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Introduction and Background

The Opportunity: ML models can predict treatment

outcomes and guide therapy — but only when trained

on sufficient, diverse patient data.

The Problem: No single centre has enough patients

and privacy law prevents pooling records.

Our Approach: Combined Federated Learning (CFL)

enables collaborative model training across institu-

tions — without any data leaving its source.

Methods

Datasets: Used Breast Cancer Wisconsin Diagnostic

dataset (569 samples, 30 features, binary outcome).

Participants: Simulated across four institutions: 3

Hospitals (10 features each, different samples) and 1

Registry (20 features, outcome feature, all samples).

Architecture: Trained a fully connected neural net-

work (31 inputs, 2 hidden layers: 64 32 ReLU units,

sigmoid output) using the FLOWER framework.

System Design and Setup

Data Sharing

Local Data: Never leaves the institution

Shared: Linear outputs (Z matrices)

Results

Accuracy: The proposed model achieved 99.12% ac-

curacy on the testing dataset.

Parity: Proposed model matched centralised accu-

racy. Individual models showed lower accuracy.

Clinical Implications

Privacy-Preserving: Patient data never leaves the

institutes, satisfying HIPAA/GDPR requirements.

Scalability: New institutions can join the network

without retraining from scratch.

Generalisability: Training across diverse hospital

populations reduces model bias from single-site data.

More Info

For access to our full papers,

implementation details and source

code, please scan the QR code.
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