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Abstract 
Objectives: To develop and validate the Q-Bone system for precise alveolar bone loss 
quantification and intelligent periodontitis diagnosis across multiple clinical centers 
and imaging devices. 
Methods: This study included 1,273 periodontitis cases from four clinical centers using 
diverse imaging devices. A multitask deep learning model, DGNet, was employed for 
tooth segmentation and anatomical key points localization, integrated with an 
anatomically-driven quantification algorithm. Performance was assessed using several 
validation datasets. 
Results: The Q-Bone system demonstrated strong performance: tooth segmentation 
achieved an S-measure of 0.929, and key point localization reached a PRCK@0.5 of 
0.994 in internal validation. The system showed high consistency with expert 
measurements, with an ICC of 0.973. It quantified alveolar bone loss with minimal bias 
(-0.238%) and assisted in periodontitis diagnosis, achieving a Kappa value of 0.955 for 
tooth-level diagnosis. 
Conclusions: The Q-Bone system provides accurate, automated alveolar bone loss 
quantification and intelligent periodontitis diagnosis. It showed excellent generalization 
across multicenter and cross-device settings, making it a reliable tool for periodontitis 
diagnosis. 
Keywords: Deep Learning; Multitask Learning; Anatomically-Driven; Alveolar Bone 
Loss; Periodontitis Diagnosis; Multicenter Imaging 

1.Introduction 

The Global Burden of Disease study shows that periodontitis affects approximately 
1.1 billion people worldwide [1]. Its pathological characteristics include the loss of 
periodontal connective tissue attachment and progressive alveolar bone loss[2], 
making it the leading cause of tooth loss and damage in middle-aged and elderly 
populations[3]. Periodontitis represents one of the significant challenges to global 
public health[4] , and accurate diagnosis, treatment, and prognosis analysis are crucial 
for its prevention and control [5].  

Alveolar bone loss is one of the core criteria for evaluating the prognosis of teeth 
affected by periodontitis [6]. In 2018, the AAP/EFP classification of periodontal 
disease incorporated radiographic bone loss ratio as a key criterion for staging, which 
raises higher demands for the quantitative accuracy of imaging assessment[7]. While 



existing imaging technologies, such as Cone Beam Computed Tomography (CBCT), 
can clearly present the anatomical details of hard tissues, such as the spatial relationship 
between the tooth root and alveolar bone, the extent of periapical lesions, and the 
jawbone structure, the quantification process still faces challenges such as complexity, 
low automation, and interference from subjective factors[8]. 

Research shows[9] that the effective radiation dose of CBCT is significantly higher 
than that of Orthopantomogram (OPG), with a wide range of effective doses, from 17.2 
μSv to 396 μSv. At the lowest exposure settings, the average dose is 31.6 μSv, while at 
the highest exposure settings, it reaches 209 μSv [10]. In contrast, the single exposure 
dose of OPG is only 9–24 μSv [11]. Long-term, large-scale use of CBCT will 
significantly increase the radiation exposure risk for patients [12]. 

In contrast, OPG has advantages such as low radiation, ease of operation, and 
relatively low cost, making it the mainstream imaging tool for periodontitis screening 
[13]. However, there are still significant limitations in the clinical application of OPG. 
Firstly, the evaluation by clinicians relies on visual judgment, and there is a lack of 
standardized operational methods in clinical practice, which makes subjective 
assessment prone to errors in identifying the crest of the alveolar ridge, thus affecting 
the accuracy of determining the level of alveolar bone loss [14]. Secondly, the existing 
auxiliary measurement tools only provide linear measurement functions, which cannot 
accommodate complex anatomical structures such as curved roots [15]. This method, 
which neglects the natural curvature of the root, leads to quantification bias [16] , 
making it difficult to precisely calculate the alveolar bone loss percentage and provide 
a basis for accurate periodontitis staging, thus limiting its application value in 
individualized periodontal treatment and becoming a bottleneck in clinical use. 

Artificial intelligence-assisted imaging diagnosis has recently made significant 
progress in identifying oral lesions [17].  Deep learning-based methods, particularly 
architectures such as U-Net and its variants, have been widely applied to tasks such as 
periapical lesion detection [18], tooth segmentation [19,20], and gingival inflammation 
area identification [21] significantly improving the accuracy of tissue recognition. 

Despite these advancements, critical limitations remain in current AI systems 
regarding precision medicine and early diagnosis.  

