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Causal Inference

CELL PHONES CAUSE CANCER.
AT WS THE WHO Fini? [

| zwmeensr
GOT IT" BACKIWARD.

7

YOURE NOT... THERE ARE S0
MANY PROBLEMS WITH THAT.
JUST To BE SAFE, UNTIL
T SEE MORE DA T
GOING To ASSUME CANCER
CAUSES CELL PHONES.
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Causal Inference

= Effect of a policy/intervention/treatment T on an outcome Y

What is the effect of smoking on COVID-19 mortality rate ?

Does Aspirin cause my headaches to disappear 7

e What is the effect of hydrochloroquine on mortality 7

e What is the impact of an advertising campaign 7

What is the effect of online classes on student performance 7

How does 4 days work week affect the economy ?



Causal Inference

We want to know if there is a causation and not just a correlation

of

Causaltion Cousaltion

\ ——> =)

" People who have a lighter tend to have a smaller life expectancy”
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" People who have a lighter tend to have a smaller life expectancy”

treatment
= Niid. (X T; Y; )€RIx{0,1} xR xR
~~ -
covariates

Covariates Treatment | Outcome | Potential outcomes
X1 X X3 T Y Y(0) Y(1)
1.1 20 F 1 67 ? 67
6 45 F 0 83 83 ?
0 15 M 1 57 ? 57
12 52 M 0 100 100 ?




Potential outcomes

treatment

~~
=Niid. ( X, , T, , VY )eRdx{O,l}xRxR
~— ~~
covariates
Covariates Treatment | Outcome | Potential outcomes
X1 X X3 T Y Y(0) Y(1)
1.1 20 F 1 67 ? 67
6 45 F 0 83 83 ?
0 15 M 1 57 ? 57
12 52 M 0 100 100 ?

Our goal is to compute the individual causal effect of the treatment:
A; =Y;(1) - Yi(0)

However we can never observed A; (only one observed outcome/indiv)



Average Treatment Effect

Our goal is to compute the individual causal effect of the treatment:
A =Y;(1) - Y;(0)

In order to fixe the fundamental problem of causal inference define the
Average Treatment Effect.
Average Treatment Effect (ATE)
7 = E[A] = E[Y(1) - Y(0)]
7 is also referred as the risk difference.

= depends on the population

The ATE is the difference of the average outcome had everyone gotten
treated and the average outcome had nobody gotten the treatment.



Causal Inference

We now want to estimate 7:
T =E[Y(1) — Y(0)]
= E[Y(1)] - E[Y(0)]
LE[Y|T =1] - E[Y|T =0]



Causal Inference

We now want to estimate 7:

r = E[Y(1) - Y(0)
— E[Y(1)] - E[¥(0)]

LE[Y|T =1] - E[Y|T =0]

" People who have a lighter tend to have a smaller life expectancy”
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Randomized Controlled Trial

"Do people who have a lighter tend to have a smaller life expectancy 7"
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Randomized Controlled Trial

"Do people who have a lighter tend to have a smaller life expectancy 7"
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Randomized Controlled Trial

"Do people who have a lighter tend to have a smaller life expectancy 7"

l.w > & :w > :|i|
i‘—»ﬁ—»i‘—»Z—»'ﬁ'
'i‘ > & :'i‘ > K :'i‘

assumptions
e Yi=T;Y(1)+(1— T;)Yi(0) (consistency)
o T; 1 {Yi(0),Yi(1), Xi} (random treatment assignment)

Flip a coin to assign the treatment
12



Randomized Controlled Trial

Identifiability assumptions
e Y,i=T;Y(1)+ (1 — T;)Y;(0) (consistency)

o T; L {Yi(0),Yi(1), X} (random treatment assignment)
Flip a coin to assign the treatment

T=1

We now have 7 = E[A;] = E[Yi(1)] — E[Yi(0)]
= E[Yi(1)|T; = 1] — E[Yi(0)| T; = 0]

1
“rm=n T AT =0)

We say that 7 is if it can be computed using a infinite number of

E[Yi(1-T))]

13
observations from it.



