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Introduction to Electronic Medical Records (EMRs)

• What is EMR:
• Digital versions of patients’ paper charts.

• Why EMR Data Matters:
• Supports better clinical decision-making

• Data types:
• Structured, unstructured, and temporal.
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The Need for Multimodal EMR Fusion

• Background:
• EMR systems are rapidly growing, providing rich patient data.

• Problem:
• Previous research focused on single-modality data,

underutilizing multimodal EMR data.
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Challenges in Multimodal EMR Fusion

• Data Irregularity:
• Irregular time intervals and missing entries complicate analysis.

• Data Variety:
• Integrating structured (tabular) and unstructured (textual)

data types.
• Long-Term Dependencies:

• Capturing patient health trends over extended periods.
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Study Objectives and Contributions

• Goal: Develop a robust multimodal fusion model, termed
T-MAG (Time-series Multimodal Adaptation Gate), to
combine diverse EMR data effectively.

• Research Focus:
• Integrate four distinct EMR data types: static tabular, static

notes, temporal tabular, and temporal notes.
• Implement mechanisms like attention-backtracking to handle

long-term dependencies and improve predictive capabilities.
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Understanding MAG and LSTM:

• MAG:
Imagine a traffic controller that directs information flow,
ensuring the most important data gets through.

• LSTM:
Picture a note-taker that remembers key points over time,
even when there’s a lot of information.
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Methods Overview

Figure 1: An overview of the study.

• Objective: Develop a multimodal fusion model to integrate
temporal and static EMR data, enhancing prediction accuracy
for medical tasks like in-hospital mortality and long stay.
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Data Sources

• Data Sources: EMR data from Beijing hospital (2014-2016),
including 1271 AMI and 6450 stroke records.

• Static Data: Patient demographics, admission data.
• Temporal Data: Laboratory results, progress notes.
• Data Preprocessing: Interpolate missing values and segment

data into manageable parts.
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Model Training Process

• Data Splitting: Randomly split into training (80%),
validation (10%), and test (10%) sets.

• Optimizer and Hyperparameters: Adam optimizer with a
learning rate of 0.0001, batch size of 64, and a maximum of
50 epochs.

• Loss Function: Binary cross-entropy loss for calculating the
difference between true and predicted values.

• Evaluation Metrics: AUROC, AUPRC, and F1 Score.
• Model Selection: Choose the parameter set with the

minimum validation loss.
• Implementation: All deep learning models are implemented

using PyTorch 1.10.
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Model Evaluation

• Tasks:
• In-hospital mortality prediction.
• Length of stay prediction (threshold: 14 days).

• Metrics:
• AUROC (Area Under the Receiver Operating Characteristic

Curve)
• AUPRC (Area Under Precision-Recall Curve)
• F1 Score
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Evaluation of the T-MAG-Based Multimodal Fusion Model

These metrics provide insights into the performance of the
model, especially on imbalanced datasets.

• Prediction Formula

Ŷ = sigmoid(Linear(Z )) (1)

where Ŷ is the predicted value and Z is the final fused
representation.

• Loss Function

L = − 1
B

B∑
i=1

Yi log(Ŷi ) + (1 − Yi ) log(1 − Ŷi ) (2)

where Y is the true value and Ŷ is the predicted value. This
cross-entropy loss function measures the difference between
the true values and the predictions.
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T-MAG Model Structure

Figure 2: T-MAG Model Structure
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T-MAG Model Structure

Figure 3: T-MAG Model Structure

• There are specialized encoders for different data types.
• Fusion: MAG control the influence of auxiliary modalities.
• Attention-Backtracking Module: Captures long-term

dependencies in temporal data.
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T-MAG Model Structure

• T-MAG Model: Integrates
four EMR data modalities.

• Static Data: Encoded
using one-hot for
demographic and doc2vec
for note data.

• Temporal Data:
Encoded with LSTM and
Transformer-XL for
tabular and note data. Figure 4: T-MAG Model Structure
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Static Data Processing and Flow

• Feature Embedding for Static Tabular Data

Fst = Onehot(Ist)

Static tabular data is divided into continuous and discrete
variables, which are then discretized and one-hot encoded to
generate the static tabular representation.

• Feature Embedding for Static Note Data

Fsn = doc2vec(Isn)

Static note data is processed using doc2vec to obtain the
representation of the patient’s static notes.
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Temporal Data Processing and Flow

• Feature Embedding for Temporal Tabular Data

F i
tt
′ = ReLU(Linear(I itt))

Fi
tt = LSTM(F i

tt
′) Time series tabular data is encoded using a

fully connected neural network with ReLU activation, followed
by an LSTM network to obtain the time-structured
representation for each subsequence.

• Feature Embedding for Temporal Note Data

F i
tn

′ = TransformerXL(I itn)

Fi
tn = LSTM(F i

tn
′) Time series clinical note data is encoded

using Transformer-XL, followed by an LSTM network to obtain
the temporal structure information for each subsequence.
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Fusion Process

• Fusion Process:
• Separate fusion for static

and temporal
representations using
Multimodal Adaptation
Gate (MAG).

• Use of an
attention-backtracking
mechanism to capture
long-term dependencies in
patient data.

• Output: Fused
representation passed
through LSTM for
prediction tasks.

Figure 5: Fusion Process
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Multimodal Adaptation Gate (MAG)

• MAG Function: Dynamically adjusts the influence of auxiliary
data.

• Gating Mechanism: Controls importance of auxiliary
embeddings to minimize redundant information.

