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|. Context



|.1-Medical motivations

Classical policy learning: Given patient's characteristics,
determine the optimal treatment maximizing each patient’s outcome

IVF example:

Find the optimal hormone dose to maximize the number of ococyte produced ? E
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|.1-Medical motivations

Classical policy learning: Given patient's characteristics,
determine the optimal treatment maximizing each patient’s outcome

IVF example:

Find the optimal hormone dose to maximize the number of ococyte produced o :
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@ Our goal: Given patient’'s characteristics,
determine the optimal treatment maximizing each patient’s outcome
while controlling an adverse event

IVF example:

Find the optimal hormone dose to maximize the number of ococyte produced E @
while avoiding ovarian hyperstimulation ®




|.2-Mathematical framework

Set of independent and identically distributed subjects m

Covariates: o

X, €X ﬁ

Binary treatment:
A; € {0,1}
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|.2-Mathematical framework

Potential outcomes

Yi(a) € [0,1], a€{01:} f) f)
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Observed primary outcome:
Vp =Y (A;) € [0,1]




|.2-Mathematical framework

Set of independent and identically distributed subjects
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l- € {0,1)# Potential outcomes
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i(a) €{0,1},
- ?} ?} «Saae ?0,1}
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Observed primary outcome:  Observed adverse event:
Vi =Y(4;) €[0,1] &= ¢i(4) €{0,1}



|.2-Mathematical framework

Set of independent and identically distributed subjects

ﬁ‘

Observed primary outcome:  Observed adverse event:
Vi =Y(4;) €[0,1] &= ¢i(4) €{0,1}

0; = (X, A, V,6) ~P



|.2-Policy learning framework

Policy: m € Il maps patient’s characteristics to a treatment decision m:X — {0,1} or [0,1]
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|.2-Policy learning framework

Policy: m € Il maps patient’s characteristics to a treatment decision m:X — {0,1} or [0,1]

P ®

Classical policy learning: Find the value-optimal policy ™, maximizing the average outcome if i is followed,
x - mt(x) = 1{Au(x) > 0}

u(a,x) = E[Y|a, x]
Ap(x) = u(1,x) — u(0,x)

Covariates | Treatment n(0,X) u(1,Xx) Au(X) " (X)
41 1]a 1 NA 0.9 NA ?
101 01]b 0 0.6 NA NA ?

2 | 1]a 0 0.3 NA NA ?




|.2-Policy learning framework

Policy: m € Il maps patient’s characteristics to a treatment decision m:X — {0,1} or [0,1]

P ®

Classical policy learning: Find the value-optimal policy ™, maximizing the average outcome if i is followed,
x - mt(x) = 1{Au(x) > 0}

u(a,x) = E[Y|a, x]
1- Direct: Predict sign of Au(X) Ap(x) = p(1,x) — u(0,x)

2- Indirect: Plug-in an estimation of Au
x o 5 (x) = 1{/Ap,(x) > 0}

Covariates | Treatment | i,,(0,X) A,(1,X) Apn(X) ' (X)
4 1)|a 1 07 L o009 0.2 1
0] 0/b 0 06 4 03 03 0

2 1]a 0 0.3 0.4 0.1 1
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|.2-Policy learning framework

Policy: m € Il maps patient’s characteristics to a treatment decision m:X — {0,1} or [0,1]

P ®

Classical policy learning: Find the value-optimal policy ™, maximizing the average outcome if i is followed,
x - mt(x) = 1{Au(x) > 0}

u(a,x) = E[Y|a, x]
1- Direct: Predict sign of Au(X) Ap(x) = u(1,x) — u(0,x)

2- Indirect: Plug-in an estimation of Au
x o *(x) = 1{Ap, (x) > 0}

Covariates | Treatment | 1,(0,X) i,(1,X) Ap,(X) t*(X)
4] 1]a 1 07 & 09 0.2 1
10| 0|b 0 06 + 03 0.3 0
x Relies on quality of estimator /i, 2] 1fa 0 03 ¢ 04 0.1 1

Problematic values with some estimators



Il. Methods



II.1- Problem formulation

EP-learning | |: Efficient plug-in risk estimator Riyp » E[Pp(X)? = 2y(X) - Au(X)] (1)
1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥
(convex space) x Overlooks



II.1- Problem formulation

EP-learning ' : Efficient plug-in risk estimator R:iyp v E[W(X)? —2y(X) - Au(X)] (1)
1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥

x Overlooks
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~ Add constraint: Guarantee that m does not increase the average probability of beyond a € [O, %]




II.1- Problem formulation

EP-learning ' : Efficient plug-in risk estimator R:iyp v E[W(X)? —2y(X) - Au(X)] (1)
1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥

Add constraint: Guarantee that m does not increase the average probability of beyond a € [O, %]

Policy reformulation:

m(X) = ag o P(X) € [0,1] -oss
_ — p=1
N — B=15 \/ Overcome differentiability issues
P2 & strongly convex
B=5

\/ Confidence measure in treatment
recommendation

0.0
(X)



II.1- Problem formulation

EP-learning ' : Efficient plug-in risk estimator R:iyp v E[W(X)? —2y(X) - Au(X)] (1)
1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥

Add constraint: Guarantee that m does not increase the average probability of beyond a € lO, %]
P - E|og o p(X) - |—a (2
l_'_l
m(X)

Assumption: Treated patients are more likely to suffer from an adverse event, that is: >0



