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Question: Shall we give a drug to a next patient or not?
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Statistics alone cannot suffice

Sure-Thing Principle:
Decision makers who would take a certain action if they knew that event F has occurred, and also if they
knew that the negation of F" has occurred, should also take that same action if they knows nothing about F.

Treatment Treatment
C F C F
PEICE) < PEIRGE) Gender Blood
P(E|C,~F) < P(E|-C,~F) pressure
PE|C)> P(E|C
IO > PERO Recovery E Recovery E
(a) (b)

Conclusion: Our actions shall not be based on statistical consideration!
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1. [ F—>Jorl <« F — J or
2. I > M« J whereM #£ F.

7 3. Fisnota descendant of C

More examples

74 Z
() (b) (c)
74
® —@ @ [ ‘\ [ >0
74 X Y X Y X Y
2.

(d) (e) (f)

Bonus Question: In which of these causal.structures is Simpson’s reversal realisable?
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Recap: Causal Reasoning
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Causal Reasoning
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Example: A —smoking, B — cancer, A — genetics
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Causal Reasoning

®—® Q./

Example: A —smoking, B — cancer, A — genetics

Notations: A, B, A — random variables, a, b, A — values, p(a) = p(A = a).
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Can we measure how much
A is influencing B?
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Measuring Causality: Interventions
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Measuring Causality: Interventions

re

Average causal effect!:

ACEa-5 = max (p(bldo(a)) - p(bldo(4)) ). (1)
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Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.
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Measuring Causality: Instrument

Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.

X — instrumental variable,

. ' . Statistics: p(a, b|x) = >, p(a|x, A)p(bla, A)p()).

\./ Assumption: p(\, x) = p(A\)p(x)

C(X, B)

If b= ka+ )\, then Kk = C(X,A)

C(X,N) = 0.

where C(X, B) = (X, B) — (X)(B) — covariance, and

MARIAMI GACHECHILADZE

15




Simplest Instrumental Scenario

MARIAMI GACHECHILADZE 16



Simplest Instrumental Scenario

Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.

h'¢

MARIAMI GACHECHILADZE 16



Simplest Instrumental Scenario

Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.

x,a,b e {0,1}

p(a, b2

h'¢

MARIAMI GACHECHILADZE 16



Simplest Instrumental Scenario

Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.

x,a,b e {0,1}

p(a, )

Lower bound?:

ACEs_5 > 2p(0,0[0) + p(1,1]0) + p(0, 1|1) + p(1,1]1) — 2, (3)

where
ACEa_5 = max (p(bldo(a)) — p(b|do(4)).

/
a,a’,b

2A. Balke and J. Pearl, “Bounds on treatment effects from studies with imperfect compliance,” Journal of

the American Statistical Association 92, 1171-1176 (1997).
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Example: A —smoking, B — cancer, A — genetics, X — taxation of tobacco.

x,a,b e {0,1}

p(a, )

Lower bound?:

(3)

where

ACEa5 = max (p(b|do(a)) — p(bldo(a)) ).

/
a,a’,b

2A. Balke and J. Pearl, “Bounds on treatment effects from studies with imperfect compliance,” Journal of

the American Statistical Association 92, 1171-1176 (1997).
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Average causal effect and its estimates
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 How to derive the bounds?
e Bottlenecks of the instrumental scenario

* And how to treat them?
X ' (X
A, (B (A, B @\ B
\m N N

(a) (b) (c)

19



