CS 276
Probabilistic and Causal Reasoning

Rina Dechter

Algorithmic Approach for
I dentification

Based on Elias Bareinboim slides



Roadmap

®* Define a decomposition (factorization) of the
probability distributions generated by a SCM,
based on the coresponding causal diagram.

® Establish operations that allows us to identify
particular components (factors) from a distribution.

® Express the target causal effect into factors and
develop a systematic procedure to identify each
one of them independently.



Factorizing Observational
Distributions



Bayesian Networks: Example
(Pearl, 1988)

P(S)

BN = (G, O)

P(C|S) P(B|S)

CPD:

P(D|C,B)
0.1 0.9
0.7 0.3
0.8 0.2
0.9 0.1

P(X|C,S) P(D|C,B)
4

= = O OlI0
= O = O

"

P(S, C, B, X, D) =P(S) P(C|S) P(B|S) P(X|C,S) P(D|C,B)

Belief Updating:
P (lung cancer=yes | smoking=no, dyspnoea=yes ) = ?
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Belief Upadating

p(X | Evidence) = ?
p(A|E = 0)
O(p(A,E: )
= > p(A) p(b|A) p(c|A) p(d]b, A) pelb, c) 1le = 0]

p(A)>‘>‘>‘ (c|A)1[e = 0 Zp (b|A) p(d|b, A) p(elb, )

\\\/ )\B_>ca,dce) B

Variable Elimination
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Belief Updating

Algorithm BE-bel [Dechter 1996]

p(A[E=0)=a »  p(A)p(b|A)p(c|A) p(d|A,b) p(e|b, ¢) L[e = 0]
e,d,c,b
>

bucket B: ~ p(b|A) p(dlb, A) plelb,c)

T~

bucket C: p(clA) Ap_co(A,d, c,e)

\/ ——
bucket D: Ao—p(A,d,e)
/
bucket E:  1[E=0]Ap_r(4,¢)
\/ Wr=4

bucket A: p(A Mg (A) induced width”

(max clique size)
/ p(E = 0)

p(A\E — 0) — p(A, E = O) /p(E ﬁic@}ll 276 Winter 2024

Elimination & combination
operators




Bucket Elimination

Algorithm BE-bel [Dechter 1996]
p(AIE =0)=a Y  p(A)p(blA) p(c|A) p(d|A,b) p(elb, c) 1]e = 0]

ST
b A

— —

0

Elimination & combination

operators

Time and space exponential in the
Induced-width / treewidth

7/

/

DUCKe[ /'\ p(A) )\E—>A(A) r 'V'V'V\.JV' Wlu.l-ll \ T
(max clique size)

i

P(AIE = 0) =p(A, E =0) / p(E =0)




Induced Width (continued)

w’ (d) —the induced width of the primal graph along ordering d

The effect of the ordering:




The impact of evidence?

Algorithm BE-bel 3 :

P(A|[E=0)=« ZP(A) P(B|A)-P(C|A)-P(D|AB)-P(E|B,C)
E=0,D,C,B II
—— Elimination operator

bucket B: P(b|a) /b ,a) P(elb, c) B=1

bucket C: P(c\a) ,1'3 (a, d c,e)

bucket D: ;LC(a d, e)

bucket E: e=0 /1D(a e)
W*=4

bucket A: P(a) /15 (a)

=

P(ale=0)




I I lTTIJall Ul ©Vviuclivc 7
Algorithm BE-bel

12

P(A|[E=0)=« ZP(A) P(B|A)-P(C|A-P(D|AB)-P(E|B,C)

. E=0,D,C,B
P(A|E=0,B=1)? ZH<— Elimination operator

bucket B:  “P(bja) P(d\b a) P(e\b c) Bl

bucket C: P(c|a) P(elb 1,c)
bucket D: P(d|b=1,a)
bucket E:
bucket A: P(a) P(b 1|a)
P(620) _P(a,e=0)

P(a‘e:O) slides11 276 vvmtePoéa‘e_o) P(e=0)



Back to SCM

11
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Markovian Case

® The distribution P(v) decomposes as:

P(v) =5 P(U) P(vilvy..viisu) =5 P(U) p Pvil pa,uj)
u v,eV u VeV

P(z,x,y) = 5 PP |u)P(x|z, u)P(y|x,z,uy)

/\ : \( \( \
. ° =| s P@lwPW) || s PKIzu)Pu) || = PyIxzu)Puy)

Uy )

\ A )\
=P(2)P(x |2)P(y|x,2)

® In Markovian models, P(vi| pai) can be seen as “canonical factors”.



