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Context

Directed Acyclic Graph (DAGs) are used to encode researchers’ a priori
assumptions about the relationships between and among variables in causal
structures.

1. More expressive than mathematical representation?
2. Enable clear communication

3. Inform us about how to avoid bias due to confounding
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Learning Outcomes

. Acknowledge the key motivations behind the use of DAGs
. Remember the notion of statistical independence in the context of DAGs

. Able to write the chain rule for conditional probabilitie

A W N =

. Able to draw and interpret a simple DAG

References:

1. Bishop, Pattern Recognition and Machine Learning,
Springer, 2008. (Section 9.1)
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Causal Machine Learning
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DAG: Key concepts

A DAG is a model of causality.
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Am J Epidemiol, 177(4):292-298
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DAG: Key concepts

A DAG is a model of causality.

Example: What is the (total) effect of

smoking on stroke risk?
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DAG: Key concepts
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Treatment Effect: What will be the outcome if a patient is given a particular
treatment? (causal reasoning)

9/27



Statistical Independence of two variables

® Two variables = and y are independent if
p(z,y) = p(z)p(y)
® Equivalently, two variables z and y are independent if
p(zly) = p(x)

® We will use z L y to denote the independence of = and y.
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Statistical Independence of many variables

o If {z1,...,2zn} L {y1,...,ym} then

p(xla" . 7xn7y17"'7ym) :p(l‘la"' 7l‘n)p(y17"'7ym)

® |ndependence implies factorisation.

® For example, suppose x € X, y € Y, z € Z. If {z,y} L 2,

p(x,y,z) = p(x,y)p(2).
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Statistical Independence of many variables

If {z1,...,2n} L {y1,...,Ym} then

P, T Yt Ym) = (@1, )P (Y - Ym)
Independence implies factorisation.
For example, suppose z € X, y € Y, z € Z. If {z,y} L z,
p(x,y,2) = p(z, y)p(2).

The original domain is X’ x ) x Z, but after factorisation, the domain we need to
consider, X x ) and Z, is much smaller than X x Y x Z.
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Mutual independence vs pairwise independence

® The variables x1, o, x3 are mutually independent if
p(w1, 2, 73) = p(x1)p(r2)p(23).
e If 1 L 29, o L w3, and 1 L 23, then x1, 22, 23 are pairwise independent.

® Mutual independence implies pairwise independence, but the converse is not
necessarily true.
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Conditional independence

® The variables = and y are conditionally independent given z if
p(z,ylz) = p(z|2)p(yl2).
® In this case, we write (z L y) | 2.

® The sets of variables {x1,...,z,} and {y1,...,ym} are conditionally independent
given {z1,...,2z} if

p((:pl, e Ty YLy e Ym) |21 - ,zt)
=p(x1, .. xnlz1, o 2P, - Yml 21, - 2E)- (1)
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Testing independence

® By definition of marginalisation,
plalz) = p(x,y|2)
y
p(ylz) =) pla,ylz)

® Check if
p(z,ylz) = p(z|2)p(y|2)
for all z, y, and z.
® The above algorithm is slow. In general, testing independence is a hard problem.
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“Chain rule” of conditional probabilities

Any joint probability p(z1,z2,...,z,) can be factorised in any order.
Not relying on independence and true for any distribution

For example,
p(z1, 22, ..., xn) = p(x1)p(z2|z1)p(23]T1, 22) -~ P(TN|21, - - o TR1).

Or

p(xh T2, ... axn) = p(xn)p(xn—l|$n)p(xn—2’xn—1a xn) e 'p<371’51327 cee axn)-
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Proof - “Chain rule” of conditional probabilities

plx1,x2,...,xn) = plz1)p(za]ar)p(as|zr, z2) - p(@n_1]z1, ..., Tn_2)p(@n|T1,. .., Tno1)
XTo, T

= P(xl)p(p(i )1)P(x3|5517$2)"'17($n1|~Tl»~-~»$n2)p($n3€17-~-»$n1)
T
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Proof - “Chain rule” of conditional probabilities

plx1,x2,...,xn) = plz1)p(za]ar)p(as|zr, z2) - p(@n_1]z1, ..., Tn_2)p(@n|T1,. .., Tno1)
To, X
= p(e) 22T e 20) - p@as |z, s Ena)p(@nlrs s as)
p(z1)
_ p( )p(l'g,l'l) p(x?nm%xl) . ,’[)(J,,‘”,] sy Llyenny Jf”,2> P(ilfm Tlyew- :t’L'nfl)
p(-rl) p(an-Tl) ])(51'/172”'1")73 ~~~~~~ : I’[)])(.T,,y,].y!l?,,y,g, s -,T'l)
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Applying independence

Every Thursday there is an alarm testing (¢).
The alarm (a) goes off when there is fire (f).

If the alarm goes off, people in the building should meet at the front door (g) on
the ground floor.

People gathers in front the building when there is a strike (s).
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Applying independence

Alarm testing is independent of a fire (¢t L f).
A strike is independent of what happens in the building (s L {a, f,t}).

People gathering is independent of fire and alarm testing if we know whether the
alarm goes off or whether there is a strike (g L {f,t} | s,a).

Combining the above, we have

pla,t, f,s,9) = p(O)p(flt)p(alf, t)p(s|a, f,t)p(gls, a, f,t)
= p(t)p(f)p(alf, t)p(s)p(gls,a)
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A (directed) graph representation

pla,t, f,s,9) = p(t)p(f)plalf,t)p(s)p(gls, a)
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A (directed) graph representation

Each vertex is a variable.
A parent has edges pointing from itself to its children.
The graph is directed and acyclic.

A distribution factorises according to a graph if

n

p(x1, e, ..., xn) = Hp(xi\Pa(xi)).

=1

Instead of describing independencies, the graph describes a factorisation.
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Two objects

® Graph

® Probability distribution

— A probability distribution has a set of independencies.
— A probability distribution can factorise according to a graph.

® Can we read off independencies from a graph?
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chain

Basic structures - Chain

O——E  =ilzly

_ oy, 2)  plx)pyle)p(zly)

o) ) = p(z|y)p(2ly)
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Basic structures - Common Cause

common cause @—@—>@ rlz|y

plasly) = PEE) - POREIREI) 1))
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Basic structures - v-structure

1l z
v-structure @—>@<—@
ztLzly

p(z,2) =Y plz,y,2) =Y pla)p(z)pylz. z) = p(z)p(=)

Y Y
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Basic structures - v-structure

r 1l z
v-structure @—@<—@
v f 2]y

Ifzlz]y,
p(w,2) =Y plw,y,2) =Y py)p(z, 2ly) = > p(y)p(ely)p(zly)
Yy

Y Yy

= plaly)p(y, 2).

But
p(w,2) = p(x)p(z) = Y p@)p(y, 2).
Yy

This can hold only when p(z]y) = p(x), but x and y are not independent; a
contradiction.
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