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Abstract

Causal inference, especially in observational studies, relies on untestable assump-
tions about the true data-generating process. Sensitivity analysis helps us assess
how robust our conclusions are when we alter underlying assumptions. Existing
frameworks concerned worst-case changes in these assumptions. In this work, we
argue that using such pessimistic criteria can often become uninformative or lead to
conclusions contradicting our prior knowledge about the world. We generalize the
recent s-value framework [16] to estimate the sensitivity of three common assump-
tions in causal inference and empirically demonstrate this claim. Empirically, we
find that, indeed, worst-case conclusions about sensitivity can rely on unrealistic
changes in the data-generating process. To overcome this limitation, we extend
the s-value framework with a new criterion, the Bayesian Sensitivity Value (BSV),
which computes the expected sensitivity of an estimate to assumption violations
under priors constructed from real-world evidence.

1 Introduction

Causal inference offers powerful tools for decision-making across high-stakes domains, but both
its internal and external validity rely on assumptions that cannot be verified from data alone [2, 30].
Sensitivity analysis [34] has emerged as a critical tool to assess the robustness of causal conclusions
to violations of these assumptions. Existing frameworks typically focus on the unconfoundedness
assumption [43, 45, 8] — all confounding variables have been measured and controlled for. However,
the internal validity of causal inference also depends on other model specification assumptions [1].
As for external validity, even randomized trials are exposed to selection and outcome biases, such
that participants of a study may differ systematically from the broader population of interest.

The central question of sensitivity analysis is: To what extent can assumptions be violated before
an experiment’s conclusions are overturned? This is valuable when assessing whether evidence is
strong enough to support decisions such as drug approval. Practitioners may also wish to compare
subpopulations and prioritize those with higher sensitivity when planning resource allocation or future
data collection [31]. Since exhaustively evaluating all possible assumption violations is infeasible,
existing methods typically adopt a worst-case approach, identifying the smallest violation that reverses
a conclusion [8, 16]. In multi-dimensional settings, this often reduces to analyzing restricted spaces,
such as one confounder at a time, a simplification that can be misleading [38]. Moreover, worst-case
violations may be implausible, overly pessimistic, and uninformative in higher dimensions.

In this work, we start by formalizing and showcasing the above challenges. To that end, we extend
the s-value method of Gupta and Rothenhäusler [16] to include other common causal assumptions,
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including no unmeasured confounding, well-specified conditional models of outcomes given treat-
ment and covariates, and external validity with respect to the covariate distribution. This extended
framework defines an assumption variable, the space of its possible values, a divergence metric to
measure violations, and constraints that enable practitioners to target sensitivity questions of interest.
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Figure 1: The closest (worst-case) distribution that reverses
the causal decision has low probability under an empirical
prior. More realistic distributions are further away from the
observed p̂X (Left) and lie in a different direction (Right).

Simulation studies show that worst-
case sensitivity analyses are often
overly pessimistic, since they treat all
violations as equally likely and may
contradict real-world knowledge (e.g.,
simultaneous increase in income and
decrease in education is an unlikely
distribution shift). To address this,
we propose the Bayesian Sensitivity
Value (BSV) and its Empirical Bayes
variant (EBSV), which estimate ex-
pected sensitivity under priors derived
from real-world evidence. Unlike ex-
isting Bayesian causal inference meth-
ods [28, 25] that place priors on treatment effects, BSV defines a posterior over changes in the
data-generating process while using established frequentist estimators. EBSV further incorporates
data-driven rather than arbitrary priors. Appendix E reviews related works further. As an illustrative
example, fig. 1 considers sensitivity to the covariate distribution pX over two independent binary con-
founders. The worst-case distribution that reverses the causal decision has very low probability under
an empirical prior. In contrast, distributions sampled from an empirical prior that reverse this decision
indicate lower sensitivity in magnitude and lie in a different direction. Our main contributions are:

• We unify sensitivity analysis frameworks with respect to different types of assumptions in a general
framework that allows practitioners to ask targeted questions about the sensitivity of a study.

• Our simulations and real-world application empirically demonstrate that worst-case analyses indeed
often fail to reflect plausible scenarios, leading to overly pessimistic and uninformative results.

• We propose a new sensitivity criterion, the Bayesian Sensitivity Value (BSV), which is grounded in
real-world evidence, is more realistic, and remains useful in high-dimensional assumption spaces.

• Finally, we empirically illustrate BSV’s ability to address the above limitations, along with strategies
to construct empirical priors from real-world evidence and practical algorithms for both criteria.

2 Sensitivity Analysis Framework

We consider the archetypal causal inference task of binary treatment effect estimation, where the
goal is to make a binary decision based on this estimate. Let T ∈ {0, 1} be a binary treatment
and Y (1), Y (0) ∈ {0, 1} be the corresponding potential outcomes under the Neyman–Rubin model
[19]. In decision–focused causal inference [23, 18], the average treatment effect (ATE), τ :=
E
[
Y (1)− Y (0)

]
, is translated into binary choices such as I(τ > δ) for a user–specified threshold

δ. Since only (T, Y ) are observed in practice, consistent estimation of τ requires assumptions.
Observational methods such as inverse propensity score weighting [20, 33] and outcome regression
[36] achieve this by converting τ into identifiable forms via a series of assumptions on its non-
identifiable components. We treat these components as a collection of functions a and parameterize
the ATE as τ(a). Following Lu and Ding [26, Theorem 1], for discrete covariates X ∈ X with
distribution pX , jointly observed with T and Y , we have

τ(ε, µ, pX) =
∑
x∈X

pX(x)
[
E
[
µ1(x) ·

(
T +

1− T

ε1(x)

)
−µ0(x) ·

(
1−T +Tε0(x)

) ∣∣∣∣ X = x
]]
. (1)