Markovian Case

* Every P(vi|pai) is computable from P(v), i.e.,

Zy P(v)

Zx’y P(v)
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Markovian Case

(U;)) P(E{UE) —
P(V’;); P(?(l‘b’,x,@

P(b’ ) P(?’/Z‘;X,U )-

»(2) = é p (aln) ()=
XY, 2 .| %

A% - - 0 (¢)de®- P(c&):

RAATIE ZPG(EJMM

;.

Pl s 3, (2, (42, O %)



Markovian Case

(U;)) plzlV,) —7
p(0,), PO<[VxD

XU, )
PCU )I' 10[7'/21 )

»(7)= 2P (el 20,)="
AR “ ”J(ﬂZ)

/\(x 2) = Z P (<Y 7). P(f&)

2, (v, %2)- ZP(}’(E K0, ) W
Yy 7(?’(? XJ

PaY D) A, ()%, 0 a)-hﬂf{yg 23

P(XY,2) = P(Z)P(X|Z)P(Y[X)Y,Z)



Semi-Markovian Case

® Start from a simple Markovian model:

®
V1

>®
V2

>@

V3

>@

V4

>@

Vs

P(v) = P(v)P(v5 [vi)P(v3 [ Vv2)P(vg | V3)P(Vs | vy)

® Let's add an unobservable U1, that affects two observables, and
breaking Markovianity:

U1
® > @ >@ () >@®
Vi o V3 Vs Vs

Uy

= P(v, |V1)P(V4 | v3)P(vs | V)

P(v) = 5 P(Up)P(vy [Uy)P(v2 |v1)P(v3 V2, Up)P(vg [ V3)P(Vs | v4)

(
s PPy [upPvs|va, uy)

U

\

/



Using Bucket Elimination

—— m—. 2 -
vy o POGIv) ML) T
V, P v, |V, ) {P{wjfp}u) 07 I+ P ()
U
1 ‘<4
VJ‘ | dﬂl‘kﬂ- A /ﬁf

3@) Om%
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Semi-Markovian Case

®* From the previous model ...

U

/,,—E\ P(v) =5 PU)P(vq [u)P (v, | v)P (V3] v, up)P vy [v3)P(vs | W)
¢ e e e ! ( \
Vi V2 Vs Va Vs = P(v2 [v)P(4 [V3)P(vs[Va)| 5 PPy [up)P(v3|vo,uy)
\ U )

®* Add another unobservable Uz,

Us U P(V) = s Puy, Up)P(vy [up)P(v2 [v1)P(v3 | Vo, Uy, Up)P(vg [V3)P(Vs | Vg, U2)
.K >@ E. >@ >@ ( \
Vi V2 V3 Vi Vs =PV |v))PWslv3)| 5 Py, u)P(vy [UpP(v3 [y, Uy, Up)P(Vs [ Vg, Up)
| R )



Semi-Markovian Case

®* From the previous model...

Hl, }_Jz P(v) = 5 P(Uy, Up)P(vy [up)P(v2 [ v1)P(v3 | Vo, Uy, Up)P(v4 [ V3)P(V5 | Vg, Up)
/// \\\ /// AN Uy,U2
¢ o— ¢ 0— e
Vi V2 Vs Vo Vs =PV2|v))Pvs|v3)] 5 Py, u)Plvy [ug)Pvs | vz, Uy, Up)P(Vs | Vg, Up)
Uy, U

® Let’'s add one more, Us,

Ui U>
S, - P(V) = s P(uy, U, TPy [u)Pv, vy, T3)P(v3 [ vy, Uy, Up)
e / >® \;*o“ / >® \;*o e (Vg | V3, U3)P(Vs | Vg, Uy)
Js
( \ ( \
=[5 PWU3)P(V2[vy,u3)P(va|v3,U3) || 5 PUy, up)Pvq [up)P(v3 | Vo, Uy, Up)P(Vs [ Vg, Up)
\ e emmemsmsrommamslitkooiird@s NViNter 2024 /
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C-factors

® Recall our example

P(v) =

(

5 PU3)P(v2 | vy, u3)P(vg | v, U3)

U3

)

)/

\

U1 Uz
>@ > > >
V1 VzK\ Vs ’,7'V4 Vs
Us

s P(Uy, U)P(vy [ug)P(v3 | v2, Uy, U2)P(Vs | vy, U2)
Up,U2

®* These factors made of sums may be long to write in terms of P(v,u).
However, their structure follows from the topology of the diagram, then
we can abstract this concept out by defining a new function Q:

