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PURGING CAUSALITY FROM PHYSICS?
* BERTRAND RUSSELL (1913):
In advanced sciences the word “cause”
E El /\ never occurs. Causality is a relic of
-7 bygone ago.
A ¢ PATRICK SUPPES (1970):
J | \)
“Causality” is commonly used by
physicists f
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* Association
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* Weak Answer:
e Association <- single uncontrolled experiment
* Cause <- many controlled experiment

* Strong Answer:
* No cause in the language of probability
* No precision and computational benefits of a formal language (Galileo)
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N EQUATIONS VS. DIAGRAMS INTERVENTION AS SURGERY

| preintervention postintervention 0

Y=2X v | Y=2% Y=0 x_f[o 1’=+1~»z

Z=Y+]1 X3 5 1 2 Z=Y+1 Z=Y+1(=1) Y

= Y2 y | X= Y2 X= Y7 (=0) 3

Y=7-1 Xe—e 12— -1 [+—2 Y =#=1 Y=0 X<—'1/2‘i, -1 Z
|

2X-2Y+Z-1=0 2X-2Y+Z-1=0 impossible

2X+2Y-3Z2+3=0 2X+2Y-3Z+3=0
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* Boundary Condition

* Ins and Outs
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* Manipulator and Outside intervention

No cause and effect
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the light ray that causes
the hand to move
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INTERVENTION AS SURGERY (Cont.) INTERVENTION AS SURGERY (Cont.)

Example 1. Controlled experimentation Example 2. Policy analysis

Uncontrolled conditions Experimental conditions Model underlying data Model for policy evaluation
Socio-economic Socio-economic Economic Economic
I conditions conditions

Treatmen

l EL Recovery

e Randomization and Intervention

Economic Economic
consequences consequences

Recovery
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NEEDED: ALGEBRA OF DOING |

Available:algebra of seeing

e.g., What is the chance it rained
if we see the grass wet?

JUST DO IT.

P(rain)

P (rain | wer) =? {= P (wer | rain)—,,(—”;;)- }
Needed: algebra of doing
e.g., What is the chance it rained |

if we make the grass wet?
P (rain | do(wet))="? {= P (rain)}
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RULES OF CAUSAL CALCULUS

Rule 1: Ignoring observations
P(y | do{x}, z, w) = P(y | do{x}, w)
if (¥ ILZIX,W)g,
Rule 2: Action/observation exchange
P(y ldo{x}, do{z}, w) = P(y |do{x},z,w)
if (YILZIX, W),
Rule 3: Ignoring actions
P(y ldo{x}, do{z}, w) = P(y |do{x}, w)
if (Y 1LZIX, We 7o

Rule 1 7] 2 5 H A Jo ok (IR 5%

Rule 29\ 1113 S S5 S A1 AR
T B0 T S0 T B AN
Az, RS, ar A
R A S S U T 1 R
s CH B ANBE BRSO

Rule 3 A &5 H bp Jo K AT




JRET—A
™ FH Ak — — PO S BT s 7




A -5 25U e 7

0019645, Surgeon General AT I IR MR i Jeg (41 958 4H o<
M, PR S EUNE, SR DA N e .

FRATTZE AR R !

DV SV B AR A — R R 801 )T ey T i) B A e

AR i e 5 R &R, Al re 2
AN P2 SR !

A

AL, ASTROHHE — 5 T 92



A -5 25U e 7

'SMOKING AND CANCER:
HANDLING COMPETING MODELS

O———0  P(cldo(s)) = P(cls)
Smoking Cancer

2. Tobacco Industry:
:::j;» Genotype (unobserved)

& . P(clido(s))=P{c)
Smoking Cancer

1. Surgeon General (1964): l

3. Com_t_)_ined:
g P (c | do(s)) = noncomputable

s
O—0
Smoking Cancer

it 4. Combined and refined:

) P (c | do(s)) = computable

¥ 4
Smoking Tar Cancer

ﬁ;ﬁi‘i% B S A R

HERT B 7 B T A AT
E— T RHERRRR, HFDAHL K
WA — T RifLRE =, KEXEHE
R, 45 BG5S R AthAT]
MATAR] 3 BB AS AT BE VEAL H XA
MPERER R, BIATE, FAT
AT 4 # m] DL RIS 555 A R A 1 R0 2
BE YR 4r......

