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Non-small cell lung cancer treatment

Supraclavicular - . .
collarbone) » Stage I-Il: surgical resection

lymph nodes

» Stage IV: chemotherapy & non-surgical treatments

» | Stage lll: no clear consensus, highly heterogeneous

Treating stage lIIA NSCLC

mediastinal
\ The initial treatment for stage IIA NSCLC may include some combination of radiation therapy,

lymph Subcarinal _ b "
nodes mediastinal chemotherapy (chemo), immunotherapy, and/or surgery. For this reason, planning treatment for stage IlIA
lymph nodes NSCLC often requires input from a medical oncologist, radiation oncologist, and a thoracic surgeon. Your
. . treatment options depend on the size of the tumor, where itis in your lung, which lymph nodes it has
[SOU rce: American Cancer SOCIetY] spread to, your overall health, and how well you are tolerating treatment.

= 85% of lung cancer cases
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Treatment for stage Il NSCLC

Can we learn an individualized treatment policy for stage Il NSCLC from observational data?

v

: 1
A data set of 334,521 Stage IIIA NSCLC patients Observed covariate

Treatment options: surgery and chemotherapy / \

v

~~ quasi-random

v

Outcome: survival following treatment Treatment & Outcome

» Covariates: demographics, baseline health, comobidities R /

Unmeasured confounding

Common in observational studies!

Lcurated from Truveta's real-world electronic health record (EHR) database
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» I'-sensitivity model [Rosenbaum (1987)]
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Characterizing unmeasured confounding

» I'-sensitivity model [Rosenbaum (1987)]

< ]P’(T:1|X:x,U:u)/IF’(T:1|X:z,U:u/) <T
- ) B(T -

1 X
I "PT=0X=2,U=u =0|X =2,U =41/)
forall z, u, u'. K-/ \

Te{o,1; —t L y_ym

» marginal I'-sensitivity model [Tan, 2006] \ /—J
U

< P(T = 1|X:1‘,U:u)/]P’(T: 11X ==z)

1 <T
' T P(T=0X=2,U=nu)

P(T=0/X=z)

for all z, u. Y (0),Y (1) ~ potential outcomes

I' > 1 quantifies the strength of unmeasured confounding
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How large is I'?

» In practice, not identifiable

» Assess its degree by omitting observed covariates

In NSCLC data

» Take U =BMlI or cholesterol level

» Evidence suggests correlated with survival [Yuan et al ‘22, Ihara et al 24, Nie et al '24]

P(T =0|X =2,U = u) =~ 0forsome u =T = oco!

Assuming the (marginal) I'-sensitivity model will be overly conservative if the case of extreme confounding is rare



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

OR(X,U) :=

P(T = 1|X,U) ;P(T = 1|X)
P(T = 0|X,U) /IP’(T =0|X)



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

P(T = 1]X, U)/P(T =1]X)

ORX.U) = p7 o0/ BT =0/%)

marginal sensitivity model: max{OR(X,U),OR(X,U)~ '} <T

f-sensitivity model:  max{Ey | x 71 [f(OR(X, U))], E¢ | x,7—o[f(OR(X, U)y D<o




The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

OR(X,U) :=

P(T = 1|X,U) ;P(T = 1|X)
P(T = 0|X,U) /P(T =0|X)

marginal sensitivity model: max{OR(X,U),OR(X,U)~ '} <T

f-sensitivity model:  max{Ey | x 71 [f(OR(X, U))], E¢ | x,7—o[f(OR(X, U)y D<o

» f: R4 — Risa(strongly) convex function with f(1) = 0



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

OR(X,U) = LT W% 0) JHT = 1)

P(T =0|X,U)/ P(T =0|X)

marginal sensitivity model: max{OR(X,U),OR(X,U)"1} <T

f-sensitivity model:  max{Ey | x 71 [f(OR(X, U))], E¢ | x,7—o[f(OR(X, U)y D<o

» f: R4 — Risa(strongly) convex function with f(1) = 0

» Example: f(z) = (x — 1)?, f(z) = zlogz, f(x) = |z — 1|/2



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

OR(X,U) = LT W% 0) JHT = 1)

P(T =0|X,U)/ P(T =0|X)

marginal sensitivity model: max{OR(X,U),OR(X,U)"1} <T

f-sensitivity model:  max{Ey | x 71 [f(OR(X, U))], E¢ | x,7—o[f(OR(X, U)y D<o

» f: R4 — Risa(strongly) convex function with f(1) = 0
» Example: f(z) = (x — 1)?, f(z) = zlogz, f(x) = |z — 1|/2