QICI(c,pay) = 5 PU(C)) 17 P(vilpa, uj) where

U(C) ViEC

®* Then P(v) can be re-written as

P(V) — Q[V21 V4](V21 V4, V1, V3)Q[V] y V31 VS](V] y V3, V5, V2, V4)
e TdesTT 276 Winter 2024
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C-factors

® For convenience Q[C](c,pac) can be written just as Q[C]

® Then, for our example, we can just write

U1 U>
P(V) — [VZ, V4]Q[V] y V3, V5] >® > >®
v, ‘ Vl V2K\ V3 /1V4
“Us

®* No need to name the variables in U explicitly!

®* Note that for the whole set of variables V
QlV] = > P(u) T P(v; | pa;, u;) = P(v)
u VeV

® For consistency define Q[J]=1



C-tfactors are Causal Effects

® Let C — V. Consider the causal effect of all other
variables on C, that is P(c|do(v\c)).

® By the truncated product we have

P(cldo(v\c)) =5 11 P(vilpa;, u)P(u)
u V,eC
® All Us that are not parents of any element in C can
be summed out, hence

IP(cldo(vi\c

This is a key connection between C-factors and causal effects.

PU(C)) 1 Pvilpay, up[=Ql
VieC

23



On the completeness of an identifiability algorithm for semi-Ma
models

Article in Annals of Mathematics and Artificial Intelligence - December 2008

DOI: 10.1007/s10472-008-9101-x - Source: DELP
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C-Factor (component)

Definition C-factor or C-component

A c-component (short for “confounded component,” [3]) of variable set V/
on graph G consists of all the unobservable variables belonging to the same
c-component related part of U and all observable variables that have an un-

observable parent which is a member of that c-component. -

Definition of Ancestral set

We conclude this section by giving several simple graphical definitions that
will be needed later. For a given variable set ' C N, let G denote the sub-
graph of G composed only of variables in €' and all the bidirected links be-
tween variable pairs in C'. We define An(C') be the union of C' and the set of
observable ancestors of the variables in C' in graph G and De(C') be the union
of C' and the set of observable descendents of the variables in C' in graph G.

An observable variable set S € N in graph ' is called an ancestral set if it
contains all its own observed ancestors (i.e., S = An(S)).

slides11 276 Winter 2024
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Confounded components

Confounded Component
Let {C, C,,...C.} be a partition over the set V. Cis said to be a

confounded component (C-component) of G if there exists
a path made of bidirected edges between V.and V, for

every V, V.€ Cin G, and Cis maximal.

U>

Vi VR Vs AV, Vs

29



Marginalizing Variables in C-factors

® Toa certain extent, c-factors behave as its probabilistic counterparts.

® Consider the c-factor Q[V1,V3,Vs] In our example
U1 U2

Q[V4, V3, Vs] = 5 P(u7, U2)P(vq [ uq)P(V3 [ Vo, Uy, Up)P(Vs | Vg, U5)
Vv V Vv
Uy,Uz 1 3 5

® Variables V1,V3,Vs only appear in one term, because they are not the
parent of any other variable in the factor. So, if we sum Q[V1,V3,Vs] over
any of them, for instance Vs, we have

V5] — >y P(U] y UZ)P(V] , Uy )P(V3 |V21 Uy, UZ)P(VS |V41 U2)

=5 Py, UP(Vy [U)PWvs | vg, ) |=

Uy,Up

30



Marginalizing Variables in C-factors

® Consider now a different c-factor U1 U
Q[V1,V2, V3],
By Definition of Q:

Vi Vo Vs

QIVi, Vo, V3l = 5 Pluy, Uz, u3)P(vy [ug)P(v2 [ vy, Uz)P(v3 | v, Uy, U)

Uy,U2,U3

® In contrast to the previous case, here Viappears in two terms since it's
a parent of another variable in the factor. So, if we sum Q[V1,V2,V3] over
V1, we have

s Py, up, u3)P(vy [U)P(v [y, Uz)P(v3 [ v, Uy, Up)
| Vi Up,Up,Us

S =5 Py, uPK3 v, U, Up) s PU)P(vy [up)P(vz [ vy, UsYEQIVG, V3T

Uy,Up Vi,Us

Can we remove V1 here? Symbolically? 31



What variables can be marginalized
In the logic of C-factors?

