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● 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.”

‘Essai philosophique sur les probabilites’

– Laplace (1814)
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Do you think that Laplace’s Demon – in theory – could predict the value of a flipped coin?
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Laplace’s Demon is a physical impossibility…

● Strong or monocausal forms of both social determinism and genetic 
determinism are largely rejected

● But weaker, qualified versions of each remain widely accepted and actively 
researched.

● The key distinction is between determinism as exclusivity versus determinism 
as influence.
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Laplace’s Demon is a physical impossibility…

But: some things are surely more “predictable” than others, right?

● How about the spin of the roulette wheel?
- Pretty hard…

● Whether somebody will die in the next 10 years?
- Quite easy with the right data (e.g. age) and methods?

● What about whether somebody will die?

(n.b: even if the Demon wasn’t impossible, Laplacian determinism isn’t necessarily incompatible with “free will”)
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This relates to the idea of “predictability hypotheses”:



Social data scientists increasingly make statements about how ‘predictable’ things are.
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But how easily can you make these 
statements?



For example, let’s imagine we are predicting (the binarized) one year all cause mortality.

Pick your favourite model evaluation metric. This could be ‘accuracy’, Brier Skill Score,  
ROC-AUC, R2 or anything else.

Here is your model performance: 

BSS = 0.85

The best possible BSS=1, where we have perfectly predicted everything.
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Imagine you have a prediction task…

For example, let’s imagine we are predicting (the binarized) one year all cause mortality.

Pick your favourite model evaluation metric. This could be ‘accuracy’, Brier Skill Score,  
ROC-AUC, R2 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?

1. Algorithms;
2. Dimensionality;
3. Construction of the target feature

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

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?

1. Algorithms;
2. Dimensionality;
3. 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?
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Aleatoric error 

Inherent randomness can never be modelled
(genuine stochasticity)

Epistemic error

In theory eliminable in the limit of human progress 
(resulting from a lack of knowledge)

Social (data) scientists must conceptualise error differently/more reflexively:
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A typical prediction task workflow

1. Form a research question: e.g., ‘How predictable is 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, historical records.

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

X
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Algorithm

Representation

Construct Validity

Relevant information inclusion

https://scholar.google.com/citations?view_op=view_citation&hl=en&user=trFPRdsAAAAJ&citation_for_view=trFPRdsAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=trFPRdsAAAAJ&citation_for_view=trFPRdsAAAAJ:W7OEmFMy1HYC
https://scholar.google.com/citations?view_op=view_citation&hl=en&user=trFPRdsAAAAJ&citation_for_view=trFPRdsAAAAJ:W7OEmFMy1HYC










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:

1. How our ‘target’ feature is constructed;
2. Our feature set and it’s dimensionality
3. The algorithm used to make the prediction

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





What can we do? Comprehensive algorithms and datasets



● Health data scientists commonly screen on predictive risk for disease.
○ Why shouldn’t social scientists predict traits like social frailty?
○ Especially if there are avenues for positive social intervention?

● Current methods and data show relatively low power.
○ But this is rapidly changing.

■ Partly due to the rise of LLMs and GAI.
■ Partly due to the rise of high performance computing
■ Partly due to the rise of population-level datasets.

“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.”

Takeaway Message #1:

The future surely holds immense promise, and is an exciting area of research



● 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.”

Takeaway Message #2:

Let’s be careful about absolute statements when talking of current tools/tech!



● Responsibility distortion
 Prediction shifts moral judgment from realised actions to anticipated futures.

● Stigma and inequality
 Risk labels may entrench disadvantage and reproduce structural bias.

● Overconfidence in prediction
 Apparent accuracy can mask uncertainty and legitimise unwarranted 
intervention.

● Privacy risk
 Rich life-course data enable intrusive inference beyond consent.

“ 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.”

Takeaway Message #3:

All must appreciate ethical risks of such high-precision approaches.



Please consider joining our open and online seminar series, Metrics and Models:

Thank you for your time and attention!