Here, ε(x) = (ε0(x), ε1(x)) with εt(x) =
E[Y (t)|T=1,X=x]
E[Y (t)|T=0,X=x] are odds ratios, µ(x) = (µ0(x), µ1(x))

with µt(x) = E[Y |T = t,X = x] are conditional outcomes, and pX ∈ ∆|X |−1 is the covariate
distribution. See Lu and Ding [26] or appendix C for a proof of equivalence. Since (ε, µ, pX)
are non-identifiable or difficult to estimate, causal inference requires assumptions on their values.
Appendix B discusses each function and its typically assumed value in more detail.
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Under the assumptions of no unmeasured confounding, i.e., (ε0(x), ε1(x)) = (1,1), well-specified
conditional outcome models, i.e., the risk-minimizing models of outcomes µ∗ are the true conditional
outcome distributions µ, and external validity with respect to the covariate distribution, i.e., the
sampled population’s distribution qX is the same as the target distribution pX , we have

τ(1, µ∗, qX) =
∑
x∈X

qX(x)
[
µ∗
1(x)− µ∗

0(x)
]
≈ 1

n

n∑
i=1

[
µ̂1(x

(i))− µ̂0(x
(i))

]
, (2)

which is the standard outcome imputation estimator, computed using a study population,
(x(i), t(i), y(i))ni=1, of n individuals and (usually) fitted regression models µ̂ for conditional out-
comes. An analogous parameterization for inverse propensity score weighting is in appendix D.

For a given choice of a = (ε, µ, pX), our goal is to quantify the effect of deviations from a on
the decision I(τ(a) > δ). We consider these functions separately, each of which may lie in a
high-dimensional space. For any function, we define:

(i) A: the subset of possible triplets (ε, µ, pX) over which the function ranges,
(ii) D(a∥â): a divergence measuring deviation between assumed value â and some a ∈ A.

Assume without loss of generality that τ(1, µ∗, qX) > δ. Then the region {a ∈ A : τ(a) ≤ δ}
represents a reversal of the causal decision. A special case of this framework is the s-value introduced
by Gupta and Rothenhäusler [16], which measures the minimum shift in pX required to change the
sign of the ATE (threshold δ = 0). Generalizing this, we define the worst-case sensitivity.
Definition 1 (Worst-case Sensitivity). For a function with values in A, assumed value â, and convex
divergence D (e.g. Bregman divergences), if τ(â) > δ, the worst-case sensitivity is

sup
a∈A

{exp(−D(a∥â)) | τ(a) ≤ δ}. (3)

This definition ensures values in [0, 1] for non-negative divergences, with higher values indicating
higher sensitivity since smaller deviations reverse the decision. Constrained optimization algorithms
for computing these values are described in appendix F.1.

3 Bayesian Sensitivity Value
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Figure 2: Worst-case optimum (Left) significantly
differs from the real-world distribution recorded in
NHANES (Right), contradicting prior knowledge.

Although sensitivity analyses are important
for decision-making, they have not seen
widespread adoption [41] and are often of
limited practical use [38]. We take a critical
view of worst-case sensitivity, highlighting
pitfalls that make it uninformative or un-
realistic. The following diabetes example
motivates the need for an alternative.

Motivating Example. Worst-case analyses compute the solution to eq. (3), which can be compared
to empirical realizations of a in real populations. We did so for the joint distribution of binarized
covariates Weight and HbA1c in diabetes patients (see section 4), alongside empirical data from
NHANES [29]. Figure 2 shows that the empirical distribution places highest probability on low HbA1c
and low Weight, consistent with the known correlation between glycated hemoglobin reduction and
weight loss [15]. In contrast, the worst-case optimum assigns large probability to low HbA1c and
high Weight, an implausible scenario that contradicts established relationships. To address this, we
argue in favor of accounting for how likely a given assumption violation is. Concretely, we treat
(ε, µ, pX) as random variables and propose the Bayesian Sensitivity Value (BSV).
Definition 2 (Bayesian Sensitivity Value). Given an assumption â ∈ A, divergence D, and a random
assumption A taking values in A with distribution πA, if τ(â) > δ, the Bayesian Sensitivity Value is

EA∼πA
[exp (−D(A∥â)) | τ(A) ≤ δ]. (4)

BSV replaces the supremum in eq. (3) with an expectation under a prior, offering several advantages:
(i) it is no more pessimistic than the worst-case value and usually far less so; (ii) results can be
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Figure 4: For all assumptions (Left to Right: pXj with four covariates, pXj with six covariates, εXj ,
and µt,Xj

) and different choices of subsets A, Bayesian sensitivity is uncorrelated or negatively
correlated with worst-case sensitivity, revealing different trends in sensitivity rankings.

interpreted under different chosen priors πA; (iii) large demographic or medical datasets can be used
to build evidence-based priors, yielding an Empirical Bayesian Sensitivity Value (EBSV). The EBSV
grounds analyses in real-world evidence and prior knowledge. For instance, demographic surveys can
provide priors for pX , while previous studies and subgroup analyses can inform priors over µ. This
quantifies the sensitivity of new studies under the prior of previous findings. Appendix F.2 describes
constrained sampling algorithms to compute (E)BSVs.

4 Empirical Analysis
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Figure 3: For high-dimensional A,
worst-case sensitivity values for pX are
all close to 1 (mean ≈ 1, variance ≈ 0),
unlike BSVs which better distinguish be-
tween different A.

Our experiments use sensitivity analyses to compare and
rank subsets of the (ε, µ, pX) triplets, denoted A, that
differ meaningfully, so that high-sensitivity subgroups
may be discovered, for instance, for resource prioritiza-
tion. We computed worst-case sensitivity value, the BSV
under an uniform or uninformative prior, and the EBSV
under evidence-based priors, when they are available, to
investigate the following questions: (i) How do different
sensitivity criteria scale with dimensionality of the space
of possible assumptions A? (ii) Do different criteria yield
different sensitivity rankings across A? (iii) How does
BSV perform in real-world applications?