®* Let W< C cV, be two sets of variables.

U1 U>
®* Lemma (ancestral-reduction). If W Is ancestral, .f). ff‘( - ’§7
. . . . e
that is, it contains all An(W) present in the Vi V2 N
3

subgraph made of the variables in C, I.e., Gc.

o Then, Q[W] -y Q[C]
c\w
®* For example, for C={V1,V2,Vs}, in Gc
Q[V]i V2] — D Q[V]1 V21 V;

| Vl=y  QIV,V,V S —
®* W={V1} Is ancestral W1 =s vz,ng rVa Vi Vi V2o Vs

®* W={V1,V2} Is ancestral

* W={V2,V3}is not ancestral
So if Q(C) is identifiable then Q(W) is identifiable. 32



Confounded Components
(C-Components)

U1 U2
® Recall our example St T
1 2™ Vs 5

( \ ( \
P(V) = [ s P(U3)P(v2 [vy,u3)P(vg |vs,u3) | | 5= Puy, u2)Plvy [ug)P(v3 |V, Uy, Up)P(Vs | vg, Up)
\ 1 J \ e )

® Definition (C-component). When Viand Vjshare a common
unobservable parent U, P(vi| pai, ui) and P(vj| paj, u;) are tied
together by the sum over UeUiNU;j. Then, we say that Viand
Vjare in the same confounded component (C-Component,
for short).

slides11 276 Winter 2024
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C-Component Relationship

U U2 ® Vi is in the same c-component as Vs,

® V3 is in the same c-component as Vs,

> > >
Vi VR Vs /Ve Vs e By extension, Viis in the same c-
Us component as Vs too.

®* V:is In the same c-component as Va.

® Tosee it easlly, consider the graph
Induced over the bidirected edges!

Vi VR Vs AN ovs o ° Obs. The C-Component relation defines
N — a partition over the observable
variables, hence it is Reflexive,
Symmetric and Transitive.



C-Component Factorization

®* The distribution P(v) factorizes into
c-factors associated with the

c-components of the graph. Uy U,
Q; =1{V,, V4t Qy={V,, V3,Vs} Vi \)/:k\z:b’/ ):/4 )\/5
3

( \ ( \
P(v) = [ s P(U3)P(v; [vi,U3)P(vy |vs,u3) | | 5= P(Uy, Uup)Plvy [ug)P(V3 |V, Uy, Up)P (Vs | Vg, Up)
| J \ T )

P(v)=Ql[V,, V4] QlV4, V3, V]

37



C-Component Factorization

® Forany H c V, consider a graph Gn.

® Let Hy, Ho, ..., Hk be the c-components of Gh.
® Then

QIH] =1 QIH;
J

38



C-Component Factorization

® Consider another example

QIV] =Qlz3, 75, X, Y]QlZ;]

P(v) = P(z,,23, %,y |do(z,))P(z; | do(z,, 3, X, ¥))

°
/1

slides11 276 Winter 2024
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C-Component Factorization

® Forany H c V, consider a graph Gn.

® Let Hy, Ho, ..., Hk be the c-components of Gh.
® Then

QIH] =1 QIH;
J

41



C-Component Factorization

(Continued)

®* Let Vui<Vh<...<Vh be a topological order over
the variables in H according to G.

®* et H<i be the variables in H that come before
Vhi, Including Vh..

®* et H>i be the variables in H that come after Vj.
® Then

Q[H='] <1 _
VRGICER) Q[H="] =+ QI[H]

ViEHj h>i

42



C-Component Factorization

® Suppose H=V={V1,V2,V3,V4,V5}

. . U U
is ancestral in Ge. 1 2

>@ > >® >
Vi VR \Vs Vi Vs

QIV] = QIV;, V3, VsIQIVa, Vol -

Q V] Q[V] ) VZ! V3] Q[V] ’ V21 V3! V41 VS]
Q-@- Q[V] y VZ] Q[V] y V2! V3! V4]

Q[V] ! V3! VS] —

Q[V1 ’ VZ] Q[V1 ’ V21 V3! V4]

QVil QIV1,Va, V) Q1= 11 e

Q[V25 V4] —

43



C-Component Factorization

Q[V] V3 V5] = Q_V] Q[V] ) V21V3] Q[V] y V2,V3,V4, V5]

Q@-_ Q[V] y VZ] Q[V] y V21 V31 V4]

