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I can provide
expert
information for
factors which data
fails to capture,
but I may be
biased.

They expect so
much from me, but
even when I am
really big, I may be
limited,
unstructured, or
even flawed.

Inverse inference
[1 in 1,000 people have disease
D. A test for disease D is 100%
accurate for patients who have
the disease and 95% accurate
for those who don`t. ]
My patient
received a positive
test result. What is
the probability she
has disease D ?

Risk

Interventions

What is the
risk the patient
gets disease D
in the next 10
years ?

What is the
probability a
patient with
disease D will
improve if given
treatment T ?

Counterfactual

Decisions
Having taken
everything into
consideration, which
sets of test and
treatment optimise
the patient’s
outcome ?

Given that
a previous patient
died from disease D,
what would be the
probability for death had
we also known
information X and
on this basis taken
action Y.

The answer is 2%. Most
people, including me, get
it wrong. In fact Casscells
et al., showed that only
18% of participants (staff
and students) at the
Harvard Medical School
gave the correct answer.

Improved predictive accuracy with respect
to whether a prisoner is determined
suitable for release on the basis of risk
management of the individual's risk of
reoffending [1].

Determining whether a decision (such as which type of
investment to make) requires further information and
what is the value of getting further information prior to
making a decision [4].

Consistent profitability against published
market odds by predicting the outcome of
football matches and simulating bets
against the gambling market [2, 3].

Improved decision support with respect to whether a
mentally ill patient is determined suitable for discharge
on the basis of simulating relevant interventions and
assessing the individual's risk of violence [5].
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