First, existing AI-assisted periodontitis research primarily focuses on screening and 
classification tasks. For instance, the HC-Net+ model, which integrates clinical 
diagnostic standards into its algorithm design, has achieved or even surpassed 
specialist-level performance in classifying Stages II–IV 
periodontitis[22]. However, such classification-oriented models cannot provide precise 
quantitative outputs for the extent of Alveolar Bone Loss (ABL), whereas the 
quantitative assessment of ABL is a crucial indicator for monitoring periodontitis 
severity and assisting diagnosis. Second, the current data foundation is 
suboptimal: most studies still rely on conventional panoramic radiographs for 
annotation [23] . Due to the two-dimensional projection characteristics of panoramic 
images, overlapping or blurring of anatomical structures such as the cementoenamel 
junction (CEJ), the alveolar bone crest (ABC), and the apical point (AP) often occurs, 
leading to visual biases from clinicians. This bias directly affects the accuracy of 



annotations, which in turn distorts the gold standard for model training, reducing both 
the model's recognition accuracy [24] and the precision of ABL quantification. Third, 
ABL quantification is inherently a cascade data processing workflow, involving fine 
segmentation of the tooth, anatomical key points localization, root curvature 
mapping, and staging conversion. However, most existing studies focus on single tasks 
and lack effective multitask collaborative solutions, preventing the complete translation 
from image recognition to clinical staging. As a result, these methods fail to meet the 
clinical diagnostic needs for precise periodontitis staging. 

To address the aforementioned clinical issues and technical challenges, this study 
constructed a DGNet multitask deep learning model for tooth segmentation and 
anatomical key point localization based on panoramic surface tomography images and 
2D-reconstructed CBCT (2D-CBCT) panoramic images. The model was combined 
with a local coordinate system and curve measurement method to achieve precise 
quantification of alveolar bone loss and intelligent staging of periodontitis at both 
single-tooth and full-mouth levels. Finally, the performance and clinical applicability 
of the Q-Bone AI-assisted system were validated in real-world clinical settings across 
multiple centers and imaging devices. 
2. Materials and methods 

2.1 Study design 

This multicenter diagnostic trial was approved by the Ethics Committee, registered 
with the Chinese Clinical Trial Registry, and conducted in accordance with the Helsinki 
Declaration[25] and the dental AI research guidelines checklist[26]. It collaborates with 
four clinical hospitals to validate the model’s adaptability across multiple centers and 
heterogeneous imaging devices. Beijing Tongren Hospital served as the internal 
training center, and Beijing Daxing District People’s Hospital, the Fourth Affiliated 
Hospital of Harbin Medical University, and Jining People’s Hospital acted as external 
validation centers, providing independent data to assess the model's generalizability. 

The experimental process is shown in Fig. 1, which includes the following steps: 
multicenter, cross-device imaging and clinical data collection, construction of the 
DGNet multitask deep learning model framework[27], model training and 
explainability analysis, development of the alveolar bone loss quantification algorithm 
based on root anatomical curvature, and application deployment and validation in real 
multicenter clinical scenarios. 



 

Fig. 1. Integrated Imaging Analysis and Clinical Assessment Workflow for Smart Periodontitis Diagnosis.  

Overview of the Q-Bone workflow, from multicenter periodontal data acquisition and DGNet-based image analysis 

to anatomically-driven alveolar bone loss quantification and clinical evaluation of AI–expert agreement. 

2.2 Study subjects 

This retrospective multicenter study collected de-identified clinical and imaging data  

from patients diagnosed with periodontitis. The dataset included demographic 
information, systemic and periodontal history, oral hygiene habits, and core periodontal 
indices (probing depth, clinical attachment loss, and gingival bleeding index), alongside 
corresponding 2D-CBCT or OPG images. Inclusion criteria were: (1) Age ≥ 18 years; 
(2) Diagnosis of periodontitis according to the 2018 AAP/EFP guidelines; and (3) 
Availability of complete clinical records and diagnostic-quality OPG or 2D-CBCT 
imaging data. 
2.3 Multicenter imaging dataset construction and sample size determination 

To ensure robustness and generalizability, imaging data from four clinical centers were 
grouped into an internal training/development dataset and an external validation dataset 



(Table 1). The internal dataset comprised 500 cases with 2D-CBCT images from 
Beijing Tongren Hospital and was used for model training and development. The 
external dataset comprised 773 cases (OPG or 2D-CBCT) from three independent 
centers and was used exclusively for external validation to assess performance across 
different devices and populations. Baseline demographic characteristics of the 
multicenter cohort are summarized in Table 2. 
Table 1. Sample size and imaging modality distribution across clinical Centers 

Clinical Center Quantity Imaging Type 

Center 1: Beijing Tongren Hospital 500 2D-CBCT 

Center 2: Beijing Daxing District People's 
Hospital 

300 2D-CBCT/OPG 

Center 3: The Fourth Affiliated Hospital of 
Harbin Medical University 

273 OPG 

Center 4: Jining People's Hospital 200 OPG 

Total 1273  

Note: 2D-CBCT, two-dimensional reconstructed cone-beam computed tomography; OPG, orthopantomogram. 
 

