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Abstract
Purpose  Assessment of periodontal bone resorption severity from panoramic radiographs can be time-consum-
ing and subject to inter-observer variability. This study evaluates a multimodal deep learning framework for auto-
mated Bone Resorption Age Ratio (BRAR)-based severity classification by integrating panoramic radiographic 
features with structured metadata.
Methods  Using 988 annotated panoramic radiographs from a publicly available dataset, image-only, meta-
data-only, and multimodal models were evaluated across 20 repeated stratified random splits. The multimodal 
model integrates DenseNet-121 radiographic features with a multilayer perceptron encoding structured meta-
data through feature-level concatenation and progressive fine-tuning. Performance was assessed using accuracy, 
macro F1-score, macro area under the receiver operating characteristic curve (macro AUC-ROC), average preci-
sion, and class-specific metrics. Paired comparisons of three primary outcomes (macro F1, macro AUC-ROC, 
and Level 3 recall) used the Wilcoxon signed-rank test with Holm–Bonferroni correction. A four-way metadata 
ablation assessing the contributions of age and the remaining structured variables, an exploratory probability-
level ensemble, qualitative Gradient-weighted Class Activation Mapping (GradCAM), and a targeted expert error 
analysis on 88 purposively selected cases were also performed.
Results  The multimodal model achieved an accuracy of 0.67 ± 0.03, macro F1-score of 0.65 ± 0.03, macro AUC-
ROC of 0.81 ± 0.03, and Level 3 recall of 0.60 ± 0.07. It outperformed the image-only model in macro F1 and macro 
AUC-ROC (both Holm-adjusted 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝) and Level 3 recall (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), with all three primary outcomes also 
significantly higher than the metadata-only model (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝), which identified only 0.14 ± 0.07 of severe cases. In 
an ablation of the metadata inputs, neither age alone nor the five non-age variables alone significantly improved 
macro F1 or Level 3 recall over the image-only model, whereas the full model significantly outperformed both. In 
the targeted expert subset, dentist–original agreement was higher among model-correct cases (𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 
𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅) than among model-misclassified cases (𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅).
Conclusions  Integrating panoramic radiographs with structured metadata improved prediction of BRAR-derived 
periodontal severity labels compared with either modality alone. The metadata ablation showed that age alone 
did not account for the multimodal improvement, with the findings supporting complementary contributions 
from age and the remaining structured metadata. The targeted expert analysis showed greater dentist–annotation 
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disagreement among selected model-misclassified cases but, because it involved one dentist and a purposively 
selected subset, does not establish annotation uncertainty as the cause of model errors. External validation, auto-
mated localization, and evaluation of direct radiographic bone-resorption estimation followed by age normaliza-
tion are important directions for future work.

Keywords  Multimodal deep learning · Panoramic radiographs · Periodontal disease · Bone resorption · 
Medical image analysis · Grad-CAM

Introduction

Periodontal disease is a prevalent chronic inflammatory condition affecting over a billion people worldwide [1] 
and a leading cause of tooth loss [2–4]. Accurate assessment of alveolar bone resorption—the progressive loss 
of bone supporting the teeth—is central to diagnosis and treatment. If left undetected, advanced bone resorption 
leads to irreversible tooth loss, functional impairment, and increased healthcare burden [3, 4].

Current clinical assessment relies on interpretation of panoramic radiographs (orthopantomograms, OPGs) by 
trained clinicians, including estimation of alveolar bone loss in relation to dental structures and consideration of 
patient-specific factors. Such assessment is subject to inter-observer variability [5]. Limited access to periodontal 
expertise, particularly in primary-care and resource-constrained settings, motivates the development of computa-
tional methods that may support more standardized periodontal assessment [6].

Artificial intelligence (AI), particularly deep learning, has demonstrated promising performance in medical 
image analysis, including diabetic retinopathy screening [7], chest radiograph interpretation, and skin lesion 
classification [8]. In dentistry, convolutional neural networks (CNNs) have been applied to tasks including caries 
detection, tooth segmentation and dental arch detection [9], and implant identification [10]. However, compara-
tively few studies have investigated periodontal bone-resorption severity classification using both radiographic 
and structured patient information.

The recently introduced BRAR-anchored multimodal dataset [11] provides a publicly available collection 
of 988 panoramic radiographs with associated structured metadata and severity labels derived from the Bone 
Resorption Age Ratio (BRAR). BRAR is an age-adjusted measure based on radiographic bone resorption and 
patient age, and the resulting labels categorize cases into Level 1 (mild), Level 2 (moderate), and Level 3 (severe). 
These labels therefore represent BRAR-based severity categories rather than a comprehensive independent clini-
cal diagnosis of periodontal disease. The original study using this dataset reported an image-only EfficientNet-B0 
baseline with an accuracy of 63.3% on a single data split and comparatively limited sensitivity for Level 3 cases 
(recall = 0.348) [11]. The availability of associated structured metadata motivates investigation of whether com-
bining radiographic and non-image information can improve BRAR-based classification.

In this study, we evaluate a multimodal deep learning framework that combines radiographic features extracted 
from panoramic images with structured metadata through feature-level fusion. The framework predicts BRAR-
based severity categories without requiring explicit manual measurement of bone loss, although the current pre-
processing pipeline includes manual dental-arch cropping. Performance is evaluated across 20 repeated stratified 
random splits using identical data partitions for paired model comparisons. Primary comparisons focus on three 
primary performance measures with multiplicity adjustment, while repeated splits are used principally to charac-
terize performance variability rather than as independent experimental replications.

The objectives of this study are to: (i) develop and evaluate a multimodal fusion architecture combining pan-
oramic radiographs with structured metadata; (ii) compare image-only, metadata-only, and multimodal formula-
tions to characterize the contribution of modality fusion; and (iii) investigate model failure patterns using targeted 
independent expert re-evaluation and Grad-CAM visualization.

The main contributions of this work are as follows:
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1.	 We systematically evaluate feature-level fusion of panoramic radiographic representations and structured 
metadata for BRAR-based periodontal bone resorption severity classification, comparing image-only, meta-
data-only, and multimodal models under a common experimental protocol.

2.	 We evaluate model performance across 20 repeated stratified random splits using identical partitions for paired 
model comparisons, with primary performance metrics, confidence intervals, and multiplicity-adjusted statis-
tical testing to provide more robust performance estimates than a single-split evaluation.

