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Abstract: Causal inference from observational data often rests on the unverifiable assumption of no unmea-
sured confounding. Recently, Tchetgen Tchetgen and colleagues have introduced proximal inference to leverage
negative control outcomes and exposures as proxies to adjust for bias from unmeasured confounding. However,
some of the key assumptions that proximal inference relies on are themselves empirically untestable. In addi-
tion, the impact of violations of proximal inference assumptions on the bias of effect estimates is not well
understood. In this article, we derive bias formulas for proximal inference estimators under a linear structural
equation model. These results are a first step toward sensitivity analysis and quantitative bias analysis of
proximal inference estimators. While limited to a particular family of data generating processes, our results
may offer some more general insight into the behavior of proximal inference estimators.
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1 Introduction

Causal inference using observational data often rests on the assumption of no unmeasured confounding. This
assumption is not empirically verifiable, but sensitivity analysis methods [1-4] are available to assess robust-
ness to possible violations. Alternatively, investigators might use methods such as instrumental variable
analysis or difference-in-differences, which depend on different assumptions. Sensitivity analyses for viola-
tions of the assumptions required by these alternative methods are also available [5,6].

There has been recent interest in the use of negative control methods to detect and resolve confounder
bias. A negative control outcome (NCO) is a variable known not to be causally affected by the treatment
of interest, while a negative control exposure (NCE) is a variable known not to causally affect the outcome
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of interest [7]. Tchetgen Tchetgen et al. have developed a proximal inference framework [8-10], which uses
NCE-NCO pairs sharing the same unmeasured confounders as the treatment-outcome relationship of interest
as proxies to adjust for unmeasured confounding. Key assumptions of proximal inference include that
the unmeasured confounders are associated with both the NCEs and NCOs (“U-relevance”) and, roughly,
that the NCEs and NCOs are sufficiently “rich” relative to the unmeasured confounders to serve as adequate
proxies (“completeness”). Both U-relevance and completeness are themselves empirically untestable [8], and
bias resulting from violations is not fully understood.

In this article, we characterize bias from violations of proximal inference assumptions in a linear struc-
tural equation model (LSEM). Our results build understanding of the sensitivity of proximal inference to
assumption violations and enable “assumption-heavy” sensitivity analysis and quantitative bias analysis
[11] tools for proximal inference. We hope that our results will also serve as a first step toward assump-
tion-light sensitivity analysis.

As a motivating example, we consider the observational SUPPORT study estimating the effect of right heart
catheterization (RHC) on 30 day survival in intensive care unit (ICU) patients. Initial analyses of these data [8]
depended on the no unobserved confounding assumption and adjusted for a set of 71 baseline covariates.
Despite extensive covariate adjustment, concern about unobserved confounding remains. Cui et al. [9] applied
proximal inference to the SUPPORT data, using physiological measurements taken early in patients’ ICU stay as
both NCEs and NCOs. These variables were noisy early measurements of indicators of evolving underlying
health conditions and did not themselves influence treatment decisions or health outcomes, making them
valid NCEs. They also preceded treatment, making them valid NCOs. However, violations of U-relevance and
completeness are still possible. For example, suppose that physician training is an unobserved confounder,
with physicians who favor the heart catheterization procedure also tending to favor other posttreatment
interventions which impact survival. As physician training would be independent of patient characteristics
such as the NCEs and NCOs, U-relevance would be violated. Completeness could also be violated if there were
many unobserved confounders, e.g., many dimensions of underlying health status that influence physicians’
treatment decisions via aspects of the patient’s physical appearance or behavior not captured by the covari-
ates. The bias formulas we derive enable sensitivity analysis under a range of assumptions about the magni-
tude of completeness and U-relevance violations and under the strong simplifying assumption that the data
generating process was an LSEM.

The organization of the article is as follows. In Section 2, we review proximal inference and motivate the
need for bias analysis given the assumptions of this framework. In Sections 3 and 4, we derive and numerically
explore bias formulas in a setting with two-dimensional unobserved confounder U and a setting of general-
dimensional unobserved confounder U with no treatment—confounder interaction, respectively. In Section 5,
we present an illustrative sensitivity analysis (based on the bias formula from Section 4) of a proximal
inference analysis estimating the effect of RHC on survival. In Section 6, we conclude this study.

2 Proximal identification of the average treatment effect

2.1 Review of definitions and assumptions

We use the potential outcome framework [12] to define causal effects. Let A denote the binary treatment of
interest, Y the observed posttreatment outcome, and Y(a), a = 0, 1 the potential (counterfactual) outcome that
would have been observed had treatment A been set to a. We implicitly make the no-interference assumption
that the potential outcome of each individual does not depend on the treatments received by other individuals
[13]. We aim to estimate the average causal effect (ACE) of A on Y, defined as ¢ = E[Y(1) - Y(0)].

Let L denote the set of measured covariates. We make the standard consistency and positivity assump-
tions, defined below.
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Assumption 1. (Consistency) Y = Y(A) almost surely.

In other words, the observed value of Y under treatment A coincides with the counterfactual outcome that
would have been observed under the same treatment value. Thus, we only observe the counterfactual out-
come corresponding to the treatment value that was actually administered in our data.

Assumption 2. (Positivity) 0 < P(A = a|L) < 1 almost surely, for a = 0, 1.

Assumption 2 states that both exposure levels are observed at all levels of the observed covariates L.
Many analyses further make the assumption that there is no unobserved confounding, i.e., that observed
covariates block all “backdoor” causal paths between treatment and outcome.

Assumption 3. (Exchangeability) Y(a) L A | L, fora = 0, 1.

Under Assumptions 1-3, counterfactual mean [E[Y(a)] is identified by the g-formula (introduced by Robins [14]):
E[Y(a)] = DE[YIA=a,L =1P(L =), a
1

where L is assumed to be discrete. When L is continuous, the sum ), can be interpreted as inte-
gral [E[Y|A = a,L = JdP(L = D).

Exchangeability is a strong assumption that is empirically untestable, and much effort in causal inference
research has been devoted to relaxing this assumption. Miao et al. [15] propose an alternative to Assumption 3
that allows identification of the counterfactual mean E[Y(a)] despite unobserved confounding. We review the
alternative conditions developed by Miao et al. [15], leading to the proximal g-formula, a counterpart to (1)
allowing for some unobserved confounding.

As shown by Cui et al. [9], we consider a (potentially multidimensional) variable L that can be partitioned
into three types of variables (X, Z, W), such that
(D X includes observed variables that may be common causes of A and Y (observed confounders),

(2) Z includes treatment-inducing confounding proxies, i.e., Z includes causes of A that share an unmeasured

common cause Uz with Y,

(3) W includes outcome-inducing confounding proxies, i.e., W includes causes of Y that share an unmeasured

common cause Uy with A.

Figure 1 contains directed acyclic graphs (DAGs) representing each of the proxy types included in L. The
covariates Uz represent common causes of Y and treatment-inducing proxies Z, while covariates Uy, represent

common causes of A and outcome-inducing proxies W. In general, we will utilize U to denote unobserved
common causes of A and Y.

Figure 1: DAGs representing the three types of variables (X, Z, W) partitioning L.
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In the study by Miao et al. [15], exchangeability is replaced with the following assumptions:

Assumption 4. (Treatment-inducing confounding proxy)

Y(a,z) = Y(a), forall a,z almost surely. 2)

Assumption 5. (Outcome-inducing confounding proxy)

W(a,z) = W, forall a,z almost surely. 3)

Assumption 6. (Latent unconfoundedness) If U denotes the set of unobserved confounders, then:
Z 1L (Y(a), W) | (U,X), 4
waiA|,X). (5

Assumption 4 states that Z does not have a direct effect on Y upon intervening on A, while Assumption 5
states that neither A nor Z have a causal effect on W. Past works [7] refer to variables Z satisfying (2) and (4) as
NCE variables, and to variables W satisfying (3) and (5) as NCO variables. This terminology is based on negative
control methods employing variables that share a confounding mechanism with the treatment—outcome
relationship in view to detect bias in epidemiological research. In this article, we will use treatment-inducing
(outcome-inducing) confounding proxies and NCE (NCO) variables interchangeably.

Moreover, to be valid proxies, variables (Z, W) must be U-relevant:

Assumption 7. (U-relevance)
ZL U | @A X), 6
WL U |X. 0]

The U-relevance assumption (also known as U-comparability [7]) requires the unmeasured confounders U
of the A-Y relationship to be the same as the unmeasured confounders of the A-W and Z-Y secondary
treatment—outcome associations. This is such that, by the negative control framework, any nonnull A-W
or Z-Y association can be attributed to U confounding the A-Y relationship (while null associations imply
no empirical evidence of unmeasured confounding).

