels per inch in their final 
printed size. For instance, a 1600 x 1200 
pixel photo will usually look fine up to 
8“-10” wide on your printed poster.

To preview the print quality of images, 
select a magnification of 100% when 
previewing your poster. This will give 
you a good idea of what it will look like 
in print. If you are laying out a large 
poster and using half-scale dimensions, 
be sure to preview your graphics at 
200% to see them at their final printed 
size.

Please note that graphics from websites 
(such as the logo on your hospital's or 
university's home page) will only be 
72dpi and not suitable for printing.

[This sidebar area does not print.]

Change Color Theme:
This template is designed to use the 
built-in color themes in the newer 
versions of PowerPoint.

To change the color theme, select the 
Design tab, then select the Colors drop-
down list.

The default color theme for this 
template is “Office”, so you can always 
return to that after trying some of the 
alternatives.

Printing Your Poster:
Once your poster file is ready, visit 
www.genigraphics.com to order a high-
quality, affordable poster print. Every 
order receives a free design review and 
we can deliver as fast as next business 
day within the US and Canada. 

Genigraphics® has been producing 
output from PowerPoint® longer than 
anyone in the industry; dating back to 
when we helped Microsoft® design the 
PowerPoint® software. 

US and Canada:  1-800-790-4001
Email: info@genigraphics.com

[This sidebar area does not print.]

Performance of Artificial Intelligence in Detecting Dental Features in Pediatric Bitewing Radiographs

Rata Rokhshad,DDS,1 Jung Wei Chen, DDS, MS, MS, PHD,2 Samah Omar, DDS, MS,2 Udochukwu Oyoyo3

1) Pediatric Dentistry Resident, Department of Pediatric Dentistry, Loma Linda University School of Dentistry, Loma Linda, CA. 2)Professor, Department of Pediatric Dentistry, Loma Linda University School of Dentistry, Loma Linda, CA.

 3) Department of Dental Education, School of Dentistry, Loma Linda University, Loma Linda, California.

• 441 radiographs analyzed (43% male, 57% female, Figures 2,3,4)). Overall test 

performance (n=66): mAP@0.5=97.4%, precision=95.5%, recall=95.5%, 

F1=95.0%.

• Optimal performance: SSC (mAP@0.5=100.0%), restorations 

(mAP@0.5=100.0%), tooth identification (mAP@0.5=98.8%, F1=97.8%), all 

P<0.001. Dentin caries (mAP@0.5=91.0, P<0.001) (Table 1,2).

• Primary limitation: Enamel caries detection (mAP@0.5=53.9%, P=0.042). Errors 

predominantly false negatives, not misclassifications.

• No significant differences by gender (P=0.512) or age group (P=0.678).

Introduction

Methods and Materials

• Null Hypothesis: REJECTED - Model achieved 95.5% precision/recall, significantly 

exceeding ≥85% threshold (p<0.001).

• Literature Comparison Outperformed existing pediatric systems: dentin caries 

F1=89.2% vs Lee et al. F1=64.14%; SSC/restoration mAP@0.5=100% vs Celik et al. 

97.3%. Enamel caries challenges (F1=52.8%) consistent with literature, reflecting 

subtle radiographic presentation.

• Strengths First comprehensive 18-class primary dentition system. Large dataset 

(n=441). Real-time inference. Demographic robustness.

• Limitations Single-site data. Low enamel caries sensitivity (43.8%). Excludes 

developmental anomalies.

• Future Directions Multi-site validation. Human-AI collaborative frameworks. Clinical 

metadata integration. Expanded pathology detection.

Discussion

The following conclusions are drawn from this study:

YOLOv8-nano demonstrated high detection performance (97.4% mAP@0.5) for multi-

class detection in pediatric bitewing radiographs, effectively identifying teeth, 

restorations, stainless steel crowns, space maintainers, and dentin caries.

Early-stage enamel caries detection remains challenging (43.8% recall), requiring further 

optimization and potentially human-AI collaborative approaches.

These findings support deep learning as a detection aid in pediatric dentistry, with future 

priorities including multi-center validation, clinical integration studies, and expansion of 

detectable feature classes.

