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Markov Random fields
DAGs not the only language
for expressing and ind

0 Undirected graphic model
o commen in image processing
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What's mare expressive : DAG or MR?

Write fully ind DAC/MRS
Write fully dep DAC/MRS

Write DAG MRS
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ML - Learning fram data assumptions
Stab learning - assumptions on funstrand forms,

hypobless classes

Causality will introduce new fanly of
statements corresponding assumptions

What s the flaer of different bunals of
assumples? What must I belove abord the world?

(3) Conce possible gene

Armatapha i smoking that causes
↓ar smoking d

also predsports
t Cancer

(2) Earthquake
Burglary
Alarm

(3) improvise



Causality
Who's hard of it?
What does it mean to you?

(discuss)

Causality concerns interventions

Y
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Y - X
,
T
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YIx -> YIdo(T= 1)
,
X

Why is consality important?
-=> Perhaps not in Prediction

Cors it?! dataset stret; hontoonstruct Buysnet)
Often mmether he admitt we want

data to tell us what to do



Cansalixy's importance (cont'd)

Health come
· personal medice
· riskscor a we predator esoutel? )

Carmana example (he coefall
X -
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Astre treatment death

Other Domains : sis himing (ii) recommendation

Primary Avers of Carseliby
· Inference -

Anse grasugatestede
↳ from dategrop

· Discovery.
is make possibl

New wrinkle
: Identification



History
1439 - Huress two defuting

1918 - Sewall Wrights pith drograms
1940s-TOS SEMs enter soard science

1993 - Fanlatron as DAGS
spirtes , Glywour, Schares

1995- Peart identation results
S formalize
"do"-calculus

Ladder of Causation

2 Imagining (Counterfatmals)

(Intervention)# (Association]



why might consality # Correlation?

Y ...... cause Y?Li does
X

Simpson's paradox
⑤-Serson ⑱
db ⑳?.Dem are

o sins

⑲ Hourt disease mads

Heart attack ?
⑮ ⑪



Confounding
Central problem of Causality
commen Landeg of both tro-ment
I outcome

How to elminate confounding ?

Randomized Controlled Trals (l(Ts)
BebAs - in resulting data

andArands interventional
corncic

Cans - Not always possible or ethical
Smoking , interest rates



Two Notational Worlds
- Graphs (cmuspeorl)
- Potential out comes

Technically equivalent, but different altitudes,
emphasis, Plaver

Tuterwerbran as edge delebron-

-8 ⑦x
-> ⑰④
↑

P(Y(X) P(Y(do(Y=3)

Lansal interpretation of graph
dirat elges , chois, etc

SCM Orph + structural equatras/
construct distributions



Consol Quantities of interest

Average Treatment Effect
PCY1doC= 3)) - P(ildo(i= 01)

Londbonal Avg Tr. Eff.

P(Y(do(T-s),x) - P(Y(d(i
= v)
, x)

Counter Sactuals

Bock-door aditment
P(Y/dr(x= 3)) [ P(Y/i3,x) P(x)

X

frant door



Rubin - Neyman Casal Model
Yo(Xi) - Potented outcome had unit ;

receive trend mard 8

Y, (xi)
12

* Proplem - only one observed

Yi = +iY
,
(x: ) + (1 -ti)Y(X:)

Axe :

&[i] -4[Yo]

under &CT = D(Y=+] - k(Y/ +0]



How to proceed w obs data?

o SUTUA

Ignorability
o Positivity/commensupport
o Consistency

4 (i.] : Fou S *-Y]]
signorability) = $(4(Y, /X,T

=33)
- ((kY(x, i

=3]]
I

estremble Arm daten

Method · Gover. che als
· matching
· Propensity seare reweighting +(T3/X)



Outs e g-formula e

[expliably model rektrishp between onbone)
auch treatment

,
senfounders
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-
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(D) Gob mu f(x
,x) = f(Y/Tix,x)

AYE f(x:, 3) - f(X:, 0)


