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|. Context



Medical motivations

@ Given patient’s characteristics, what is the optimal treatment to give to maximize each patient’s outcome

- Causal inference, policy learning

Example:

Find the optimal hormone dose to maximize the number of oocyte produced (under no-hyperstimulation
constraint)

n trophin | treatment ?
E
(@ ]

> Dose 1 > Dose K




|.1-Mathematical framework

Set of independent and identically distributed subjects %}

» Covariates: X; € X

» Binaryaction: W; € W = {0,1}

> Potential outcomes: Y;(w) € Y, w € {0,1}
Y;(0) outcome in a world wherew = 0
Y;(1) outcome in a world wherew =1
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|.1-Mathematical framework

Set of independent and identically distributed subjects %}

» Covariates: X; € X

» Binaryaction: W; € W = {0,1}

> Potential outcomes: Y;(w) € Y, w € {0,1}
Y;(0) outcome in a world wherew = 0
Y;(1) outcome in a world wherew =1

» Observed outcome: Y; =Y;(W;) € Y
y
» Complete data-structure: 0; = (X;,Y; (1),Y;(0), W, Y;) ~P, "'

> Observation: 0; = (X;, W;,Y;) ~ P, \/




ll. Methods



I|.1- Measures of causal effect



11.1.1- Average treatment effect



|.2.1-Average treatment effect

Represents the mean effect of treatment over a population

Individual treatment effect: A; = Y;(1) — Y;(0)

R

Average treatment effect:
Op, = Ep [A] = Ep [Y(1) —Y(0)]

11



|.2.1-Average treatment effect

Represents the mean effect of treatment over a population

Individual treatment effect: A; = Y;(1) — Y;(0)

R

Average treatment effect:
Op, = Ep [A] = Ep [Y(1) —Y(0)]

Observational data: 0; = (X;, W;,Y;)~ P,

Covariates | Treatment | Qutcome | Potential outcomes ASSUI’T\QtiOI’\SZ
_ X1 X X3 . W ‘ Y . Y(0) Y(1) _
11 20 4 1 200 ? 200 1. SUTVA:Y; = Y;(W;)
-6 45 B 0 10 10 ?
0 15 B 1 160 A 160 2. Overlap: n < P,(W =1]|X) < 1—n,forn>0

5 s A 0 100 | 100 . 3. Unconfoundedness: Y(w) L W|X, w € {0,1}

Average treatment effect estimation:
0p, = Ep,[Y (1) = Y(0)] = Ep, [Y (1] - Ep, [Y (0)]
» 2 IEPO[YIW =1] — IEPO[YIW =0] = IEPO[IEPO[YIW =1,X] — IEPO[YIW =0,X] ]



|.2.1-Average treatment effect estimators

Average treatment effect:
Outcome 4

1 (Y)
1.[)G—comp,n = IE':Pn [/:i(l,n) X) - .a(O,n)(X)] = Ez.u(l n) (X) ﬂ(O,n) (Xi)
i=1

QW —1)Y 1 z": 2w, —1
l

_ _ Z) Y;
Yipwn Py BW=w|X = x) nBW=wjlx=Xx) "'

- >
Age(X)

YW = 1,X]
[Y|W = 0,X]

— AapX) =

Ep
— fowX) =Ep
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|.2.1-Average treatment effect estimators

Average Treatment effect:
Outcome 4

(Y)

1.[)G—comp,n = IE:Pn [/:z(l,n) X) - .a(O,n) X )] =

b =, | W DY _12":
PWn = "hlp W =wlX=x)| nlip

- >
Age(X)

D ler t estimator

- Augmented IPW / One-step correction estimator

E
—> Targeted MLE —— Ao X)) =Ep [YIW =0,X]

12



11.1.1-ATE double robust estimators

Normal framework:

H
M F — (F)
XP() . . .