Simulations. We simulated data with binary covariates and heterogeneous treatment effects, intro-
ducing confounding and selection bias to reflect realistic observational settings (see appendix G.1).
For BSV, we construct empirical priors for pX and µ from unbiased samples, while priors on odds
ratios ε are specified as truncated Gaussians. Following the comparison of sensitivity values across
covariates in Gupta and Rothenhäusler [16], we constructed comparisons between different A for all
our assumptions, where possible elements of each A range over particular covariates and treatments.
For example, to find the pair of binary covariates whose joint distribution τ(ε, µ, pX) is most sensitive
to, we compared sensitivity values given by eq. (3) or eq. (4) with A = {(1, µ∗, qX−j

, pXj
)}pXj

∈∆3

for different pairs of covariates Xj , where X−j includes all other covariates. This results in a
sensitivity ranking according to either the worst-case or the Bayesian criterion.

To study behavior as the dimension of A scales (item (i)), we varied the number of covariates and
computed sensitivity values for all resulting subsets. Item (i) shows that worst-case values rapidly
converge to 1 as dimensionality increases, while BSV maintains variability acrros A. To study
rankings (item (ii)), we compared sensitivity to assumptions on pXj

, µt,Xj
, and εXj

. Worst-case
values are uniformly high, whereas BSV reveals distinct and sometimes opposite trends, as shown in
fig. 4. Additional comparisons are included in appendix H.

Diabetes Application. To answer item (iii) in a real-world application, we adapted the Semaglutide
vs. Tirzepatide dataset and large-language-model (LLM) based causal estimator from Dhawan et al.
[12]. This study leveraged patient-reported data from relevant subreddits, employed large language
models to extract observational distributions, accounted for confounding due to Age, Sex, BMI
(Body Mass Index), HbA1c (Glycated Hemoglobin), and Weight, and estimated the relative effect of
diabetes treatments on a weight loss outcome. Given the potential selection biases in both the data
collection and modeling via LLMs, informative sensitivity analyses are crucial for reliable inference
in this setting. See appendix G.2 for complete details.
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Figure 5: BSV for odds ratios in fig. 5a, covariate distributions in fig. 5b, and conditional outcome
distributions fig. 5c in a real-world diabetes experiment can be more informative than worst-case
analyses. In particular, BSV suggests relatively low sensitivity in the Weight > 220 lbs subpopu-
lation, as compared to the worst-case analysis which assigns it the highest possible sensitivity value.

This setting is also useful to demonstrate the construction of empirical priors and practical instantiation
of an EBSV analysis when true priors are unavailable. Here, we leveraged previous databases and
studies for information relevant to the assumptions of interest, pX and µ. Specifically, we extracted
distributions over Age, Sex, HbA1c, and Weight across different races using the Diabetes dataset
from the UCI repository [9] and used them to fit a Dirichlet distribution that serves as a prior over the
covariate distribution pX . We obtained distributions over the conditional outcome distributions for
Semaglutide (T = 0) from subgroup analyses conducted in previous studies [24] and similarly fit a
Dirichlet distribution to use as the empirical prior.

We conducted sensitivity analyses under the worst-case criterion, the BSV with uniform priors, and
the empirical BSV, on the diabetes study, with their results visualized in fig. 5. In the analyses
with respect to pX and µ, shown in figs. 5b and 5c respectively, worst-case values and BSV always
agree in zero-sensitivity settings as expected. However, BSV highlights informative trends in others,
which can support targeted future experimentation and data collection. Notably, they suggest that the
estimated ATE is less sensitive than what a worst-case analysis would indicate in the Weight > 220
lbs subpopulation. Similar to the simulation study, fig. 5a shows BSV for odds ratios under truncated
Gaussian priors. While differences are small between choices of observed covariates, sensitivity is
lower whenever Weight is among them.

5 Conclusions

In this work, we generalized the s-value framework to three common assumptions in causal inference
and proposed a new sensitivity criterion, the Bayesian Sensitivity Value, that leverages real-world
evidence. Our empirical studies showed that worst-case analyses are often overly pessimistic,
especially in high-dimensional spaces, and rarely reflect realistic shifts, whereas the BSV can
distinguish between different A and reveal trends that differ from worst-case analyses. Even so, it is
not without limitations of its own, as discussed in appendix I. Exciting directions for future work
include (i) constructing informative priors for different assumptions, including odds ratios, using
varied sources of real-world evidence, (ii) adapting more sophisticated sampling techniques to improve
efficiency of BSV computations, and (iii) deriving mathematically rigorous strategies to operationalize
sensitivity analyses for future experiment design. Given the critical role of sensitivity analyses in
high-stakes domains like medicine, improving their practical utility is essential. While traditional
approaches emphasize worst-case violations, the BSV offers a complementary and potentially more
informative criterion for real-world applications and resource prioritization.
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A Notation

A Assumption random variable whose value must be assumed for causal inference.

πA Prior distribution over assumption variable A.

X Random variable corresponding to features of an individual in a causal inference dataset.

T Random variable corresponding to treatment or intervention assigned to an individual in a
causal inference dataset.

Y Random variable corresponding to outcome observed for an individual in a causal inference
dataset.

x Possible instance of X from its support X .

t Possible instance of T from its support T = {0, 1} (binary treatments).

y Possible instance of Y from its support Y = {0, 1} (binary outcomes).

a Possible instance or sampled value of A from its support A.

Y (t) Random variable corresponding to potential outcome observed for an individual after
receiving treatment t.

ε(X) Unconfoundedness assumption parameters, (ε0(X), ε1(X)).

