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[Abstract] With the rapid advancement of artificial intelligence, deep learning-based multimodal data fusion tech-
nology has found increasing applications in the field of dental and stomatological diseases, and it has demonstrated
great potential. This technology constructs deep neural networks to automatically extract and fuse features from multi-
modal data, such as clinical text information, medical imaging, intraoral and extraoral digital scanning records, and his-
topathological data. By fully leveraging the complementary information among these diverse data sources, it substan-
tially enhances the accuracy of oral disease diagnosis, the rationality of treatment planning, and the reliability of progno-

sis prediction. This survey systematically explores the core advantages of deep learning in multimodal data fusion; out-
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lines key main strategies, such as early fusion, intermediate fusion, and late fusion along with their applicable sce-
narios; and summarizes the specific applications and latest research progress of this technology in oral diseases, includ-
ing oral cancer, periodontitis, dental caries, and temporomandibular disorders. We also highlight critical challenges in
its clinical translation, such as complexity in multimodal data alignment, scarcity of high-quality annotated data, insuffi-
cient model interpretability, and privacy and security issues. In the future, this technology is expected to develop toward
new learning paradigms, intelligentization, and adaptive fusion while integrating explainable artificial intelligence to en-

hance clinical credibility. Ultimately, large-scale, multicenter clinical validation systems will be required to ensure its

safe and effective deployment in clinical practice.

[Key words] artificial intelligence; deep learning; multimodal data fusion technology; fusion strategies; oral

cancer; periodontitis; dental caries; temporomandibular disorders
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Table 1

Comparison of different fusion strategies

Fusion strategy ~ Fusion level Advantages

Disadvantages Applicable scenarios

Early fusion Input layer Simple implement; captures low-level

correlations

Late fusion Decision layer High flexibility; strong anti-
interference capability

Intermediate

Feature layer ~ Preserves modality-specific character-

fusion istics; captures effective correlations

Strict alignment requirements;
prone to “curse of dimensionality”
Difficult to capture early interac-
tions and low-level correlations
Complex architecture; high compu-

tational cost

High modal correlation;

limited computational resources
Strong modal heterogeneity; no need
for deep interaction

Strong modal heterogeneity; requires

complex cross-modality interaction
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DL: deep learning
Figure 1  Schematic diagram of deep learning-based multimodal fusion strategies
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Table 2 Research progress on deep learning-based multimodal data fusion technology in oral diseases

Disease Author (Year) Multimodal data Primary task
Oral cancer Lian et al. (2025)[44] Bright-field images + fluorescence im- Classification of exfoliated cells
ages
Li et al. (2025)+! Clinical images + textual data Prediction of malignant transformation risk in oral

leukoplakia

Song et al. (2025)4¢! CT + histopathological Survival prediction and grading of HPV-associated
images oropharyngeal cancer
Periodontal dis- Thanathornwong et al. (2024)"! Clinical images + panoramic radio- Construction of clinical treatment decision model
ease graphs
Zhao et al. (2022)°! EHR + panoramic radiographs Prediction of 14 categories of systemic disease risk
Tan et al. (2025)1*! 10S + CBCT Three-dimensional periodontal probing
Dental caries Ngnamsie Njimbouom et al. (2022)*!  Clinical data + intraoral photographs Caries screening
Zheng et al. (2021)"! Clinical data + periapical radiographs Differential diagnosis of deep caries and pulpitis
TMD Wang et al. (2022)F"! CBCT + MRI Diagnosis of disc displacement and bone changes
Lee et al. (2024)" Clinical data + MRI Detection of TMJ effusion

TMD: temporomandibular disorders; CT: computed tomography; EHR: electronic health records; 10S: intra oral scans; CBCT: cone beam computed tomog-

raphy; MRI: magnetic resonance imaging; HPV: human papilloma virus
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Figure was created with Figdraw 2.0. The left panel shows the integration of radiography, histopathology, intraoral scans, and clinical records. The
middle panel shows the performance of deep learning-based feature extraction and multimodal fusion. The right panel shows the application of
fused features to assisted diagnosis, risk stratification, and treatment evaluation for oral cancer, periodontitis, dental caries, and temporomandibular
disorders (TMD )

Figure 2 Application of deep learning-based multimodal data fusion in oral diseases
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