Z:V2,V3,V4,V5 Q [V] ZV4,V5 Q[V] Z %) Q V
ZV] V2,V3,V4,V5 Q[V] Z:V3,V4,V5 Q[V] ZVS Q V

Z:V2,V3,V4,V5 P(V) ZV4’V5 P(V) Z %) P(V)

— Q[H=T] = > Q[H]
Zvl V2,V3,V4,Vs5 P(V) Z:V3,V4,V5 P(V) Z:V5 P(V) h>i
_ P(vy) P(vy,V2,v3) P(vy,Vy,V3,V4, Vs) Us Us
1 P(V] y VZ) P(V] y V2, V3, V4)

V1 \)/.2\ K/3 /)\./4 )\/5
= P(v1)P(v3 | vy, V2)P(Vs | vy, V5, V3, Va) Us

44



C-Component Factorization

Qlvyvg = QVeVA QViVa V5 VA oo getjust ol or QLYer
2 . Both are ancestral in Gyv:,va !
Q[V]] Q[V] !V21 V3] !
v squ | MITs Qv
e VSQ[V] =, QM =P(v, | v)
Q] = s Q[Vy, V4]
ZV3 V4,V5P(v) ZVSP(V) "
ZVZ V3,V4,Vs (V) Z:v4,v5 P(V) -y P(VZ |V1)P(V4 |V1;V2;V3)
_ P(V]!VZ) P(V]!V21V3!V4) U, U,

P(vi)  P(vq,vp, v3)

> > > - >
Vi V2 V3 4 Vs
= P(v5 | v1)P(v4 | V1, V5, V3) Ny A

45



C-Component Factorization

How to get just Q[V2] or Q[V4]?
Both are ancestral in Ggvzvay !

QlVal =5 QIVy, V4l

Qlvy, Vi QlVy,V, V3 VY
Q[V]] Q[V1 !V21 V3]

S, ,.QIVI S QIVI
Z'Vz V3,V4,Vs5 Q[V] Z'V4,V5 Q[V]

2.
Z

Q[Vz V4] —

3
- . S S S S S S e e B e e .

V3 v4,v5 ' Notice that these c-factors are
. expressible in terms of the obs.

V2,V3,V4,Vs | distribution (no U-terms)!

P(V] : V2) : i oo
P(V]) P(V] s V2, V3)

= P(v, [V1)P(v4 V1, V2, V3)
slides11 276 Winter 2024



C-factor Algebra - Summary

We have two basic operations over c-factors

1. Reduce to an ancestral set

Q[W] -3 Q[C] If W is ancestral in G¢

c\w

2. Factorize into c-components

Q[H] = Q[Hj] Where Hy,...Hk, are the
J

c-components in GH

a7



Expressing Causal Queries In
terms of C-factors



Causal Effect In terms of
C-Factors

* Consider an intervention do(x)
/

S ;
P(v) =iQ[Z] [XHQ[Y]’ P(y|do(x)) = 5 P(y,z|do(x))

®* We can get both Q[Z] and Q[Y] from
Q[V] using c-component
decomposition with G and P(v).

Qlzl Zy,XQ[Z, X, Y]
Q] 2 QIZ X V]

QIZ, X, Y]
QlZ, X]

QlZ] = =P(2)

QY] = =P(ylz,x)
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Causal Effect In terms of
C-Factors

® Consider an intervention

-----
-----
-

>@® >® >@ >@®

VA Y 7 Y
=Qlx, v1Qlz] Py |do®) = 5 Ply,z|dot0)
_QIX. 7] _ o
Q[Z] — Q[X] —P(Z |X) _ZZ Q[Y, Z]
* Q[Z] is the same in both =5 QIY @

® Can we get Q[Y] from Q[X,Y] ?

slides11 276 Winter 2024
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Causal Effect In terms of
C-Factors

® Consider an intervention

-----
-----
-

X p: v P v
Q[X] QIX.,Z, Y] _
[X,Y] = P(yldo(x)) = s QIlY]Q[Z]
? Q2] QIX,Z] >
| — P(X)P(y | X, Z) //’_5\\ — Z ( Z P(X/)P(y |X,, Z)) P(Z |X)
® {Y} is ancestral in Gyx v} ){ ‘4\.{ z X | 7
QY] =5 QIX,Y] )y, POOP(YIX,2) |

=5 P(P(y|x,2) e
Z):( slides11 276 Winter 2024 ]-'. Front-door! o



A General Approach



A General ldentification Algorithm

®* Given G and the query variables X,Y

P(y|do(x)) = 5 QIV\X]
v\ (xUy)

=5 Q[D]  where D=An(Y) in Gy
d\y

® Suppose the graph Gp has C-components
D], D2, ey Dk, then

P(y|do(X)) = 5 17 QIDI]
d\y I

58



A General Identification Algorithm

Function Identify(C, T, Q)

INPUT: C C T CV, Q = Q[T]. Assuming Gr is composed of one single
c-component.