µ(X) Conditional outcome distributions given covariates and treatment, (µ0(X), µ1(X)).

pX Distribution over covariates X .

x(i) Sampled value of X for individual i.

t(i) Sampled value of T for individual i.

y(i) Sampled value of Y for individual i.

τ Average treatment effect (ATE) given by E[Y (1) − Y (0)], where the expectation is over
some defined population of individuals.

τ(a) ATE computed or estimated under the assumption a.

δ Decision threshold on the (estimated) ATE to choose between treatments.

n Total number of individuals.
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B Sensitivity Analysis Framework Details

As discussed in section 2, in decision–focused causal inference [23, 18], we translate estimates of the
statistic called average treatment effect (ATE),

τ := E
[
Y (1)− Y (0)

]
, (5)

into binary choices such as I(τ > δ) for a user–specified threshold δ. See a full list of notation in
Appendix A.

The fundamental problem in causal inference is that we never observe the potential outcomes
(Y (0), Y (1)). Instead, we observe the treatment T and an outcome Y = T · Y (1) + (1− T ) · Y (0).
Therefore, different studies require assumptions of different forms and strengths to estimate the ATE
consistently from observed data. Specifically, observational methods like inverse propensity score
weighting [20, 33] and outcome regression [36] convert the eq. (5) above into identifiable forms via a
series of assumptions on its non-identifiable components. In this work, we treat these components as
a collection of functions a, and parameterize the ATE as a function of these unknown functions: τ(a).

To illustrate this framework, consider the outcome imputation estimator. We start with the form of the
ATE proposed in Lu and Ding [26, Theorem 1] and then state the typical assumptions that make it
identifiable from data. Given discrete covariates X ∈ X , drawn from a distribution pX and observed
jointly with treatment T and outcome Y , we have

τ(ε, µ, pX) =
∑
x∈X

pX(x)

[
E
[
µ1(x)·

(
T+

1− T

ε1(x)

) ∣∣∣∣ X = x

]
−E

[
µ0(x)·

(
1−T+Tε0(x)

) ∣∣∣∣ X = x

]]
.

(6)
This equality holds, when the odds ratio function, ε : X → R2

+, is given by ε(x) = (ε0(x), ε1(x))
where

ε0(x) =
E[Y (0)|T = 1, X = x]

E[Y (0)|T = 0, X = x]
, ε1(x) =

E[Y (1)|T = 1, X = x]

E[Y (1)|T = 0, X = x]
,

the conditional outcome function, µ : X → [0, 1]2, is given by µ(x) = (µ0(x), µ1(x)) where

µ0(x) = E[Y |T = 0, X = x], µ1(x) = E[Y |T = 1, X = x],

and the covariate distribution, pX ∈ ∆|X |−1 gives the probability pX(x). See Lu and Ding [26] or
appendix C for a proof of the equivalence between eqs. (5) and (6). The functions (ε, µ, pX) are
either non-identifiable from observational data or challenging to estimate. For this reason, causal
inference makes assumptions on the possible values of a = (ε, µ, pX). Below, we discuss each
function and its typically assumed value.

The common no unmeasured confounding [35, 21] assumption is that true odds ratios are identically
1, i.e., (ε0(x), ε1(x)) = (1,1). Equivalently, potential outcomes are independent of treatment
assignment, given observed covariates, i.e. (Y (0), Y (1)) ⊥⊥ T |X . Note that this assumption holds
true in randomized experiments, but may be violated in observational studies due to unobserved
confounders. Under the no unmeasured confounding assumption, and for the target distribution of
covariates pX , eq. (6) reduces to

τ(1, µ, pX) =
∑
x∈X

pX(x)
[
µ1(x)− µ0(x)

]
. (7)

Assumptions of well-specified conditional outcome models [e.g., 36] typically state that the condi-
tional outcome distributions µ can be learned from observed data by modeling the mapping from
covariates and treatments to expected outcome, i.e., the risk-minimizing models of outcomes µ∗

are the true conditional outcome distributions µ. This assumption may be violated due to model
misspecification or reporting biases that modify the outcome distribution. Under no unmeasured
confounding and correct specification of conditional outcome models, we now have

τ(1, µ∗, pX) =
∑
x∈X

pX(x)
[
µ∗
1(x)− µ∗

0(x)
]
. (8)

External validity [39, 30] assumptions typically state that the sampled population is the same
as the target population of interest. In particular, in the context of a population distribution over
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Assumption Function Space A Divergence D Typical assumption
Unconfoundedness ε R2d

+ Euclidean 1
Conditional Outcome Distributions µ [0, 1]2d KL µ∗

Covariate Distribution pX ∆d−1 KL qX

Table 1: Typical assumptions required for ATE identification in our sensitivity analysis framework.

covariates, an assumption of external validity would state that the sampled population’s distribution
over covariates qX is the same as the target distribution pX . This assumption can be violated due to
selection biases in data collection such that the observed population is not representative of the true
target population. Under all three assumptions above, we have

τ(1, µ∗, qX) =
∑
x∈X

qX(x)
[
µ∗
1(x)− µ∗

0(x)
]
≈ 1

n

n∑
i=1

[
µ̂1(x

(i))− µ̂0(x
(i))

]
, (9)

which is the standard and popular outcome imputation estimator, computed using a study population,
(x(i), t(i), y(i))ni=1, of n individuals and (usually) fitted regression models µ̂ for conditional outcome
distributions. While the example above corresponds to outcome imputation, it is straightforward to
derive analogous parameterizations of assumptions for other estimators. As another example, we
include the inverse propensity score weighting estimator in appendix D.