Finally, in addition to Assumptions 1-7, Miao et al. [10] introduce the following completeness conditions for
the identification of E[Y(a)]:

Assumption 8. (Completeness) For any a, X and for any square-integrable function g:
(@ IfE[g(U)|Z,A = a,X = x] = 0 almost surely, then g(U) = 0 almost surely.
(b) fE[g(Z)|W,A = a,X = x] = 0 almost surely, then g(Z) = 0 almost surely.

Assumption 8(a) can be interpreted as a requirement that the NCE Z has enough variability relative to the
variability of U; similarly, Assumption 8(b) requires the variability of W to be large enough relative to the
variability of Z. Under conditions 8(a) and (b), we can essentially account for U in our ACE estimate without
either measuring or modeling the distribution of U. The role of completeness will be further explored
in Section 2.2, where we outline the analytical framework by which the ACE is estimated using the proximal
g-formula.

Completeness Assumption 8(a) has a simple interpretation in the case where confounders U and the
negative control pair (Z, W) are all categorical. As mentioned by Cui et al. [9], if (U, Z, W) are categorical
with respective number of categories (d, d;, d,), then completeness 8(a) requires that:

min(d,, dy) = d,. 8

In other words, proximal inference can account for unmeasured confounding if the number of categories of U
is less than that of either Z or W. This leads to the practical recommendation to measure a rich set of baseline
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characteristics (which can be used as negative controls), such that the proximal identification approach has a
higher chance of mitigating unmeasured confounder bias [9]. There is not such a straightforward method for
expressing the completeness condition in the case of continuous U and negative controls (Z, W), though some
theory about completeness has been developed in some commonly used models (e.g., exponential families
[16]). In Section 3, we investigate the behavior of proximal inference in LSEM setups in which the completeness
Assumption 8(a) is violated.

2.2 Estimating the proximal g-formula via moment restriction

Miao et al. [15] introduce the notion of an outcome confounding bridge function, which transforms the NCO W
to match the confounding effect of U onY. More precisely, an outcome confounding bridge function h(W, 4, X)
is a function satisfying:

E[Y|U,A=aX=x]=E[R(W,AX)|U,A=aX=x], ©)

for all values of a, x. In other words, if function h(W, A, X) exists, then the confounding effect of U on the
transformed variable h(W, a, X) equals the confounding effect of U on Y at exposure level A = a. Given
Assumptions 1, 5, 6, and 7, [15] infer that:

E[Y(a)] = E[h(W,a,X)] forall a=0,1, (10)

which means E[Y(a)] can be estimated following the identification of an outcome bridge function h(W, A, X),
if such a function is assumed to exist.

Cui et al. [9] and Miao et al. [10] established the following proximal identification result for the outcome
confounding bridge function that leverages the distribution of a NCE Z.

Theorem 1. Suppose there exists an outcome confounding bridge function h(w, a, x) solving the Fredholm
integral equation of the first kind,

E[Y|Z, 4, X] = jh(w,A, X)AF(w|Z, A, X), a1
almost surely. Then, under Assumptions 1, 2, 4-6, and 8(a),
ELY|U, 4, X] = [h(w, A, X)AFW|U, X), (12)
almost surely.

Under Assumption 6, we have E[Y(a)] = E[E[Y|U, A = a, X]] for all a. The counterfactual mean E[Y(a)]
can then be computed as follows:

Corollary 1.1. (Proximal g-formula) If (12) holds almost surely, then the counterfactual mean E[Y(a)],a = 0,1 is
nonparametrically identified by

ELY(@) = [ [rw, a, 0)dF(widrco), 13
X
and the ACE is identified by
v = [[thw,1,x) - hw, 0, X)}AF WIx)AF (x). (14)
X

Assuming the outcome confounding bridge function h(W, 4, X) exists and is identifiable as a solution to
(12), [8,15] provide a practical approach for estimating the proximal g-formula using the generalized method of
moments (GMM). Suppose one has access to n ii.d. samples D; = (4;, ¥;, L;), L; = (X;, Z;, W;) (where Z, W are
assumed to be correctly classified as treatment- and outcome-inducing confounding proxies, respectively).
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Moreover, suppose one has specified a parametric model for the confounding bridge,
h(W,A,X) = h(W,A, X; b) (e.g., h(W, A, X; b)islinear in W, A, X with unknown parameter b). The true model
for h(W, A, X) is unknown, but one can specify a fairly flexible model.

We define the target parameter 6 = (b, §) to encode the parameters b of h(W, A, X; b) and the ACE o,
along with moment restrictions

{Y: - h(W;, A;, Xi; D)} x Q(Z;, Ay, Xi)

WD 0 =y~ ghewi, 1,X; b) - h(W, 0,X; b)Y 1
for some vector function Q (as in the study by Miao et al. [15]). For instance, for linear bridge function,

h(W, A, Xi; b) = (1 Ai W Xi AXi AiWQ)'D,
we may choose a function

QZi,ALX) =1 A Zi Xi AXi AZ),
such that the dimension of Q is at least equal to that of h.
Then, for m,(0) = %Z{Llh(Di; 0), the GMM estimator solves
6 = arg min m.(8)m,(0). (16)

0

As established by Miao et al. [15], the estimates (13, 1,5) obtained from (16) are consistent.

2.3 The need for bias analysis

We have so far collected a series of untestable Assumptions 4-8 that replace exchangeability and account for the
effect of unmeasured confounders U without directly modeling or estimating U. The impact on the direction and/or
magnitude of bias resulting from violations of these assumptions has not been explored. We trust the analyst to
identify “true” NCEs and NCOs in this work (Assumptions 4 and 5), on the basis of subject-matter knowledge. That
is, we assume that arrow A — Z is correctly identified, and that there are no additional arrows Z - Y or A - W.
Latent unconfoundedness (Assumption 6) presumably holds for some sufficiently rich U, but the richer (or higher-
dimensional) the U required to satisfy Assumption 6, the less plausible it is that U-relevance (Assumption 7) or
completeness (Assumption 8) hold. If many components of U are common causes of the NCEs and NCOs, then
Assumption 8 is difficult to satisfy. In addition, if many components of U are required to block all backdoor paths
between A and Y, then they are less likely to all be associated with both Z and W, violating Assumption 7.

A » Y

Figure 2: DAG encoding causal relationships among variables in (19) in which U-relevance Assumption 7 is violated.
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Figure 3: DAG encoding the causal relationships among variables in (21) in which completeness 7(a) is violated.

3 Bias formulas for two-dimensional U

In this section, we characterize the proximal inference estimator bias in an LSEM under scenarios in which each of
Z and W are one-dimensional, but U (comprising common causes of any of 4, Y, Z, and W) has two independent
components. We first consider the case where one component of U is a common cause of A and Y but is not
associated with either Z or W (which violates U-relevance Assumption 7 and is illustrated in Figure 2). Then, we
consider the case where one component of U is an “extra” common cause of Z and W not associated with A or Y
(which violates completeness Assumption 8 and is illustrated in Figure 3). We would argue that it is difficult to
guard against violations of Assumptions 7 and 8 arising in this way using subject-matter knowledge, making
sensitivity analysis for violations of these types particularly necessary.

In addition, for the settings of Figures 2 and 3, we compare the bias of the proximal estimator due to
violations of Assumptions 7 and 8 to the bias of alternative estimators of the ACE which the analyst might
implement under an incorrect unconfoundedness assumption. We consider
(1) an unadjusted estimator (referred to as “unadj”), which assumes no unobserved confounding and esti-

mates E[Y(a)] as E[Y|A = a] via sample means, and
(2) an outcome regression estimator (referred to as “OR”), which adjusts for (Z, W) via the g-formula (1) taking

L = {Z, W} and specifying outcome regression model E[Y|A, L] = BT(4, Z, W, AZ, AW).

3.1 Bias settings for two-dimensional U
As outlined at the beginning of this section, we derive formulas for the proximal inference estimator bias

under scenarios depicted in Figures 2 and 3, under an LSEM based on [10]. The notation U = (U3, U;) indicates
that U is two-dimensional with components U; and Us. Specifically, we consider i.i.d. data:

U 0|l v A
[X]NN 0 ) v 1 pZ ) PpPz € (_1)1)1
0) 1oy Py 1

logit(P(A = 11X, U)) = ap + & X + a [ U,
Z=0y+0,A+0X+6IU+ ¢,
W=y +uX+ulU+ e,
Y@=y, +pa+ypX+y U+ Yuy QUL + 3,
&, &, &~ N(0,1).

an
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@,@ | )

Y

Figure 4: DAG encoding the causal relationships among variables in (17).

