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Prediction algorithms don’t (generally) have a causal 
interpretation…

• Algorithms / models are often built simply to optimise prediction – e.g. minimal AUC. 

• There is often little or no consideration of underlying causal structure.

• For many applications this is fine – we simply need a prediction, and care little for causality.
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… but a causal interpretation can often be helpful.

• Prediction models based on causal factors are likely to have better transportability / generalisability.

• ‘what-if’ predictions are useful for decision making.

• Prediction models without causal interpretation may be interpreted imprecisely or wrongly.

• Treatment/intervention naïve risks

• ‘Plug in’ contrasts (Table 2 fallacy).
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Sometime it’s obvious that we shouldn’t interpret 
our risk model causally.

• Risk of in-hospital death among patients with pneumonia [Caruana et al (2015)]

• Patients with asthma less likely to die from pneumonia.

• Why? Existing policy: asthma patients with pneumonia go to ICU.

R. Caruana, Y. Lou, J. Gehrke, P. Koch, M. Sturm, and N. Elhadad. 
Intelligible models for healthcare: Predicting pneumonia risk and hospital 30-day readmission. 

In International Conference on Knowledge Discovery and Data Mining (KDD), pages 1721–1730. ACM, 2015.
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Enrich with causal data: make hypothetical 
predictions that more directly support decisions.
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What did we do with our ‘Fortnight’

• Mon 10th – Wed 19th Feb, University of Manchester

• 11 Researchers

• Mixture of:
• Presentations
• Problem holder sessions
• Small / large group discussions
• Writing

• Outputs and further work: to be presented throughout this session.
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Plan for rest of session
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14:30: Use-cases for ‘counterfactual’ prediction models (Niels Peek) [Moderator: Peter Tennant]

14:50: Theory and methods challenges in counterfactual prediction (Karla Diaz-Ordaz) 
[Moderator: Ricardo Silva]

15:10: Clinical decision support needs more than predictions (Matt Sperrin) [Moderator: Niels Peek]

15:25: short break

15:30: Counterfactual prediction in transport modelling (Ricardo Silva) [Moderator: Karla Diaz-Ordaz]

15:50: Enriching latent class models with counterfactual prediction (John Mbotwa) [Moderator: Romin P]

16:10: Discussion (All) [Moderator: Matt Sperrin]

16:30 Finish #TMCFturing