For binary outcomes and covariates that can take d possible values (|X | = d), the function of
odds ratios ε belong to R2d

+ , conditionals µ are defined in [0, 1]2d, and the covariate distribution
lies in the simplex ∆d−1. Hence, A respectively corresponds to the subsets {(ε, µ∗, qX)}ε∈R2d

+
,

{(1, µ, qX)}µ∈[0,1]2d , and {(1, µ∗, pX)}pX∈∆d−1
. We take D as the Kullback-Leibler (KL) diver-

gence for distributions µ and pX and Euclidean distance for the vectors ε. Table 1 summarizes these
functions and their assumptions in our sensitivity framework.
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C ATE Identification Proof

We reproduce a proof of the result in Lu and Ding [26] for eq. (1), in our notation, for completeness.

τ := E
[
Y (1)− Y (0)

]
= E

[
Y (1) | T = 1

]
P (T = 1) + E

[
Y (1) | T = 0

]
P (T = 0)

− E
[
Y (0) | T = 1

]
P (T = 1)− E

[
Y (0) | T = 0

]
P (T = 0),

= E
[
Y | T = 1

]
P (T = 1) + E

[
Y (1) | T = 0

]
P (T = 0)

− E
[
Y (0) | T = 1

]
P (T = 1)− E

[
Y | T = 0

]
P (T = 0),

where the last equality follows from the definition of Y .

For µ0(X) = E[Y |T = 0, X] and µ1(X) = E[Y |T = 1, X],

E
[
Y | T = 1

]
P (T = 1) = E

[
E
[
Y | T = 1, X

]
| T = 1

]
P (T = 1)

= E
[
µ1(X) | T = 1

]
P (T = 1).

E
[
Y | T = 0

]
P (T = 0) = E

[
E
[
Y | T = 0, X

]
| T = 0

]
P (T = 0)

= E
[
µ0(X) | T = 0

]
P (T = 0).

For ε0(X) =
E[Y (0)|T = 1, X]

E[Y (0)|T = 0, X]
and ε1(X) =

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

E[Y (1)|T = 0, X]
,

E
[
Y (1) | T = 0

]
P (T = 0) = E

[
E
[
Y (1) | T = 0, X

]
| T = 0

]
P (T = 0)

= E
[
µ1(X)

ε1(X)
| T = 0

]
P (T = 0).

E
[
Y (0) | T = 1

]
P (T = 1) = E

[
E
[
Y (0) | T = 1, X

]
| T = 1

]
P (T = 1)

= E
[
µ0(X)ε0(X) | T = 1

]
P (T = 1).

Plugging the above back into the equation for τ , we have,

τ = E
[
Y | T = 1

]
P (T = 1) + E

[
Y (1) | T = 0

]
P (T = 0)

− E
[
Y (0) | T = 1

]
P (T = 1)− E

[
Y | T = 0

]
P (T = 0)

= E
[
µ1(X) | T = 1

]
P (T = 1) + E

[
µ1(X)

ε1(X)
| T = 0

]
P (T = 0)

− E
[
µ0(X)ε0(X) | T = 1

]
P (T = 1)− E

[
µ0(X) | T = 0

]
P (T = 0)

= E
[
µ1(X) ·

(
T +

1− T

ε1(X)

)]
− E

[
µ0(X) ·

(
Tε0(X) + 1− T

)]
,

which is equivalent to eq. (1) by the law of iterated expectations.
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D Assumptions for Inverse Propensity Score Weighting

Consider the inverse propensity score weighting estimator. Equivalent to the form of the ATE
proposed in Lu and Ding [26, Theorem 2], we have

τ(ε, e, pXTY ) =
∑
x∈X

(t,y)∈{0,1}2

pXTY (x, t, y)

[
w1(x) ·

(
ty

e(x)

)
− w0(x) ·

(
(1− t)y

1− e(x)

)]
, (10)

where w1(x) = e(x) + 1−e(x)
ε1(x)

and w0(x) = e(x)ε0(x) + 1− e(x).

This equality holds, when the odds ratio function, ε : X → R2
+, is given by ε(x) = (ε0(x), ε1(x))

where

ε0(x) =
E[Y (0)|T = 1, X = x]

E[Y (0)|T = 0, X = x]
, ε1(x) =

E[Y (1)|T = 1, X = x]

E[Y (1)|T = 0, X = x]
,

the propensity scores, e : X → [0, 1]2, are given by

e(x) = E[T |X = x],

and the joint distribution, pXTY ∈ ∆4|X |−1 gives the probability pXTY (x, t, y).

The functions (ε, µ, pXTY ) are either non-identifiable from observational data or challenging to
estimate. So we must make the following assumptions on the possible values of a = (ε, µ, pXTY ).

Once again, the no unmeasured confounding assumption is that true odds ratios are identically 1,
i.e., (ε0(x), ε1(x)) = (1,1), as discussed in appendix B. Under this assumption, eq. (10) reduces to

τ(1, e, pXTY ) =
∑
x∈X

(t,y)∈{0,1}2

pXTY (x, t, y)

[
ty

e(x)
− (1− t)y

1− e(x)

]
, (11)

where the propensity scores e and jont distribution pXTY are defined as before.

Assumptions of well-specified propensity score models [e.g., 20] typically state that the propensity
scores e can be learned from observed data by modeling the mapping from covariates to treatments,
i.e., the risk-minimizing models of outcomes e∗ are the true propensity scores e. This assumption may
be violated due to model misspecification or reporting biases that modify the treatment assignment
distribution. Under no unmeasured confounding and correct specification of propensity score models,
we have

τ(1, e∗, pXTY ) =
∑
x∈X

(t,y)∈{0,1}2

pXTY (x, t, y)

[
ty

e∗(x)
− (1− t)y

1− e∗(x)

]
. (12)

External validity of pXTY assumptions typically state that the sampled population is the same
as the target population of interest. Here, an assumption of external validity would state that the
sampled population’s distribution over covariates, treatments, outcomes qXTY is the same as the
target distribution pXTY . This assumption can be violated due to selection biases in data collection
such that the observed population is not representative of the true target population. Under all three
assumptions above, we have