Figure 4 depicts the causal DAG corresponding to this LSEM. The dashed bidirectional arrow between X
and U indicates an unrestricted association arising from an unspecified causal relationship (e.g., a shared
common cause) between these variables. The parameter v = Corr(Uy, U;) encodes the correlation between two
components of U, following standardization of the components. In addition, parameter a, = (% Qu,)Tencodes
the magnitude of confounding, while 6, = (6, 6,)T and u, = (M Uy,)Tencode the association between
confounder U and the NCE/NCO, respectively. We will explore the sensitivity of proximal inference bias to
particular values of (ay, 0,, u,).

The NCE Z is a posttreatment variable in this LSEM. We note that DAGs other than Figure 4 might also be
compatible with proximal inference assumptions [7] (e.g., having an arrow Z — A).

If U were one-dimensional and satisfied all the proximal inference assumptions, then the bridge function
solving the outcome bridge function equation would take a linear form:

h(W,A,X; b) = by + b,A + by,W + b X + by AX + by, AW. 18)

The proof of this claim is in Appendix A.1. Therefore, like an analyst unaware of the additional assump-
tion-violating component of U, we consider bias of proximal estimators that specify a linear bridge function.

By Theorem 1, violating Assumption 8(a) leads to a potentially biased ACE estimate as the outcome
confounding bridge function A(W, A, X) resulting from the GMM procedure no longer satisfies the bridge
equation (12). The following theorem shows that the completeness Assumption 8(a) is indeed violated in DGP
(17) when both components of U are associated with negative controls Z and W.

Theorem 2. If 0, is nonzero (i.e., Z is U-relevant for at least one component of U), then the LSEM (17) with
Gaussian (X, U) violates completeness Assumption 8(a).

The proof of Theorem 2 is included in Appendix B.

3.2 Partial U-relevance for two-dimensional unobserved confounder U (as in Figure 2)

In this subsection, we consider the case where U-relevance Assumption 7 is violated because one component of
the two-dimensional confounder U is not associated with the negative controls. We exclude X for simplicity,
which results in the DAG from Figure 2. We consider i.i.d. data generated by:
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g [i X]] ve (1,1,

logit(P(A = 1|U)) = ag + a U,
Z=0p+ 0A + 0,U; + &, (19)
W=y, + u, U + &,

oo

Y(@) =y + %@ + Y, U+ 1, alh + &,
&, &, &~ N(O, 1)1

where a,, y, have all nonzero entries.

From Theorem 2, we know that setup (19) violates Assumption 8(a). In addition, we do not have a
derivation of the true outcome confounding bridge function, so a linear model might be misspecified. The
following theorem provides a formula for this bias under a linear bridge function specification, which is still
the specification an analyst unaware of U, would choose and therefore relevant to sensitivity analysis. Similar
to the previous case, we further assume Corr(Uj, U;) = 0 to improve the interpretability of the resulting bias
formula.

Theorem 3. If (Z,W) L U, | (A, Uy) and Corr(Uy, U,) = 0, then fitting a linear outcome bridge function
h(W,A, X) = by + bA + b, W + by,AW under LSEM (17) yields a proximal outcome estimator bias equal to:

) (1 - E[A] - E[AUZDE[AU|JE[AUU,]
(E[AJE[AUf] - E[AU{P)(( - E[AD( - E[AUf]) - E[AUL])

N (E[AUF](1 - E[AU]) - E[AUP)E[AU]
(E[AJE[AUf] - E[AU{P)((1 - E[AD( - E[AUf]) - E[AUL])

Spor
(20)

Ky

The proof for Theorem 3 (as well as a more general formula for v € (-1, 1)) is in Appendix C.1. It clearly
follows that the proximal outcome estimator bias is proportional to the strength of association ), between

outcome Y and U, as well as to the function E[AU,] encoding the strength of association between treatment A
and U;.

3.3 Completeness violation: Association between negative controls through
U = (U, Uy) (as in Figure 3)

As shown in Figure 3, for simplicity, we consider a scenario with no covariates X, i.e.,:

]1/‘1’]] VE(-1,1),

logit(P(A = 1|U)) = ap + ay, U,
Z=0y+0,A+6IU+ g, (1)
W=u,+ulU+ e,

’

o

Y(a) =y, + ya+ y,01 + Y, aUs + 265,
&, &, &~ N(O, 1))

where 6,, u, have all nonzero entries.

The aforementioned setup satisfies all assumptions except 8(a) (which is violated according to Theorem 2).
Thus, solving for the parameters b of a linear outcome bridge function (which is the functional form an
investigator unaware of U, would select) will lead to a biased estimate of the ACE, even if the linear bridge
function is correctly specified. The following theorem (proved in Appendix C.2) provides a formula for this bias
under a linear outcome bridge function in the case when v = 0:
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Theorem 4. If (A,Y) 1L U, | U; and Cor(Uy, Uy) = 0, then fitting a linear outcome bridge function h(W, A, X) =
by + bA + b,W + by, AW under LSEM (21) yields a proximal outcome estimator bias equal to

E[AL;] 6 (1 - E[A]S E[A]S (1 - E[A]DS
Ovon = AT - E[AD 0,1 b o T o 1 B
“1 My * Sz, Hy, My * S1eg My My + 527 5,
where
G- (1 - E[A])*
' (1 - E[AD( - E[AUD]) - E[AU?’
E[A]

Sy = .
*” E[AJE[AU?] - E[AU,]?
For y,, = 0, the bias simplifies to

E[A)] 6w | E[A]S; (A -E[ADS,

8POR - — ’
E[A](1 - E[A]) 6" ® [ Dy
[A]( [A]) 6y, 1y, + Slg,j“uz Uy *+ S2 el:uuz

(23)

The more general formulas for arbitrary v € (-1, 1) are included in Appendix C.2. For ease of interpretation, we
restrict our attention to the case when v = 0 in this section’s discussion.

One implication of Theorem 4 is that the proximal outcome regression bias Spor can obtain arbitrarily
. 9',{ 9]1 . . . .
large when one of the denominators 4, + Sla—zuuz or u, + Sze—zyuz approaches zero. This will be illustrated in
up uq

Figure 5 (the solid “PI” curve) of Numerical Experiments section 3.4.2, in which there exists values of 6, and ,,,
for which the proximal outcome bias becomes infinite.

Under the simplifying assumption that the unobserved confounder is not an effect modifier, i.e., ;,, = 0, in
Theorem 5, we characterize when the proximal estimator will reduce bias relative to an unadjusted estimator,
even when the proximal inference assumptions are violated. It turns out that if the components of U induce
associations between Z and W in the same direction, then the proximal estimator is guaranteed to have lower
bias. This will be illustrated via the plots in Section 3.4.2, through numerical comparisons between the
proximal outcome and unadjusted bias curves under different setups of U-component associations.

Theorem 5. Assuming Yauy = 0, the proximal g-computation bias Spor and the unadjusted estimator bias Sunad
can be compared as follows:
W If Gulyul and BMY‘uuZ have the same sign (both positive or both negative), then |Spor| < |Sunadgjl-

(@) If Oy, and Oy, have different signs, then

. euluul

I8porl > [Sunagsl I 5= = > =Su(1 ~ E[A]) - SE[A],
Hz:uuz
. Guluul

I8porl < [Sunagsl I 5= = < =Su(l ~ E[A]) - SE[A].
uZJuMZ

The proof for Theorem 5 is in Appendix C.5.

3.4 Numerical experiments

We provide numerical examples based on the bias formulas derived earlier in this section to illustrate how the
bias of different estimators (proximal and nonproximal) varies with different values of (auz, Ou,, Ly, yuz), which
encode how strongly the proximal identification assumptions are violated in the presence of U,.
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3.4.1 Partial U-relevance for two-dimensional unobserved confounder U

Figure 6 illustrates the change in absolute bias for the proximal and unadjusted estimators relative to the value
of ay,, for the same and opposite directions of associations ), and y,, respectively. In both cases, the distribu-
tions of bias appear almost shifted by translation. For ), and y,, of opposite directions of association, we
observe a reversal in which estimator has less bias compared to the case of ), ), > 0.

