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PREVENTION THROUGH PREDICTION

01 - BACKGROUND
• Colorectal cancer is the 2nd  leading cause of cancer-related death1, and the 

deadliest cancer in younger Australians2. 

• Some patients have oligometastatic CRC (omCRC) — up to 5 metastatic 
lesions3. These patients can benefit from local therapy such as Stereotactic 
Ablative Radiotherapy (SABR): high-dose radiation targeted at each lesion4. 

• No patient selection framework exists to identify which patients are most 
likely to experience meaningful benefit from SABR5.

Using AI-enabled Prediction to 
Match the Right Treatment to the 
Right Patient
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02 - AIM

03 - METHODS

Build a clinical decision tool that learns across hospitals without patient 
data ever leaving each site (federated learning - FL), and that can 
explain its predictions (explainable AI - XAI).
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• A public breast cancer dataset of 569 patients, with features measured 
from digitised biopsy images, classified as malignant or benign6.

• Five hospitals across NSW and Victoria trained and validated one 
shared predictive model. No patient data left any site (FIG 1).
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FIG 1. Location 
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FIG 2. Classification Accuracy 
Across the Three Approaches

FIG 3. Top 5 Influential Features    
        at Population Level FIG 4. Top 5 Influential Features at Hospital Level 

• Accuracy compared across three approaches: 
federated, centralised, and single-site (FIG 2).

• Explanations generated at three levels: population 
(FIG 3), hospital (FIG 4), and individual-level(FIG 5).

05 - DISCUSSION
• Federated learning approached centralised accuracy without sharing 

any patient data, and consistently beat single-site models (FIG 2)

• With XAI in FL, the features influencing prediction become visible at 
the population (FIG 3), institutional (FIG 4), and individual level (FIG 5)

06 - CONCLUSION
• Federated learning and explainable AI can be 

combined without sacrificing accuracy or explainability.

• Next: apply this to omCRC data to build the SABR 
patient selection tool.

FIG 5. Individualised Prediction from 
Patient Unique features
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• Why breast cancer data? Before applying this to omCRC, we 
tested whether FL and XAI can work together. 

04 - RESULTS
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