3.	 We investigate the influence of age, which contributes to BRAR label construction, through a four-way abla-
tion comparing image-only, image plus age, image plus non-age metadata, and the full multimodal model, 
assessing whether age alone accounts for the observed multimodal improvement.

4.	 We complement quantitative evaluation with a targeted expert error analysis and qualitative Grad-CAM visu-
alization to explore annotation disagreement and plausible image regions associated with model predictions, 
while recognizing the purposefully selected nature of the expert subset and the absence of localization ground 
truth.

Related work

Deep learning for dental radiograph analysis

Panoramic radiographs are widely used in dental practice, and deep learning has increasingly been applied to sup-
port their automated interpretation. Convolutional neural networks have demonstrated promising performance in 
tooth detection and numbering [12], caries detection [13], and tooth segmentation and implant classification [14]. 
More recently, attention-based architectures and transformer models have been explored for dental landmark 
detection and pathology recognition [15].

For periodontal assessment specifically, several studies have investigated automated bone-level estimation 
from periapical and panoramic radiographs. Jundaeng et al. [16] proposed a CNN-based approach for detecting 
alveolar bone-loss patterns, while Putra et al. [17] applied object-detection frameworks to localize regions of 
bone resorption. Existing approaches have largely focused on radiographic image analysis, with comparatively 
limited investigation of multimodal approaches combining panoramic radiographs with structured patient infor-
mation for severity classification.

Multimodal learning in medical imaging

Multimodal learning combines information from complementary data sources, such as medical images and struc-
tured clinical variables, with the aim of capturing information that may not be represented by either modality 
alone. Imaging–clinical fusion has been investigated across radiology [18], pathology [19], and ophthalmology 
[20]. Common integration strategies include early fusion, intermediate or feature-level fusion, and late decision-
level fusion [21–23]. Feature-level fusion, as adopted in the present study, combines learned representations 
from modality-specific branches before classification, allowing joint modeling while retaining separate feature-
extraction pathways [21].

Transfer learning is particularly relevant when medical imaging datasets are limited in size. Progressive fine-
tuning of pretrained convolutional backbones can permit task-specific adaptation while limiting abrupt changes 
to previously learned representations [24, 25].

Recent multimodal studies in radiology and nuclear medicine have demonstrated consistent benefits of imag-
ing-clinical fusion while also highlighting challenges of explainability, robustness, and generalizability across 
institutions [26–29]. These studies provide methodological context for the present work rather than direct 
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evidence for periodontal assessment, and they emphasize the importance of external validation when evaluating 
multimodal medical AI systems.

Automated periodontal severity assessment

Automated assessment of periodontal disease severity has received increasing attention alongside the develop-
ment of standardized periodontal classification frameworks [30, 31]. Xia et al. [11] introduced the Bone Resorp-
tion Age Ratio (BRAR), an age-adjusted measure combining radiographic bone resorption with patient age, 
together with a publicly available dataset of panoramic radiographs, structured metadata, and BRAR-based 
severity labels. The BRAR categories therefore represent an age-normalized radiographic classification target 
and should not be interpreted as equivalent to a comprehensive clinical diagnosis of periodontal severity.

The original study evaluated an image-only EfficientNet-B0 model and reported 63.3% accuracy on a single 
data split, with Level 3 recall of 0.348 [11]. Although the dataset includes structured metadata, the reported 
baseline focused on image-based classification and did not evaluate multimodal fusion of the radiographic and 
structured variables. Moreover, performance was reported for a single split, leaving the variability of the model 
across alternative data partitions uncharacterized.

Against this background, the present study systematically evaluates image-only, metadata-only, and multi-
modal approaches for BRAR-based severity classification under a repeated-split evaluation protocol. In addition 
to quantitative performance assessment, we examine the influence of age as a metadata predictor and use targeted 
expert re-evaluation and qualitative Grad-CAM analysis to explore model failure patterns and interpretability.

Methodology

This section describes the dataset, preprocessing pipeline, proposed multimodal architecture, training strategy, 
and evaluation protocol. An overview of the complete framework is provided in Fig. 1.

Dataset

This study uses the publicly available BRAR-anchored multimodal dataset [11], comprising 988 panoramic 
radiographs with associated structured metadata: age, gender, number of missing teeth, number of implants, num-
ber of residual roots, and number of pairs of functional teeth. The original data descriptor reports 1,104 patients, 
implying one radiograph per patient, whereas the publicly available release contains 988 panoramic radiographs; 
the release does not include a patient identifier that would allow the one-to-one correspondence to be verified 
independently. All available cases were included in the present study without further exclusion.

Disease severity is defined using the Bone Resorption Age Ratio (BRAR), calculated as 

	
𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐵 Bone Resorption × 100

Age .

Cases are categorized into three severity levels: Level 1 (mild, 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐵 𝐵𝐵𝐵𝐵, 𝑛𝑛 𝑛 𝑛𝑛𝑛), Level 2 (moderate, 
0.25 ≤ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐵 𝐵𝐵𝐵, 𝑛𝑛 𝑛 𝑛𝑛𝑛), and Level 3 (severe, 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 ≥ 1.0, 𝑛𝑛 𝑛 𝑛𝑛𝑛). These labels are referred to as reference 
annotations throughout. The dataset is imbalanced toward Level 2 cases; this imbalance is addressed using the 
class-weighting strategy described in section “Training strategy”.

Table 1 summarizes patient and radiographic characteristics by severity level. All structured variables differed 
across severity levels. Mean age differed substantially between Level 1 (29.2 ± 10.0 years) and the two higher 
severity levels, but was similar between Level 2 (43.3 ± 14.5) and Level 3 (42.0 ± 14.7), indicating that age distin-
guishes mild cases from the remainder but does not separate the moderate and severe categories. Because age is 
incorporated directly into the BRAR definition and is also available as an input variable, its influence is evaluated 
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separately in an ablation analysis. Because the data were partitioned using 20 different stratified random splits, 
the composition of the training, validation, and test subsets varies across splits by construction; stratification pre-
served the class distribution in every split.

Before model training, each panoramic radiograph was manually cropped by the first author to retain the dental 
arch and supporting alveolar bone while excluding peripheral craniofacial structures not directly relevant to peri-
odontal assessment. Cropping decisions were based solely on anatomical landmarks, and BRAR severity labels 
were not consulted when defining the crop boundaries. The same cropping procedure was applied consistently to 
all images. Because this preprocessing step is manual, the current workflow is not fully end-to-end automated. 
Automated dental-structure localization or segmentation could be incorporated in future work to replace manual 
cropping [9].