Table 2. Baseline demographic characteristics of the multicenter cohort 

Feature Statistic 

Number of Patients 1273 

Male/Female 618/655 

Age Distribution  

30-40 276 

40-60 424 

60-80 573 

Note: Values are presented as counts of patients. 

The overall training sample size (n = 1,273) was determined based on preliminary 
experiments using publicly available datasets [28] , and was considered sufficient to 
cover diverse imaging modalities and periodontitis stages, thereby enhancing model 
generalisation and reducing the risk of overfitting. For the multicenter clinical 
consistency validation, the required sample size was calculated using Fleiss’ kappa 
statistics [29] , with a significance level of α = 0.05 (two-sided) and a statistical power 
of 1–β = 80%, yielding a minimum of 26 cases. To ensure robustness, 30 subjects were 
ultimately planned for inclusion via stratified sampling by periodontitis stage. 
2.4 Multicenter imaging devices and imaging data processing 

OPG devices were used in three centers: the Dentsply Sirona system at Beijing 
Daxing District People's Hospital, the SOREDEX unit at the Fourth Affiliated Hospital 
of Harbin Medical University, and the Vatech PaX-400C system at Jining People's 
Hospital. The panoramic radiographic images retained the original grayscale 
information without additional preprocessing and were exported in PNG format. 

CBCT devices were used in two centers: the Dentsply Sirona Axeos CBCT system 
at Beijing Tongren Hospital, and the CEFLA S.C. NewTom VGi CBCT system at 
Beijing Daxing District People's Hospital. The original CBCT DICOM data were 



processed using the Sidexis4 workstation. Two periodontics specialists manually 
defined the panoramic curve of the dental arch to match the tooth morphology. The 
extracted 2D-CBCT images had a reconstruction layer thickness of 0.5mm to ensure 
clear display of the alveolar ridge and root contours, which were then exported in PNG 
format. 
2.5 Dataset annotation and division 

Data annotation was performed by three periodontists, with the final review 
conducted by one periodontics expert. All annotators underwent standardized training. 
The intraclass correlation coefficient (ICC) was 0.92, indicating excellent inter-
observer agreement among the annotators.For images with unclear anatomical 
structures, the annotators referred to the original three-dimensional data and performed 
difference calibration based on the 3D morphological features of the alveolar bone and 
tooth roots to ensure accuracy. 

To construct the gold standard for model training, we selected 110 cases from 500 
2D CBCT images at Beijing Tongren Hospital, annotating a total of 2,800 teeth. The 
specific annotations included: (1) pixel-level segmentation masks of the teeth; (2) tooth 
position identification based on the FDI two-digit coding system [30]; (3) Localization 
of six anatomical key points per tooth, including the CEJ, AP, and mesial and distal 
points of the ABC. This work resulted in the annotation of 16,800 key points. 

The initial tooth segmentation was performed using MetaAI’s SAM-ViT-Huge model 
[31]. Three periodontics specialists manually refined the segmentation and reached 
expert consensus, ultimately forming the annotated dataset. 

The dataset was stratified by individual patients and divided into 90 cases for training, 
10 for validation, and 10 for internal testing. Additionally, independent data from other 
centers were used as external test sets to evaluate the model's generalizability across 
different clinical centers. 
2.6 Algorithm design and multitask recognition model construction 

To achieve collaborative optimization of single-tooth segmentation and periodontal 
anatomical key points localization, we adopted a three-step training strategy for the 
DGNet multitask model. 

Step 1: Using PVTv2-B3[32] as the backbone encoder, segmentation pre-training is 
first performed on 300 relevant images selected from the MICCAI STS23 dataset [28]. 
Afterward, segmentation tasks are further optimized using the internal training dataset 
from Beijing Tongren Hospital, with a focus on learning the overall anatomical contours 
and boundary features of the teeth and alveolar bone to obtain stable global feature 
representations. 

Step 2: Based on Step 1, the model undergoes pre-training for the sparse anatomical 
key points adaptation task. The internal dataset from Beijing Tongren Hospital is used 
to further enhance the localization capability of key point anatomical landmarks such 
as the CEJ, ABC, and AP. 

Step 3: Using the internal dataset from Tongren Hospital, joint optimization of the 
tasks is performed to further improve segmentation accuracy and the anatomical 
correctness of key points, achieving collaborative optimization of both tasks. 