1< V(Pp) Representation of the relationship between:
- Observed data

TS ()

Py - the empirical distribution (P,)

- the parameter of interest Y (Pp)

\ where:

- M: set of distributions st. y(P,) well defined

-P(Py) = Ep [Ep [YIW =1,X] — Ep [Y[W =0,X] ]

13 -Y(Py) = Ep [Ep [YIW =1,X] —Ep [YIW =0,X] ]



11.1.1- ATE double robust estimators

Normal framework:

Eo~r[O] = ¢(F)

< Y(P) Representation of the relationship between:

b - Observed data
P(Pr)
- the empirical distribution (P,)

- the parameter of interest Y (Py)

X discrete:

= Estimation of Ep [Y|W, X] : direct V

13



11.1.1- ATE double robust estimators

Case:P, € M
H
Eo~r[O] = ¢(F)
< V(Po)
T w(P.)

-()|,...,()“ ~ P{] \
X non-discrete

14



11.1.1- ATE double robust estimators

Case:P, € M
H
M F — (F) Eo~r[O] = %(F)
? Consequences:
T w(Ry)
0 - Restrinctive assumptions on model class
or
, - Using algorithms to estimate: Epn[YIW,X]
a I w(P,) - slower convergence rate

- bias

\ \ X non-discrete

14



11.1.1- ATE double robust estimators

Y(P) = P(Fy) — Ep le(0; P)] + Remp (P)

/ AN

Influence function (IF) Op(ﬁ)

15



11.1.1- ATE double robust estimators

Y(P) = P(Fy) — Ep le(0; P)] + Remp (P)

/ AN

Influence function (IF) Op(ﬁ)

WP)— W) = a+b—c+ op%)

Assumptions:

1- 9(0; P) € LE(P) = {p(0; P): Ep[p(0; P)] = 0 &Ep[¢(0; P)?] < oo}

2-3P, € M suchthat||@(0; P) — ¢(0; Po)ll2p —2 0

Cl) IE:Pn[(p(O;Poo)] _ [EPO[(p(O;Poo)] :\/E(IEPTL[QO(O;POO)] _ ]EPO[CP(O;POO)]) - N(O; VarP(O;Poo)(O))

b) (Ep, [0 (0; P)] — Ep, [9(0; Po)]) — (Ep,l9(0; P)] — Ep l9(0; Pu)]) = op(ﬁ)

¢)Ep [ (0; P)]: random term!

15




11.1.1- ATE double robust estimators

Augmented IPW

Y(P) = Y(Py) — Ep [9(0; P)] + Remp (P) => Y(P)— Y(FPy) =a+b—-c+ Op(%)
Solution:
Yarpw(P) = Y(P) +c = Y(P)+Ep [¢(0;P)] = y(P) + %27{;1 ¢(0;; P)
N\

Objective: compute ¢@(O; P)!

16



11.1.1- ATE double robust estimators

Augmented IPW

Y(P) = Y(Py) — Ep [9(0; P)] + Remp (P) => Y(P) — Y(P)) =a+b—c+ op(%)
Solution:
Yarrw(P) = PP +c = Y(P)+Ep, [9(0;P)] = p(P) + ~ 51y ¢(0;; P)
N\

Objective: compute ¢@(O; P)!

Yarpw(P) = Ep[ Ep[Y|X, W = 1] — Ep[Y|X, W = 0]

lw=1 = 11 1-1y=1 & .
T rw=1x=0 (Y= Eply|x,w =1] 1-P(W=1|X=x) (Y=Ep[Y|X, W = 0])]

16



11.1.1- ATE double robust estimators

Targeted Maximum Likelihood Estimator (TMLE) Performs the bias correction in the regression space Q
H - Buildinitial estimators
f:F— f(F) \ f(F)
>J§P0) - Regression: Q(P) € Q
RO (Py) - Propensity score: G(P) € G
5) >
2 XQU 1(Br)
=Ep [YIX,W =0] - Build our fluctuation:

~. Correctinitial regression Q(P,), s.t.:

/\ =P, (W=1|X)
e

c=Ep [p(0;P)] =0

- Estimate Y (Pg) with corrected regression!