3.4.2 Completeness violation: Association between negative controls through U = (Uy, U5)

Figures 5 and 7 illustrate the change in absolute bias for each of the three estimators relative to the value of 6,,,
where it is assumed that y,, = 6y, in all cases, for the same sign and opposite signs of 6, and 6Oy, ,
respectively. We observe that the absolute unadjusted bias is always greater than the proximal estimator
bias when 6,4, , 0,1, have the same sign, as predicted by Theorem 5. Conversely, for different signs of
Oustty,> Ouofty,,» the proximal estimation bias exceeds that of the unadjusted estimator beyond a certain threshold
in the value of |0,,| (and can even be infinite). Both setups are consistent with Theorem 5. Any ordering of the
biases of the three estimators is possible depending on the parameter values, making the choice of estimator
not straightforward.

- = = Unadj
Pl

Figure 5: Plots of the ACE estimate bias under DGP (21) and under violations of completeness Assumption 8(a), where 9u1!1u1 and (9,,2)11,12
have the same sign as in Theorem 5(b). The completeness violation is imposed by setting both components of U to be associated with
both negative controls and only including one NCE and one NCO, as per Theorem 2. Along the x-axis, we vary the strength of association
between U; and Z and W, by varying 6y, and u,, (set to be equal to each other, 6, = 1, so they always have positive product). The
different panels correspond to different values of a,, governing the strength of confounding by Us. The figure shows that, as predicted
by Theorem 5(b), the bias of the proximal outcome estimator (“PI”, solid line) can be greater or smaller than the bias of the unadjusted
estimator (“Unadj”, dashed line —) and can be arbitrarily large under certain parameter settings. Moreover, the relationship of PI with
the outcome adjusted estimator (“OR”, dotted line *** ) varies with the strength of confounding a,, across panels. All other parameters
are fixed, with values: ap = yy = 60y = 1, = 0,6, = 6, = 1, Vg = 1, Vit = 15, Uy, = 0.5, y, = 0.5, similar to the simulation in [15]. (a)
Q= 0.3, (b) ay, = 05, (€) ay, = 1, (d) &, = 0.5.
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Figure 6: Plots of the ACE estimate bias under DGP (19) and under violations of U-relevance Assumption 7. We compare the proximal
outcome estimator bias (“PI”, solid line) to the unadjusted estimator bias (“Unadj”, dashed line —) that assumes no unobserved
confounding. The U-relevance violation is imposed by setting 6y, = 1, = 0, making U unassociated with the negative controls. Strength
of confounding by U, is varied along the x-axis through the parameter a,, governing its association with treatment. The relative
magnitude of bias of the proximal and unadjusted estimators flips depending on whether U; induces a positive (panels (a) and (d)) or
negative (panels (b) and (c)) association between treatment and outcome. All other parameters are fixed, with values:

=Yy =00=1y=0,6,=6y =11, =1, =1y, =1y =05 () a, = 05,), =15, (0) ay = 05,), =15, (c) ay = 05,), =15,
and (d) a,, = 0.5. Yip = 15.

4 Bias formulas in arbitrary dimension with no
confounder-treatment interaction

To tractably obtain bias formulas in the general case of multidimensional Z, W,U,X with
(dim(Z), dim(W), dim(U), dim(X)) = (m, n, p, q), we again make the simplifying assumption that y,, =0 -
that is, the unobserved confounder is not an effect modifier. Moreover, we assume that the analyst is aware
of the lack of interaction between A and U in the true outcome model, so we consider a simplified bridge function
model h((W, A, X) = by + b,A + bvﬂ W+ bXT X. We further assume that the unobserved and observed confounders
(U, X) jointly follow a multivariate normal distribution with mean 0.4, Var(U) = L,, Var(X) = L, and some
appropriate positive semidefinite covariance matrix such that Cov(U, X) = p € (-1, 1)P*1.
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Figure 7: Plots of the ACE estimate bias under DGP (21) and under violations of completeness Assumption 8(a), where 0,1, and 6,4,
have the same sign as in Theorem 5(a). The completeness violation is imposed by setting both components of U to be associated with
both negative controls and only including one NCE and one NCO, as per Theorem 2. Along the x-axis, we vary the strength of association
between U, and Z and W, by varying 6y, and y,, (set to be equal to each other, 6, = i,,, so they always have positive product). The
different panels correspond to different values of a,, governing the strength of confounding by U;. The figure shows that, as predicted
by Theorem 5(a), the bias of the proximal outcome estimator (“PI”, solid line) is always less than the unadjusted bias (“Unadj”, dashed
line —). However, the relationship of PI with the outcome adjusted estimator (“OR”, dotted line - ) varies with the strength of
confounding @, across panels. All other parameters are fixed, with values: ao = ), = 60 = 1ty = 0,6, = 6, = 1, ), = 1, )4 = 15,

ty, = 0.5, y, = 0.5, similar to the simulation in [15]. (a) ay, = 0.3, (b) @y, = 0.5, (¢) @y, = 1, (d) @y, = 0.5.

We consider i.i.d. data generated by:

0y
0,

[U] . Ly p
X pT Iy
logit(P(A = 1|U, X)) = ap + alU + alX,
Z=0y+0,A+0fU+0IX+e¢, (29)
W=uo+ U+ ulX + &,
Y@=y +pa+ U+ pX+e,
&, &, E ™~ N(O) 1)

) P € (_1) 1)pxqa

il

The following theorem provides a formula for the proximal outcome identification bias under a linear
bridge function:

Theorem 6. Let E[AU] = (E[AU1], ..., E[Aly]), E[AX] = (E[AX], ..., E[AX,]), and

(E[AU] - pLlE[AXD)E[AUT - E[AXT'LpT)

— _ -1 _
B = |Zu=php! EA](L - E[A]) - E[AXT'L, E[AX]

Ou.
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If (B"u,)' denotes the Moore-Penrose inverse of BTy, then fitting a linear outcome bridge function
h(W,A,X) = by + b,A + bW + bIX under LSEM (24) yields a proximal outcome estimator bias equal to

E[AU]T - E[AX] T
Spor = El A7) AX] Zp (I, = (BT, )’ BNy, (25)

A1 - E[A]) - E[AX]" 5 E[AX]

A proof of Theorem 6 (which also considers the case of general Var(U) =X, € RP) can be found in
Appendix C.6.

Remark 1. If m = n = p and BTy, has full rank, then Spogr = 0. If p < m or p < n, then we have a similar
discussion as in [17] where we can either consider the Moore-Penrose inverse of BTyu, or reduce the dimen-
sions of Z and W until they match the dimension of U.

Theorem 6 enables sensitivity analysis. Note that the terms [E[A] and E[AX] in (25) can be estimated from
data. Thus, to perform a sensitivity analysis using the bias formula (25), it remains for the analyst to specify
parameters E[AU] (which is determined by ay), 4, 5, and p. An analyst could specify a distribution over these
parameters, which, via (25), would imply a distribution over § as each realization of the parameters drawn
from the distribution would correspond to a different bias . In the following section, we provide an example
of this procedure applied to real data.

5 Illustration of sensitivity analysis on the SUPPORT data

In this section, we provide an illustrative sensitivity analysis of the proximal inference application in [8] using
the Study to Understand Prognoses and Preferences for Outcomes and Risks of Treatment (SUPPORT) dataset.
We do not aim to be prescriptive, but rather to provide an example of how one might apply the bias formulas
we derived to explore the extent of likely bias in a proximal inference analysis. Importantly, if data were not
generated from an LSEM, then clearly our bias formulas will be incorrect. Still, the bias ensuing from viola-
tions of proximal inference assumptions under the LSEM assumption may serve as an approximation to the
actual bias of a proximal inference analysis even if the data were not generated by an LSEM. We hope bias
formulas for more general data generating processes might be developed in future work.

The SUPPORT data comprise 5,735 individuals, of which 2,184 were treated by RHC and 3,551 belonged to
the control group. Outcome variable Y encodes the number of days between admission to the ICU and death or
censoring at 30 days. The goal of the analysis was to estimate the ACE of RHC on this 30-day survival outcome.
As in the study by Cui et al. [9], we consider 71 baseline covariates, including demographics and physiological
measures, to construct the bins (X, Z, W) for confounding adjustment and confounding proxies. Cui et al. [9]
reason that the 10 variables measuring patients’ physiological status during the initial 24 hours in the ICU, which
provide a snapshot of underlying physiological state subject to measurement error, may be viewed as con-
founding proxies. They are valid NCOs because they precede treatment. They are valid NCEs because physicians
did not base treatment decisions on their values, and as mere measurements, they could not directly impact
health outcomes in any other way. (It is also important that they are noisy measurements, as the actual under-
lying values of what they seek to measure could influence both treatment decisions and outcomes.) Of these 10
measurements, four are allocated to the negative control bins Z = (pafil, paco21) and W = (ph1, hemal) based
on strength of association with the A and Y, respectively. The remaining 67 variables are collected under X. Like
Cui et al. [9], we specify the outcome confounding bridge function h(W, 4, X; b) = by + b,A + bIX + bIW to
compute the proximal outcome regression estimate $P0R of the ACE.

