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I. Background Information

Massive amounts of ECG data overwhelm doctors,
leading to diagnostic errors [1].

AI can automate ECG analysis, but training accurate AI
requires diverse datasets [2], [3].

We propose a novel Dual-Head Transformer to
personalize the AI for each dataset coupled with
federated learning to protect patient data (FedDualAtt)

Setup - 4-client cross-silo federated learning (FedCVD
benchmark [4])

Proposed Architecture: 
ResNet1D-34 - extracts temporal features from ECG
Dual Attention Mechanism - 

Global Heads: Shared with server to learn broad patterns
Local Heads: Kept private and learns site-specific patterns

Federated Learning:
1.Server broadcasts global parameters

2.Clients merge global and local parameters

3.Client trains on private ECG dataset

4.Clients only upload updated global parameters

5.Server aggregates global heads using weighted average 
Metrics:
Micro-F1: Measures overall reliability by aggregating
true/false positives and false negatives.

Mean Average Precision (mAP): Evaluates precision across all
20 disease types equally
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FedDualAtt model outperformed standard Federated
Averaging (FedAVG) baselines across almost all metrics

Use of local heads showed increase of up to 15% in F1
score and 5% in mAP.

Some datasets prefer more personalization than others 

Architecture allows AI to train from large, diverse datasets
while personalizing to each client

Performance from personalization is not scalable

Ideal split between heads must be determined manually by
observing performance

Future research may investigate the optimal global vs local
heads needed for a specific type of dataset

Figure 1. Overview of the FedDualAtt architecture

Figure 2 -  Comparison showing FedDualAtt outperforming the FedAVG baseline [4] 

Figure 3 - Global-to-local head ratios and performance on each dataset
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