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1 Decision theory
Expected value
Newcomb’s problem

2 Simpson’s paradox
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The expected utility of an action is the sum, over each possible outcome,
of the outcome given the action, times the utility of the outcome:

EU(a) =
X

o2O

P(o | a)U(o)

Example (Coinflip)
I o↵er you a bet.

If the coin lands tails you lose ø1.
If the coin lands heads you win ø2.

Do you take the bet?
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The Von Neumann–Morgenstern Utility Theorem

Suppose you have to rank lotteries, determining for each pair of
lotteries A and B whether you would rather (i) play A over B (ii) play B

over A, or (iii) are indi↵erent between them.

Theorem
Assume you satisfy some weak assumptions, called Completeness,

Transitivity, Continuity and Independence of Irrelevant Alternatives.

Then for any lotteries A and B, A is preferred to B just in case the expected

utility of A is greater than the expected utility of B.
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Elisabeth Anderson

We value things in di↵erent ways
The reason why we value our loved
ones is di↵erent from the reason why
we value work
Our values are not linear, that is, not
always comparable
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Evidential decision theory:

EU(a) =
X

o2O

U(o)P(o | a)

Causal decision theory:

EU(a) =
X

o2O

U(o)P(a > o)
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Predestination as a Newcomb’s Problem

Resnik (1987) argues that Calvinists who believe in divine
predestination e↵ectively face a real-life Newcomb Problem.

They believe their actions on earth have no causal influence over
whether they go to heaven or hell, but doing good deeds give them
evidence that they are going to heaven.

Evidential decision theory: Do good deeds!

Causal decision theory: Your fate is sealed, sin all you want!
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XOR Blackmail

An agent has been alerted to a rumor that her house has a terrible ter-
mite infestation, which would cost her $1,000,000 in damages. She
does not know whether this rumor is true. A greedy and accurate
predictor with a strong reputation for honesty has learned whether or
not it is true, and drafts a letter:

“I know whether or not you have termites, and I have sent you this

letter i↵ exactly one of the following is true: (i) the rumor is false, and

you are going to pay me $1,000 upon receiving this letter; or (ii) the

rumor is true, and you will not pay me upon receiving this letter.”

The predictor then predicts what the agent would do upon receiving
the letter, and sends the agent the letter i↵ exactly one of (i) or (ii) is
true. Thus, the claim made by the letter is true. Assume the agent
receives the letter.

Should she pay up?
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The Twin Prisoner’s Dilemma

An agent has the option of cooperating with or defecting against her
psychological twin, who is in a separate room, faces the same options,
and has the same state of knowledge. Both rank the outcomes the
same way, where “I defect and she cooperates” > “We both cooperate”
> “We both defect” > “I cooperate and she defects.”

Should the agent defect or cooperate?
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Simpson (1951) observed that a trend present in every subgroup may
be reversed in the entire population.

Population 1 Population 2
Drug 3 (100%) 3777 (25%)

No drug 3337 (25%) 7 (0%)

Table: The segregated data

Population 1 + 2
Drug 33777 (40%)

No drug 33377 (60%)

Table: The aggregated data

Example taken from
https://www.youtube.com/watch?v=ebEkn-BiW5k
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Figure: Segregated data
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Figure: Aggregate data
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suppose we knew an additional fact: Estrogen has a negative e↵ect

on recovery, so women are less likely to recover than men, regardless

of the drug. In addition, as we can see from the data, women are

significantly more likely to take the drug than men are. So, the

reason the drug appears to be harmful overall is that, if we select a

drug user at random, that person is more likely to be a woman and

hence less likely to recover than a random person who does not take the

drug. Put di↵erently, being a woman is a common cause of both drug

taking and failure to recover. Therefore, to assess the e↵ectiveness, we

need to compare subjects of the same gender, thereby ensuring that

any di↵erence in recovery rates between those who take the drug and

those who do not is not ascribable to estrogen. This means we should

consult the segregated data, which shows us unequivocally that the

drug is helpful.

(Pearl, Glymour, and Jewell 2016, p. 3)
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“Now, would you recommend the drug to a patient? Once again, the

answer follows from the way the data were generated. In the general

population, the drug might improve recovery rates because of its e↵ect

on blood pressure. But in the subpopulations—the group of people

whose posttreatment BP is high and the group whose posttreatment

BP is low—we, of course, would not see that e↵ect; we would only

see the drug’s toxic e↵ect.

(Pearl, Glymour, and Jewell 2016, pp. 4–5)
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As in the gender example, the purpose of the experiment was to

gauge the overall e↵ect of treatment on rates of recovery. But in

this example, since lowering blood pressure is one of the mechanisms

by which treatment a↵ects recovery, it makes no sense to separate

the results based on blood pressure. (If we had recorded the patients’

blood pressure before treatment, and if it were BP that had an e↵ect on

treatment, rather than the other way around, it would be a di↵erent

story.) So we consult the results for the general population, we find

that treatment increases the probability of recovery, and we decide that

we should recommend treatment. Remarkably, though the numbers

are the same in the gender and blood pressure examples, the correct

result lies in the segregated data for the former and the aggregate data

for the latter.”

(Pearl, Glymour, and Jewell 2016, pp. 4–5)
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Let YX=x be the value that variable Y takes after an intervention to set
X = x. That is, YX=x = y in a model M and context u just in case
M, u |= [X x]Y = y.

Let D, R and Age be binary variables taken from a hospital database,
with D = 1 representing the patient taking a given drug, R = 1
representing recovery from illness, and A = a representing the
patient’s age.

Fact
If, for every age a, we have P(A = a) > 0 and

P(RD=1 = 1 | A = a) > P(RD=0 = 1 | A = a)

then
P(RD=1 = 1) > P(RD=0 = 1).

Simpson’s paradox shows that this does not hold if we replace
P(RD=d = 1 | A = a) with P(R = 1 | A = a, D = d).
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Fact
If, for every age a, we have P(A = a) > 0 and

P(RD=1 = 1 | A = a) > P(RD=0 = 1 | A = a)

then
P(RD=1 = 1) > P(RD=0 = 1).

Proof.

P(RD=1 = 1) =
X

a

P(RD=1 = 1, A = a) (Marginalise over age)

=
X

a

P(RD=1 = 1 | A = a)P(A = a) (Bayes’ rule)

>
X

a

P(RD=0 = 1 | A = a)P(A = a) (Above)

=
X

a

P(RD=0 = 1, A = a) (Bayes’ rule)

= P(RD=0 = 1)
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