Randomized Controlled Trial

Identifiability assumptions
e Y,i=T;Y(1)+ (1 — T;)Y;(0) (consistency)

o T; L {Yi(0),Yi(1), X} (random treatment assignment)
Flip a coin to assign the treatment

We now have 7 = E[A;] = E[Y;(1)] — E[Y;(0)]

1 1
= 5———ElYiT] - 5=—EV(1-T;
Covariates Treatment | Outcome | Potential outcomes
X1 X X3 T Y Y(0) Y(1)
1.1 20 F 1 67 ? 67
6 45 F 0 83 83 ?
12 52 M 0 100 100 ?

Tom = ,,% Y1 Yi— nio >.7.—0 Yii T = mean(blue)-mean(red) 1



Randomized Controlled Trial

Identifiability assumptions
e Yi=T;Yi(1)+(1— T;)Yi(0) (consistency)

o T; 1 {Yi(0),Yi(1), Xi} (random treatment assignment)
Flip a coin to assign the treatment

Difference-in-means estimator

n

fom = —- ZTY nlo > (1-TYY

=il
where ny =37  Tiandng=>",1-T,

ﬁ(f'Dme) i)./\/(o, VD/\/])

Var(Y; (0))+ Var(Y;(1))
P(T;=0) P(Ti=1) -

with Vpy =

15



Data sources & evidences to estimate the treatment effect

Randomized Controlled Trial (RCT)

e gold standard (allocation & )

e same covariate distributions of
treated and control groups
= High internal validity
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Data sources & evidences to estimate the treatment effect

Randomized Controlled Trial (RCT) Observational data

Q

e gold standard (allocation E)

e same covariate distributions of
treated and control groups
= High internal validity

e expensive, long, ethical limitations e low cost con

e large amounts of data (registries,
e small sample size: restrictive biobanks, EHR, claims)
inclusion criteria = patient’s heterogeneity

= No personalized medicine .
e representative of the target

e trial sample different from the populations
population eligible for treatment = High external validity
= Low external validity
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Data sources & evidences to estimate the treatment effect

Randomized Controlled Trial (RCT) Observational data
e gold standard (allocation 5) e “big data”: low quality
e same covariate distributions of e lack of a controlled design opens
treated and control groups the door to confounding bias
= High internal validity = Low internal validity
e expensive, long, ethical limitations e low cost con

e large amounts of data (registries,
e small sample size: restrictive biobanks, EHR, claims)
inclusion criteria = patient’s heterogeneity

= No personalized medicine .
e representative of the target

e trial sample different from the populations
population eligible for treatment = High external validity
= Low external validity
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Assumption for ATE identifiability in observational data

Unconfoundedness

(Y:(0), Yi(1)} L T:| X
Measure all possible confounders

Unobserved confounders make it impossible to separate correlation and
causality when correlated to both the outcome and the treatment.

T; Y;

Xi
P—=— &
%
t.ausatu% kusahou
Correlation
p—— 4_.
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G-formula estimator

Average treatment effect (ATE): 7 = E[Aj] = E[Yi(1) — Y;(0)]
Identifiability assumptions in observational data

o {Yi(0),Yi(1)} L T;| X (Unconfoundedness)

o Yi=T;Yi(1)+ (1 — T;)Yi(0) (Consistency)

Using the law of total expectation,
r = E[A] = E[Yi(1)] — E[Y,(0)]
= E[E[Yi(1)|X]] — E[E[Yi(1)|X]] Law of total probability
=E[E[Y:(1)|T; =1, X]] — E[E[Yi(0)| T; = 0, X]] Unconfoundedness
=E[E[Y)|T: =1,X]] — E[E[Yi|T: =0, X]] Consistency