We assess the potential impact of assumption violations by evaluating bias formula (25) under draws from
an assumed distribution on the dimension of U and parameters ay, ), 0., i, p from (24). We consider the
following framework for drawing the sensitivity parameters:

* Draw p = dim(U) (i.e., number of independent components of unobserved confounders U) from a Poisson
distribution with mean A (which we set to A = 5).
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Set a subset of components of U to violate U-relevance, i.e., be unassociated with Z and W, by setting the

corresponding columns in 6, and y, to zero. The set of U-relevance violating components is selected

randomly as follows:

— Set proportion of violating U components 7 € [0, 1],

—For eachi =1,..., d, introduce relevance violation on component U; with probability 7.

We considered two approaches to drawing p, which determines the covariance between unobserved con-

founders U and observed covariates X:

— Empirical correlation: Construct covariance matrix p = Cov(U, X) such that covariances between ele-
ments of U and X are of similar magnitude to covariances between elements of X (as in Appendix D.2).

— Uncorrelated: U and X are uncorrelated, i.e, p = Cov(U, X) = Opxq.

In this setup, we assume that X, = I, (i.e., the components of U are all uncorrelated) for illustrative purposes.

In practice, one might consider a similar procedure for drawing X, informed by the empirical covariances

between the components of X and other subject-matter input about the nature of unobserved confounding.

Draw the parameters in 6, and g, from uniform distributions over corresponding intervals 8, € [0y, 0,,;],

U, € [u,, 1y, 1, where we set element-wise interval ends 6,1, 6y, &, ;, i, - Details regarding how we

selected these intervals are in Appendix D.2.

The remaining parameters ), and E[AU] encoding the strength of association between U and (Y, A) are then

constrained in terms of previously drawn sensitivity parameters and covariances that can be estimated from

the data according to the following formulas (derived in Appendix D.1):

Constraining E[AU] (assuming fixed p):
E[AU] = pZE[AX] + (u])) (Cov(W, A) = Cov(W, X)Z'E[AX]). (26)
Constraining y, (assuming fixed E[AU] and p):

Y. = [, @ = pZi'p") — (Cov(W, A) - Cov(W, X)L,'E[AX])
i

_ -1
(EJAU) ~ E|AXT'S, p") ‘[Cov(W, Y) - Cov(W, X)E;'Cov(X, Y)

'E[A]( - E[A]) - E[AX]TZE[AX]

(27

(Cov(4, Y) - E[AX]'x}Cov(X, Y))
E[A](1 - E[A]) - E[AX]TSE[AX] |

- (Cov(W, A) - Cov(W, X)L ME[AX])

To account for sampling variability of the covariance matrices plugged into the above formulas, we employ
a bootstrapping strategy (Appendix D.2).

We would expect that settings with lower expected dimension A of U, with lower probabilities 77 of

U-relevance violations, and with p drawn according to the empirical correlation regime (ensuring that
observed covariates X are good proxies for U) would lead to less bias. Table 1 contains sensitivity-adjusted

Table 1: Sensitivity-adjusted confidence intervals of the average treatment effect, where the intervals are computed
using [8}, 05 + Ypor=1-96 X SE, &} 95 + Ppop + 1.96 x SE]

Row # Setup Sensitivity-adjusted CIs for 0y
1 No bias-inducing U (-2.65, -0.94)

2 No U-relevance violation (7t = 0) + empirical correlation (-2.67,-0.92)

3 =0 + uncorrelated (X, U) (-3.36, -0.37)

4 7 =1/3 + empirical correlation (-2.67,-0.92)

5 7 =1/3 + uncorrelated (X, U) (-2.91,-0.31)

6 7 ~ Unif([0.2, 0.5]) + empirical correlation (-2.68, -0.91)

7 mr ~ Unif([0.2, 0.5]) + uncorrelated (X, U) (-2.94,0.36)

8 7 ~ Unif([0.2, 0.8]) + empirical correlation (-2.68, -0.91)

9 7 ~ Unif([0.2, 0.8]) + uncorrelated (X, U) (-2.79, 0.55)
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confidence intervals (CIs) for the ACE under various distributions of the sensitivity parameters within the
framework outlined earlier. The first row replicates results from Cui et al. [9], assuming no bias. Let &; x denote
the k-quantile of the bias distribution under the setup for drawing sensitivity parameters in row j of Table 1.
So 61k is 0 for all k, since row 1 assumes no bias. (We note that §; , usually takes extreme values for k near 0 or
1 when completeness is potentially violated, as can be gleaned from Figure 5.) We compute the sensitivity-
adjusted CI in row j as [ o5 + Ypog ~ 1.96 * SE, &}, 05 + Ypog + 1.96 x SE]. Since dim(Z) = dim(W) = 2 and
dim(U) is taken from a Poisson distribution with mean 5, rows 2 and 3 result from a mixture of nonviolating
and completeness-violating structures, while rows 4-9 result from a mixture of unbiased, completeness-
violating, and U-relevance violating structures.

In the presence of a rich adjustment set with significant correlation between X and U (i.e., the even-
numbered rows of Table 1 using the empirical correlation setup for p), the impact of proximal inference

assumption violations on @POR is quite small, presumably because X acts as a good proxy for U. However, in the
uncorrelated (X, U) case, the sensitivity-adjusted CIs are significantly wider. If only completeness (not U-rele-
vance) is violated, the sensitivity-adjusted intervals still exclude 0. Only in rows 7 and 9 (which allow a high
proportion of U components to be independent of X and the negative controls) does the sensitivity-adjusted CI
indicate that the data are compatible with a point estimate having the wrong sign.

Due to the interconnectedness of biological systems, we believe that most unmeasured confounders
related to patients’ pretreatment health status would be associated with both the covariates X and the
NCEs and NCOs (which also reflect pretreatment health status). In Section 1, we posited that physician pre-
ference might be an unobserved confounder that violates U-relevance as it is unrelated to patient state.
Physicians who prefer to perform RHCs may tend to have other preferences for posttreatment interventions
that also impact the outcome. Perhaps time of admission could be another U-relevance violating confounder, if
practice but not patient state varies with time of admission. However, it is difficult to conceive of large
numbers of confounders independent of patient state, and the ones we identified are likely weak. Thus, we
find settings with empirical correlation more plausible and interpret the sensitivity analysis to suggest that the
results are probably robust to proximal inference assumption violations.

6 Discussion

By deriving bias formulas for proximal inference estimators under violations of completeness and U-rele-
vance, we begin to gain insight into the sensitivity of proximal inference estimators to these bias sources. For
example, under some LSEM settings, it is possible for completeness violations alone (i.e., too many common
causes of the NCE and NCO) to lead to arbitrarily more bias in the proximal inference estimator than in an
unadjusted estimator completely subject to unobserved confounding (Figure 5). However, under the condi-
tions of Theorem 5, if the different components of the unobserved confounder induce associations between the
NCE and NCO in the same direction, then the proximal inference estimator is guaranteed to perform better
than an unadjusted one. Neither of these scenarios (infinite bias or guaranteed improvement over unadjusted)
imposes any constraints on the observed data, highlighting the utility of bias analysis.