Table 1  Patient and radiographic characteristics by BRAR severity level for the 988 panoramic radiographs analysed in this 
study. Values are mean ± standard deviation unless stated otherwise. 𝑝𝑝-values are from Kruskal–Wallis tests for continuous 
variables and a chi-squared test for gender, and are reported descriptively. Full distributional summaries for the original 
dataset are available in [11]
Characteristic Level 1

(𝐧𝐧 𝐧 𝐧𝐧𝐧𝐧𝐧𝐧)
Level 2
(𝐧𝐧 𝐧 𝐧𝐧𝐧𝐧𝐧𝐧)

Level 3
(𝐧𝐧 𝐧 𝐧𝐧𝐧𝐧𝐧𝐧)

All
(𝐧𝐧 𝐧 𝐧𝐧𝐧𝐧𝐧𝐧)

𝐩𝐩

Age (years) 29.2 ± 10.0 43.3 ± 14.5 42.0 ± 14.7 40.6 ± 14.8 <0.001
Female, n (%) 48 (28.2) 317 (56.6) 120 (46.5) 485 (49.1) <0.001
Bone resorption 0.01 ± 0.04 0.29 ± 0.11 0.58 ± 0.23 0.32 ± 0.23 <0.001
BRAR 0.03 ± 0.08 0.69 ± 0.17 1.41 ± 0.44 0.77 ± 0.52 <0.001
Missing teeth 0.3 ± 1.4 1.5 ± 3.3 2.5 ± 4.4 1.6 ± 3.5 <0.001
Implants 0.05 ± 0.25 0.24 ± 0.89 0.32 ± 1.32 0.23 ± 0.96 0.026
Residual roots 0.02 ± 0.13 0.28 ± 0.98 0.39 ± 1.15 0.26 ± 0.95 <0.001
Pairs of functional teeth 13.9 ± 1.1 12.9 ± 2.4 12.1 ± 3.1 12.9 ± 2.5 <0.001

Fig. 1  Study and model framework. Panoramic radiographs are cropped to the dental-arch region, resized, and normalized, 
while the six structured metadata variables are min–max scaled using statistics fitted on the training split only. Image features 
from a DenseNet-121 backbone and metadata features from a multilayer perceptron are each projected to 64 dimensions, 
concatenated, and passed through a classification head producing three severity classes. The model is trained using a three-
stage progressive fine-tuning strategy. The entire procedure is repeated across 20 stratified random splits, with identical data 
partitions used for all compared models to permit paired comparisons. Predictions are evaluated against the reference BRAR 
grade. The model configuration was fixed before the repeated-split evaluation, which was not used for model development
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Data preprocessing

Image preprocessing: Following the manual dental-arch cropping described above, all images were resized to 
224 × 224 pixels to match the input dimensions of the pretrained CNN backbone. Images were then converted 
to tensors and normalized using the ImageNet channel-wise mean (0.485, 0.456, 0.406) and standard deviation 
(0.229, 0.224, 0.225).

Data augmentation: For the training subset, data augmentation was applied on-the-fly and included random 
horizontal flipping (𝑝𝑝 𝑝 𝑝𝑝𝑝), random rotation within ±5∘, random affine transformations with translations of up 
to 5% of the image dimensions and scaling in the range 0.95–1.05, and random brightness and contrast adjust-
ments of up to 0.3. Random histogram equalization (𝑝𝑝 𝑝 𝑝𝑝𝑝) and automatic contrast adjustment (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝 were also 
applied. Augmentation was restricted to the training images; validation and test images underwent only deter-
ministic resizing and normalization. The same augmentation configuration was used for all 20 repeated stratified 
random splits.

Metadata preprocessing: Numerical features (age, number of missing teeth, number of implants, number of 
residual roots, and pairs of functional teeth) were normalized to [0, 1] using min–max scaling. Scaling parameters 
were estimated exclusively from the training subset of each split and subsequently applied to the corresponding 
validation and test subsets to avoid information leakage. Gender was encoded as a binary variable (0/1) and was 
not further normalized.

Experimental setup

Experiments were conducted across 20 repeated stratified random splits to characterize performance variabil-
ity across different data partitions. For each split, the dataset was partitioned into training (70%), validation 
(15%), and test (15%) subsets while preserving the class distribution. The same data partition was used for all 
models within each split, enabling paired comparisons between the image-only, metadata-only, and multimodal 
approaches.

Baseline models

Metadata-only baseline: A metadata-only multilayer perceptron (MLP) was trained using the six available 
structured variables and followed the same architecture and training procedure as the metadata branch of the 
proposed multimodal model. This baseline evaluates the predictive performance achievable using structured 
metadata without radiographic information.

Image-only baseline: An ImageNet-pretrained DenseNet-121 [32] was trained using radiographic images 
alone and followed the same three-stage progressive fine-tuning strategy used for the image branch of the multi-
modal model. The image-only, metadata-only, and multimodal models were evaluated using identical data parti-
tions within each split, enabling direct paired comparisons among these approaches.

Reproduced published-model baseline: For additional context, the publicly available implementation 
accompanying the original BRAR dataset study [11] was run without modification on the original full panoramic 
radiographs across 20 repeated random runs. Because this implementation generates its own data partitions, these 
runs were not used in paired statistical comparisons with the proposed models. Instead, the reproduced results are 
reported descriptively to characterize the performance and variability of the previously proposed approach under 
repeated evaluation.

Published baseline: The originally reported single-split accuracy of 63.3% [11] is also provided for historical 
context. Because this result was obtained under a different evaluation protocol, it is not used for direct statistical 
comparison with the models evaluated in the present study.
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Proposed multimodal architecture

The proposed multimodal framework integrates radiographic features and structured metadata through three 
components: an image branch, a metadata branch, and a feature-fusion classification module, as illustrated in 
Fig. 1.

Image branch: An ImageNet-pretrained DenseNet-121 serves as the visual feature extractor, producing a 
1024-dimensional feature vector after global average pooling. This representation is projected to a 64-dimen-
sional embedding through a fully connected layer followed by ReLU activation and dropout regularization with 
stage-dependent dropout rates described in section “Training strategy”.