18



G-formula estimator

Average treatment effect (ATE): 7 = E[Aj] = E[Yi(1) — Y;(0)]
Identifiability assumptions in observational data

o {Yi(0),Yi(1)} L T;| X (Unconfoundedness)

o Yi=T;Yi(1)+ (1 — T;)Yi(0) (Consistency)

Using the law of total expectation,
r = E[A] = E[Yi(1)] — E[Y,(0)]
= E[E[Yi(1)|X]] — E[E[Yi(1)|X]] Law of total probability
=E[E[Y:(1)|T; =1, X]] — E[E[Yi(0)| T; = 0, X]] Unconfoundedness
=E[E[Y)|T: =1,X]] — E[E[Yi|T: =0, X]] Consistency

G-formula estimator

where 1 (X) = E[Y|T = t, X] 18



Assumption for ATE identifiability in observational data

Overlap

Propensity score: probability of treatment given observed covariates.
e(x)2P(Ti=1|X;,=x) VxeX.
We assume overlap, i.e. n < e(x) <1l—n, Vx€eX andsomen >0

of

Causo&y qusauou
[ ]
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Inverse-propensity weighting estimator

Average treatment effect (ATE): 7 = E[Aj] = E[Yi(1) — Y;(0)]

Identifiability assumptions in observational data

e {Yi(0),Yi(1)} L Ti | X; (Unconfoundedness)
e n<e(x)<l—m, VxeEX andsomen>0 (Overlap)
o Yi=T;Yi(l)+ (1 — T;)Yi(0) (Consistency)

Propensity score (proba treated|covariates): e(x) = P(T; = 1| X; = x)

20



Inverse-propensity weighting estimator

Average treatment effect (ATE): 7 = E[Aj] = E[Yi(1) — Y;(0)]

Identifiability assumptions in observational data

e {Yi(0),Yi(1)} L Ti | X; (Unconfoundedness)
e n<e(x)<l—m, VxeEX andsomen>0 (Overlap)
o Yi=T;Yi(l)+ (1 — T;)Yi(0) (Consistency)

Propensity score (proba treated|covariates): e(x) = P(T; = 1| X; = x)

IPW estimator

L 1T (-T)Y
T’PW’EZ(.@(X,-)* 1—é(x,))

=1

Vn(Fipw — ) é N(0, Vipw)

(0))2 (1))2
with Vipw = E {gie&) + () } — 72 when é(+) is consistent

20



Augmented Inverse-propensity weighting estimator

Average treatment effect (ATE): 7 = E[Aj] = E[Yi(1) — Y;(0)]

Identifiability assumptions in observational data

e {Y;i(0),Yi(1)} L Ti | X; (Unconfoundedness)
e n<e(x)<l—-mn VxeXandsomen>0 (Overlap)
e Yi=T;Yi(1)+ (1 — T:)Yi(0) (Consistency)

Model Treatment on Covariates e(x) = P(W; = 1| X; = x)
Model Outcome on Covariates ji)(x) = E[Yi(w) | X; = x]
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Augmented Inverse-propensity weighting estimator

Average treatment effect (ATE): 7 = E[A;] = E[Yi(1) — Yi(0)]

Identifiability assumptions in observational data

e {Y;i(0),Yi(1)} L Ti | X; (Unconfoundedness)
e n<e(x)<l—-mn VxeXandsomen>0 (Overlap)
e Yi=T;Yi(1)+ (1 — T:)Yi(0) (Consistency)

Model Treatment on Covariates e(x) = P(W; = 1| X; = x)
Model Outcome on Covariates ji)(x) = E[Yi(w) | X; = x]

AIPW estimator

R T (Yi—s (X)) Q=T —0)(X0)
Papw = 1 300 (Ml)(Xi)—M(O)(Xf)Jr o~ )

/n (Fapw — 7) # N(0, Varpw)

1) _ 2
with Vipw = E [%} +E [0S =2800 | 4 Varfun (X) — po(X)].
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Augmented Inverse-propensity weighting estimator

Model Treatment on Covariates e(x) = P(W; = 1| X; = x)
Model Outcome on Covariates ji(,)(x) = E[Y,-( )| Xi = x]