We have also shown how our bias formulas enable assumption-heavy sensitivity analysis of proximal
inference estimates. While (25) was derived under the strong assumptions that data were generated by an
LSEM and U is not an effect modifier, an analyst might reasonably conduct a sensitivity analysis using (25) as
we described even if they did not believe the assumptions held for the data and did not construct their
proximal inference estimators according to an LSEM. There is a long history of simplifying assumptions in
sensitivity analysis. For example, VanderWeele and Arah [13] and Rosenbaum [18] assume a one-dimensional
binary confounder for tractable sensitivity analysis of no unobserved confounding. Later, Ding and Vander-
Weele [2] developed an approach that made far fewer restrictions, allowing multidimensional and nonbinary
unobserved confounders that may interact arbitrarily with the treatment. We are in the early stages of
proximal inference, so we currently need to settle for preliminary insights into the behavior of proximal
inference estimators under strong simplifying assumptions. However, because proximal inference is a
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promising approach to causal inference that has rightfully garnered much attention from methodological
researchers, it is important to begin probing its operating characteristics under violations of its assumptions.
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Appendix

A Bridge function parameters for post-treatment NCE

A.1 Bridge functions derivation for one-dimensional unobserved U - case of no
violations

We identify coefficients (bg, by, by, bw, Dax, baw) and (ty, tg, ty, t;) such that

E[Y|U, a, X] = Ih(w, a, X)AFw|U, X), a = 0,1, (A1)
1
m —Iq(z, a,X)dF(z|U,a,X),a =0, 1. (A2)

Coefficients of h:

We have that E[Y|U,A, X] =y, + A + X + U + y,,AU, so (A1) implies
Yo + WA + YX + YU + AU = by + oA + beX + byAX + I(bw + B A)w - AFW|U, X) ©
Yo+ VA + pX + YU+ y, AU = by + BeA + X + byxAX + (by + by AJE[WIU, X].
Since W|U, X ~ N(ug + u X + u,U, 1), we obtain
Yot VA + VX + WU + ¥, AU = by + boA + byX + Doy AX + (by + DAy + 1 X + 1, U).
Assigning values A = 0, 1, we obtain the following system
0=y = bo = butty + (% = by = i,bw)X + (y, = buwpt,)U, (A3)
0=+ ) = (bo + ba) = (bw + baw)ity + (¥ = bx = bax = (b + baw))X + (Y + Yy = (b + b))t )U.  (A4)
Multiplying (A3) by U and X and taking the expectation in each resulting equations yields

0 = p(yx - bX - ;uxbw) + (Vu - bwuu),
0= — bx — wbw) + p(y, - buit,).

Since p € (-1,1), we obtain y, - by - by =y, - by, =0. From (A3), this additionally implies
Yo — bo — bwy = 0.

Similarly, from (A4), we obtain ), = bs = Ugbaw = ~Dax = tyPaw = Yy, = Dawlt, = 0. Solving for the coeffi-
cients of h, we obtain the unique solution:

o), Uy, Ve Voo Mo Vi
(bo, ba, bx, bw, bax, baw) = Yo~ %,Va - %, W~ M; _u’_x_au’ﬂ'
u u

Coefficients of q:

1

We have that P[A|X, U] = T+ expl-DAag + ok + @)}’

such that (A2) implies
1+ expl(-1)Aay + X + a,U)} = 1+ exp{(-DI(ty + toA + 6X)}[ exp{(-1/t,Z}dF (2|U, A, X).

Since Z|U,A, X ~ N(6y + 6,A + 6,U + 6,X, 1), we obtain
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1+ exp{(-D*(ao + aX + a,U)}
1+ exp{(-D4(to + toA + tX )}_[ exp{(-1)'t,Z}dF (z|U, A, X)

exp{(-)46,Z + 0.5(Z - 6y - B,A - 0,U - 6,X)%

1
1+ DAty + tA + t X —
exp{(-1) Aty + ted + 620} =
tZ
1+ expl(-D1Aty + 6 + 6X) + (D400 + A + 0,0 + 6) + 21,

for each A = 0, 1. This is equivalent to

(-DA(ay + aX + aU) = (D74t + tA + tX) + (-1 At,(0) + 6,4 + O,U + 6,X) + 0.5t2.

Assigning values A = 0, 1, we obtain the system
0 =ag+ to+ Ogt, — 052 + (ay + ty + Out)X + (ay + Ot,)U, (A5)

0=ag+ (tg+ tg) + (Bg + O)t, + 0.5t2 + (ay + b + Ot,)X + (ay + 0,8,)U. (A6)
As in the outcome bridge function case, it follows that the coefficients of 1 (the constant term), X, and U must be
identically 0. We then obtain ag + to + Ogt, — 0.5t2 = t, + Out, + t2 = @ + ty + Ot, = @, + O,t, = 0, which yields
the unique solution
0 05 , 1 , 6 6 ay

e—uau + — =it =0y, —ay — O, 6, |

(tO: ta; tX) tZ) =|-ap+ 6_uzau: 93 u eu ay, eu

B Proving violations of completeness Assumption 8(a)

We will prove that completeness Assumption 8(a) is violated under the DGP (17) with 6, = (8, 6,)7, 6, # 0.
We note that case 8,, # 0 can be treated symmetrically, by appropriately exchanging ul and u2 in the following
computations.

For any values u, z, a, x, we have that

PlU=uZ=zA=aX-=x]

P[Z=2z|lA=a,X = x]
_P[Z=zlU=u,A=a,X=Xx]P[U=ulA =a,X=x]
h P[Z=z|A=a X = X]

P[A=a|U=u,X=x]P[U=u|X=x]
Pl[A=a|X=x]

P[Z=2z|A=a,X=Xx]

PlU=ulZ=2z,A=aX=x]=

Ple;=z - 6y - 6,a - 6x — 6]u]

Using
o [(pzul - pyit)? = (g~ px)? — (1 — px)?
2(1-v2=pl - p} +2vp;p,)
P[U=ulX=x]= L ,
21 - pf - p}
we obtain

PlU=uZ=2,A=aX-=x]
% exp{-0.5(Z - 0 - 6,a - Oux - 6Tu)?%}
P[Z=2A=alX = x](1 + exp{(-1)%ap + ax + alu)})
(Potl = pati)* = (s = PoX)? = (g - p1X)2]

1
. exp
21~ pf - p} [ 21 = v2 = pf = p) + 2vpyp,)

1 - 2 - 2 - 2 1
exp{ (gt = pyp)” — (Ua = PyX)* — (U — pyx)* E(Z ~ 6 - 0,0 - Ox - euTu)Z]

2 A-v2-pl-pl+2vp,py)

@m)¥/21- p? - p2PIZ = 2,A = alX = X|(1 + exp{(-)*(ao + ax + W)}
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Let us consider

@zl 20,0 u?
U) = 2_3_a2_ u1u2+ uluzuze A
e N ki
exp|- (Pt = pyr)* = (U = P,x)* = (W = pyx)? . (A7)
20 -v2 - pl - p; +2vp,p,)

(2 + exp(-ap - ax — alu) + exp(ag + ax + alu)).
We will prove that E[g(U)|Z = z, A = a, X = x] = 0 for any values z, a, x. We have
EgU)|Z=12,A=a,X=x]
I SWPU=uZ=2A=aX=x]dudu,

(~o0,00)*

1
(Zn)a/zmﬂ)[z =2,A=alX = x] (_o:[o)z

2
~expl—%(Z -0 - 6,a - 0x - Ofu)* - %2](1 + exp{(-D"%ay + ayx + alu)})dudus.

202
g g b 200,
: Lo gl 0

U U

Uy

Let

1 1
T = I Uy exp[—E(Z -6 - 6,a - 0x - 6fu)* - Euf] .
(-o0,0)”
‘(1 + exp{(-D"%(ap + axx + a w)}duduy,
1 1
T, = I u exp[—E(Z -6 - 0,a - 0x - Ofu)* - 5“22’
(-o0,0)”

-1 + exp{(-D"%ap + ax + alu)})du;dus.
We have that

©

1
I exp[—E(Z -6p- 60.a-06x-6f u)Z](l + exp{(-D%ap + ax + alu)})dy

—00

1 T 1
= exp[—E(Z -0y - 6,a - Oex - 9u2u2)2] J exp[QuI(Z = 0p = 0,0 = O — Oy, Up)uy - Eeuzluf’dul

+ exp{(-D"%(ap + aX + aylh)}

[

-1 1
. I exp Gul[Z = 0p = 6,0 — Oxx — Oy,up - ( 0) Bl - Eeuzlufldul
—o0 uy
1 2 62(Z - 0y — 0aa — Opx — O, Uz)*
= exp{-=(Z - 0y — 0,a — Ox — O,1r)? van exp|— 0 X 5 . w2
2 160 207
g \2
e (z ~ B ~ 0,a ~ X ~ Oty — 2“)
+ exp{(-1)" % + @X + @y} - exp ; 1
16 202
2
2 a a
= von 1+ expi(-D' Y ag + ayx + ay,Up + (7 -0y- 0,a - 0x - Ouli)| + —”;
16 O, 202
2
2 a a a,,0
= von 1+ exp{(-DVYag + aX + —(Z — 0y - 6,a — Ox)| + u; + (DY - ay, [ugf],
160 Ou, 207 0,
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which implies

