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1 Introduction

. Causal inference from observational data typically assumes all
confounders are observed, an assumption that rarely holds [4].

. Sensitivity analysis instead quantifies how unobserved confounding
could distort causal conclusions [1], via frameworks like the marginal
sensitivity model (MSM) and the f-sensitivity model [3].

. Both require a sensitivity parameter to bound the hidden confounding,
yet principled guidance for setting it is lacking [1].

. Informal benchmarking uses observed covariates as reference points to
suggest plausible values, but has not been studied for the f-sensitivity
model and its distributional-robustness perspective.

. Both bound the effect of an unmeasured confounder U on treatment;

MSM: 1/T < OR(X,U) <T
f-sensitivity: E[f(OR(X,U))] < p (f = KL)
I, p: sensitivity parameters.

2 Research question
Main

Can the idea of informal benchmarking be applied to the
f-sensitivity model?

Sub-questions

1.What are the differences between the MSM and the f-sensitivity model
that affect the transferability of informal benchmarking?

2. Under which conditions does the adapted benchmarking procedure
produce accurate parameter estimates?

3. Under which conditions does the adapted procedure fail or produce
misleading results?

3 Methods

the setup is:

the propensity scores.

parameter p.

settings:

ratio scale (Figure 1).

known confounder U, comparing the
benchmarked p to the true p.
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(a) measured OR(x, u)

(a) measured OR(x, u)

5 Conclusions

Informal benchmarking can be applied
to the f-sensitivity model. The
benchmarked p conservatively
recovers the p of a known confounder,
but it is unreliable when confounding

For an adapted informal benchmarking procedure,

1. For each dropped covariate, calculate

2. Evaluate the shift in divergence with KL.
3. Choose the largest resulting sensitivity

The benchmarked p is then assessed in two

. Against the MSM: placing both on the odds-

. Against ground truth: in a logistic DGP with a

(a) similar I, different p
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Figure 2. Sensitivity to confounder location and strength
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Figure 3. Benchmark vs. true value across confounding forms
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Figure 1. Measured OR under spike vs. broad confounders
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