AIPW estimator

A n (Y; (X))  A=T)(Yi—r@)(X))
TAIPW = 1 Zi:l (/u(l)(X) (X) + (;()1) _ 179()250) )

n

= Tapw is consistent if either the fi(,)(x) are consistent or é(x) is consistent.
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Augmented Inverse-propensity weighting estimator

Model Treatment on Covariates e(x) = P(W; = 1| X; = x)
Model Outcome on Covariates ji(,)(x) = E[Y,( )| Xi = x]

AIPW estimator

A n (Y; (X))  A=T)(Yi—r@)(X))
TAIPW = 1 Zi:l (M(l)(X) (X) + (;()1) _ 179()250) )

n

= Tapw is consistent if either the fi(,)(x) are consistent or é(x) is consistent.
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When measuring a causal effect, removing all confounding bias can be
done two different ways:

tgp = E [YV] - E [1)]

Randomized Controlled Trial (RCT)

i>o>§>i> i
i>o>f>ipf
t>o>p>i>{
EL L 2 2C |

. il Z 1
TDMzn_ZTiYi_n_Z(l_Ti)Yi Tipw  Tarpw TG
1 =1 0 =1

23



Other ways to measure the causal effect

E[y®]  E[r)

E [Y0] 1—E [y)]
T [Yo] SR [Yo]
trp = E [YO] — E [Y©)] l TINT = Tr
_E[YY) Ero) \
for = T Eryoy \ 1= E[yO)]

24



Estimating the risk ratio with observational data

We want to estimate the risk ratio : 7rp = %

Identifiability assumptions in observational data

e {Yi(0),Y;(1)} L T;| X; (Unconfoundedness)
e n<e(x)<l—n Vxe€Xandsomen>0 (Overlap)
o Y= TY,(1)+ (1 - T))Y,(0) (Consistency)

o Vi,j Yi¥V;>0 (Name ?)

25



Estimating the risk ratio with observational data

We want to estimate the risk ratio : 7rp = %

Identifiability assumptions in observational data

e {Yi(0),Y;(1)} L T;| X; (Unconfoundedness)

e n<e(x)<l-—n VxeXandsomen>0 (Overlap)
o Yi=T;Yi(1)+ (1— T;)Y;(0) (Consistency)

o Vi,j Yi¥V;>0 (Name ?)

Estimating the ratio is harder:

_ E[Yi(1)]
E[V(0)]

Y;:
TRR #E{Yi

25



Estimating the risk ratio with observational data

= Using M-estimation, we can solve this issue and get asymptotical
normality
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Estimating the risk ratio with observational data

= Using M-estimation, we can solve this issue and get asymptotical
normality

¥
i

. d
#o_x Unbiased and y/n-consistent V% (r-x — %e) — H(0,Vy)
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Estimating the risk ratio with observational data

= Using M-estimation, we can solve this issue and get asymptotical
normality

¥
i

. d
#o_x Unbiased and y/n-consistent V% (r-x — %e) — H(0,Vy)

Note that Vx is not symmetrical anymore: Estimating E{;Eéﬂ or ER:/E?H

will not give the same confidence intervals!
27



Different treatment measures give different impressions

Let's suppose an RCT was conducted on a given population:
e Y =1 stroke in 5 years and Y = 0 no stroke

TRD TRR TSR INNT Tor

-0.06 0.93 0.27 -17 0.26
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Different treatment measures give different impressions

Let's suppose an RCT was conducted on a given population:
e Y =1 stroke in 5 years and Y = 0 no stroke

TRD TRR TSR INNT Tor

-0.06 0.93 0.27 -17 0.26

e RD: treatment reduces by 0.06 the probability to suffer from a stroke
e RR: the treated has 0.93 x the risk of having a stroke comp. with the
control
e SR: there is an increased chance of not having a stroke when treated
compared to the control by a factor 0.27.
e NNT: one has to treat 17 people to prevent one additional stroke
e OR: people who had a stroke are 0.26 less likely to be treated
28



t treatment measures give different impressions

Let’s suppose two RCTs were conducted on these two subpopulations:
e X =1 high blood pressure, X = 0 moderate blood pressure.
e Y =1 stroke in 5 years and Y = 0 no stroke