τ(1, e∗, qXTY ) =
∑
x∈X

(t,y)∈{0,1}2

qXTY (x, t, y)

[
ty

e∗(x)
− (1− t)y

1− e∗(x)

]
(13)

≈ 1

n

n∑
i=1

[
t(i)y(i)

ê(x(i))
− (1− t(i))y(i)

1− ê(x(i))

]
, (14)

which is the standard and popular inverse propensity weighting estimator, computed using a study
population, (x(i), t(i), y(i))ni=1, of n individuals and (usually) fitted regression models ê for propensity
scores.
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E Related Work

Sensitivity analyses have long been recognized as critical for causal inference, particularly in ob-
servational studies [33]. Traditional approaches, that typically consider worst-case violations of the
unconfoundedness assumption, include Tan [40], VanderWeele and Ding [43], Cinelli and Hazlett
[8], Veitch and Zaveri [44]. Lu and Ding [26] also proposed a flexible analysis for the unconfounded-
ness assumption that may be applied to different estimators. There are also Bayesian approaches to
causal inference [25] and sensitivity analysis [28] in the context of this assumption. These works
typically employ expert-elicited or uninformative priors. Gupta and Rothenhäusler [16] tackled
sensitivity to covariate distribution shifts and proposed the s-value framework, which we generalized
to other assumptions, including those on conditional outcome distributions and unconfoundedness.

Causal sensitivity analyses have been adapted to several applications in fairness [13], optimization
of operating characteristics of clinical trial design [17] and evaluation of constrained selection
biases [10]. Recent critiques have highlighted limitations and misinterpretations associated with
sensitivity analyses in practice, emphasizing a need for more realistic and informative methodologies
[22, 38, 11]. Our work takes a step towards addressing these limitations by grounding sensitivity
analyses in real-world evidence.

Several large databases, collected and curated nationally or globally, provide empirical data on
demographic and medical variables [9, 7]. Additionally, post-hoc analyses of subgroup effects are
commonly found in medical literature [42, 24, 27, 37]. Our proposed Bayesian Sensitivity Value
provides a way to leverage these sources of information to understand sensitivity with respect to pX
and µX , respectively, while representing real-world populations.
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F Practical Algorithms

Computation of the worst-case sensitivity value in eq. (3) and the BSV in eq. (4) requires solving
constrained optimization and constrained sampling problems, respectively. Gupta and Rothenhäusler
[16] exploited the linearity of τ in pX to derive closed-form solutions for sensitivity to pX . We can
generalize their solutions by noticing that the constrained problem in eq. (3) is convex in each of
(ε, µ, pX) (or a one-to-one transformation of it), even if it isn’t linear. We accordingly adapted existing
optimization strategies via Lagrange multipliers to compute worst-case sensitivity values. Similarly,
we used existing constrained sampling schemes for the BSV, though more efficient samplers may be
derived by exploiting the convexity of eq. (4).

F.1 Constrained Optimization

We formulate eq. (3) as an equivalent minimization problem, with the following Langrangian.

max
λ

min
a∈A

D(a∥â) + λ(τ(a)− δ), (15)

where λ ≥ 0 is a vector of Lagrange multipliers enforcing the threshold constraint on the ATE. We
include any assumption-specific constraints on a, e.g. ε0(x) ≥ 0, ε1(x) ≥ 0 for all covariate sets x,
with their own Lagrange multipliers. Due to its convexity, the above problem is solved exactly by
an ascent-descent algorithm that alternates between updating the primal variable a and performing
gradient ascent on the dual variable λ [6, 5]. For assumptions that represent probability distributions
(µ and pX ), we used Entropic Mirror Descent [4] to solve the optimization problem under simplex
constraints efficiently. For odds ratios ε ∈ R2d

+ , we folded the non-negativity constraints into eq. (15)
with its own Lagrange multipliers and used Gradient Descent to update a.

F.2 Constrained Sampling

We compute a rejection-based Monte Carlo estimate [32] of the conditional expectation in eq. (4).
Specifically, we drew samples from the given prior distribution, A(i) ∼ πA i.i.d., accepted them
if they satisfy the constraint τ(A(i)) ≤ δ, and repeated this procedure until we obtain M accepted
samples, for some M . In all our experiments, we set M = 5000. Then, the BSV estimate is given by

1

M

N∑
i=1

exp(−D(A(i)|a)) · I(τ(A(i)) ≤ δ) where N = min

{
n

∣∣∣∣∣
n∑

i=1

I(τ(A(i)) ≤ δ) ≥ M

}
.

(16)
Hence, samples of the assumption parameters are accepted with the prior probability that they reverse
the causal decision. Note that if this probability is very small, rejection sampling can be very
inefficient. In this case, more sophisticated sampling techniques like Markov Chain Monte Carlo
methods [14] may be adapted, though we found rejection sampling sufficient for our experiments.
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G Dataset Details

G.1 Simulation Study

We simulated datasets with four binary covariates and binary treatments and outcomes, as follows.

1. Sample covariates independently as Xi ∼ Ber(·), where there the Bernoulli parameter for each
covariate is in [0.4, 0.5, 0.6, 0.7] for i ∈ {1, 2, 3, 4}.

2. Simulate observational data by setting a propensity score between 0 and 1 that depends on
covariates X , given by ps = expit ( X.dot(t-coeff) ) and sampling treatments as T ∼
Ber(ps). Here, we set t-coeff = [0,−3, 0, 0] and expit denotes the logistic sigmoid function.

3. Assign outcomes based on treatments and covariates via a logistic model that includes non-
linear interactions between treatment and covariates. Outcome Y ∼ Ber ( expit (logits) )
where logits = beta * T + X.dot(gamma) X.dot(delta) * T. Here, we set beta = 4,
gamma = [1,−1, 1, 0], and delta = [−2,−3,−1,−2].