17



11.1.2- Conditional average
treatment effect



|.2.2-Conditional average treatment effect

Expected difference in outcome between receiving and not receiving ®
treatment within a specific population defined by covariates X = x Example: @ X =y

Conditional average treatment effect:

CATEp (x) = Ep [A|X = x] = Ep [Y(1) — Y(0)|X = ]

Same assumptions

Conditional average treatment effect estimation:

CATE[P)O(.X) = Tpo(x), Tp: X - IR, VPEM
=Ep [YIW = 1,X = x]-E, [YIW = 0,X = x]

19



|.2.2-Conditional treatment effect estimators

. = Outcome A
by (x) = Ep, [YIW =1,X = x]

fom)(x) = Epn[Ylw =0,X = x] (Y)

Conditional average treatment effect:

TG—compn (x) = ﬁ(l,n) (x) — .&(O,n) (x)

i.e. X-learner, R-learner, DR-learner, MACF, etc.

D ler t estimator

—> Augmented IPW / One-step correction estimator Height(X)

- Targeted MLE

20



I1.2- Policy learning



Il.2-Policy learning framework

Mathematical framework:

Personalized treatment
recommendations

® Let’s consider a decision maker:
. . . . .
ATE/CATE » Patient characteristics: X; € X (covariates)
. estimation » Actions: W; € W (here action = treatment)

Treatment

» Observed outcome:Y; € Y (for chosen action)

» Policy: d € D decision maker’s support
d: X - W

22



Il.2-Policy learning framework: policy value

The value of a policy reflects the mean outcome expected following the given policy (d)

Va(Py) = Ep [Y(d(X))] = Ep, [d(X)Y(1) + (1 —d(X))Y(0)] > Assess performance of a policy

2y [Ep [YIX,W = d0]| = Va(P)

) Tw ible goals:

1. Optimization: Find the best treatment policy
(maximizing the total expected value)

d* € argmax V;(P,)

deD

23

» Compare policies

> ...

2. Evaluation: Estimating the expected value of a given policy:

Va(Po) £ Vg(Po) = Vg(By)



11.2.1- Policy optimization



11.2.1- Outcome modeling approaches

1- Outcome modeling-based methods:

Covariates Treatment Estimated potential Treatment
outcomes rule

Model Y(1) and Y(0) P x
- Estimate CATEp, (x) : 11 20 F

- F
= Tpo(x) ZIEPO[Y|W =1,X = x] _IEPO[Y|W =0,X = x| 0 15 M

d*(X) = 1sign(rp0(X))>0 22

Th(x) = fyn(x) — fign(x)

/ T/S-1learner IPW/AIPW TMLE MACF

AanX) =Ep [YIW = 1,X]
Ao X) = Ep [YIW = 0,X]

o5 A X, W) = Ep [YIW,X]



11.2.1- Outcome modeling approaches

1- Outcome modeling-based methods:

Covariates Treatment Estimated potential Treatment
outcomes rule

Model Y(1) and Y(0) P i x
- Estimate CATEp, (x) : 11 20 F

-6 45

F
= Tpo(x) ZIEPO[Y|W =1,X = x] _IEPO[Y|W =0,X = x| 0 15 M

d*(X) =1_ 2 i

Slng(Tpo(X))>0
lm regression_forest ~  probability forest
Propensity score
T/S-learner IPW/AIPW TMLE MACF

25



11.2.1- Outcome modeling approaches

1- Outcome modeling-based methods:

Covariates Treatment Estimated potential Treatment
outcomes rule

Model Y(1) and Y(0) P x
- Estimate CATEp, (x) : 11 20 F

-6 45

F
= Tpo(x) ZIEPO[Y|W =1,X = x] _IEPO[Y|W =0,X = x| 0 15 M

d*(X) =1_ 2 i

Slng(Tpo(X))>0
lm - regression_forest -  probability forest
Propensity score
T/S-learner IPW/AIPW TMLE MACF

e

Mixed models: Superlearner

25



11.2.2- Direct estimation techniques

2- Direct estimation techniques: dy € al‘gnll)ax Va(Po) = Ep |Ep, [YIX, d(X)]]
\‘ €
2 - ®

(1) (0) — Classification task

26



11.2.2- Direct estimation techniques

2- Direct estimation techniques:

1. Single stage outcome weighted learning

lw=a(x)Y(d(X)) A Yy
Po(W|X) X1 = Ep, [po(wp() 1W:d(X)]

do € argmax Vy(Py), Vg (Po) = Ep, [Ep,[Y(d(X))]] =Ep, [Ep,

deD
= inE, |—1 = in [E L ow— + APen(d(X
Taen o [Py (wxy ) e Po[a“ aw-vre) + APen(d( 2