• Process:
• Treats one modality as primary and others as auxiliary.
• Influence of auxiliary modalities on the primary modality is

represented as a displacement vector H.
• Fusion is interpreted as the addition of the primary modality

and the displacement vector.
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T-MAG Architecture: Data Fusion (Part 1)

• Static MAG Calculation

gS = σ(WgS [FSn;FSt ] + bgS)

where gS is the gating value, WgS is the weight matrix, and
bgS is the scalar base, and σ(x) is the sigmoid function.
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T-MAG Architecture: Data Fusion (Part 2)

• Displacement Vector Calculation

HS = gS · (WhSFSt) + bhS

where WhS is the weight matrix for static tabular modality and
bhS is the bias vector.

• Multimodal Representation Creation

ES = FSn + αSHS where αS = min

(
∥FSn∥2

∥HS∥2βS
, 1
)

where βS is a randomly initialized hyper-parameter, and αS is
the scaling factor.

• Attention-Backtracking Module
• Final Patient Fusion Representation

• Concatenates static fusion representation with each time series
subsequence fusion representation.

• Inputs into a 2-layer LSTM to obtain the final patient fusion
representation, denoted as Z .
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Attention-Backtracking Mechanism

• Purpose: Enhances model’s
ability to capture long-term
dependencies.

• Mechanism:
• Uses self-attention on

prior subsequences to
inform the current
sequence representation.

• Outputs a weighted sum
that includes context
from previous records,
improving time-series data
interpretation.

Figure 6: Attention-Backtracking
Mechanism
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Results Overview

• Evaluation Structure:
• Impact of Main Modality Selection
• Performance of Different Data Subsets
• Comparative Experiments with Baseline Models
• Ablation Study of Key Components
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Impact of the Main Modality

• Objective:Find which modality selection yields the best results.
• Key Findings: Using static notes and temporal notes as the main

modality produced the highest AUROC in both tasks.
AMI Dataset: 0.928 AUROC, Stroke Dataset: 0.954 AUROC.

• Conclusion:Clinical notes as the main modality outperform others.
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Impact of Different Subsets

Figure 7: Prediction results of the complete data set and subsets in the
AMI data set (A) and the Stroke data set (B).

• Objective: Assess the impact of data subsets on predictions.
• Full Dataset: Best performance achieved.
• "Only Notes": AUROCs 0.848 (AMI), 0.938 (Stroke).
• "Static Only": Underperformed, time-series data is important.

• Conclusion: Complete data outperforms partial subsets.
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Results on the AMI dataset

• Fusion Methods Compared:
• MAG-based Fusion Models: T-MAG and MAG-LSTM

achieved the best results, underscoring the effectiveness of
MAG for medical data fusion.

• Transformer-Based Models: Crossformer and PatchTST
performed well on stroke dataset but lacked in capturing
temporal information as effectively as T-MAG.
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Results on the Stroke dataset

• Fusion Methods Compared:
• Deep Learning Models: DNN and LSTM underperformed

due to limited handling of sequential data and multimodal
integration.

• T-MAG Performance: Outshines traditional methods and
other deep learning models. Shows the power of combining
multiple data types.
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Ablation Study

• Objective: Assess the effect of attention-backtracking on
model performance.

• Results: Removing attention-backtracking led to notable
performance drops:

• AMI Dataset: AUROC reduced to 0.889 for mortality
prediction and 0.837 for length of stay.

• Stroke Dataset: AUROC reduced to 0.928 for mortality and
0.772 for length of stay.

• Conclusion: Attention-backtracking is essential for capturing
long-term dependencies, especially in datasets with varied
hospitalization periods.
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Conclusions and Significance

• Objective Achieved: Developed the T-MAG model for
predicting patient outcomes using diverse EMR data types.

• High Performance: T-MAG outperformed existing models in
predicting in-hospital mortality and length of stay.

• Predictive Accuracy: Achieved high AUROC, AUPRC, and
F1 scores, establishing it as an effective tool for clinical
decision support.

• Impact on Clinical Practice: Enables early identification of
high-risk patients and potential reduction of healthcare costs.
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Contributions and Innovations

• Innovative Fusion Technique: T-MAG integrates static and
temporal EMR data, effectively handling time-series data
irregularities.

• Attention-Backtracking Module: Enhances the model’s
ability to capture long-term dependencies, improving predictive
accuracy for clinical outcomes.

• Adaptability: Demonstrates robust performance across
multiple EMR data types, with potential for broader
applications in healthcare predictions.
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Limitations and Future Work

Limitations:
• Sample Size: Data from a

single hospital limits
generalizability.

• Temporal Data Handling:
Need to refine methods for
complex time series patterns.

• Focused Prediction Tasks:
Currently covers only
mortality and length of stay;
other tasks remain to be
explored.

Future Work:
• Expanding Dataset Scope:

Incorporate data from
multiple institutions and
English-language datasets.

• Refining Temporal Fusion
Techniques: Develop
advanced methods for
handling irregular temporal
data.

• New Clinical Applications:
Apply T-MAG to additional
tasks and consider
integrating imaging data.
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Questions

Questions and Discussion

• The study mentioned the modal diversity of clinical data and
the irregularity of time series. What are some common
challenges that impact the effective fusion of multimodal
data? How can these challenges be better addressed in clinical
practice?

• This paper uses LSTM and self-attention mechanism to
capture long-term dependencies, and introduces an attention
backtracking module in the fusion step. What are the
advantages and disadvantages of this option compared to
other methods (e.g. Transformer, CNN)?
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Thank You
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