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Introduction 

 

Advances in generative AI, especially diffusion models, now enable realistic synchronization of facial motion and 

speech, removing earlier artefacts and complicating forensic and clinical verification (Pei et al., 2024; Durall et 

al., 2020; Rössler et al., 2019; Prajwal et al., 2020; Chung and Zisserman, 2016). In dentistry, authentic audiovisual 

data are crucial for remote consultations, patient communication, and medico-legal documentation, as 

manipulated videos can alter anatomical or acoustic cues, posing medical and legal risks. Unimodal detectors lose 

over 30% accuracy after compression (Hershey et al., 2017; Verdoliva, 2020), whereas multimodal coherence 

features linking facial motion, voice, and ambient sound, remain robust under degradation (Prajwal et al., 2020; 

Oorloff et al., 2024). This study presents an interpretable multimodal framework combining temporal, 

photometric, and bioacoustic cues for reliable deepfake detection in medical contexts, ensuring forensic 

transparency and clinical applicability (Doshi-Velez and Kim, 2017; Tucci et al., 2024; Schwendicke, Samek and 

Krois, 2020). 

 

Methods 

 
The framework was designed for reproducibility and robustness using the DFRW dataset (46,371 clips; 77% with 

audio) standardized to MP4/H.264, 30 fps, 48 kHz per EBU R128 and ITU-R BS.1770-4 (International 

Organization for Standardization, 2009).  

 

Visual, acoustic, and cross-modal features were extracted, applying thresholds from real data (Δp≥0.15, PR≥1.5, 

q<0.05) (Benjamini and Hochberg, 1995). Key visual cues were radial distortion (Δp = 0.17), rolling-shutter 

deviation (Δp = 0.16), and reduced facial micro-motion (Δp = 0.19) (Ray, 2002). Acoustic features showed 

reduced F₀ (−22%), jitter (−31%), shimmer (−27%), and unrealistic reverberation (RT₆₀ < 0.15 s in 24% of fakes 

vs 9% real) (International Organization for Standardization, 2009). Dominant cross-modal metrics included lip-

speech mismatch (Δp = 0.21) (Prajwal et al., 2020; Chung and Zisserman, 2016), audiovisual delay > 45 ms 
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(Oorloff et al., 2024), and face–voice coherence (Δp ≈ 0.19). Robustness exceeded 85% under compression 

(Verdoliva, 2020). Clinically, it supports authenticity verification of dental recordings in accordance with XAI 

and medical data standards (Doshi-Velez and Kim, 2017; Tucci et al., 2024; Schwendicke, Samek and Krois, 

2020), using transparent threshold-based evaluation without supervised classifiers. 

 

Results 

 
Analysis of 47 multimodal features showed clear separation between real and synthetic clips. Cross-modal 

synchronization performed best: LSE-D/LSE-C and phoneme-viseme mismatch reached Δp=0.21–0.22, PR=2.5–

2.7, with desynchronization in 37% of fakes vs 14% of real videos (Prajwal et al., 2020; Chung and Zisserman, 

2016). Identity coherence (Δp=0.19, PR=2.5) and scene–audio consistency (Δp=0.18, PR=2.6) further reinforced 

detection (Oorloff et al., 2024). Acoustic features showed reduced natural variability: F₀ −22%, jitter −31%, 

shimmer −27% and shorter RT₆₀ (0.12s vs 0.28s, Δp=0.16, PR=2.3) (International Organization for 

Standardization, 2009). Visual-geometric cues like radial distortion (Δp=0.17, PR=2.1) and rolling-shutter slope 

(Δp=0.16, PR=2.0) added complementary strength. The multimodal ensemble reached Δp≈0.20, PR≈2.5, 

maintaining >85% robustness under compression and scaling (Verdoliva, 2020) (Fig. 1). In 60 simulated dental 

teleconsultations, tampered videos showed Δp=0.18±0.04, PR=2.3±0.2, enabling automatic authenticity alerts and 

confirming the method’s forensic and clinical utility. Compared to unimodal baselines, multimodal coherence 

increased detection reliability by approximately 30% under realistic compression. 
 

 
 

Fig. 1. Discriminative power of visual, acoustic, and cross-modal features. Cross-modal metrics show the 

strongest separation (Δp ≈ 0.21, PR ≈ 2.6) for robust, explainable deepfake detection in clinical use. 

 

Discussion 

 
Multimodal coherence offers a stable and interpretable basis for deepfake detection, outperforming unimodal 

texture or spectral methods that lose accuracy after compression (Pei et al., 2024; Prajwal et al., 2020; Chung and 

Zisserman, 2016; Hershey et al., 2017; Verdoliva, 2020; Oorloff et al., 2024). Consistent separation (Δp≈0.20, 

PR≈2.5) across features such as LSE-D/LSE-C and Δt₍AV₎ confirms coherence as a strong discriminator even for 

diffusion-based fakes (Durall et al., 2020; Rössler et al., 2019; Tucci et al., 2024). Each feature reflects a 

measurable anomaly like unnatural motion, lip–speech mismatch, or unrealistic acoustics, supporting transparent 

verification under XAI and legal standards (Doshi-Velez and Kim, 2017; Tucci et al., 2024; Schwendicke, Samek 

and Krois, 2020). Clinically, the same metrics enable detection of manipulated dental recordings when Δt₍AV₎ or 

S₍scene–audio₎ exceed Δp=0.15 (International Organization for Standardization, 2009). With <15% degradation 

under compression, the framework remains operationally robust (Verdoliva, 2020) and adaptable to hybrid AI 

systems, establishing multimodal coherence as a practical, explainable standard for audiovisual integrity in 

forensic and medical domains (Schwendicke, Samek and Krois, 2020). 

 

Conclusions 

 
Multimodal coherence provides a robust and explainable foundation for deepfake detection in forensic and clinical 

contexts. Integrating visual, acoustic, and cross-modal cues achieved stable separation (Δp≈0.20, PR≈2.5) with 

>85% robustness under compression (Verdoliva, 2020). Feature selection based solely on real data ensures 



interpretability and compliance with XAI and forensic transparency standards (Doshi-Velez and Kim, 2017; 

Schwendicke, Samek and Krois, 2020; Benjamini and Hochberg, 1995). The framework bridges black-box AI 

with practical verification needs. In teledentistry, it enables reliable validation of audiovisual integrity in remote 

consultations and patient communication, enhancing medico-legal trust (International Organization for 

Standardization, 2009). Future development will extend its use to multimodal medical datasets and telehealth 

systems, establishing coherence-based verification as a core standard for trustworthy digital healthcare media 

(Schwendicke, Samek and Krois, 2020). 
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