I
e(1 - W -Df X))

@ Find f; whose sign defines the OTR:
«  sign(fP)+1
do=""2"

loss: Hinge, logistic, etc.
penalization: Lasso, Ridge, ElasticNet, None

. . Y Y—[w(X)
. weight: IPW (=00, AIPW (- =)




11.2.2- Direct estimation techniques

2- Direct estimation techniques:

1. Single stage outcome weighted learning

. lw=ax)y(dx) A Y
dj € argmaxVq(P), Va (Po) = B, [Ep, [V (@d(XN)]] =Er, [Er | Wpo(a,j})’” XN 2 Ep, [ Tw=aco]

. Y .
= arggl)m Ep, [m Lwzax) = ar}ger;ljln Ep, [ai ll(ZW—l)f(X)’+ APen(d(X))]
Y
P(1 - QW -DfX))

@ Find f; whose sign defines the OTR:
«  sign(fP)+1
do=""2"

Estimate f (X) with P,;:

iy in— i o1 —-C2W; — 1Df (X)) + APen(d(X
fi eargg)mn;ﬁn(wilxzxi) (1 - @W, = DFCX) + APen(d(X))

loss: Hinge, logistic, etc.
penalization: Lasso, Ridge, ElasticNet, None

5= sign(fy) +1

* . . Y Y—[w(X)
. 2 weight: IPW (=00, AIPW (- =)




11.2.2- Direct estimation techniques

2- Direct estimation techniques:
Va(Py) = Ep, [Y(d(X))] = Ep, [dX)Y(D) + (1 — d(X))Y(0)]

= Ep, [Y(0)] + Es, [(Y(D) ~ Y(0))d(X)]

2. Weighted classification baseline effect ATE dependence

1. Single stage outcome weighted learning

27



11.2.2- Direct estimation techniques

2- Direct estimation techniques:

Va(Py) = Ep, [Y(0)] + Ep [(Y(D) — ¥(0))d ()]

1. Single stage outcome weighted learnin
g g g 8 baseline effect ATE dependence

2. Weighted classification

= A(d) = 2(Va(Py) — Ep, [Y(0)]) —Ep,[Y(1) —Y(0)]

2 Ep [v(X) (2d(X) — D] = [Epo[!‘[(f() |"sign(r(X))('2d(X) - 1)'] Cortora
a € {—1,1} IPW: g/PW = |P0(W i T |
. JAIPW _ | _Y—Rw(X)
d; € argmax A(d), A(d) = Ep [a sign(z(X))(2d(X) — 1)] AIPW: a B |PO(W=W|X)|
d

n
1
d; € argmax—zIailsign(T(Xl-))(Zd(Xi) —-1)
dep M =

27



11.2.2- Policy evaluation



I|.3- Policy evaluation

The value of a policy reflects the mean outcome expected following
the given policy (d)

Objective: Compute the value of each policy to compare their

performances
Vd(P) = ]Ep[]Ep[Y|W = d(X),X]]
(X)
Data structure outcome — treatment
(Y) (W)
train 1

tran2 —  _

A test /
Step 1: Gather policies (d) to evaluate

Lasso Ridge

m .. regression_forest AIPW ‘ /IPW AN \
% \weights penalization
ST~
S/T-learner AIPW/IPW TMLE MACFm Wetghted Single stage
/ /// classification outcome
Counterfactual outcome /
modeling Classification
\ ]
LN
[ | | |
| | |
= = [
d;  d, dg

29



11.3- Policy evaluation

The value of a policy reflects the mean outcome expected following Step 2: Train nuisance parameters

the given policy (d)

m regression_forest
L / e glm | Probability forest
Objective: Compute the value of each policy to compare their Conditional expectations N /
performances _ A Propensity score
Va(P) = Ep[Ep[YIW = d(X), X]] a Epy[YIX,W =11 (o) B (W X =
B [YIX,W =H] ra) AhWIX=")
(X)
Data structure outcome — treatment
(Y) (W)
train 1

tran2 —  _

A test /
Step 1: Gather policies (d) to evaluate

Lasso Ridge

m .. regression_forest AIPW ‘ /IPW AN \
% \weights penalization
ST~
S/T-learner AIPW/IPW TMLE MACFm Wetghted Single stage
/ /// classification outcome
Counterfactual outcome /
modeling Classification
\ ]
LN
[ | | |
| | |
= = [
d;  d, dg