4. To further simulate real-world selection biases, we sam-
pled a mask S ∼ Ber ( expit (sel-logits) ), with
sel-logits = delta-y * Y + delta-t * T + X.dot(delta-x), and selected only
datapoints for which S(i) = 1. Here, we set delta-y = 2, delta-t = 1, and
delta-x = [10, 10, 5, 1].

For the setting with six covariates, we take X5 and X6 as copies of X3 and X4, respectively, and
similarly repeat all the corresponding coefficients that determine relationships with T , Y , and S. Note
that our choices of coefficients here ensure that treatment effects are heterogeneous across subgroups.

We used settings with varying numbers of covariates (4, 6, 8) to explore how the dimensionality of the
problem affects sensitivity analyses. For BSV computations, we considered an idealistic setting and
constructed empirical prior distributions for pX and µ using samples from the true data-generation
mechanism without confounding or selection biases. We note that constructing empirical priors on
odds ratios ε from data remains a challenge since they are inherently unobserved quantities. Hence,
we use user-defined priors which are, in this case, truncated Gaussians, centered at 1, with scales
σ ∈ {1.0, 1.5}.

G.2 Diabetes Application

We followed the dataset curation and set-up of the Semaglutide vs. Tirzepatide experiment in Dhawan
et al. [12].

1. There are five binary covariates constructed by binning values into discrete categories:
• Age: [≤ 45, > 45] years,
• Sex: [Male,Female],
• BMI (Body Mass Index): [≤ 28.5, > 28.5] kgs per meter squared,
• HbA1c (Glycated Hemoglobin): [≤ 7.5, > 7.5] %, and
• Weight: [≤ 220, > 220] lbs.

2. Possible treatments are Semaglutide (T = 0) and Tirzepatide (T = 1).
3. Outcome is whether the user lost 5% or more of their intital weight (Y = 1) or not (Y = 0).

This dataset was constructed using unstructured text data found in the PushShift collection [3] of
Reddit posts upto December 2022. It has been curated to contain submissions and comments that
describe users’ lived experiences with the treatments and outcome above. Hence, it is naturally
prone to the selection biases typical of such a platform, and exemplifies a real-world use-case of the
sensitivity analyses discussed in this work. Further, observational distributions were estimated by
computing conditional probabilities given by a large language model (LLM), before plugging them
into standard causal estimators. This leaves the estimated distributions prone to biases of the LLM as
well.
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H Further Simulation Results

In our simulation study, we visualize subpopulation comparisons of sensitivity values with respect to
ε, µ, and pX in figs. 6 to 8, respectively. When comparing distributions over covariate pairs or triplets
in fig. 7, the empirical BSV uncovers trends that are significantly different from not only worst-case
sensitivity but also the BSV under uniform priors, highlighting the usefulness of priors that reflect
real populations.
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Figure 6: Worst-case sensitivity to unconfoundedness parameter ε increases as number of observed
confounders, and hence, dimension of A, increases. BSV with respect to ε(X) in the simulation
study reveals a different trend.
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(a) Simulation with four covariates
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Figure 7: Worst-case sensitivity to shifts in pX over single, pairs, or triplets of covariates becomes
increasingly uninformative as the dimensionality of the corresponding assumption parameter spaces
increases. Bayesian sensitivity is more informative than the worst-case, with empirical priors revealing
different trends than uninformative ones.

Figures 6 and 7 show increasingly high sensitivity when considering joint distributions over more
covariates and can not meaningfully distinguish between different sets of covariates, especially as
the dimensionality of the corresponding assumption parameter space increases. In fact, worst-case
sensitivity to unconfoundedness is greater in settings with pairs of observed covariates, relative to
single observed covariates, which is unintuitive and unlikely to reflect real scenarios. We attribute
this limitation to the large dimension of assumption parameter spaces, where the space of possible
violations grows exponentially and a worst-case analysis becomes increasingly pessimistic, regardless
of the plausibility of the worst-case violation in practice. However, BSV does not suffer as much from
this curse of dimensionality and better distinguishes between subpopulations even in high-dimensional
parameter spaces.
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Figure 8: In the simulation study, BSV with respect to conditional outcome distributions in µ(X)
attributes lower sensitivity to T = 0, while worst-case analyses attribute maximum possible sensitivity
to all settings, making it impossible to meaningfully distinguish between subpopulations.
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High sensitivity scenarios are precisely the ones where we would like to identify subpopulations
for further experimentation or data collection. The assumption on conditional outcome distributions
is especially prone to exhibiting high sensitivity because shifts in µ very easily shift the ATE
across the decision threshold δ. Figure 8 shows worst-case sensitivity values for this parameter for
different covariate and treatment values, indicating highest possible sensitivity in every case. Without
incorporating any information on how likely the shifts in this parameter space are in practice, the
worst-case analysis tends to be binary in nature, attributing either zero or full sensitivity to different
subpopulations. This would be uninformative for practitioners trying to decide where to allocate
resources for more robust ATE estimation. In contrast, BSV also reveals lower overall sensitivity for
the treatment T = 0, whereas worst-case sensitivity values are too pessimistic to find this insight.

I Limitations

While this work has taken a critical view of worst-case sensitivity analyses, the proposed Bayesian
Sensitivity Value is not without limitations in its real-world application. Our experiments suggest
that the empirical BSV under data-driven priors can be practically useful. However, constructing
such priors on odds ratios ε from data remains fundamentally challenging since they are inherently
unobservable quantities. Next, we considered and compared different subsets A of possible assump-
tions that were of the same form and admitted the same divergence metric, e.g. KL divergence
for distributions lying in a simplex. However, combining different spaces of possible assumptions,
along with their corresponding divergence metrics may allow practitioners to ask more interesting
questions about sensitivity and capture interactions between different assumptions. Finally, the
practical implementation of BSV computations is a simple rejection-based sampling technique, which
can be very inefficient for small prior probability of reversing a causal decision. More involved and
efficient techniques would help improve the adoption of this sensitivity criterion in practice.