» p > 0 quantifies the strength of unmeasured confounding



The f-sensitivity model pin, & and zhou26]

» Instead of bounding the worst-case confounding, bound the average confounding

OR(X,U) = LT W% 0) JHT = 1)

P(T =0|X,U)/ P(T =0|X)

marginal sensitivity model: max{OR(X,U),OR(X,U)"1} <T

f-sensitivity model:  max{Ey | x 71 [f(OR(X, U))], E¢ | x,7—o[f(OR(X, U)y D<o

» f: R4 — Risa(strongly) convex function with f(1) = 0

v

Example: f(z) = (z — 1), f(z) = zlogz, f(z) = |z — 1|/2
» p > 0 quantifies the strength of unmeasured confounding

» p = 0~ no unmeasured confounding
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Policy learning

v

Observe data (X;, T;, Vi)™,

v

Policy  : X — {0,1}

v

Policy class of interest IT

Policy value V(m; Q) = Eq [V (7(X))], where (Y (1),Y(0), X) ~ Q

v

w/o unmeasured confounding,
the true law of (Y'(1), Y (0), X) identifiable from the observed data
y)|X2ya)|x,T=1
w/ unmeasured confounding
the true law of (Y'(1),Y(0), X) is is partially identifiable from the observed data under sensitivity models
Y(1)| X ;Zé Y1) X, T=1
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Partial identification under the f-sensitivity model

Under the f-sensitivity model with parameter p, there is

Ds (Py @y x=o,7=t | Py x=z) <p, t=0,1
—_——

observable

» Dy (P||Q) denotes the f-divergence between distributions P and Q
» Example: f = (z — 1)2 ~ x2-divergence; f(z) = = log x ~ KL-divergence
» Learning objective: find the optimal policy maximizing the worst-case value

n* = argmin V,(w) = argmax min V(m;Q),
mell o(m) rell QEQy(p) ( )

where Q¢ (p) is the set of laws of (Y(1),Y'(0), X) with

Px = PY*, Df(Psgb(s,:)\X:I,T:t||PY(t)|x:z) <p, Vt=0,1



Offline data collection mechanism

How is D = {X;,T;,Y;}7 , collected? Consider two types of data collection mechanisms:

li.d. data Adaptively collected data
iid o . i
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Offline data collection mechanism

How is D = {X;,T;,Y;}7 , collected? Consider two types of data collection mechanisms:

li.d. data
> (U X, T3, Yi(0), (1) 8 Pi=1,...\n

» Observe (X;,T;,Y;) withY; = Y;(Ty)

» Propensity score e(X) =P(T = 1|X) € [¢,1 — €]
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Distributionally robust policy learning

Learning objective:

m* = argmax V,(7),
mwell

Evaluation metric: for any policy # obtained from D

regret(t) = V,(7*) — V, (%)

[ Construct V, () ]—>[ Optimize V, (7) over 7 € Hj—»[ Output robust policy # j

10
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Policy evaluation: from primal to dual

Fix m € II

» Need to estimate the policy value under the worst-case law of Y (1), Y (0) | X

Vo(m) = min, QY (r(X)]

=By [7(X) - min EQV(DIX] +(1=m(X)) - | min EQ[y(0)|x]

» Easier with the dual problem!

Under the f-sensitivity model with parameter p, forany t = 0, 1,

) . Y(t)+n
Eq[Y (1)|X] = — E o - Th o=
ol EQ¥(IX] =~ min plar (= XOET) o) ]

where f*(2) = sup,>o{zz — f(z)} is the convex conjugate of f.

11
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Policy evaluation: estimator

. Y(t)+n
Dual opt. blem: E - ——
ual opt. problem CYZrg’mER p{af ( o )

+n+ap‘X,T:t}
n

Ry(a,p)

» Plug-in approach?

i) = 1 5 [HEEE R (6060 06|

i=1

» Nuisance functions é(-), &(-), 7j(-) are estimated by the same data D = inefficient!

12



Policy evaluation: cross-fitting estimator
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Policy evaluation: cross-fitting estimator

Fold 1 Estimate e(z) and r := E[Rs(a®),7®)) | X] ~ (6®), 7))

Fod2  VV(m) = Sien, TH G (R (0,4 =70 (X)) +73) (X0)

Fold 3 Solve dual opt. obtain dg‘?’) (z), ﬁgg)(a:)
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Policy evaluation: cross-fitting estimator

3

. 1 .

