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Motivation: Multimodal Longitudinal Modeling for Enhanced Diagnosis

A real case from MIMIC:
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Challenges: Redundancy & Temporal misalignments 

Redundancy in clinical image sequences

time

Temporal misalignments across modalities

EHR: high-frequency
Static anatomical features dominate. 

Diluting pathological changes. 

CXR: irregular snapshots

Blurring rapid clinical changes.

VS



Our Solution: Disease Progression-Aware Clinical Prediction (DiPro)

Spatiotemporal 
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Our Solution: Spatiotemporal Disentanglement (STD) 
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Goal: Disentangle region-based time-invariant (static) and time-variant (dynamic) information.

Feature extraction:

Orthogonal disentanglement loss:

Temporal consistency for static features:

Static feature: 

Dynamic feature: 



Our Solution: Progression-Aware Enhancement (PAE) 
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Goal: Improve the model’s sensitivity to progression direction.

Reversed dynamic and static features:

Reversed static feature: 

Reversed dynamic feature: 

Region-based disease progression prediction:

Predicted original direction:

Predicted reversed direction:

Training objective: Original label Reversed label

Static consistency



Our Solution: Multiscale Multimodal Fusion (MMF) 
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Goal: Integrate temporally misaligned CXR and EHR data via local and global fusion.

Local EHR Encoding:

Cross-attention: Interval time embeddings (Query)

& Global EHR features (Key and Value)

Local CXR-EHR Fusion:

Global Hierarchical Fusion: 

Final static fusion and prediction



➢ DiPro excels in modeling disease progression in sequential CXRs.

Disentangled temporal features → clearer disease dynamics

Progression-aware Enhancement → emphasizes progression semantics

Experiment Results: Disease Progression Identification

➢ Adding EHR boosts unimodal DiPro

Confirms effective use of complementary EHR features



Experiment Results: General ICU Prediction

➢ DiPro excels in modeling longitudinal multimodal fusion.Existing models experience performance drop with longitudinal CXRs. 

➢ DiPro alleviates redundancy and misalignment in longitudinal CXRs and EHR.



DiPro echoes with clinical knowledge

(a) Disease Progression Identification  

Averaged attention weights of CXR regions in different tasks:

(b) General ICU Prediction

Experiment Results: General ICU Prediction

Shared pathological regions

Linked to increased mortality risk

More diverse attention

Left < Right



Conclusion: Key Takeaways

➢ Disentangle Dynamic from Static Representations:

Mitigate redundancy & improve temporal feature fidelity.

➢ Multiscale Fusion of Longitudinal Multimodal Data:

Achieves comprehensive integration across modalities.

➢ Incorporate Progression-Direction Awareness:

Enhances the model’s sensitivity of disease evolution patterns.



Thank you!

12

Code Paper

Poster session:  Thu 4 Dec 4:30 p.m. — 7:30 p.m.