TrD TRR TSR TNNT Tor

- -0.06 0.93 0.27 -17 0.26
X=1 -0.4 0.5 0.333 -2.5 0.167
X=0 -0.029 0.97 0.17 -34 0.166

29



Measures’ properties

We define 7(X) := E[Y(®) — Y(0)|X]

Direct collapsibility

= Only 7RP = E[Y() — Y(0)] is directly collapsible:
T = PR(X = 1) X TF?D(X = 1) + PR(X = O) X TRRD(X

—0.06 = —0.4 x 0.091 — 0.029 x 0.909

E[r(X)] =7

TRD TRR TSR TNNT Tor

- -0.06 0.93 0.27 -17 0.26
X=1 0.4 0.5 0.333 -2.5 0.167
X=0 -0.029 0.97 0.17 -34 0.166
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Measures’ properties

Collapsibility (require knowing Y'(0))

E[w(X. P(X.Y(0)7(X)] =7 with w >0, E[w(X,P(X,Y(0))] =1

Where 7(X) := E[YW — YO |X]

31



Measures’ properties

Collapsibility (require knowing Y'(0))

E[ 7(X)] =7 with w >0, E[w(X, P(X,Y(0)))] =1

Where 7(X) := E[YW — YO |X]

TRD TRR Tsr TNNT Tor

All(P) -0.06 0.93 0.27 -17 0.26
X=1 -0.4 0.5 0.333 -2.5 0.167
X=0 -0.029 0.97 0.17 -34 0.166

Logic respecting

Te [mxin(T(X)), mxax(T(x))] : y



Measures’ properties

Collapsibility (require knowing Y'(0))

E[ 7(X)] =7 with w >0, E[w(X, P(X,Y(0)))]=1

Logic respecting

re [mxin(T(x)), mxax(T(x))] :

Measure Collapsible | Logic-respecting
Risk Difference (RD) Yes Yes
Number Neeeded to Treat (NNT) No Yes
Risk Ratio (RR) Yes Yes
Survival Ratio (SR) Yes Yes
Odds Ratio (OR) No No

32



Leverage both RCT and observational data

Average Treatment Effect (ATE)

T =E[A] = E[Y(1) - Y(0)]
T is also referred as the risk difference.
= depends on the population
The ATE is the difference of the average outcome had everyone gotten
treated and the average outcome had nobody gotten the treatment.
Covariates distribution not the same in the RCT & target pop:

Pe(x) # pr(x) = = Ee[Y(1) - Y(O) #E[Y(1) - Y(0)] = 7

ATE in the RCT Target ATE

33



Leverage both RCT and observational data

RCT (big) Observational data
+ No confounding — Confounding
— Trial sample different from the + Representative of the
population eligible for treatment target population
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Leverage both RCT and observational data

RCT (big) Observational data

+ No confounding — Confounding

— Trial sample different from the
population eligible for treatment

+ Representative of the
target population

TR = pe(X = 1) x 78%(X = 1) + pa(X = 0) x 7°°(X = 0)

Py ¢;;PT
X~:’R Wiy X ~Pr m
i @ | =P
Trial R

Target sample T~ 34



Generalization task from a RCT to a target population

Two data sources:

o A trial of size n with pr (x) the Py | e R
probability of observing = L il x¢ .
~ Py N
individual with X = x, n l M| (32 T lm
i 0|78
e A sample of the target Trial R rﬂ'ﬁﬂfﬂﬁh

population of interest — for e.g. Target sample T~

a national cohort (resp. m and

pr (x)).
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Generalization task from a RCT to a target population

Two data sources:

o A trial of size n with pr (x) the Py
probability of observing
individual with X = x, m
e A sample of the target
population of interest — for e.g. Target sample T~

a national cohort (resp. m and

pr (x)).