Finally, post-processing steps are applied to refine the segmentation results and 



automatically correct the key point positions. 
The model is built on the PyTorch framework, utilizing the Adam optimizer with 

cosine annealing learning rate scheduling. The parameters for each stage are 
dynamically adjusted based on task requirements, with specific settings as follows: 
learning rate of 5×10⁻⁵ → 1×10⁻⁴ → 1×10⁻⁶, batch size of 16 → 16 → 12, and training 
epochs of 80 → 150 → 100. 
2.7 DGNet multitask model architecture and loss function design 

DGNet adopts a dual-encoder architecture, with PVTv2-B3 used for deep semantic 
feature extraction, while another lightweight shallow convolutional network captures 
texture information. The features from the two encoders are fused using the Gradient-
Induced Transition module to generate a shared feature map. Finally, parallel 1×1 
convolutional layers are employed to perform segmentation (seg) and key point tasks, 
outputting a single-channel segmentation mask and a 168-channel heatmap. 

The total loss of the model is calculated by weighting the losses from multiple tasks. 
Specifically, for the segmentation task, a weighted cross-entropy loss and Intersection 
over Union (IoU) loss are used to reinforce the edge regions. For key point detection, a 
dynamically weighted binary cross-entropy (BCE) loss is applied to address the sample 
sparsity issue. Additionally, two Smooth L1 losses are used to constrain the overall 
centroid and the relative distance between key points groups, ensuring the correctness 
of the anatomical structures. 
2.8 Alveolar bone resorption quantification algorithm based on root anatomical 
curvature 

In response to the natural curvature of the root's true anatomical morphology, this 
study developed an anatomically-driven alveolar bone resorption ratio (ABRR) 
quantification algorithm (Fig. 2). 

 

 
Fig. 2. Schematic illustration of the anatomically-driven, curvature-based algorithm for single-tooth alveolar bone 

resorption quantification, showing the local CEJ-based coordinate system, correction of the alveolar bone crest point, 



and definition of root length and bone loss along the root surface. 

The algorithm mainly includes the following three steps: 
(1) Local Coordinate System Construction: The X-axis is established by connecting the 
mesial-distal points of the CEJ, and the Y-axis is formed by a perpendicular line drawn 
from the midpoint of the CEJ. This creates a local coordinate system for the tooth, 
eliminating the impact of positional and orientation differences in panoramic images. 
(2) Anatomical key points Correction : The original alveolar crest point (ABC-1) is first 
obtained, then projected along the normal direction and fitted to the external curve of 
the root. The corrected alveolar crest point (ABC-2) is derived, ensuring that the crest 
point lies on the anatomical edge of the root. 
(3) ABRR Calculation: Within the local coordinate system, two arc lengths are defined 
along the true edge of the root: 

1.Root Length (RL): The curve distance from CEJ to the AP. 
2.Bone Loss (BL): Along the same root surface curve, 2 mm is measured from CEJ 

towards the apex to define a CEJ-2mm reference point. The curve distance from this 
point to the corrected alveolar crest point (ABC-2) is then calculated. 

The ABRR is calculated based on Formula (1): 

ABRR = BL
RL × 100%(Formula 1) 

The periodontitis staging is then performed based on ABRR:Stage I: ABRR ≤ 
15%;Stage II: 15% < ABRR ≤ 33%;Stage III/IV: ABRR > 33%[8]. 
2.9 Development of alveolar bone loss visualization and interactive system 

To visualize alveolar bone loss measurement results and facilitate clinical application, 
this study developed a clinical interactive system based on OpenCV and Matplotlib, 
incorporating AI-assisted periodontal imaging recognition functions to enhance system 
usability. The main features of the system include:  

(1) Core Information Visualization: Simultaneously displays tooth position, alveolar 
bone loss ratio, and periodontitis staging, with quantified data embedded in the image 
interface as structured tables to ensure intuitive presentation of information. 

(2) Anatomical Feature Visual Presentation: Differentiates tooth segmentation 
boundaries using color coding and marks key anatomical points with anatomical labels 
to ensure traceability of measurement references. 