Metadata branch: The six structured metadata variables are processed by a two-layer multilayer perceptron. 
The first fully connected layer maps the six input features to 32 dimensions, followed by ReLU activation and 
dropout. A second fully connected layer maps the representation from 32 to 64 dimensions, followed again by 
ReLU activation and dropout.

Fusion and classification: The 64-dimensional image and metadata representations are concatenated to form 
a 128-dimensional joint feature vector. This representation is passed through a fully connected layer reducing 
it to 64 dimensions, followed by ReLU activation and dropout, and subsequently through a final linear layer 
producing three output logits corresponding to Level 1 (mild), Level 2 (moderate), and Level 3 (severe) BRAR 
categories. Softmax normalization is applied at inference to obtain class probabilities.

Ensemble model: A soft-voting ensemble was additionally evaluated by combining the predicted class prob-
abilities of the multimodal, image-only, and metadata-only models: 

	
𝑃𝑃ensemble = 𝑤𝑤𝑚𝑚𝑃𝑃multimodal + 𝑤𝑤𝑖𝑖𝑃𝑃image + 𝑤𝑤𝑑𝑑𝑃𝑃metadata,

𝑤𝑤𝑚𝑚 + 𝑤𝑤𝑖𝑖 + 𝑤𝑤𝑑𝑑 = 1.

Ensemble weights were selected using a separate set of 10 tuning runs that were not included in the 20-run 
primary evaluation. Candidate weight combinations were compared using macro F1-score as the optimization 
criterion. The selected weights were 𝑤𝑤𝑚𝑚 = 0.8, 𝑤𝑤𝑖𝑖 = 0.1, and 𝑤𝑤𝑑𝑑 = 0.1, and this fixed combination was subsequently 
evaluated across the 20 main evaluation runs. The ensemble is evaluated as a complementary post-hoc analysis; 
the single multimodal model is the primary proposed architecture.

Training strategy

The image-only and multimodal models were trained using a three-stage progressive fine-tuning strategy to 
adapt the ImageNet-pretrained representations to the target task while limiting abrupt changes to the pretrained 
backbone.

	● Stage 1: The CNN backbone was fully frozen. Only the image projection layer, metadata branch, and clas-
sification head were trained using Adam with a learning rate of 1 × 10−3, weight decay of 1 × 10−5, and early-
stopping patience of 8 epochs.

	● Stage 2: DenseBlock3, DenseBlock4, and the intervening transition and final normalization layers were unfro-
zen and jointly optimized with the remaining trainable layers using a learning rate of 2 × 10−5, weight decay of 
2 × 10−4, and early-stopping patience of 10 epochs.

	● Stage 3: The entire CNN backbone was unfrozen and the model was fine-tuned end-to-end using a learning 
rate of 5 × 10−6, weight decay of 1 × 10−5, and early-stopping patience of 10 epochs.

In all stages, learning-rate scheduling was performed using ReduceLROnPlateau with a reduction factor of 
0.5, and early stopping was based on validation loss. Dropout regularization was increased across the fine-tuning 
stages: projection dropout was set to 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝 0.45, and 0.45 for Stages 1–3, respectively, while fusion dropout 
was set to 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝, 0.60, and 0.60, respectively. The checkpoint with the lowest validation loss across all stages 
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was retained for final evaluation. Representative training and validation curves for the three stages are shown in 
Additional file 1.

Cross-entropy loss was used without label smoothing. To address class imbalance, class-specific weights were 
incorporated into the loss function using a fourth-root inverse-frequency formulation: 

	
𝑤𝑤𝑐𝑐 =

1
𝑛𝑛0.25𝑐𝑐

,

where 𝑛𝑛𝑐𝑐 denotes the number of training samples belonging to class 𝑐𝑐. Class weights were computed from the 
training subset of each split. The fourth-root weighting scheme was selected during model development based 
on training and validation performance, providing a milder correction for class imbalance than full inverse-fre-
quency weighting. Stronger weighting schemes were found during model development to reduce majority-class 
performance without a corresponding improvement in minority-class detection.

The metadata-only model was trained using a single-stage procedure with the same optimizer configuration as 
Stage 1, as it contains no pretrained CNN backbone requiring progressive unfreezing.

Evaluation protocol

Model performance was evaluated on the held-out test subset of each repeated split. Three metrics were desig-
nated as the primary outcomes for model comparison: macro-averaged F1-score, macro-averaged AUC-ROC, 
and Level 3 recall. Macro F1 and macro AUC provide class-balanced measures of overall classification perfor-
mance, whereas Level 3 recall was included to specifically assess sensitivity for severe cases. Overall accuracy, 
macro average precision (macro-AP), and per-class precision, recall, and F1-score were additionally reported as 
secondary descriptive metrics.

Because the severity labels are ordinal, mean absolute grade error (MAGE) and the proportion of predictions 
differing from the reference label by more than one severity level were also calculated to characterize the mag-
nitude of classification errors.

Performance was summarized as mean ± standard deviation across 20 repeated stratified random splits. For 
the image-only, metadata-only, and multimodal models, identical data partitions were used within each split, 
allowing paired comparisons. The repeated splits are not intended to provide statistically independent replica-
tions but rather to characterize the variability of performance estimates across different data partitions. Pairwise 
differences in the three primary metrics were evaluated using the Wilcoxon signed-rank test at 𝛼𝛼 𝛼 𝛼𝛼𝛼𝛼, with 
zero differences handled by the zsplit method. Holm–Bonferroni correction was applied across the three primary 
outcomes for each model comparison. Primary comparisons were additionally summarized as the median paired 
difference with a 95% confidence interval. Confidence intervals for absolute performance were computed using 
the 𝑡𝑡-distribution across the 20 splits; confidence intervals for paired differences were obtained by bootstrap 
resampling (10,000 replicates, percentile method) of the per-split differences. Secondary metrics were treated as 
descriptive and were not used to define the principal statistical conclusions.

An exploratory probability-level ensemble was also evaluated by combining the multimodal, image-only, and 
metadata-only model outputs using fixed weights of 0.8, 0.1, and 0.1, respectively. These weights were selected 
using 10 separate tuning runs that were not included in the 20-run main evaluation, after which the weights were 
fixed and applied across the 20 repeated stratified test splits. Because the ensemble analysis was exploratory, its 
results were interpreted separately from the primary model comparisons.