II.1- Problem formulation

EP-learning ' : Efficient plug-in risk estimator R:iyp v E[W(X)? —2y(X) - Au(X)] (1)
1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥

Add constraint: Guarantee that m does not increase the average probability of beyond a € lO, %]
P - E|og o p(X) - |—a (2

Policy optimization objective

. .
Minimize R (¥) w.rt € ¥ M} L:¥YXR, > R

S 5(h) < 0 @A) = R) + A5(h)



II.1- Problem formulation

EP-learning ' : Efficient plug-in risk estimator R:iyp v E[W(X)? —2y(X) - Au(X)] (1)

1- Plug-in efficient estimator of Au
2- Minimize risk (1) for Y € ¥

Add constraint: Guarantee that m does not increase the average probability of

Y - Elggy w(X) - |—a (2

Policy optimization objective

. .
Minimize R (¥) w.rt € ¥ M} L:¥YXR, > R

st.S() <0 W, 1) = R A @)

Parameters to fine-tune:
-@B)policy definition 1 1| weight given to constraint

beyond a € lO, %]



I1.2- Algorithm: EP-learner for constrained policy estimation

1- Estimate J cross-validated nuisance parameters: (i, ;,

for j=1,...,Jd-1do:
for f € B do:
for A € A do:

2.1- Plug-in /i, ;, in the objective function: ﬁn,j W, ) = Ry (@) + A5, ;) (4)
2.2- Obtain minimizer of (4): ¥, j E argmin{L,, i@, 1): Y € ¥} [Frank-Wolfe algorithm, |
3- Identify the optimal f°P¢ and A°Pt

4- Obtain ¥, minimizer of £, ; (1), 1°Pt)

return 7(X) = ogopt © U, (X)



Ill. Results



Results: synthetic data

Nuisance parameter estimation

Density of VS.

Synthetic data
Density of Au(X) vs. A, (X)
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IIl.1- Results: synthetic data

Mean treatment probability comparison

Density comparison
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V. Discussion



Discussion

 Formulated a policy optimization problem with constraints
» Defined a strongly convex policy in a probabilistic style (in [0, 1])
* Adapted the EP-learner for multiple outcomes

* Optimizing policy in a convex function space using the Frank-Wolfe algorithm

Perspectives:

« Correct plug-in £,,(1), while preserving strong-convexity
* Alternated optimization-estimator correction

 (Compare to state of the art constrained policy optimization techniques

14



Thank you!
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Annexes



Bias of objective function estimator

Minimize £:y — E[Y(X)? — 2¢(X) - Au(X) + Aog o P(X) - | - 2a K 1, v unknown

Solution
Plug-in estimator: L,: 9 Epn[l/)(X)z — 2 (X) - Ap, (X) + Aog o P(X) - ] — Ala



Bias of objective function estimator

Minimize £:y — E[Y(X)? — 2¢(X) - Au(X) + Aog o P(X) - | - 2a K 1, v unknown

Solution
Plug-in estimator: L,: 9 Epn[l/)(X)z — 2 (X) - Ap, (X) + Aog o P(X) - ] — Ala

Evaluation via

EIC derivation of
EIC-(P)(X,A, Y, &) = V,F(P)+ V,F(P
AR . §) = ViF(P) + V,F (P)

Estimator bias E[V,F(P)[=0

24 —1
P(A|X)

BV, FRYXAY, ] = E [sms (<2000 - (¥ = 1(4,20) + 205 000 - (¢ = v(4,))|

x Non-convex function of



I1.2- Algorithm: Alternated procedure

1- Estimate | cross-validated nuisance parameters: /i, ;,

for j=1,...,J-1 do:
for B € B do:
for A € A do:

2- Run iteratively alternated procedure for fixed S, A:
* Minimize ﬁfl, j° 1,5,’,‘f j € argmin{ﬁi‘l, WD P eV}
 Correct ﬁ,’,‘; j by adjusting nuissance parameters /1, , for fixed 1/3,’,‘1 j
3- Identify the optimal B°P¢ and 1°Pt

4- Obtain 1, minimizer of LX ; (1, 1°P%)

return 7(X) = ogopt © U, (X)



I1.2- Algorithm: Alternated procedure

Require: A, B, [, ;, , ey, ¥, max_iter

Initialization:
Optimization: [i,;(€1) = i, /,

vy j € argmin{L,, i@, ): Y € ¥} [Frank-Wolfe algorithm, ]

While (2(1/3’,;1 — 1,5,’,‘; j)z) <y & k < max_iter:

k=k+1 1 wn i .
=L ¥, Vilog(ff (1)) + (1 = ¥) log(1 = 1f (1))

-1 n

Correction: € € argmin £X(e) =
— =1 ¢:108( )+ (1 —¢;)log(1 — )

Nuisance parameter update:

R . o 24-1
H;’ft, j(€1) = explt(loglt(ug, i)+

en(4,X)

2A—1
en(4,X)

Yer (X)) = expit(logit(v, ;) + Y €208 © P (X))

Optimization: l/?’,i j € argmin{ﬁ,’,‘; i@, ): Y € ¥} [Frank-Wolfe algorithm, -]



Ill.2- Results: synthetic data, second scenario

Synthetic data Nuisance parameter estimation
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Ill.2- Results: synthetic data, second scenario

Mean treatment probability comparison

Density comparison
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