(3) Staging Highlight Function: Supports highlighting corresponding tooth positions 
based on staging, offers toggle functionality for the visibility of quantified tables, and 
allows users to view the original image alongside AI-identified quantified results, 
assisting periodontists in accurately assessing alveolar bone loss levels. 
2.10 Evaluation metrics 

2.10.1 Model recognition performance metrics 

Given the dual-task characteristics of the model, the following core evaluation 
metrics were selected[33]: for the segmentation task: S-Measure[34], Weighted F-
Measure[35], Eφ[36], and Mean Absolute Error (MAE) [37] were used to assess the 
segmentation accuracy of tooth contours and edges ;for key point localization: 
Percentage of Correctly Recognized Key points (PRCK) [38] was adopted. Using the 
mean value of the diagonals of the tooth bounding box as the normalization factor (L), 



the correct localization rate was calculated with d-thresh = 0.05, 0.25, and 0.5, 
respectively, to quantify the localization accuracy of sparse anatomical landmarks such 
as root apices and alveolar crests. 
2.10.2 Clinical validation metrics 

Statistical analyses were performed using MedCalc 20.0 software. A validation 
protocol was designed for the core clinical output metrics as follows. For the ABRR, 
the ICC and Bland–Altman plots were used to assess the agreement between the Q-
Bone AI-assisted system and expert manual measurements. For periodontitis staging, 
the kappa statistic was employed to evaluate consistency with clinical diagnoses, and a 
consistency heatmap was generated. The statistical significance level was set at a two-
sided P < 0.05. 
3.Results 

3.1Training process and loss curves 

Fig. 3 shows the loss curves of the three training stages. The loss steadily decreases 
and eventually converges throughout the entire training process, demonstrating the 
effectiveness of the training strategy. In Step 1 (Fig. 3a), the loss drops rapidly, 
indicating that the model quickly learns the basic features. In Step 2 (Fig. 3b), the loss 
exhibits a staged decline, suggesting that the model gradually adapts to the new key 
point task. Finally, in Step 3 (Fig. 3c), the loss converges slowly in a smooth manner, 
indicating that the model has entered a stable fine-tuning phase, further improving its 
accuracy. 

Fig. 3. Training loss curves for the three stages: (a) Step 1 segmentation pre-training, (b) Step 2 key point 

adaptation, and (c) Step 3 joint fine-tuning. 

3.2 Grad-CAM heatmap interpretability analysis 

To assess whether the decision logic of DGNet is consistent with anatomical 
structures, Grad-CAM was applied to generate attention heatmaps. In the key point 
detection task (Fig. 4), the activation was mainly concentrated around the CEJ, ABC 
and AP, with minimal responses in surrounding areas. In the tooth segmentation task 
(Fig. 5), the heatmaps closely followed the contours of all teeth and showed different 
activation patterns for anterior and posterior teeth, while the background regions 
exhibited low activation. 



  

Fig. 4. Grad-CAM visualizations for the key point detection task, showing focused model attention on the CEJ, 

ABC, and AP with minimal activation in non-target regions. 

 

Fig. 5. Grad-CAM visualizations for the tooth segmentation task, illustrating that model attention covers the full-

mouth tooth contours and differentiates anterior and posterior tooth morphology. 

3.3 Multicenter recognition performance of the multitask deep learning model 
The performance of the multitask model was evaluated across four clinical centers. 

For the tooth segmentation task (Table 3), the S-measure ranged from 0.893 to 0.929, 
with the highest value at Beijing Tongren Hospital and all external centers remaining 
above 0.89. Other segmentation metrics also remained consistently high, while MAE 
stayed within a low range (0.033–0.061), indicating robust and stable tooth-contour 
segmentation across different centers and imaging devices. 
Table 3. Multicenter performance evaluation of tooth segmentation 

Evaluation Metric \ 

Centers 

Beijing Tongren Hospital Daxing District People's 

Hospital 

Harbin Medical University 

Fourth Hospital 

Jining People's Hospital 

Tooth Segmentation     

Smeasure ↑ 0.929 0.893 0.906 0.910 

wFmeasure ↑ 0.832 0.783 0.747 0.763 

MAE ↓ 0.033 0.061 0.046 0.040 

adpEm ↑ 0.978 0.958 0.969 0.976 

meanEm ↑ 0.935 0.905 0.920 0.927 

maxEm ↑ 0.982 0.957 0.975 0.976 

adpFm ↑ 0.894 0.865 0.845 0.872 

meanFm ↑ 0.874 0.838 0.835 0.854 

maxFm ↑ 0.916 0.887 0.885 0.896 

Note: S-measure, Structure-Measure; wF-measure, weighted F-measure; MAE, mean absolute error; Em, E-measure 

(enhanced-alignment measure); Fm, F-measure. The arrows (↑/↓) indicate whether higher or lower values correspond 

to better performance. The data summarise segmentation performance across the four clinical centers. 