Model interpretability was explored using Gradient-weighted Class Activation Mapping (Grad-CAM) [33]. 
Activation maps were computed from the final convolutional layer of the DenseNet-121 backbone and visualized 
on the corresponding radiographs. These maps were used as qualitative illustrations of image regions contribut-
ing to model predictions and were not treated as evidence of validated anatomical localization.

A targeted expert error analysis was additionally performed on 88 panoramic radiographs selected accord-
ing to model prediction outcome and confidence, comprising 33 correctly classified and 55 misclassified cases, 
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with cases drawn from each reference-predicted combination. An independent licensed dentist graded these 
images without access to the original dataset labels or model predictions. Agreement between the dentist and the 
original annotations was quantified separately for the correctly classified and misclassified subsets using both 
unweighted and weighted Cohen’s 𝜅𝜅 [34]. Because the subset was purposefully selected based on model behavior 
and involved a single dentist, this analysis was considered exploratory rather than an estimate of population-level 
inter-annotator agreement.

Results

Baseline comparison and model performance

For descriptive comparison with the previously published image-only approach, we reproduced the publicly 
available implementation of [11] without modification on the original full panoramic radiographs across 20 
repeated random runs. Because that implementation generates its own data partitions, these runs were not paired 
with the partitions used here and were not included in the paired statistical comparisons.

The originally reported single-split accuracy of 0.633 fell outside the range obtained when the same imple-
mentation was evaluated repeatedly (0.54 ± 0.06), illustrating the sensitivity of performance estimates to data par-
titioning. Our image-only model achieved an accuracy of 0.62 ± 0.04 and a Level 3 recall of 0.56 ± 0.09, with lower 
variability across partitions than the reproduced baseline (standard deviation of Level 3 recall 0.09 versus 0.19). 
These comparisons are descriptive: the two pipelines differ simultaneously in preprocessing, architecture, train-
ing strategy, class weighting, and data partitioning, so no difference can be attributed to any single component. 
Full metric comparisons and an example of the manual dental-arch cropping are provided in Additional file 1.

Multimodal fusion and ablation study

Figure 2 shows the distribution of the three prespecified primary outcomes across the 20 repeated stratified ran-
dom splits, and Table 2 summarizes performance for each model. The multimodal model exceeded the image-
only model on all three primary outcomes. Figure 3 shows this comparison within each split: the multimodal 
model achieved a higher macro F1-score and macro AUC-ROC on 20 and 19 of the 20 splits respectively, and a 

Fig. 2  Distribution of the three prespecified primary outcomes across the 20 repeated stratified random splits for the image-
only, metadata-only, and multimodal models. (A) Macro F1-score. (B) Macro AUC-ROC. (C) Level 3 recall. Each point 
is one split; boxes show the median and interquartile range, and whiskers extend to 1.5 times the interquartile range. All 
models were trained and evaluated on identical data partitions within each split. The within-split comparison between the 
image-only and multimodal models is shown in Fig. 3, with paired effect estimates and 95% confidence intervals in Fig. 4
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higher Level 3 recall on 11, with 6 splits tied. Figure 4 reports the corresponding paired differences with bootstrap 
95% confidence intervals. After Holm–Bonferroni correction, the multimodal model significantly outperformed 
both unimodal baselines on all three outcomes; the smallest margin was against the image-only model in Level 
3 recall (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝).

The metadata-only model achieved an accuracy comparable to the image-only model but a markedly lower 
macro F1-score. This discrepancy reflects a tendency to assign the majority class: Level 2 recall reached 0.85 ± 0.05 
while Level 3 recall was 0.14 ± 0.07. Structured metadata alone therefore carried predictive information, but was 
insufficient to identify severe bone resorption without radiographic features. Per-class metrics for all models are 
provided in Additional file 1.

An exploratory probability-level ensemble combining the multimodal, image-only, and metadata-only models 
with weights of 0.8, 0.1, and 0.1 was also evaluated. The weights were selected by grid search maximizing macro 
F1 on 10 separate tuning seeds not included among the 20 evaluation seeds; performance was insensitive to the 
exact values, with the five best weight combinations differing by less than 0.005 in macro F1. Compared with 
the single multimodal model, the ensemble did not significantly differ in macro F1 or macro AUC-ROC but sig-
nificantly reduced Level 3 recall. Small improvements in micro-averaged ranking metrics and in mean absolute 

Table 2  Performance across the 20 repeated stratified random splits (mean ± standard deviation). Macro F1, macro AUC-
ROC, and Level 3 recall are the three prespecified primary outcomes; accuracy and mean absolute grade error (MAGE) are 
reported descriptively. The exploratory ensemble combines the multimodal, image-only, and metadata-only model prob-
abilities using weights of 0.8, 0.1, and 0.1, respectively, selected by grid search maximizing macro F1 on 10 separate tuning 
seeds not included among the 20 evaluation seeds. within-split comparisons are shown in Fig. 3, and paired effect estimates 
with 95% confidence intervals are shown in Fig. 4. Per-class metrics are provided in Additional file 1
Metric Image-only Metadata-only Multimodal Ensemble
Macro F1 0.59 ± 0.04 0.51 ± 0.05 0.65 ± 0.03 0.65 ± 0.03
Macro AUC-ROC 0.77 ± 0.03 0.73 ± 0.04 0.81 ± 0.03 0.81 ± 0.03
Level 3 recall 0.56 ± 0.09 0.14 ± 0.07 0.60 ± 0.07 0.57 ± 0.07
Accuracy 0.62 ± 0.04 0.62 ± 0.04 0.67 ± 0.03 0.68 ± 0.02
MAGE 0.39 ± 0.04 0.41 ± 0.03 0.35 ± 0.03 0.34 ± 0.03

Fig. 3  Within-split comparison of the multimodal and image-only models across the 20 repeated stratified random splits. 
(A) Macro F1-score. (B) Macro AUC-ROC. (C) Level 3 recall. Each line joins the two models evaluated on the same data 
partition; green indicates a higher value for the multimodal model on that split, vermillion a higher value for the image-only 
model, and grey an identical value. Horizontal bars show group means, and panel titles give the number of splits in each 
direction. Level 3 recall is quantized in steps of 1/39 by the number of Level 3 cases in each test partition, so identical values 
occur on some splits. Paired differences with confidence intervals and corrected significance tests are reported in Fig. 4, and 
the corresponding comparison against the metadata-only model is provided in Additional file 1
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grade error were accompanied by this reduction; because missed Level 3 cases were reclassified predominantly 
as Level 2, both are consistent with a shift in the decision boundary rather than independent effects.