Conclusions

Background  Artificial intelligence (AI) deep learning shows promise in dental imaging, 

but current systems fail to address pediatric dentistry's unique challenges. Primary teeth 

differ significantly from permanent teeth (thinner enamel, larger pulps, distinct pathology) 

yet most AI models train on adult dentition. Mixed dentition creates overlapping structures 

that complicate automated analysis.1-9

Gap No AI systems adequately detect comprehensive dental features in primary teeth: 

caries, restorations, pulp pathology, appliances, and stainless steel crowns (SSCs).5-9

Purpose Develop and evaluate a You Only Look Once version 8(YOLO v8)-nano model 

for automated detection of dental features in pediatric bitewing radiographs.

Hypothesis A specialized deep learning model can accurately identify multiple dental 

features in primary dentition with performance comparable to expert pediatric dentists.

Results
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Study Design Retrospective detection study (IRB #5250319). 441 bitewing radiographs 

from pediatric patients <9 years with primary teeth (January 2018-June 2025).

Annotation Three-tier validation system achieving Cohen's κ=0.85 (inter-rater) and 

ICC=0.90 (intra-rater). 18 classes including tooth numbering (A-T), caries (ICDAS 1-6), 

restorations, SSCs, furcation involvement, and space maintainers.

Model Development We developed a YOLOv8-nano object detection model with 

CSPDarknet53 backbone and PANet neck. Dataset split: 70% training (n=309), 15% 

validation (n=66), 15% test (n=66). NVIDIA RTX 4090, batch size 16, AdamW optimizer, 

cosine annealing. Early stopping at epoch 150 of 2000 maximum epochs.

Statistical Analysis Fisher's exact test and χ² test for class performance. Wilson score 

method for 95% CIs. Independent t-tests for gender comparisons, one-way ANOVA for age 

groups (α=0.05). Python SciPy 1.16.2 (Figure 1).

Class Precision Recall mAP@0.5 F1 Score

All 95.5% 95.5% 97.4% 95.0%

Dentin Caries 87.9% 90.6% 91.0% 89.2%

Enamel Caries 66.7% 43.8% 53.9% 52.8%

Not intact lamina dura 92.0% 92.0% 93.8% 92.0%

Restorations 97.8% 100.0% 100.0% 98.9%

Stainless Steel Crowns 96.4% 100.0% 100.0% 98.2%

Space Maintainers 83.3% 100.0% 92.7% 90.9%

Teeth A 100.0% 100.0% 100.0% 100.0%

Teeth B 96.3% 100.0% 100.0% 98.1%

Teeth C 100.0% 100.0% 100.0% 100.0%

Teeth H 100.0% 100.0% 100.0% 100.0%

Teeth I 100.0% 100.0% 100.0% 100.0%

Teeth J 97.3% 100.0% 100.0% 98.6%

Teeth K 100.0% 100.0% 100.0% 100.0%

Teeth L 100.0% 100.0% 100.0% 100.0%

Teeth M 91.7% 97.1% 96.2% 94.3%

Teeth R 96.4% 96.4% 98.4% 96.4%

Teeth S 100.0% 100.0% 100.0% 100.0%

Teeth T 100.0% 100.0% 100.0% 100.0%Figure 1- Flowchart of the deep learning pipeline for dental feature detection in pediatric bitewing radiographs, illustrating 

YOLOv8-nano architecture for multi-class object detection. The image was produced using custom implementation of the source 

code developed for this study. 

Table 1. Performance comparison by gender and age group in test sample size (N=66). 

Figure 2. Training and validation loss curves for YOLOv8-nano (box, classification, DFL losses). 

Parallel decline without divergence demonstrates convergence without overfitting (150 epochs).

Table 2. Performance of AI model for labeling each class (ground truth: annotation by clinicians. 

Figure 3. This example shows the model performing tooth 

numbering and classifying different dental conditions. The 

detected classes are color-coded: tooth numbers (grey), 

stainless steel crowns (yellow), caries lesions (red), space 

maintainer (green), and non-intact lamina dura (purple).
Figure 4. Confusion matrix showing True Positives 

(correct detections), False Positives (over-detections), and 

False Negatives (missed detections) across 18 classes.
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