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Motivation
• Prior works overlook the issue of latent contamination
• Example:

• Patient 1: 
• Positive for (12 hrs):

• In-Hospital Mortality
• ICU Transfer

• Shows:
• Low diastolic blood pressure
• High Heart Rate

• Patient 2:
• Negative
• Shows:

• Abnormal Temperatures

Elevated temp can lead to low blood 
pressure and an increased HR



Objectives

• Model representation contamination (Counterfactual Prompt 
Learning)

• Perform representation calibration (Adaptive Dynamic Imputation)
• Enhancement for constructing highly discriminative representations 

(Multimodal Representation Fusion )

CLEAR: Counterfactual disparity Learning model for Explicit 
Multimodal EHR analysis



Problem Formulation

• Multimodal Data: 
• Objective: Utilize multimodal data along with their diagnostic 

labels to train a general multimodal model CLEAR for supporting 
effective medical decision-making

• Training Pipeline:



Architecture



Counterfactual Prompt Learning

• Modality-specific encoder:
• Objective: Harness the counterfactual 

representation discrepancy projected by 
factual and counterfactual prompts to 
distinguish between discriminative and 
spurious representations

• Construct factual and counterfactual 
prompts:

• Map the prompts into latent space:



Counterfactual Prompt Learning

• Project correlations between modality 
representations and both prompt representations

• MHA:

• Counterfactual representation discrepancy:

• Minimize the overall loss:

Counterfactual Representation 
Discrepancy: It is the element-wise 
difference between 2 representations 
projected by the factual prompt P and 
projected by the counterfactual prompt 
P′:



Adaptive Dynamic Imputation
• Performs representation calibration and enhancement 

element-wise
• Map to binary value:
• Threshold with representations with high discriminative 

discrepancies are retained, and those with low 
discrepancies are suppressed:

• Gating-Merge:



Multimodal Representation Fusion
• Establish both intra-modality correlations and inter-modality 

associations
• Assuming Ƹ𝑧𝑚𝑖  is interaction within a modality, intra-modality:

• Concatenate all modality information:
• For inter-modality:

• Final prediction and loss:



Experiments

• Data:
• MIMIC-IV
• ODIR

• Tasks:
• Critical Outcome 

Prediction and 
Hospitalization 
Prediction 
(MIMIC-IV)

• Ocular Phenotype 
Prediction (ODIR)
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Motivation

• Current multitask models for 
healthcare prediction typically 
necessitate complete labels for all 
tasks

• Such demand for data is exceedingly 
stringent



Objectives

• Develop a flexible model capable of 
supporting multimodal inputs and adapting 
to various heterogeneous tasks, without 
requiring comprehensive labels for each 
sample across all tasks

• Deal with the information disparities among 
modalities and tasks comprehensively 
within a multitask framework

FlexCare: Flexible Multimodal Healthcare 
Prediction



Problem Formulation

• Datasets for a set of tasks:

• Overall Objective: Given the multimodal datasets for different 
tasks, learn a unified task-adaptive predictive function



Architecture

3 parts:
• Task-agnostic multimodal information extraction: Leverages unimodal feature extractors and a multimodal encoder
• Task-guided hierarchical multimodal fusion:  Hierarchical fusion from modality-level to patient-level embeddings
• Task-specific prediction heads: Configured with individual predictors for each task



Task-agnostic Multimodal Information 
Extraction
• Encode to embedding:
• Inject task-specific information into the model, a 

learnable task token is allocated for each task 
category

• Stack inter-modality token:
• Stack everything together to get a multimodal 

sequence:
• Get correlation and multimodal fusion: 



Task-agnostic Multimodal Information 
Extraction

• Additional modality mask: Enables modality 
combination tokens to precisely target information 
relevant to diverse modality combination patterns:

• As multimodal information extraction is task-
agnostic, task token aggregates info from other 
tokens unidirectionally

• To avoid feature redundancy, regularizer:



Task-guided Hierarchical Multimodal Fusion & 
Prediction Heads 
• Task/Modality-aware MOE: Weighted average of the 

selected 𝑘 experts:

• Patient-level embeddings:

• Final Prediction:
• Overall Loss:



Experiments

• Data: MIMIC-IV, MIMIC-CXR JPG, 
MIMIC-IV NOTE

• Tasks: 
• in-hospital mortality (IHM)
• length-of-stay (LOS) 
• decompensation(DEC) 
• phenotyping (PHE) 
• readmission (REA) 
• diagnosis (DIA) 



Result
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