A late-fusion variant was additionally evaluated to examine whether the observed benefit arises from learning a 
joint representation or from access to both information sources. The separately trained image-only and metadata-
only models were combined by weighted averaging of their predicted class probabilities, with weights selected 
on the same 10 tuning seeds. Both configurations therefore use identical input information and differ only in the 
stage at which the modalities are combined. Late fusion performed significantly worse than joint fusion on all 
three primary outcomes after Holm–Bonferroni correction, with the largest difference in Level 3 recall (0.40 ± 0.11 
versus 0.60 ± 0.07); as with the ensemble, it achieved higher Level 2 recall and Level 3 precision but substantially 
lower Level 3 recall. Full results for both comparisons are provided in Additional file 1.

Given the clinical importance of Level 3 detection, the single multimodal model was retained as the principal 
model for subsequent analyses.

Metadata ablation and the contribution of age

Because age is incorporated directly into the BRAR definition and is also included among the structured metadata 
inputs, we evaluated the contribution of age and the remaining metadata using four configurations: image-only, 
image plus age, image plus the five non-age metadata variables, and the full multimodal model. Paired differences 
between these configurations are shown in the metadata ablation group of Fig. 4.

Adding either metadata subset alone to the image-only model produced only modest changes. Neither differed 
significantly from the image-only model on macro F1 or Level 3 recall after Holm–Bonferroni correction (image 
plus age: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝 and 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝; image plus non-age metadata: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝 and 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝); both improved only 
macro AUC-ROC (𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝 and 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝, respectively). Notably, supplying age alongside the radiograph did 
not improve Level 3 recall relative to the image-only model. In contrast, the full multimodal model significantly 
outperformed both partial configurations on all three primary outcomes after Holm–Bonferroni correction (versus 
image plus age: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝, 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝, and 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝; versus image plus non-age metadata: 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝𝑝 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝, and 
𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝).

These results indicate that age contributes to BRAR classification but does not independently account for the 
multimodal performance advantage. The two partial configurations performed similarly and neither improved 
class-balanced classification or sensitivity to severe cases, whereas the full model improved all three primary 
outcomes. This pattern is consistent with complementary contributions from age and the remaining structured 

Fig. 4  Paired differences between models across the 20 repeated stratified random splits, shown as the median difference 
with a bootstrap 95% confidence interval (horizontal bars). Positive values favour the first-named model. Filled markers 
indicate Holm–Bonferroni-adjusted 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝 across the three primary outcomes for that comparison; open markers indicate 
no significant difference. The metadata ablation group shows two routes from the image-only model to the full multimodal 
model, adding age or the remaining five structured variables first; note that age is mathematically incorporated into the 
BRAR label definition. Level 3 recall is quantized in steps of 1/39, so interval bounds can fall on multiples of this value. 
Absolute performance is shown in Table 2 and Fig. 2 for the principal models, and in Additional file 1 for the ablation con-
figurations. Comparisons with late fusion and with the exploratory ensemble are reported in Additional file 1
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metadata. In particular, the absence of any Level 3 recall improvement when age was supplied alongside the 
radiograph is not the result expected if age provided a direct route to the age-normalized label. Absolute perfor-
mance for each configuration and complete pairwise comparisons are provided in Additional file 1.

Error patterns

Because the severity labels are ordinal, the magnitude of classification errors was characterized using mean abso-
lute grade error (MAGE) and the proportion of predictions differing from the reference label by more than one 
grade, computed across all 20 splits (Table 2). The ensemble achieved the lowest MAGE (0.34 ± 0.03), followed by 
the multimodal model (0.35 ± 0.03), indicating an average deviation of less than half a severity grade. Two-grade 
errors were uncommon in all models, ranging from 1.2% to 2.3% of predictions; for the multimodal model this 
proportion was 1.5% ± 1.2%. Errors were therefore overwhelmingly between adjacent severity grades, with confu-
sion between Levels 2 and 3 the predominant pattern.

Per-class discrimination followed the same structure. Across the 20 splits the multimodal model achieved a 
macro-averaged AUC-ROC of 0.81 ± 0.03 and a macro-averaged average precision of 0.69 ± 0.04. Level 2 showed 
the lowest per-class AUC-ROC in all 20 splits, consistent with its position as the intermediate grade bordering 
both adjacent severity levels. Receiver operating characteristic curves, precision–recall curves, and the confusion 
matrix for a representative split are provided in Additional file 1.

Model interpretability (GradCAM)

Figure 5 shows GradCAM activation maps for three cases with a Level 3 reference grade: a correct classifica-
tion, a one-grade error, and a two-grade error. Each case is shown as the cropped panoramic radiograph along-
side the corresponding activation overlay. Activations were computed from the final convolutional layer of the 
DenseNet-121 backbone, and cases were selected as the highest-confidence example in each reference–predic-
tion category from predictions pooled across the 20 repeated stratified random splits. Maps for all nine reference–
prediction combinations are provided in Additional file 1.

Across the illustrated examples, GradCAM activation overlaps dentoalveolar regions, including areas sur-
rounding the teeth and supporting alveolar bone. Activation was spatially heterogeneous, ranging from relatively 
localized regions to broader patterns across the dental arches. In the two-grade error, the most severe bone loss 
appears in the upper left region, whereas GradCAM activation is concentrated predominantly in the mandibu-
lar arch, consistent with the localization challenge inherent in a reference grade determined by the single most 
severely affected tooth.

These examples illustrate that misclassification can occur even when model activation overlaps anatomically 
plausible regions related to periodontal bone support. However, no tooth-level localization annotations were 
available to determine whether the activated regions correspond to the specific tooth or region responsible for the 
BRAR reference label. These GradCAM examples should therefore be interpreted as qualitative visualizations of 
model activation rather than evidence that the model correctly localized the bone-resorption features determining 
the severity grade. Because the examples were selected according to prediction confidence rather than sampled 
randomly, they are illustrative and are not intended to characterize the distribution of activation patterns across 
the complete dataset.