A NRE IR &=tarin lung,
Mgttt oR, SR e a5
P =0 T



XL 7] i 2 i Sk AR e 2 B (AN ] WL (LA
FE VR 35 1 A2 AT 52



U 2 S R B O AT A (L
)R Y A B A S



Al 1135 P(Y | do(X=x))

Back-door criterion
do(X=x)

AJ Z blocks all back trace
X) = X, Z)P(Z) from X to Y and Z isn’t

_ descent of X
Front-door criterion

blocks all directed trace from X

| toZ, (X->ZFJiR )

P(\ | \) E P( | \)EP(\ | \ )P(\,) X blocks every back trace from Z
toY, (Z->YA[iR %)

Z intercepts all trace fromXtoY,

do(X—x) (X YEZ M3 i 2)

LY MXSYRIELRAE R, BAIATR Z B A R &, R 2000 2 U0 Wr 5 1A BCE 7 1] B8 A2 A A2 & R A]



Back-door Criterion

P(y | do(X) = z)

Zp(y, | do(X
= ZP(ylw,z

= 7))

A

1) 41F BH

Front-door Criterion
Z1U|X,YLX|(Z,U)
P(y| do(X) = z)
= Z P(y | z,u)P(u) (backdoor criterion of U for X and Y)
= Z Z P(y| z,z,u)P(z | z,u)P(u) (total probability)
= ZZP(y z,u)P(z | z)P(u) (independence)

= ZP | 2)P(y | do(Z) = z)
(backdoor criterion of U for Z and Y)

_ZP a:)ZP | 2',2)P(z')

(backdoor crlterlon of X for Zand Y).#
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ACTIVITY:

3. COUNTERFACTUALS

Trasning, Retnospreion, Underssading

QUESTIONS: 7

EXAMPES:  Wis o

L P

ACTNITY:

EXAMPES;

2. INTERWVENTION

Dogg, Juterveainr

QUESTIONS;  lbdbwr s Yo .t Lo

N harverndd ¥ p i 1 X7
o can Trmelas ¥ happent,

I Liake
W i

Level Typical Typical Questions Examples

(Symbol) Activity

1. Association See* R What does a symptom tell
P(y|z) FACE IR AR T N me about a disease?

MR IR EAT?
I

What does a survey tell us
about the election results?

2. Interventio
P(yldo(x), 2)

WAVER T XADFESE, A ERATIX 42
B RENE WA A 8 A AR FRATT AR B 45 AL 2

I take aspirin, will
idache be cured?
we ban cigarettes?

ACTIVITY:

QUESTIONS:

EXA)APF S,

1. ASSOCIATION

weing, Ctsrrarg

Wiy M ?
Tl are the wanables reloe
Heva would secing X cmnge my behiet 10 Y#)

What Ak 0 searpres el ms aboar o d-asaee?
What does 2 avvey tell o dbeveehe
clectio v aless

3. Counterfactuals
P(y.|*",y")

Imagining,
Retrospection

Why?
Was it X that caused Y?

Was it the aspirin that
stopped my headache?

7y

ST ELR A OB E PR 365, AR A A RS
DK, B 2 A A AR ?

1 Kennedy be alive
)swald not shot him?
if T had not been

smoking the past 2 years?

