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How accurately can you predict the result of a flipped coin?

What about a spin on the roulette wheel?

Now, consider the following quote…



“We may regard the present state of the universe as the effect of its past and the 
cause of its future. An intellect which at a certain moment would know all forces 
that set nature in motion, and all positions of all items of which nature is 
composed, if this intellect were also vast enough to submit these data to analysis, 
… nothing would be uncertain.”

– Laplace (1814), ‘Essai philosophique sur les probabilites’
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Do you think that Laplace’s Demon could predict the value of a flipped coin?



Imagine you have a prediction task…

For example, let’s imagine we are predicting one-year all-cause mortality.

Pick your favourite model evaluation metric. This could be accuracy, Brier Skill Score,  
ROC-AUC, or anything else.

Here is your model performance: 

BSS = 0.85

The best possible BSS=1, where we have perfectly predicted everything.

Then…

1. What’s the 0.15, the gap between your current prediction and the best possible 
prediction? 

2. Are we ever able to achieve the ‘perfect’ score as defined by any common metric?



Existing error decomposition (e.g., Hastie et al. 2001)

0.15

0.85

Reducible 
error

Irreducible 
error

ROC-AUC

How can we better systematically think about prediction errors?



Existing error decomposition (e.g., Hastie et al. 2001)

0.15

0.85

Reducible 
error

Irreducible 
error

ROC-AUC From           to            :

What determines accuracy?

● Algorithms 
● Variable exclusion/inclusion.
● Construction of the target feature

What is ‘irreducible’ today may not be irreducible tomorrow!

Everything is EVOLVING!

Including data, algorithms and the construction of the target feature itself

How can we better systematically think about prediction errors?



This is increasingly important as health data scientists are increasingly making 
statements about how ‘predictable’ things are.
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This is increasingly important as health data scientists are increasingly making 
statements about how ‘predictable’ things are.

We argue that they should not be doing this!





Aleatoric error 

Inherent randomness can never be modelled
(genuine stochasticity)

Epistemic error

In theory eliminable with human progress 
(resulting from a lack of knowledge)

Conceptualise error differently/more reflexively:



A typical prediction task workflow

1. Form a research question: e.g., ‘How predictable is GPA/one-year all-cause mortality?’

2. Read relevant paper & theories, identify covariates: e.g., social determinants of health.

3. Find appropriate/ collect data for the research question: e.g., biobanks, surveys.

4. Use proper algorithm(s) to run the prediction task: e.g., a regression, or an LLM.

5. Analyse outcomes: e.g., any of your favourite model evaluation metrics.

Once data, research object and covariates are specified, the research design is confirmed; 
The aleatoric error of the research object target feature becomes fixed.



Is 0.823 the predictive ceiling? Can I ever 
improve it?

Example taken from Yan, J. (2025), ‘Revisiting 
the social determinants of health with explainable 
AI: a cross-country perspective’, American 
Journal of Epidemiology
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We claim that people should be responsibly using terms while thinking about the 
limits of human endeavour:

We can only say how predictable things are conditional on features and 
predictive machines.

We emphasize the importance – and develop a new style – of ‘learning curve’.





What can we do? Comprehensive algorithms and datasets
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Can we ever know where we are in the process?

● We have up to seven new approaches for approximating epistemic error 
across data, model, and measurement.

● These methods include learning curves (Mohr & van Rijn, 2021), Taylor 
expansions with the law of propagation of uncertainty, and bootstrap variants.

● We also developed a large-scale integrated simulation bench that uses 
user-defined data-generating mechanisms.



● Aleatoric error is unmodelable; fixed at the point of confirming your 
research question.

● Aleatoric error levels can vary depending on the research object; 
some topics are easier to predict than others.

● Epistemic error can be eliminated through
○ Better capture of information 

■ Better representativity 
■ Better variable construction
■ Better relevant information inclusion

○ Better algorithms 

“ Until we have reason to believe that we have eliminated error through better measurement and construction 
of features and outputs — in addition to the elimination of learning error — we should only tentatively discuss 
how predictable things are with current data and technology.”



Your Role during as in a Placement/ as a PRS/DPhil Researcher

What could these projects entail?

● Algorithmically defining “luck” (see Zheng and Cheng, 2025)

● Further mathematical derivations and decompositions

● Replication projects of existing papers with LLMs

● Building prototypes of fusion models to merge modalities.

● Work to approximate the limits to prediction (e.g. learning 

curves)



Reasons why these projects are cool:

● Co-Supervision with Engineering Science (health, medical, 
and social expertise).

● Join an active lab of population health data scientists
○ With an extremely technical focus at present

● Opportunities to pick exact research question
○ Empirical or theoretical: we can offer either.

● Guaranteed co-authorship on >=1 paper.
● Extension to DPhil research component

○ By the time of the projects, we should have three grant applications 
worth ~£7m under review.



Reasons why these projects are not cool:

● We will expect you to work hard :(



Reasons why these projects are not cool:

● We will expect you to work hard :(

● But it’s a very flexible, energetic environment, we’re fun :)



Paper publicly available in Nature 
Computational Science:

We’re recruiting DPhil students for 
both 2025/2026 _projects_ and entry:

Thank you for your time and attention!