Targeted expert error analysis

To further characterize model errors, an independent licensed dentist performed visual severity grading of 88 pan-
oramic radiographs. The subset was not randomly sampled; it was purposively constructed from pooled model 
predictions and confidence scores and included 33 correctly classified and 55 misclassified cases. This subset was 
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therefore enriched for model errors and was not intended to estimate overall model performance or population-
level inter-annotator agreement.

Figure 6 summarizes the analysis. Agreement between the dentist and the reference annotations was fair 
(𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅). Agreement between the model and the reference annotations was lower, as 
expected given the deliberate enrichment of the subset with model misclassifications. Dentist agreement varied 
across severity levels: it was highest for Level 1 despite the lowest mean confidence (6.2 ± 2.3 out of 10), and low-
est for Level 2 despite the highest mean confidence (7.1 ± 0.9). Within this subset, higher self-reported confidence 
therefore did not correspond to greater agreement with the reference annotations.

When stratified by whether the model prediction matched the reference annotation, dentist–reference agree-
ment was higher among correctly classified cases (𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅) than among misclassified cases 
(𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅). Cases misclassified by the model therefore also showed greater disagreement 

Fig. 5  GradCAM activation maps for three cases with a Level 3 reference grade. Each row shows the cropped panoramic 
radiograph (left) alongside the corresponding activation overlay (right), with the predicted grade, error category, and model 
confidence in the predicted class indicated above each panel. Cases were selected as the highest-confidence example in each 
reference–prediction category from predictions pooled across the 20 repeated stratified random splits; the selected cases 
therefore represent the model’s most confident predictions within each category and are not a random sample. Activation 
maps were computed from the final convolutional layer of the DenseNet-121 backbone and are normalized independently 
for each image using an identical procedure and visual scale, so colour intensity is comparable within but not across panels. 
These maps indicate image regions that influenced the prediction and do not establish that the model localized the bone-
resorption features determining the BRAR severity grade. Activation maps for all nine reference–prediction combinations 
are provided in Additional file 1
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between the independent dentist and the reference annotations. Among the misclassified cases, however, agree-
ment between the dentist and the model was also low (𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅; weighted 𝜅𝜅 𝜅 𝜅𝜅𝜅𝜅𝜅), indicating that model errors 
did not simply reproduce an alternative dentist assessment. A modest positive correlation was observed between 
model and dentist confidence (Spearman 𝜌𝜌 𝜌 𝜌𝜌𝜌𝜌𝜌, 𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝).

These findings are exploratory. Because the subset was purposively selected and evaluated by a single dentist, 
they do not establish that model errors are caused by diagnostic ambiguity or annotation uncertainty, nor do they 
provide a population-level estimate of inter-annotator agreement.

Fig. 6  Targeted expert error analysis on the purposively selected 88-image subset. (A–C) pairwise agreement matrices on 
identical scales, showing the percentage of cases in each row category assigned to each column category, with counts in 
parentheses; rows sum to 100%. Cell colour indicates the ordinal distance between the two gradings correct, one-grade, or 
two-grade difference) rather than frequency magnitude; colour intensity within each category scales with the row percentage. 
(A) Dentist grading versus the reference annotations. (B) Model predictions versus the reference annotations. (C) Model 
predictions versus dentist grading. (D) Agreement with the reference annotations by severity level, for the dentist and the 
model. (E) Dentist confidence by severity level; points are individual cases and markers show the mean with standard devia-
tion. The subset was deliberately enriched for model misclassifications, so panel B and the model values in panel D reflect 
that selection and are not estimates of overall model performance
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Discussion

This study evaluated multimodal deep learning for periodontal bone resorption severity classification from pan-
oramic radiographs and structured metadata. Across 20 repeated stratified random splits, the multimodal model 
achieved higher performance than both unimodal baselines on the three primary outcomes of macro F1, macro 
AUC-ROC, and Level 3 recall. Paired comparisons across the same data partitions remained statistically signifi-
cant after Holm–Bonferroni correction. The ablation analysis showed that age contributed to BRAR classification 
but did not independently account for the multimodal performance improvement. The full model significantly 
outperformed the image-plus-age model on all three primary outcomes, consistent with complementary contribu-
tions from age and the remaining structured metadata.

Contribution of structured metadata

The metadata-only model performed poorly on the primary outcomes, achieving a macro F1-score of 0.51 ± 0.05 
and identifying only 14% of severe cases. Its accuracy was nonetheless comparable to that of the image-only 
model, reflecting a tendency to assign the majority class. Structured metadata alone was therefore insufficient to 
identify severe bone resorption, and the discrepancy between accuracy and class-balanced measures illustrates 
why accuracy alone is an inadequate summary in an imbalanced setting.

The ablation analysis showed that age and the remaining structured metadata provide complementary infor-
mation when combined with radiographic features. Neither partial configuration differed significantly from the 
image-only model in macro F1 or Level 3 recall, although both significantly improved macro AUC-ROC, whereas 
the full multimodal model significantly outperformed both on all three primary outcomes.

These findings indicate that age alone does not account for the observed multimodal improvement. Together 
with the similar performance of the image-plus-age and image-plus-non-age configurations, the results are con-
sistent with complementary contributions from age and the remaining structured metadata. Nevertheless, because 
age is mathematically incorporated into the BRAR definition, the relationship between age and the prediction 
target remains inherent to the formulation and cannot be eliminated by this ablation.

The present study retained BRAR-derived severity as the prediction target to maintain consistency with the 
original study and enable direct comparison, as the primary objective was to classify the established BRAR 
severity levels. An alternative formulation would be to estimate bone resorption directly from the radiograph and 
subsequently normalize the predicted resorption by patient age to derive BRAR severity. This two-stage approach 
would separate radiographic estimation of bone resorption from the age normalization used to define BRAR and 
represents an important direction for future work.

Fusion strategy and model combination

The results support joint integration of radiographic and structured information for prediction of the BRAR-
derived severity labels. The multimodal model achieved higher macro F1, macro AUC-ROC, and Level 3 recall 
than either unimodal model, and also outperformed both partial metadata configurations.

The point at which the two modalities were combined was also associated with performance differences. A 
late-fusion variant, formed by weighted probability averaging of the separately trained image-only and metadata-
only models with weights tuned on separate tuning seeds, performed significantly worse than joint fusion on all 
three primary outcomes, with the largest difference in Level 3 recall (0.40 ± 0.11 versus 0.60 ± 0.07; Holm-adjusted 
𝑝𝑝 𝑝 𝑝𝑝𝑝𝑝𝑝). Because both approaches used the same input modalities, these findings are consistent with an advan-
tage of learning a joint multimodal representation over combining the predictions of separately trained unimodal 
models.