29



11.3- Policy evaluation

The value of a policy reflects the mean outcome expected following
the given policy (d)

Step 2: Train nuisance parameters

Objective: Compute the value of each policy to compare their
performances
Va(P) = Ep[Ep[Y|W = d(X), X]]

(X)
Data structure outcome — treatment

(¥) (W)
train 1

tran2 —  _

A test /

[]
Step 1: Gather policies (d) to evaluate =

Lasso Ridge

m .. regression_forest AIPW ‘ /IPW AN \
% \weights penalization
ST~
S/T-learner AIPW/IPW TMLE MACFm Wetghted Single stage
\ / /// classification outcome
Counterfactual outcome /
modeling Classification
\ ]
LN
[ | | |
| | |
= = [
d, d d
29 1 2 K

m regression_forest
L / P gln | Probability forest
Conditional expectations G y
- ) Propensity score
A Ep[YIX,W =111 () o
Ep [YIX, W =H] v APBWIX = )
| Step 3: Compute policy value
1 n d(.X)
A Substitution estimator Vsubs.esta(Bn) = 712 EPn[ I | X = W= - ]
i=1
X W dX)7(1) ?(0)
n ng)
A IPW estimator |/ (B, = 12 Lw= I
IPwW,d\In n < Pn(W — = |X — )

And other double robust estimators: AIPW, TMLE
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lll-Synthetic setting

X ~ Unif(0,1)?
W ~ Ber(p = 0.5)
Y=ulX)+WcX)+7Z

/

intercept function
u: RP» R

T~

Z ~N(0,1)

v

Optimal treatment rule function
c(X) = co(2d*(X) — 1)
d*: RP » {0,1}

X o d*(X) = 1rio<p OF Lex)sp

Gaussian noise:

n = 1000 (individuals) ,p = 5 (covariates)
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lll-Synthetic setting

X ~ Unif(0,1)? Tree setting:
W ~ Ber(p = 0.5)
5 p
Y=ulX)+WcX)+Z u(X)=k+\/z pXX i = Xp
\ i=1"p
/ Gaussian noise:

. : Z ~N(0,1
iIntercept function 0.1 k=10- 71121. f Xplc()] —J jX X3, Z Xp
u: R » R ! % i=1¥p

Optimal treatment rule function co =5 b, = 0.6 b, = 0.2

c(X) = co(2d*(X) — 1) ) =X, f(X) =X,

d*: R? - {0,1} T = Tnoo<e n oz,

X = d"(X) = 1ex)<p OF Lr()sp

n = 1000 (individuals) ,p = 5 (covariates)



lll-Tree setting

Optimal treatment rule (d_Opt)

Treated /
individuals 0.75
AN
Q
0
2 0.50 Non-treated
3 individuals
0.25
0.00

0.00 0.25 0.50 0.75 1.00

Variable 1

32
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lll-Tree setting

Optimal treatment rule (d_Opt)
(1)

@

1.00 (D)
Treated /

individuals 0.75 Treats:

Variable1<0.6 (1)

Non-treated and

individuals (I Variable2>0.2 (2)
7

Variable 2

0.00

0.00 0.25 0.54 0.75 1.00

Variable 1



lll-Tree setting

Oracle vs regression based PL estimators

d_Opt tt TMLE3 p_tree
1.00 1.00 1.00 0 :}: ;:.‘;'.'
. v Lo
o Policy o Policy Policy o Policy ?:3’%-
Yo > e 0 o e 0 e 0 YSos0 ¢ 0 Sge 3 Policy .
~ C 1 L L oy Outcome modeling-based approach:
025 o 025 0.25 ‘:.** H ' .
3 , i .
0.00 0.00 0.00 ) ,‘,}j‘iig‘ ‘.lt:;:?igﬁ, ESt im ate CATE .
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 ovslo 0.75 1.00 . i“:J'l.&\-ﬁ.?jE
t_aipw_cv t_tmle t SL t_MACF

ey Th(x) = /:il,n(x) - ﬁo,n(x)