For the key point localization task (Table 4), PRCK was used as the evaluation metric. 
PRCK@0.5 exceeded 0.86 in all four centers, demonstrating high localization accuracy 
for sparse anatomical landmarks such as the root apex and alveolar crest, and 
confirming that the model is suitable for subsequent anatomical measurements. 
Table 4. Multicenter performance evaluation of anatomical key points detection 

Evaluation Metric \ 

Centers 

Beijing Tongren Hospital Daxing District People's 

Hospital 

Harbin Medical University 

Fourth Hospital 

Jining People's Hospital 

Key point Detection     

PRCK@0.5 0.994 0.905 0.863 0.920 

PRCK@0.25 0.911 0.661 0.657 0.616 

PRCK@0.05 0.354 0.238 0.202 0.137 

Note: PRCK, Percentage of Correctly Recognized key point. The thresholds @0.5, @0.25, and @0.05 represent the 

strictness of the evaluation, calculated based on the normalization factor (L, the diagonal length of the tooth bounding 

box). Higher PRCK values indicate greater precision in anatomical landmark localization. 

3.4 Tooth segmentation and key point recognition visualization 

Representative examples of tooth segmentation and anatomical key point recognition 
are shown in Fig. 6. Compared with the ground-truth annotations, the Q-Bone 
predictions produce binary and instance masks that closely follow the true tooth 
contours and individual tooth shapes. The predicted anatomical key points are well 
aligned with the reference landmarks along the dental arch in both anterior and posterior 
regions, illustrating the ability of the multitask model to simultaneously achieve 
accurate tooth segmentation and key point localization. 

 

Fig. 6. Visual comparison of ground-truth annotations and predictions for full-mouth tooth segmentation and 

anatomical key points. Ground-truth annotations: original panoramic image, binary tooth mask, color-coded instance 

mask (different colors represent different teeth), and overlaid anatomical key point. Predictions: corresponding 



predicted binary masks, instance masks, and key point localization results. 

3.5 Interactive visualization system for alveolar bone resorption quantification 

This study further developed the Q-Bone interactive visualization system for alveolar 
bone loss quantification, which presents the deep learning model’s detection, 
quantification, and staging outputs in an intuitive clinical interface (Fig. 7). In the 
central panoramic radiograph, color-coded overlays display the segmentation contours 
of each tooth and the severity of alveolar bone loss. On the left side of the interface, a 
structured table lists the alveolar bone resorption ratio (ABRR; reported to two decimal 
places) and the radiographic stage for each tooth (FDI tooth codes). The bottom 
information bar dynamically shows metrics for the currently selected tooth, while 
interactive controls on the right allow users to filter teeth by stage and review 
information for individual teeth. By combining oral imaging with AI-based quantitative 
analysis, the system provides a clear and structured visual representation of alveolar 
bone loss and periodontitis staging results. 

    

Fig. 7. Q-Bone interactive visualization interface for full-mouth alveolar bone loss quantification and periodontitis 

staging. Color-coded tooth segmentation overlays, anatomical keypoints, and tooth-wise ABRR and staging tables 

are displayed in a single view, with interactive controls for filtering and inspecting individual teeth. 

3.6 Multicenter imaging dataset construction clinical Validation 

In the multicenter diagnostic trial, 30 patients were included in the clinical validation 
set, yielding 840 evaluable teeth. Using the expert consensus diagnosis as the reference 
standard, we assessed the agreement between Q-Bone and specialists for tooth-level 
ABRR measurements and periodontitis staging, as detailed below.  

3.6.1 Consistency analysis of alveolar bone loss ratio 

The consistency between the specialist’s manual measurements and the Q-Bone AI-
assisted system for tooth-level alveolar bone resorption ratio (ABRR) was evaluated 
for 840 tooth positions. As summarized in Table 5, the mean ABRR was 31.85% ± 
18.59% for the specialist and 32.08% ± 18.41% for the Q-Bone system. The mean 
difference (Q-Bone – specialist) was −0.24% (95% CI: −8.66% to 8.19%; P = 0.110), 
and the ICC was 0.973, indicating excellent agreement between the two methods and 
no statistically significant systematic bias. 
 

 

 



 
Table 5. Statistical comparison of tooth-level alveolar bone resorption ratio (ABRR) between specialist and Q-Bone 

AI-assisted system 

Test n Mean ± SD      Median (IQR)   Mean Difference and 95% CI ICC P 

Specialist 840 31.85±18.59 27.00(18.52,43.91) 

-0.238(-8.663, 8.188) 0.973 0.110 

Q-Bone system  840 32.08±18.41 26.98(19.15,44.40) 

Note: Data are presented as mean ± standard deviation (SD) or median (interquartile range [IQR]). CI, confidence 

interval; ICC, intraclass correlation coefficient. P values are from paired t-tests comparing specialist and Q-Bone 

system measurements. The mean difference is calculated as “Q-Bone – specialist”. 
The Bland–Altman plot (Fig. 8) further illustrates this agreement. The average bias 

was −0.24%, with 95% limits of agreement from approximately −8.7% to 8.2%, and 
most data points lay within these limits without an obvious trend across the 
measurement range. This pattern suggests minimal systematic error and clinically 
acceptable random variation between the AI-assisted system and specialist 
measurements. 