The exploratory probability-level ensemble assigned the greatest weight (0.8) to the multimodal model, with 
weights of 0.1 each for the image-only and metadata-only models. Compared with the single multimodal model, 
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the ensemble did not significantly improve macro F1 or macro AUC-ROC and showed significantly lower Level 
3 recall. Small improvements were observed in some secondary metrics, including mean absolute grade error, 
but these did not translate into improvement in the primary outcomes. Overall, probability-level combination 
provided no clear advantage over the single joint multimodal model in this dataset.

Targeted expert error analysis

Within the purposively selected 88-image subset, agreement between the independent dentist and the reference 
annotations was fair. Dentist agreement varied across severity levels, with the lowest agreement for Level 2 
despite the highest mean confidence, indicating that self-reported confidence did not track agreement with the 
reference annotations.

Dentist–reference agreement was substantially higher among cases correctly classified by the model than 
among model-misclassified cases. Within this targeted subset, disagreement between the dentist and the refer-
ence annotations was therefore greater among cases that the model also misclassified. However, the dentist did 
not simply reproduce the model’s alternative classifications: among model-misclassified cases, dentist–model 
agreement was also low. Model confidence showed a modest positive association with dentist confidence.

Taken together, these findings provide additional context for the model errors but should be interpreted descrip-
tively. The subset was deliberately enriched for model misclassifications and was evaluated by a single indepen-
dent dentist; the analysis does not establish that model errors were caused by diagnostic ambiguity or annotation 
uncertainty, nor does it provide a population-level estimate of inter-annotator agreement.

Limitations and future work

Several limitations should be considered. First, all experiments used a single publicly available dataset from one 
institution, limiting assessment of generalizability across institutions, imaging equipment, and patient popula-
tions. Performance on single-institution data does not necessarily generalize to independent cohorts, and external 
validation remains an important direction for future work, alongside prospective data collection planned at our 
institution. The class imbalance, particularly the smaller numbers of Level 1 and Level 3 cases (26 and 39 in each 
test partition, respectively), also limits the precision of class-specific performance estimates.

Second, the present study predicts BRAR-derived severity, in which age is incorporated into the definition 
of the target while also being available to the multimodal model. The metadata ablation showed that age alone 
did not account for the performance of the full multimodal model; nevertheless, the mathematical relationship 
between age and the BRAR target remains inherent to the task and cannot be eliminated by this analysis. An 
alternative formulation for future work would be to estimate bone resorption directly from the radiograph and 
subsequently normalize the predicted resorption by age to derive BRAR severity.

Third, the reported repeated-split analysis represents internal evaluation within the same public dataset rather 
than validation on a completely independent cohort. Model development involved preliminary experiments on 
this dataset before the final configuration was fixed and evaluated across the repeated stratified splits. Although 
checkpoint selection and early stopping within each evaluation split were based on validation performance, the 
reported results should therefore not be interpreted as independent external validation.

Fourth, dental-arch cropping was performed manually, and the current workflow is therefore not fully auto-
mated. Because the proposed pipeline and the reproduced published implementation differed in architecture, 
preprocessing, class weighting, augmentation, and training strategy, their comparison does not isolate the effect 
of cropping, and no independent performance benefit is attributed specifically to this preprocessing step.

Fifth, the targeted expert error analysis was based on a single independent dentist and a purposively selected 
88-image subset enriched for model misclassifications. Its agreement statistics therefore should not be interpreted 
as population-level estimates of inter-annotator agreement. Furthermore, the dentist’s visual grading did not 
reproduce the original measurement-based BRAR protocol, limiting direct comparison with the original labels. 
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Similarly, GradCAM analysis was qualitative and lacked tooth-level localization ground truth, preventing assess-
ment of whether model activation corresponded to the specific region determining the BRAR severity label.

Future work should evaluate the approach on external and prospectively collected cohorts and incorporate 
multiple calibrated dental experts using a standardized BRAR assessment protocol. Explicit tooth-level detection 
and per-tooth bone-resorption estimation could provide a more localized assessment of disease severity, building 
on established methods for dental structure segmentation in panoramic radiographs [9]. Automated dental-arch 
localization could replace the current manual cropping step to support a fully automated pipeline. Finally, richer 
clinical metadata, including smoking history, systemic conditions, and longitudinal follow-up, could support 
broader periodontal assessment and progression modelling beyond BRAR severity classification.

Conclusion

This study systematically evaluated multimodal deep learning for BRAR-based periodontal bone resorption 
severity classification using panoramic radiographs and structured metadata. Across 20 repeated stratified random 
splits, the multimodal model outperformed the image-only and metadata-only models on the primary outcomes 
of macro F1, macro AUC-ROC, and Level 3 recall, supporting the value of combining radiographic and struc-
tured information for this task. A late-fusion variant combining separately trained unimodal models performed 
significantly worse than joint fusion, consistent with an advantage of learning a joint multimodal representation 
for this dataset.

The metadata ablation showed that age contributed to BRAR classification but did not independently account 
for the performance of the full multimodal model. Image-plus-age and image-plus-non-age configurations 
showed similar performance, whereas the full multimodal model significantly outperformed the image-plus-age 
model on all three primary outcomes. These findings are consistent with complementary contributions from age 
and the remaining structured metadata. Nevertheless, because age is incorporated directly into the BRAR target 
definition, its mathematical relationship with the prediction target remains an inherent limitation of the current 
formulation.

The targeted expert error analysis showed greater dentist–annotation disagreement among selected model-
misclassified cases than among model-correct cases; however, the purposively selected subset and use of a single 
independent dentist preclude attributing model errors to annotation uncertainty or diagnostic ambiguity. Grad-
CAM provided qualitative evidence of activation in dentoalveolar regions, but anatomical localization was not 
independently validated.

These findings support further investigation of multimodal approaches for BRAR-based severity classification 
while emphasizing the need for independent external validation. Future work should evaluate automated dental-
arch and tooth-level localization, direct radiographic estimation of bone resorption followed by age normaliza-
tion, richer clinical information, and validation on independent and prospectively collected cohorts.
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