2
21 a a
T, = Jan exp{(-D¥ag + ax + —(Z - 0y — 6,a - 0)| + u;
164 Ou, 202
P a0, 1
. qu expl (-1 ——2 - ay, |u, - ~uftduy
o U 2
21 a z
= exp{(-D"ap + ax + =2(Z - 0y - 6,a - )| + —
|9u1| P ( ) 0 X eul( 0 a X ) 26“21
2
a0, 1| a0,
V(-1 Qe o el Zete _ g
O, 2| 6y
2r(-1)4 a
= (1) exp{(-DI | ap + ax + —(Z - By - 0,a - 6,X)
|6, Oy
aZ@+62) O, 1 o2 W,
267 6y, 2 | 6, wp
and
J2r ay .
T = expl(-Dap + ax + —(Z - 6y — 6,a - 0| + —;
2 16 pi(-D ot O eul( 0~ ba \X) 2931
P a0, 1
: Iui"’ exp{(-1)4——= - auzluz - —uttdu,
o u 2
21 ay ag,
= expl(-D % ap + ax + —(Z - 6y — 6,a - 0| + —
|9u1| P( ) 0 X eul( 0 a X: ) 2931
a6, : 1| a6, 2
V2T (DY - @y, ||3 + | - ay,| |explo| 2 - ay,
uq u 2 elll
2m(-1)¢ a
= UG expl(-D Y ap + ax + —(Z - 6y — Ba — 6,X)
|9u1| 9“1
aZ1+62) o 9 al6? 0
l W/ uy 0y Oy _ laz . Ay, Oy, —all3 +a? + U Uy zaulauz uz
202 O,y 2% | 8, . “oogz 6, |

du, = 0 and _[_Zuzg exp[—%uf]duz = 0 (as integrals of odd functions). We then

using the fact that f_wmuz exp [—%uzz
obtain
1

ElgU)|Z=2z,A=a,X=x]=
@n)32 1 - pZ - pIP[Z=2A=aX = x]

202
auleu2 2au1au29u2
2
0y, 0.,

:0’

1% - [3+a; + .

for any z, a, x. However, we clearly do not have g(U) = 0 a.s., so completeness Assumption 8(a) does not hold.
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C Bias computations

C.1 Computing the (asymptotic) bias obtained through method of moments
estimator under setup (19)

We will compute the asymptotic bias obtained from the method of moments solver using bridge function
h(W, A, 0; b) = by + bA + b,W + by,,AW and vector function Q(4, Z,0) = (1,4, Z, AZ)".
{Yl - h(vvl) Ai) 0) b)} x Q(Ais Zi’ O)
A - (h(W, 1, 0; b) - h(W;, 0, 0; b))J’

E[H(D; 0)] = 1imnqm%2?=1h(Di; 0). The estimate of 6 = (b, 4) is given by

We define the moment restrictions H(D;; 0) = and let m(9) =

6 = arg min m7(6)m(0).
0
C.1.1 Case of Corr(U;, U;) = 0 (used in main paper)

By using E[Ui] =E[Uy] =0, E[U?] =E[U}] =1, and E[Ujl,] =0, we express the coordinates of
E[h(D; )] = (my, my, m3, my, ms) as follows:

my = —by — E[A]b, — uoby - ([E[A]ﬂo + [E[AUl]llul)baw Wt [E[A]Va + [E[AUl]Vauls (A8)
my = —-E[A]bo - E[A]b, = (E[A]uy + E[AUw, )by — (E[A]y, + E[AU]u,, )baw %9)
+ (E[A](, + ) + E[AUL(Y, + Vi) + E[AD:DY,,
mz = —(6q + E[A]6,)bo — (E[A](6y + 6,) + E[AU1]0y, )b,
= (Uobo + !luﬂul + E[A]u 0, + [E[AUl]ﬂuloa)bw = (E[A]uy(6o + 62) (A10)
A

+ E[AT (g0, + 1,80 + 62)) + E[AUTu,, 000D + Vo0 + 1,00 + E[AI(v0a + 1,(60 + 62))
+ E[AU (00, + V0 + Yy (B0 + 6)) + E[AUE]y,, B, + E[AU]Y, Ba,
my =~ (E[A](60 + 6,) + E[AT116,)bo ~ (E[A](6, + 6,) + E[AUL]6,,)bq
= (E[Alug(B0 + 6a) + E[AU](ugBu, + 1,60 + 6a)) + E[AU]ut,, 00Dy
= (E[A]ug(6o + 62) + E[AUL|(1obu, + i1, (B0 + 60)) + E[AUF|u,, 01 )baw (A11)
+ E[Al(yy + 1)(00 + 62) + E[AULI(Vy + )0 + Oy + V) (B0 + 60))
+ E[AUL10)y *+ V)0 + E[AUL]Y, (B0 + 6a) + E[ATLU; 1Y, 00

|
]

Let
R = L (A12)
' (1~ E[ADA - E[AUD) - E[AUP
We obtain the estimated bridge function parameters
b=y - Ho, | Fop —a- 2 :
0=Yo Yo ¥ |7 R~ E[AGJE[AUI,] - (1 - E[AUF]E[AULD (R, - ),
Auul Kulll
. 1 1
by=—), -~ —RRy,, (A14)
w ™ Yy iy 142Y,

. 1 1
baw = _Vaul + ‘u— RlRZ +

y up up

E[AJE[AUU,] - E[ATH]E[AU,]
E[AJE[AULS] - E[AUF] ™
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The estimated effect resulting from fl(W, A, 0; b) is then

A= Ea + BaW[E[W] = Ba + l;awluo
, RE[AU] - E[AUZ\(E[AULJE[AUU,] + (1 - E[AUEDE[AU,])

= R -y,
a E[AU.* - E[AJE[AUZ] 1
which yields a bias equal to
s - REIAU] - E[AUf)(E[AUJE[AUU,] + (1 - E[AUFDE[AT,])
i E[AUL - E[AJE[AUZ] 1 Y

We note that the expectations

E[A] = E[E[A|U, o] = E[P[A = 1|U;, Ta]]
1

=E
1+ exp{-ap - aylh - a,Us}

u?+v?
2

1
0 0 EEXp

,dudv

b
_w_wl + exp{-ap — ay,U — a,,v}

E[AU] = E[E[AUy|Uy, Us]] = E[ULE[A|TY, Us]]

Uy

=E
1+ exp{-ao - a,, U1 — a,,Us}

u? + v?

1
© o 2nuexp[ 5 (dudv

43 1+ exp{-ap - ayu - ay,v}’
E[AU;] = E[E[AU|Uy, Un]] = E[GE[A|U;, Un]]
Uy
1+ exp{-ao - ay,U1 — a,,Uz}

=E

u2 + v?
2

© o iv expl— ]dudv

1+ exp{-ao - QU ~ auzv}’
—00—00

E[AUf] = E[E[AUf|Uy, Up]] = E[UFE[A|U,, Un]]
fy

=E
1+ exp{-ao - a,,Us - a,,Us}

1

®  on

u? exp[—#]dudv

J1+ exp{-ao - au - a,v}’

E[AUU,] = E[E[AUU|U, Us]] = E[UULE[A|Uy, Un]]
U U,
=E
1+ exp{-ap - a,,Uy - a,,Uz}

1 u +v?
o UV EXPI——, ,dudv

4 1+ exp{-ap - ayl - a,v}

DE GRUYTER

(A15)

(A16)

(A17)

(A18)

(A19)

(A20)
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cannot be computed in closed form but can be obtained numerically using software like Mathematica or Maple
once we provide the values of a; and a,.