OUTPUT: Expression for Q[C] in terms of @ or fail to determine.

Let A = An(C)q,..
e [ A=C, output QIC] =3 Q.
e [I' A =T, output FAIL.
e [FCCACT

1. Assume that in G4, C is contained in a c-component 7",
2. Compute Q[T"] from Q[A] =} ;4 @ by Lemma 11.
3. Output Identify(C,T’, Q|T"]).

Figure 5.9: A function determining if @Q[C] is computable from Q[T.

59



Completeness

Theorem [Huang and Valtorta, 2008]

The causal effect P(y|do(x)) Is identifiable from
causal diagram G and P(v) if and only if each of
the C-factors Q[D; is identifiable by
Identify (Di,Ci,Q[Ci],G).

Where C;is the C-component of G containing D;.

61



Solving the NapKkin

® Recall the Napkin graph from last time

] W1
’/ / \\\ .‘{ \\\
- -$
Y Y
P(v) = Q[W,, X, Y]Q[W,] P(y|do() = QIW;, Wa, Y]
Wi,W>

®* Q[W1,X,Y] is computable from Q[V]
®* Can we get Q[Y] from Q[W,X,Y] ?

e {Y}Is ancestral in Ggw:wzvy, SO

P(y[do(x)) = Q[Y]

slides11 276 Winter 2024
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Solving the NapKkin

® \We can compute Q[W1,X,Y] from Q[W1,W2,X,Y] P(y |do(x)) = Q[Y]

QIW,] QIW, W, X]Q[W (W 5X, Y ]
Q[@] Q[W] ) WZ] Q[W] 1W21 X]

Q[W]!X1Y] —

_ Pwy) Pwy, wy, X) P(wy, W, X, Y)

1 P(W] y WZ) P(W] , W2, X)

= P(wq)P (x| wy, w2)P(y [wy, Wy, X)
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Solving the NapKkin

* {X,Y} Is ancestral in Gyw:,x,v}

QIX, Y] =5 QIW;,X,Y]

Wy

— D P(W] )P(X |W] y WZ)P(y |W] y Wo, X)

Wi
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P(y [do(x)) = Ql[Y]

-<‘<——”
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Solving the NapKkin

* Gxvyhas two c-components, hence

QIX, Y] = QIX]QLY]

Q[Y] = QIX, Y] _ O[X,Y]
QIX] %, QIX, Y]

ZW] P(W] )P(X | Wi, WZ)P(Y |W] y W2, X)

2. P(W])P(X |W1,W2)P(Y|W1,W2,X)

Y,Wi

P(y [do(x)) = Ql[Y]

! Gix,v) ;

2 PW)POC Wi, WPy [y, W, X)

- =P 600 |

2, PP wy, wp)
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Solve the NapKkin
using Do-Calculus

® Let's see an equivalent do-calculus derivation - *\
/ \\

P(y |do(x)) = D(Y do(x, W2, Wi )) Rule 3: (Y L Wo,W1 | X) 5 :'/Wz
=P(y|x,dow,w1)) Rule2: (v LX|WiW)g $

_ P(y, x|do(w;, wy))

— B[ doWs. W) Conditional probability
_ P(y,x|do(w))
P(X|dO(W2))

3 Pys x| do(wy), wy)P(w; [do(w,))
2., P(x] do(wy), wy)P(w; | do(w2))

ZW] P(y, X [ Wy, wq)P(w,) Rule 2: (Y, X 1L W2 | Wl)GW

Rule 3: (Y, X LW1| W2) 5 -
1VV2

Condition on W1

2, POz, wy)P(wy) Rule 3: (W1 L W2)g,
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Food for Thought

® Use the strategy discussed in this lecture to
identify the effect P(y|do(x)) in the following
causal diagram

slides11 276 Winter 2024
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Project Inormation

Link

https://www.dropbox.com/scl/fi/985rnnmlzfllya2rxjccx/project-
2024.docx?rlkey=tddgaad42otsf02xo2lhzecjk&dI=0
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