 

Fig. 8. Bland–Altman plot comparing tooth-level alveolar bone resorption ratio (ABRR) between the AI-assisted 

system and specialist measurements. The solid line represents the mean difference (−0.24%), and the dashed lines 

indicate the 95% limits of agreement (−8.7% to 8.2%). 

3.6.2 Single-tooth level periodontitis staging consistency validation 

Agreement between the AI-assisted system and specialists for single-tooth 
periodontitis staging was evaluated using Cohen’s kappa statistic and visualised with a 
confusion matrix heatmap (Table 6 and Fig. 9). The overall kappa value was 0.955 (P 
= 0.001), indicating near-perfect agreement. Most teeth lay on the diagonal of the 
confusion matrix, with only a small number of discrepancies between adjacent stages 
(Stage I vs. Stage II and Stage II vs. Stage III/IV), and no misclassification between 
Stage I and Stage III/IV. 
Table 6.Single-tooth level periodontitis staging: confusion matrix and kappa agreement between the AI-assisted 

system and specialist reference standard 

AI System Periodontitis Staging 
Specialist Periodontitis Staging 

Kappa P 
Stage I Stage II Stage III/IV 

Stage I 122 4 0 

0.955 0.001 Stage II 7 405 4 

Stage III/IV 0 8 290 



Note: Agreement between the AI-assisted system and specialist staging was assessed using Cohen’s kappa. Kappa 

values > 0.90 indicate near-perfect agreement, and P values < 0.05 were considered statistically significant. 

               
Fig. 9. Confusion matrix of single-tooth periodontitis staging between the AI-assisted system and specialist reference 

standard. Diagonal cells indicate concordant staging, whereas off-diagonal cells represent discrepancies between 

stages. 

3.6.3 Full-mouth agreement in periodontitis staging 

Agreement between the AI-assisted system and specialists for full-mouth periodontitis 
staging was evaluated using Cohen’s kappa (Table 7 and Fig. 10). The Q-Bone system 
assigned exactly the same stage as the specialists for all 30 patients, yielding a kappa 
value of 1.000 (P = 0.001), indicating perfect agreement with no misclassified cases. 
Table 7.Full-mouth level periodontitis staging: confusion matrix and kappa agreement between the AI-assisted 

system and specialist reference standard 

AI System Periodontitis Staging 
Specialist Periodontitis Staging 

Kappa P 
Stage I Stage II Stage III/IV 

Stage I 5 0 0 

1.000 0.001 Stage II 0 15 0 

Stage III/IV 0 0 10 

Note: Agreement between the AI-assisted system and specialist staging was assessed using Cohen’s kappa. A kappa 

value of 1.000 indicates perfect agreement, and P values < 0.05 were considered statistically significant. 

 

Fig. 10. Confusion matrix of full-mouth periodontitis staging between the AI-assisted system and the specialist 

reference standard. All 30 cases lie on the diagonal, indicating 100% agreement with no discrepancies between stages. 

4. Discussion 

This study developed the Q-Bone AI-assisted system, which integrates the DGNet 
multitask deep learning model with an anatomically-driven quantification algorithm, 
enabling automated and precise alveolar bone loss quantification and auxiliary 
diagnosis of periodontitis across different centers and imaging devices. In clinical 
settings, the system showed stable and reliable performance in tooth segmentation, 



anatomical key point localization, and staging consistency, suggesting good 
generalization across heterogeneous imaging conditions and patient populations. 

A progressive three-step training strategy was applied to the DGNet multitask model, 
introducing an effective approach to task synergy. By gradually refining the model 
through segmentation pre-training, subsequent key point localization, and final joint 
fine-tuning, the strategy allowed each task to benefit from the representations learned 
in the previous stage. This progressive optimization helped to balance the objectives of 
segmentation and localization and facilitated robust performance across multiple 
centers without apparent task interference.  

Several previous AI-assisted periodontal diagnostic studies have reported strong 
results on single-center, single-device datasets[39]. In contrast, the present study 
adopted a multicenter, cross-device design and still maintained high performance in 
both tooth segmentation and anatomical key point localization[40] , This indicates that 
Q-Bone is not only accurate under controlled conditions, but also robust to variations 
in imaging devices and patient compositions, providing a solid basis for its potential 
deployment in large-scale, multiregional clinical applications. 