Vo(m) = -3 E vk
k=1

Under mild regularity conditions, suppose for each fold k € [3]

[6®) —ella = 0p(n™1), [IAF) —rella = op(n~72), t=0,1
(@™, 4®) — (a,n)ll2 = op(n= %), (@™, 74®) — (@, n)lloc = 0p(1),

for some v1,v2 > 0 satisfying v1 + 2 > 1/2. Then for any ,

Vi(Vp(m) = Vo(m)) = N(0,02).

14
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Policy optimization

# = argmax V, ()
well

» Inner opt. problem only need to solved fort = 0,1

» Efficient implementation for tree-based policy class via dynamic programming

15



Policy optimization: regret upper bound
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Under mild regularity conditions, suppose for each fold k € [3]

16®) —ella = 0p(n™), 17" = rella = 0p(n™72), t=0,1
[(@®), 7®)) — (a, )ll2 = 0p(n™1/%), (&™), 7)) — (a, )]l = 0p(1),
for some v1,v2 > 0 satisfying v1 + ~v2 > 1/2. Then for any 8 € (0, 1) and n sufficiently large,

~(I) + Iog(l/ﬁ))

regret(#t) < O( 7

» x(II): entropy integral of IT under the Hamming distance ~~ complexity of IT
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Policy optimization: regret lower bound

Suppose p < 0.2 and n > VCdim(IT)2. There exists a distribution over (X, U, T, Y (0), Y (1)) satisfying the
same condition in the upper bound result, such that for any 7,

E[regret(#)] > Q< M)

n
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Policy optimization: regret lower bound

Suppose p < 0.2 and n > VCdim(IT)2. There exists a distribution over (X, U, T, Y (0), Y (1)) satisfying the
same condition in the upper bound result, such that for any 7,

E[regret(#)] > Q( M)

n

» VCdim(II): the VC dimension of IT

» VCdim = Q(x(II)) = matching lower bound!

When Err(e) x Err(r¢) = O(n~/2) and Err(a) V Err(n) = O(n~1/4),

Minimax optimal!

17
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When data are collected adaptively

Main distinction
» Propensity estimation:

]P)(Ti* =t | Xi,’Hi_l) = e(Xi,’Hl‘_l) . ]P’(T;k = tlTi = 17Xi) + (1 — C(Xi,'Hi_l)) . ]P)(Tz* = tlTi =0, Xz)
—_———— S —
known known

» Accommodates unbalanced sampling: e(X;; Hi—1) > €;

Similar algorithm (w/o cross-fitting)

E[regret(#)] = O(H(H) Z %)

n €
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NSCLC dataset revisited

[ Patient covariates H Surgery or Chemotherapy? j—»[ Survival? j
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NSCLC dataset revisited

[ Patient covariates H Surgery or Chemotherapy? j—»[ Survival? j

» U =BMl or U =cholesterol level

v

Half of data Dy w/ full set of covariates: estimate the counterfactual (for evaluation)
» The other half Dy w/o BMI or cholesterol level: learn a robust policy 7 and evaluate it

» Choice of p? Hard to estimate in general = conduct sensitivity analysis by varying p

19



BMI as unmeasured confounder
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BMI as unmeasured confounder
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Cholesterol level as unmeasured confounder
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Cholesterol level as unmeasured confounder
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Histogram of survival rate
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Summary

» The f-sensitivity model: a dsensitivity model measuring the average strength of unmeasured confounding

23



Summary

» The f-sensitivity model: a dsensitivity model measuring the average strength of unmeasured confounding

» Efficient policy evaluation and optimization algorithms under the f-sensitivity model

23



Summary

» The f-sensitivity model: a dsensitivity model measuring the average strength of unmeasured confounding
» Efficient policy evaluation and optimization algorithms under the f-sensitivity model

» Applies to both i.i.d. and adaptively collected data

23



Summary

» The f-sensitivity model: a dsensitivity model measuring the average strength of unmeasured confounding

» Efficient policy evaluation and optimization algorithms under the f-sensitivity model

v

Applies to both i.i.d. and adaptively collected data

v

Empirical results on NSCLC dataset suggest the robust policy can outperform the baseline
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» Ying Jin, Zhimei Ren, and Zhengyuan Zhou. "Sensitivity Analysis Under the f-Sensitivity Model: A Distributional
Robustness Perspective.” Operations Research (2026).

» Jinyuan Wang, Zhimei Ren, Ruohan Zhan, and Zhengyuan Zhou. "Distributionally robust policy learning under
concept drifts.” ICML (2025).
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f-sensitivity model.” in preparation (2026+).

Thank you!