' ' ' bl
Policy Policy Policy ':?;".3 oy
e 0 e 0 ® 0 o &oo \t S
1 1 1 ¥4 :7'\. :
AP
025 - .o‘}g..
*"e ..': o®
?}:3}; "l‘:j % o
0.00 0.25 050 0.75 1.00 0.00 0.25 050 0.75 1.00 om T ra RN Ya, ~
\/1 —
. t_E_slr t_E_tir d ( ) - 1 . A
Lipw . . n{X sign(t,(x)>0)
1.00 “ﬁ"};’. iyl ) :l n
g € o8 % x ! o
Y Pait Poost
075 Joeaen %l‘ o :‘,‘f-‘;‘:'“ o "‘;:;i'“
0.75 b3 ‘...0.. ot Policy =" '-"‘3 P2 2 1.,3
Policy Policy S ey sudya I policy sudia I policy
o o050 el Ber N © 0 ox whloed o0 Sow whimd .0
e 0 Yoso * 0 P R ) vguy . v;&:‘.\. :
1 1 0.25 ":‘P..v' , ;' M .-’:ﬁ“ argst
0.25 ;3 " ‘{1 om @-" N om O
29 3 LRy % o ¢.‘4.“l:’_....s 00l “f" g
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0.00 0.25 0.50 0.75 1.00 0.00 0.25 050 0.75 1.00 Vi 000 0z os oms 100 000 035 om0 oms 1o
\%A %A . %3 V1

Figure 1: Policy optimization results for regression and tree-based algorithms in a tree setting

Left: Visual representation of treatment rules R
Aaw,n(x) = Ep, [Y[X =x,W =w]



lll-Tree setting

Oracle vs regression based PL estimators

d_Opt tt

1.00 1.00

075 075
Policy

S 050 . e 0 Sos0
1

025 (] 025

3
0.00 0.00

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

t_aipw_cv

t_tmle

Policy
e 0

0.00 0.25 0.50 0.75 1.00

Vi
t_splir
100 w9 "Jﬁ
e o‘: _4}
075 Sigs }
Bop Policy
° 5
Soso (& e 0
g ot 1
. )

0.00 0.25 0.50 0.75 1.00
\%A

0.00 0.25 0.50 0.75 1.00
%A

Policy
e 0

Policy
e 0

Policy
® 0

0.00 0.25 0.50 0.75 1.00
\/1

t_ipw

1.00 ;:'g%ff
‘J.' ."‘,:" -21!'""}
Baltnus

0.75

S 050

-2

0.00 0.25 0.50 0.75 1.00

Vi

i 7 ()2 tm

Policy
e 0
1

Policy
e 0

Policy

e 0

0.00 0.25 0.50 0.75 1.00
A%

t_SL

0.00 0.25 0.50 0.75 1.00
t_E_sIr

025 ;-Sf“
“‘4"’3’
EfRh SE RN
0o r';s. Xog X

000 025 050 075 100

%1

RN fs =.~"

B AT o

sHNeh
0.00 s '," Yot (g t‘l‘
t_E_tir

3
Py T ‘\ t 2
l‘}ﬂ 23 \l‘:’g ,up

000 025 050 075 100
%1

Policy

= Outcome modeling-based approach:
Estimate CATE:

fn(x) = /:il,n(x) - ﬁo,n(x)

Policy
e 0
1

an(x) = Lsign@,(0)>0)

Policy
e 0
1

fwn(x): tree-based techniques

Figure 1: Policy optimization results for regression and tree-based algorithms in a tree setting
Left: Visual representation of treatment rules
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Discussion

, Policy optimization and evaluation techniques
Personalized treatment

recommendations

() e Synthetic simulation for binary treatment
[ J * To improve:
ATE/CATE * Testmultiple nsizes (boxplots)
° estimation « Testnon RCT scenario

Treatment

Other contributions:
* Multi-treatment extensions:
* Policy optimization algorithm
* Policy evaluation technique
* Applicationto IVF data