SeHSEAL R B E - RERESE RS E TR (IR R4
NI EEE X ] ) 5 B D SN I SRR R




SEASON
PAEERN
SPRINKLER @ RAIN
N S

SLIPPERY

149 TF) To A B GER 7 Bt 25 R 2P

Definition : Markovian Parents

Let V={X1,..., Xn} be an ordered set of variables, and let
P(y) be the joint probability distribution on these
variables. A set of variables PAj is said to be Markovian
parents of Xj if PAj is a minimal set of predecessors of Xj
that renders Xj independent of all its other predecessors.
In other words, PAj is any subset of {X1,..., Xj-1}
satisfying

P(x;| paj) = P(Xj| X1, . Xj— ) (1.32)

and such that no proper subset of PAj satisfies (1.32).
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* Definition : Markov Compatibility

 If a probability function P admits the factorization of (1) relative to
DAG G, we say that G represents P, that G and P are compatible, or
that P is Markov relative to G.

P(xy, ..., xy) = TPy | pay) (1)
l

N
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Definition : d-Separation Fork \ A@AEASDN

A path p is said to be d-separated (or blocked) by PN

a set of nodes Z if and only if SPRINKLER (%) ¥ RAIN
1. p contains a chain or a fork such that N /

the middle node m is in Z, or /
2. p contains an inverted fork (or collider) : !

such that the middle node m is not in Z and such Collider SLIPPERY

that no descendant of m is in Z.

A set Z is said to d-separate X from Y if and only if
Z blocks every path from a node in X to a node in Y.

B B AE PH ZE /Y d-

separation



d-Separation K H| W 2% & 42 75 A A AT

Theorem :Probabilistic Implications of d-Separation

pl

If sets X and Y are d-separated by Z in a DAG G, then X is independent of Y conditional on
Z in every distribution compatible with G. Conversely, if X and Y are not d-separated by Z
in a DAG G, then X and Y are dependent conditional on Z in at least one distribution
compatible with G.

A T B GRIBER eR B PN, XAIYAZ A 1) 73 B S50 T XA 45 € ZI 2 A ST
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Simponf#i

SIMPSON’S PARADOX

(Pearson et al. 1899; Yule 1903; Simpson 1951)

* Any statistical relationship between two
variables may be reversed by including
additional factors in the analysis.

Application: The adjustment problem

* Which factors should be included in the
analysis.

438
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Simponf#i

SIMPSON’S PARADOX
(Pearson et al. 1899: Yule 1903; Simpson 1951) tban, 8I7 % R N RSN,

FEMER . RS TR

* Any statistical relationship between two Kz, WABRRE. AT SE
variables may be reversed by including AR 2%
additional factors in the analysis. s
Lban, S5 LU RS 5 D B 2

Application: The adjustment problem T%e (B4 , EHEE
* Which factors should be included in the T B b Lot 22 P v
analysis. (L EILHO

438
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Collider blocking

A 27

X is observed, and X blocks X?

THE ADJUSTMENT PROBLEM

GRAPHICAL SOLUTION OF
THE ADJUSTMENT PROBLEM

GRAPHICAL SOLUTION OF
THE ADJUSTMENT PROBLEM (Cont.)

GRAPHICAL SOLUTION OF
THE ADJUSTMENT PROBLEM (Cont.)

/\/

/ /\/

Relevant o
Factors

Given:  Causal graph Subproblem:

Needed: Effect of X on Y m

Decide: Which measurements should be taken? STEP 1:

GRAPHICAL SOLUTION OF
THE ADJUSTMENT PROBLEM (Cont.)

Test if Z, and Z, are sufficient measurements
Z, and Z, should not be

descendants of X m

O,

GRAPHICAL SOLUTION OF

THE ADJUSTMENT PROBLEM (Cont.) THE ADJUSTMENT PROBLEM (End)

S
M\

AN ¢)|

STEP 2: Delete all non-ancestors of {X, ¥, Z}

GRAPHICAL SOLUTION OF

STEP 4: Connect any two parents sharing
a common child

O O,
[o

AN
S

o 1

YN
3

AN

Z,

|
g,

T~

STEP 5: Strip arrow-heads from all edges

B

5

STEP 6: Delete Z, and Z,

TEST:

If X is disconnected from Y in the
remaining graph, then Z, and Z, are
appropriate measurements

moralization

JFIETE K d- t

create base map
)

1
separation

Create moral graph

d-separation
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