DS /NC

INFLUENCE DIAGRAMS
Re.

CASAL INFERENCE

PRILIP  DAWID

U VERS
of A

C AMBRIDCE



INTERPRETATIONS of Ds
e / \ E

A 30\,\
D
CD. Coavnditiow “ JMC}
C ak|B € 1(A.8]cd
PALROIB Fuascey)lE
@ . Prebebi Gistz _cmt(a}_ (Suﬂﬂ)

A couszs B
%ES o, comwam. CauRR Ced

p—oB3C>E is a cause Path
[F is mwt =kn
(). Sytisted. emaslty - fRarl)
| L ot







INFLUENCE  DIAGLAM S
s (V\ng DEcCisron NQDE'S
- eq. an ICRWRVIToM, wo dR

Fa= o "set A to &
Fr= & " hands oﬁf,! )

I

B Fa lf\ B ¥

—tow (gapheca) pinlet

WHICH (F ErHER) & (ACRPRIATE )






A

[X

X

cX

cH

£,



4 @) B0 0w/









Q Cn,v\ YR WAO\R ‘B—’ A
B CQV\ LA AN Cf,A

.B¥ b
C



A causal DAG is a DAG in which:

(1) the lack of an arrow from V;to V|, can be
iInterpreted as the absence Qﬂ a a__wmoﬁ
causal effect of V; on V,, (relative to the
other variables on the @BUE and

(2) all common causes, even if unmeasured,
of any pair of variables on the graph are
themselves on the graph...In Figure 2...
the inclusion of the measured variables (Z,
X, Y) implies that the causal DAG must

also Iinclude their unmeasured common
causes (U, U*).

Hernan and Robins, Epidemiology (2006)



Instrumental variable
Hernan and Robins, Epidemiology (2006)
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Instrumental variable?
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Figure 1

Instrumental variable
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Figure 2

Instrumental variable?
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DINAMIC. DECIS)ON MAK) ZA

Data Situation

Ay, ..., Ay “action” variables — can be ‘manipulated’
Li...., Ly covariates — (available) background information
Y = Ly response variable

all measured over time, L, before A;

A< = (Aq,...,A;_1) past up to before i, A=’ A~" etc. similarly

P.l\V).L N\P.,..V}N... S>Av—">7
Cowe >



Example

Consider patients receiving anticoagulant treatment = has to be
monitored and adjusted.

L; = blood test results, other health indicators.

A; = dose of anticoagulant drug.

Plausibly, ‘optimal’ dose A; will be a function of L=! (and poss. A<?).



Strategies

Strategy s = (s1,...,sy) set of functions assigning an action
[ e s ———

a; = si(a<*,15%) to each history (a<*, 1%

(Could be stochastic, then dependence on a<* relevant.)

E——————e——————

Also called: conditional / dynamic / adaptive strategies.



Evaluation

Let p(;'s) be distribution under strategy s.
Let k(-) be a loss function. Want to evaluate F(k(Y);s).
Define

f(@s,15%) := E{k(Y)]aS?,15%s} i=1,...,N;j=1i—1,i.
Then obtain f(0) = E(k(Y);s) from f(aS¥ 1=%) iteratively by:
%ANA&Q —A@ %@ ﬁSx_mpAs _A@ NXNAWM&U —MJ
| known UK S

\ANA&LAJ — EQLNA&LA&W& X HA@.A@.LMJ.
M r\l.\’L

(cf. extensive form analysis) ?
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Identifiability

Problem: doctors are following their ‘gut feeling’ (and not a specific
strategy) in modifying the dose of anticoagulant drug.

Identifiability: can we find the optimal strategy from such data?
In particular: p(/;|a<*,1<%;s) then not known.

But could estimate p(/;|]a<*,1<*;0) under observational regime.
Introduce indicator

o, observational regime

g = .
s, s € S = set of strategies



Simple Stability

Sufficient for identifiability is

EQ&_mAS.U _A@.w 8) = EQ&_NA@.U —Aﬁ o) foralli=1,... N+1

or (via intervention indicator)

Lillo|(A<",L<") foralli=1,... N+1

Or graphically:
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Extended Stability

Might not be able to assess simple stability without taking unobserved
variables into account.

= extend covariates L to include unobserved / hidden variables U =
(Uy,...,Un) and check if simple stability can be deduced.

Example 1: particular underlying structure (note: L; = ()

Simple stability violated as Y U o | (A1, A, Ly).



Examples

Example 2: different underlying structure

Simple stability satisfied.
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Examples

Example 3: another different underlying structure

Simple stability violated: Lo . o | Ay and Y L o | (Ay, Ag, Lo)
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