Moreover, Li et al.’s work has made important progress in staging and classifying 
periodontitis; however, classification-based models typically output only categorical 
labels and do not provide precise quantitative information on bone destruction[22]. In 
clinical practice, there is an urgent need for accurate quantification of ABRR in 
periodontitis patients. The Q-Bone system, with its anatomically-driven curve-based 
quantification pathway, generates high-precision, interpretable numerical outputs. This 
offers a more refined diagnostic basis than simple categorical staging alone and 
provides a foundation for future dynamic and precise monitoring of periodontal 
treatment responses. 

Traditional linear measurement methods are easily affected by the natural curvature 
of the tooth root, making it difficult to accurately reflect the true extent of alveolar bone 
loss[15] .To address this technical challenge, Q-Bone employs a local coordinate 
system and curve fitting approach: using the CEJ as a reference, an independent local 
coordinate system is constructed for each tooth, and the alveolar crest point is projected 
onto the true root surface. The bone resorption ratio is then calculated along the actual 
curved trajectory of the root, rather than using straight-line distances. This anatomically 
aligned measurement strategy reduces systematic errors introduced by root curvature 
and improves the precision and clinical reliability of alveolar bone loss assessment. 

Clinical validation across multiple centers further confirmed the feasibility and 
reliability of the Q-Bone system for quantifying alveolar bone loss under real-world 
clinical conditions. Using manual measurements by senior periodontists as the 
reference standard, the AI-derived ABRR values showed high agreement with expert 
measurements, with a high intraclass correlation coefficient and no evidence of 
systematic bias. In addition, Q-Bone avoids the inherent subjective visual variability of 
manual measurements during large-scale assessments[14] and provides stable, efficient 
quantitative outputs across different devices and clinical environments. Taken together, 
these results indicate that Q-Bone is not only methodologically robust, but also holds 
substantial potential, in real-world clinical practice, as an AI-based quantitative 



assistance tool for large-scale screening of periodontitis, monitoring disease 
progression, and dynamically evaluating periodontal prognosis. 

One of the core challenges in the clinical translation of AI technology is enabling 
clinicians to effectively understand, build trust in, and apply AI-generated results[41]. 
Q-Bone was therefore designed to integrate into the periodontal workflow at three 
levels. First, color-coded overlays display tooth boundaries and anatomical key point 
directly on the images, making the model output intuitive to interpret. Second, stage-
based highlighting and switchable quantitative tables enable rapid identification of 
severely affected teeth and quick access to key metrics. Third, the interface presents the 
original image alongside the AI result, allowing clinicians to verify doubtful cases and 
retain final control over staging and diagnosis in a human–AI collaborative mode. This 
design is consistent with the AAP/EFP classification standards, which emphasise 
quantitative assessment of alveolar bone loss for precise evaluation of periodontitis, 
and highlights the potential practical value of Q-Bone for baseline assessment and 
follow-up evaluation in periodontal care. 

Grad-CAM visualizations (Figs. 4 and 5) further support the anatomical plausibility 
of Q-Bone’s decisions. Rather than relying on background artefacts or irrelevant 
regions, DGNet consistently allocates attention to periodontal landmarks that clinicians 
routinely use for diagnosis, such as the CEJ, ABC and AP. This convergence between 
model focus and human diagnostic cues suggests that Q-Bone’s decision process is 
largely driven by clinically meaningful anatomy, which may facilitate clinician trust 
and the integration of the system into routine periodontal imaging workflows. 

This study does have certain limitations. First, the number and geographical scope 
of the external validation samples are still limited, and further expansion of the data to 
more regions, institutions, and devices is needed to consolidate the evidence for 
generalizability. Second, the current multicenter cohort does not include international 
populations, and potential differences in periodontal disease profiles across races and 
regions were not fully captured. Despite these limitations, the findings offer clear 
directions for future optimization without undermining the significance of the 
methodological innovation, clinical applicability, and interpretability demonstrated by 
Q-Bone in AI-assisted diagnosis of periodontitis. 
In the future, we plan to further enhance the accuracy and precision of alveolar bone 
loss quantification, particularly for complex resorption patterns, through more detailed 
modeling of the three-dimensional anatomical structures of the oral cavity. In addition, 
we aim to integrate periodontal probing indices, longitudinal imaging data, and 
electronic medical records to develop a multimodal model for precise diagnosis and 
risk stratification of periodontitis. 
5. Conclusion 

The Q-Bone system integrates a DGNet multitask model, an anatomically-driven 
curvature-based quantification algorithm, and a clinical visual interactive interface, 
enabling automated and accurate quantification of alveolar bone loss and assisting 
radiographic diagnosis and staging of periodontitis. Multicenter clinical validation 
demonstrated strong agreement with specialist assessments and robust generalizability, 
providing standardized and interpretable quantitative outputs. 
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