Transportability (Ignorability on trial participation)
vwe {01} EfY(w) | X] = E[Y(w) ]| X]

Overlap assumption

Vx € X, pe(x) > 0 and supp(P:(X)) C supp(Px(X))

35



Generalization of conditional outcome: identifiability

Average Treatment Effect: 7+ = E{[Y;(1) — Y;(0)],Vt € {0,1}

Er [Y(2)]

Er[E-[Y(t) | X]] Law of total expectation

= E;[Ex[Y(t)| X]] Ignorability

= E{[E[Y(t)| X =x,T =t]] Random treatment
= E/[E[Y|X=x,T=t]] Consistency

pe(x)

36



Generalization of conditional outcome: identifiability

Average Treatment Effect: 7+ = E{[Y;(1) — Y;(0)],Vt € {0,1}

Er [Y(2)]

Er[E-[Y(t) | X]] Law of total expectation

= E;[Ex[Y(t)| X]] Ignorability

= E{[E[Y(t)| X =x,T =t]] Random treatment
= E/[E[Y|X=x,T=t]] Consistency

pe(x)

Regression adjustment - plug-in gformula

. 1 N N
Tgnm=— Y (fi.(Xi) — fio,n(X7))
€T

36



Plug-in gformula: difference between con

Plug-in gformula

n+m
. 1 A o
Tgnm=— > (A1n(Xi) = fio,n(Xi))
i=n+1

pe(x) = E[Y | X = x, T = t]

Covariates Treat | Outcomes

Xy Xz Y

n+2

N IENIEN I

e Fit two models of the outcome (Y) on covariates (X)

_ for treated and for control to get fi1,n & fio,n

37



Plug-in gformula: nce between con

Plug-in gformula

. 1SN X
Tgnm=— > (A1n(Xi) = fio,n(Xi))
i=n+1

pe(x) = E[Y | X = x, T = t]

Ao(Xny1) A1 (Xpt1)
PoXnt2) A1 (Xpio)

AoXntm) 11 (Xngm)

e Fit two models of the outcome (YY) on covariates (X)

_ for treated and for control to get fi1,n & fio,n

e Apply these models , i.e., marginalize

over the covariate distribution of the target pop, gives the expected outcomes
e Compute the differences between the expected outcomes on the target

population fi1 »(-) - fio,n(+)

37



Assumptions for identifiability with fewer covariates

Transportability (Ignorability on trial participation)
vt € {0,1} E[Y(t) | X]=E[Y(t) | X]

38



Assumptions for identifiability with fewer covariates

Transportability (Ignorability on trial participation)
vt € {0,1} E[Y(t) | X]=E[Y(t) | X]

Transportability of the CATE

TrR(X) = 77(X)
S—— SN——

Er[Y()=Y(OIX]  Er[Y(1)=Y(0)|X]

38



Identifiability and estimation for generalization: weighting

= E; [4(X)] = E; [1=(X)] Transportability CATE
e 2850
IPSW: inverse propensity sampling weighting
TIPSW n,m = % Z <ez—(\>:) = (11__61—()):)/> 5

iER
&(x)=P(T=1| X =x)=0.5.
Re-weight, so that the trial follows the target sample's distribution: if

proba to be in trial when old is small, then up-weight old in trial

39



Generalization estimators: illustrative schematics

fx 4 fxis=1 i o fxis=n

I X I X

The trial findings 71,, would over-estimate the target treatment effect 77
Left: the plug-in G-formula model the response using the RCT observation
Right: IPSW weight the RCT observations

fx (fx|s—1) density of the target (resp. trial) pop., fia,n(-) fitted response surface with n trial obs.