Any sensitivity analysis framework has important societal implications for causal inference in high-
stakes domains like healthcare. While the BSV can improve decision-making by providing more
realistic sensitivity analyses and a better understanding of treatment effects across subpopulations, it
also carries risks: the quality of analyses depends critically on the representativeness of real-world
evidence used to construct priors, and the method could be misused to justify decisions that appear
more robust than they actually are. To mitigate these risks, we recommend transparent documentation
of prior construction and use of multiple sensitivity criteria, including our Bayesian criterion as well
as traditional worst-case analyses.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?
Answer: [Yes]
Justification: The derivation of our sensitivity analysis yields a more comprehensive and general
framework and the empirical motivations and results support the claims about worst-case vs
Bayesian analyses.
Guidelines:
• The answer NA means that the abstract and introduction do not include the claims made in the

paper.
• The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Limitations and directions for future improvement are briefly described in section 5,
with more detailed discussion in appendix I.
Guidelines:
• The answer NA means that the paper has no limitation while the answer No means that the

paper has limitations, but those are not discussed in the paper.
• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to violations of

these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to
provide closed captions for online lectures because it fails to handle technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms and how
they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to address
problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and a
complete (and correct) proof?
Answer: [Yes]
Justification: All the assumptions we consider are stated in section 2, with proofs deferred to
appendices B to D.
Guidelines:
• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
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• The proofs can either appear in the main paper or the supplemental material, but if they appear
in the supplemental material, the authors are encouraged to provide a short proof sketch to
provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experi-
mental results of the paper to the extent that it affects the main claims and/or conclusions of the
paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: All dataset details and algorithm implementations to reproduce our experimental
results are described in appendices F and G.
Guidelines:
• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived well by the

reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might
suffice, or if the contribution is a specific model and empirical evaluation, it may be necessary
to either make it possible for others to replicate the model with the same dataset, or provide
access to the model. In general. releasing code and data is often one good way to accomplish
this, but reproducibility can also be provided via detailed instructions for how to replicate the
results, access to a hosted model (e.g., in the case of a large language model), releasing of a
model checkpoint, or other means that are appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe the

architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should either

be a way to access this model for reproducing the results or a way to reproduce the model
(e.g., with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?
Answer: [No]
Justification: The code will be released upon publication.
Guidelines:
• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

• The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.
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• The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

• Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?
Answer: [Yes]
Justification: All dataset details and algorithm implementations to reproduce our experimental
results are described in appendices F and G.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail that is

necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: Wherever there is source of variability, variation is explicitly shown, as in fig. 3.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confidence

intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

• The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error of the

mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should preferably

report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of
errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experi-
ments?
Answer: [Yes]
Justification: The computations for all our experiments can be run on a single CPU.
Guidelines:
• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud

provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual experimental

runs as well as estimate the total compute.
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• The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it
into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS
Code of Ethics https://neurips.cc/public/EthicsGuidelines?
Answer: [Yes]
Justification: We have reviewed the NeurIPS Code of Ethics and our work conforms to it.
Guidelines:
• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a deviation

from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consideration due

to laws or regulations in their jurisdiction).
10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal
impacts of the work performed?
Answer: [Yes]
Justification: Limitations and directions for future improvement are briefly described in section 5,
with more detailed discussion of broader impacts in appendix I.
Guidelines:
• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal impact or

why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses (e.g.,

disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied to par-
ticular applications, let alone deployments. However, if there is a direct path to any negative
applications, the authors should point it out. For example, it is legitimate to point out that
an improvement in the quality of generative models could be used to generate deepfakes for
disinformation. On the other hand, it is not needed to point out that a generic algorithm for
optimizing neural networks could enable people to train models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for
monitoring misuse, mechanisms to monitor how a system learns from feedback over time,
improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators,
or scraped datasets)?
Answer: [NA]
Justification: [NA]
Guidelines:
• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with necessary

safeguards to allow for controlled use of the model, for example by requiring that users adhere
to usage guidelines or restrictions to access the model or implementing safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

12. Licenses for existing assets
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?
Answer: [Yes]
Justification: All contributors of existing assets used in this work are cited appropriately.
Guidelines:
• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of service of

that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package should

be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: [NA]
Guidelines:
• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their sub-

missions via structured templates. This includes details about training, license, limitations,
etc.

• The paper should discuss whether and how consent was obtained from people whose asset is
used.

• At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as well as
details about compensation (if any)?
Answer: [NA]
Justification: [NA]
Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.
• Including this information in the supplemental material is fine, but if the main contribution of

the paper involves human subjects, then as much detail as possible should be included in the
main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

15. Institutional review board (IRB) approvals or equivalent for research with human subjects
Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
(or an equivalent approval/review based on the requirements of your country or institution) were
obtained?
Answer: [NA]
Justification: [NA]
Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.
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• Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

• For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or non-
standard component of the core methods in this research? Note that if the LLM is used only for
writing, editing, or formatting purposes and does not impact the core methodology, scientific
rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: [NA]
Guidelines:
• The answer NA means that the core method development in this research does not involve LLMs

as any important, original, or non-standard components.
• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what

should or should not be described.

24

https://neurips.cc/Conferences/2025/LLM

	Introduction
	Sensitivity Analysis Framework
	Bayesian Sensitivity Value
	Empirical Analysis
	Conclusions
	Notation
	Sensitivity Analysis Framework Details
	ATE Identification Proof
	Assumptions for Inverse Propensity Score Weighting
	Related Work
	Practical Algorithms
	Constrained Optimization
	Constrained Sampling

	Dataset Details
	Simulation Study
	Diabetes Application

	Further Simulation Results
	Limitations