Perspectives: adding constraints to the policy optimization problem (Ph.D thesis)

* Explainability
* Fairness, No-harm criteria ...
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Annexes



11.1.1- ATE double robust estimators

Targeted Maximum Likelihood Estimator (TMLE)

Build a fluctuation: Find a regression Q(Py) = Ep:[Y|X = x, W = w]| closestto Q(Py) = Ep [Y|X = x,W = w]

Qne ={w,x) - expit(logit(ﬂ?pn[YlX =x,W =w]) + €H,(x,w))}

IfY € {0,1}
or [0,1] argmin Ep [Ry(€)] = X1y ~Y;10g(Qne(Xi, W) — (1 = Y;) log(1 — Qpe(Xi, W)))

€

2w —1
wP (W =1X=x) + (1 —=w)P,(W = 0|X = x)

H,(x,w) =



11.1.1- ATE double robust estimators

Targeted Maximum Likelihood Estimator (TMLE)

Build a fluctuation: Find a regression Q(Py) = Ep:[Y|X = x, W = w]| closestto Q(Py) = Ep [Y|X = x,W = w]

Qne = {w,x) - expit(logit(ﬂ?pn[YlX =x,W =w]) + €H,(x,w))}
IfY € {0,1}
or [0,1] argmin Ep_[R,,(€)] = X1, —Y;10g(Qn,e(Xs, W) — (1 =¥ log(1 — Qe (X;, Wy))
7 € [ bl Qne ={w,x) -» (Epn[YIX =x,W = w] + eH,(x,w))}
a<b
argmin [EPn [Rn(e)] - 7iﬁtzl( Y; — Qn,e(Xi» Wi))z

2w —1
wP (W =1X=x) + (1 —=w)P,(W = 0|X = x)

H,(x,w) =



11.1.1- ATE double robust estimators

Targeted Maximum Likelihood Estimator (TMLE)

Ep:[Y|X,W = 1]=Ep_[Y|X,W = 1] + €, Hp(x, 1)
Q(Py) = Ep:[Y[X = x, W = w]

=Ep [YIX =x,W =w] + €, H,(x,w) R
Ep:[Y|X, W = 0]=Ep [Y|X,W = 0] + €, Hy(x, 0)

Y(By) = Ep; [Epy [VX, W = 1] - Ep [V]X, W = 0]]

2w —1
wP (W =1X=x) + (1 —=w)P,(W = 0|X = x)

H,(x,w) =



A VISUAL GUIDE TO POLICY

The value of a policy reflects the mean outcome
expected following the given policy (d)

Objective: Compute the policy value of each
policy to compare their performances

Va(P) = Ep[Ep[YIW = d(X), X]]

(X)
r— treatment
(W)

Data structure outcome
(Y)

train 1
train 2 — __

A test /
Step 1: Gather policies (d) to evaluate

Lasso Ridge
m regression_forest AIPW ‘ /IPW \\ \
% weights penalization
S/T-learner AIPW/IPW TMLE MACF Weigrﬁed\S' /
ingle stage
/ /// classification outcome
Counterfactual outcome /
modelling Classification
\ J
Ta
| | |
| = |
= 1 ..©§
dy d, dg

tm regression_forest

S/T-learner AIPW/IPW TMLE MACF

N T anrd
Conditional expectations

AEPn[le'W =1 ¢y
Epn[YIX, w =Ml v

Substitution estimator

n
1 ~
Vsubs.est,a(F) = 712 [EPn[I |X = W
i=1

X WdX)7(0) P(1)

or_2 |

Step 2: Train nuisance parameters AIPW

probability forest

/

Propensity score

Pn(W X = )A

Step 3: Compute policy value

d(X)
[ |
=_]
[ |

IR -

IPW estimator

n

1
Vipwa(By) = — E = " m

d(x)
1 —
Varpwa(P) = - iz [Ep [[JIW =5 X =]

m-m-sw=fix= )
0

m-= b W= |X=

N P

N P
NP
N

W d(X) 7(0)7(D

Y X

TMLE
1 n dX)
Vemie,a(Pn) = ZZ EP;;[l |X = W= :
i=1
. X W d(X) 7*(0) 7*(1) .
AN = mean(l )
N

]
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