Under assumptions, Tipsw,n,m and 7z, m converges toward 7r in L* norm,

o nt
Tipsw,n,m — TT
n,m— oo

11

Tg,n,m ? TT
n,m— oo

LColnet, J.J et al. 2022. Generalizing a causal effect: sensitivity analysis and missing covariates.
Journal of Causal Inference.
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Conclusion

Generalizing Conditional Outcome Local effects

Assumption Er[Y(w) | X] = E+[Y(w) | X =x] | 7r(X) = 7(X)

Identification | Er [Y(w)] = Er [Ex[Y(w) | X]] Er [2;88 W—r(Y(O).X)TR(X)]
Estimator Lsomem (f,n(X:) — fio,n(X))) L (5 - &)

e Depending on the assumptions, either conditional outcome or local treatment effect
can be generalised

o Generalizing local effects only for collapsible measure, information on Y(© with
weights required
= My goal is to do the same for the risk ratio!

41



Thanks for your attention!
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Appendix
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Y“)} —p(Y®D =1) E [Y“’)] —P(Y©® =1)

Risk difference:

TR0 = E [Y(l)} _E {Y@)}
A C
“A+B C+D

How much higher is the risk of the outcome among people who are
exposed to the risk factor?
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Ym} —p(YD =1) E {Y((’)] —P(Y©® =1)

Risk difference:

Tro = E {Y(U} —E {Y“’)}
50 25
T 50+50 25175

50

50 0.25

25 75

People exposed to high levels of the toxic pollutant had a 25 percentage
point higher chance of dying within the next 20 years
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:
E {Y(U} —p(Y®=1) E [Y(O)} —P(Y© =1)

Risk ratio:

C+D
How many times higher is the risk of the outcome among people who are
exposed to the risk factor?
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Ym} —p(YD =1) E {Y((’)] —P(Y©® =1)

Risk ratio:

50

50 _ 50450 _ ,

25 75 25475

People exposed to high levels of toxic pollutant were twice as likely to die
within the next 20 years.
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Y(U} —p(Y® =1) E [Y(O)} —P(Y©® =1)

Survival ratio:
_1-E[)
PRI TE[YO)
D
_ C¥D
===
AfB

how many times higher is the chance of avoiding the outcome, among
people not exposed to the risk factor?
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Ym} —p(YD =1) E {Y((’)] —P(Y©® =1)

Survival ratio:

_1-E[YW]
R TE[YO)
75
50 50 _ 25475 _
—BiB _ 15
25 75 50+50

People only exposed to low levels of this toxic pollutant were 1.5 times as
likely to survive the next 20 years.
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Y“)} —p(YW =1) E [Y“’)} —P(Y©® =1)

Number needed to harm/treat:
— 1 |
TNNH = £ YO —E[YO] — TrD
1
T A
A+B ~ T+D

How many people would need to be exposed to the risk factor, to see the
outcome in one of them?
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {Ym} —p(YD =1) E {Y((’)] —P(Y©® =1)

Number needed to harm/treat:

_ 1 _ -1
TNNH = E [Y(l)] E [Y(O)] = Trp

_
— "0 25
50+50  25+75

50

50

25 75

Four people would need to be exposed to high levels of the toxic
pollutant for one to die within the next 20 years, on average.
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Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

E {YU)} —p(Y®=1) E [Y“’)} —P(Y© =1)

Odds ratio:
_ E[y®] ([ E[yO] \7
ORI E[YO] \1—E[YO)]
_A(CNT
~B\D

How many times higher were the odds of the outcome, in people exposed
to the risk factor?

52



Other ways to measure the causal effect

To simplify things, suppose Y € {0,1} and that our data is from an RCT:

Epm}:mwv:n Ehm}:HYm:U

Odds ratio:

E[Y®] ( Ep@qq>4

1-E[YD] \1-
50 /25 *

People who died had 3 times the odds of having been exposed to high

TOR =

m
<
S

50

50

25 75

levels of the toxic pollutant during the past 20 years.
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Causal Inference

Population

Y(t) Vs Y|T =t

Subpopulations

Conditioning Intervening

Y|IT=1

Y|IT=0
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