C.1.2 General case of Corr(U, U;) = v

Using E[U4] = E[U;] =0, E[UZ] =E[UZ] =1, and E[UiU;] =v, the new coordinates of [E[h(D; 0)] =
(my, my, ms, my, ms) result from

E[Y] 1 [A] E[W] E[AW]
| E[aY]| |E[A] E[A] E[AW] E[AW]
(ma, Mo, ms, M, ms) = | e vy | 7V Ez] Elaz] Elzw] Efazw)

E[AzY]| |E[AZ] E[AZ] E[AZW] E[AZW]

E
E

Proceeding similarly as in the case v = 0, we obtain a bias equal to

_ RE[AU] - E[AU|(E[AUL|(E[AU,] - VE[A]) + (1 - E[AUFIE[AT;)) - E[AUL PV
- E[AUL) - E[A]JE[AU?]
_ E[AU]( - E[A] - E[AUZDE[AUU;] + VE[AUL|(E[AJE[AUF] - E[AUL)
- E[AULJ? - E[A]E[AUZ]
(E[AGP - (1 - E[AUDE[AUDE[AU]
E[AU, - E[AJE[AU?] Ly

1)

Rquz

R1 )/uz

C.2 Computing the (asymptotic) bias obtained through method of moments
estimator under setup (21)

We will compute the asymptotic bias obtained from the method of moments solver using bridge function
h(W, A, 0; b) = by + b,A + b,,W + by,,AW and vector function Q(4, Z,0) = (1,4, Z, AZ)T.
{Yl - h(VVl) Ai: O: b)} X Q(Aia Zia 0)
A - (h(W, 1, 0; b) - h(W;, 0, 0; b))J’

E[H(D; 0)] = limnqm%z,llh(Di; 0). The estimate of 6 = (b, 4) is given by

We define the moment restrictions H(D;; 0) = and let m(9) =

6 = arg min m7(6)m(0).
0

C.2.1 Case of Corr(Uy, U;) = 0 (used in main paper):

Using E[U4] = E[Uy] = 0, E[U?] = E[UZ] = 1, and E[U;U;] = 0, we express the coordinates of E[h(D; 0)] =
(my, my, ms, my, ms) as follows:
my == bo = E[A]bg = tobw — (E[Alyy + E[AUW, )baw + ¥, + E[A]y, + E[AUL]Y,,
my =~ E[A]bo — E[A]b, — (E[A]y, + E[AU]u,)bw — (E[A]u, + E[AUL]ty,)Daw
+ (E[AI(y + ),) + E[AUL (Y, + Vo))
m3 == (6o + E[A]On)bo — (E[A](6p + 6p) + E[AU1]6y,)ba
= (o0 + 1y, Oy + 11,0, + E[A]uy6, + E[AUL1,, 0a)bw
~ (E[Al(ug(00 + 0o) + 1,00, + E[AU)(obu, + 1, (60 + 62)) + E[AUFI,, 00Dy
+ Vo0 *+ ¥,0u *+ E[A](Yoba + 1,00 + 00)) + E[AUN1,00u + ¥ + V(B0 + 60)) + E[AUF 1y, 00
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my = - (E[A](6 + 6) + E[AU16,)bo - (E[AI(6, + 6,) + E[AU16,,)b,
~ (E[AI@g(B0 + 6) * ,0:) * EIAUItgBuy + i1, (8 + 6) + E[AUPIt, 0 )bu
= (E[AI@g(B0 + 60) * i, 8:) * EIAUI(tgBuy + i1, (8 + 60)) + E[AUPIt, 01 )b
+ ELAIG + 1) + 6) + ELAUI(,60 + Y (80 + 60)) + E[AUP 1y, Bur

Let
G- (1 - E[A])
' (1 - E[AD{ - E[AUP]) - E[AU]?’
E[A]J?

Sy = .
" E[AJE[AU] - E[AUP
We obtain the estimated bridge function parameters

Buy

~ Uy M guluuz
bo =y, - 9 + ' 9 2%
g AL s,
_ EAU] o | O E[AT)] o O _ EAU]. By
. My = gy 92 eul-uuz U t 1—[E[A]Sl eultuuz 0 E[A] V2 6,
ba - Va - Quz auy + 9,42 - euz U’
Hog * S27 5, Hh, by * 515,y Hg * 527, by (A21)
. 1
by = Oy Ky
My, * 10 Rl
b= 1 y 1 1 y
aw = g Yam ~ 6 - 6y '
[.lul + SZ : ?;uuz xuul + sl ’ T;yuz tuu1 + 52 : ?jyuz
The estimated effect resulting from fl(W,A, 0; b) is then
A= l;a + l;aw[E[W] = Ba + l;aw.uo
E[AU4] Guz E[AU] euz E[AU] euz
~ E[4] Sy 0, P 1—[E[A]Sl " B P E[4] Sy By My
=Vt Buy auy Oy, + Ou, VM1
Hy, +8p- 971"1”2 Uy, +8 971#112 Wy, + 8y ng;uuz

E[AU] 0 | Q-EMDS, | El4lS | _a-E4DS,

~h* EfA)a - El4D 0, i, 0, 0, flul
T My * S1v g, My Moy * S27 g, Hy,
which yields a bias equal to
E[AU;] 6 1 - E[A])S E[A]S (1 - E[A]DS
6 = ElAT - EAD 6, M ot ot o G2
t My +5- Tmyuz Uy + 8 Tmyuz My, + 8- ?m#uz
In the particular case ), = 0, we obtain a bias equal to
E[AU; 0 E[A]S 1-E[A]S
TN e roulaeras ot (429
U xuul + Sl ’ Tmyug xuul + ’SZ ’ 07,,1#“2

Similarly to Proof C.1, we note that the expectations
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E[A] = E[E[A|U1]] = E[P[A = 1|Th]]
1
) T Oy
1+ exp{-ao - aulUl} 1 + exp{-ap — ayu}
E[AU] = E[E[AUY|Ur]] = E[UE[A|Uh]]
1 _w
" w  rlUexpi=y
T 1+ expi-ap - aU}| 2 1+ exp{-ao - ayu}
E[AUf] = E[E[AUf|U1]] = E[UE[A|UA]]
12 aepl
02 w U expI=
= d s
1+exp{-ao - aylh}| 2 1+ exp{-ao - ayu} .

cannot be computed in closed form but can be obtained numerically using software like Mathematica or Maple

once we provide the values of a; and a,,.

C.2.2 General case of Corr(U;, U5) = v:

Using E[U] = E[Us) = 0, E[Uf] =
(my, my, ms, my, ms) result from

E[Uf] =1, and E[UUs] = v,

the new coordinates of E[h(D; 6)] =

E[Y] 1 E[A] E[W] E[AW]

E[AY]| |E[A] E[A] E[AW] E[AW]
(ma, Mo, ms, M, ms) = | e vy | 7 VEZ] Elaz] Elzw] Efazw)
E[Azy]] |E[AZ] E[AZ] E[AZW] E[AZW]

Let

T = E[AU{JE[AU,] - E[AUJE[AUUY],

|
|

T, = E[AU|E[AU] - E[AUL]JE[AULUS],
Vi = E[AULP - E[A]E[AUT],

Vi, = E[AT,)* - E[AJE[AUF],

Vip = E[AUL]E[AU;] - E[A]E[AUUS].

Proceeding similarly as in the case v = 0, we obtain an estimated effect resulting from ﬁ(W, A, 0; b) equal

to
A= Ba + 5aW[E[W] = l;a + 5awﬂo
Ouy
_ Hy, Li-5,0
=y + 9—

U uum[Vﬂ +

—T + (E[AU] - VE[ATY)) +
+

Dyl + 0, |Vig +
Oy 12 y,| V12

(yu1 + Vaul)
o sz]
uy

42T, - (E[AU[] - VE[AT,))

F

where

Ky |
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F=uul

0Oy,
Vi + E[AU7] + 5 (Vo + E[AUG]) ~ (1 - E[A])

1+ %vy
O,

Ou, 0
+ | Vi + E[AUU,] + 2% (Ve + E[AT]) - (1 - [E[A])[V + 9_”
1

]

This yields a bias equal to

T - oo,
Hag L O
0

6 =
Ou Oy
“ uul[vn + g—ujvu] + yuz[vu + g V2

](Vu1 * V)

~T, + (E[AU;] - VE[AU;]) + Z—Z(Tz - (E[AU\] - VE[ATR)))

+ F yu1 .

As in the previous case, expectations E[A], E[AU;], and E[AU?], as well as
E[AU,] = E[E[AU,|U1]] = E[E[AU|U;, A = 1]P[A = 1|U4] + E[AU;|Uy, A = O]P[A = 0|UA]]
=E[E[U|U, A = 1]P[A = 1|U1]] = E[E[U|U1]P[A = 1|U1]] = E[vUIP[A = 1|U]]
=VE[UE[A|U1]] = VE[AUY],
E[AUU,] = E[E[AUU|U]] = E[E[AUU|Uy, A = 1]P[A = 1|Ui] + E[AULU,| Uy, A = O]P[A = 0|U4]]
= E[E[UU5U, A = 1IP[A = 1|U1]] = E[GE[U|UIP[A = 1|Ui]] = E[VUEP[A = 1|U3]]
= VE[UFE[A|U1]] = VIE[AUF],

E[AUZ] = E[E[AU;|U1]] = E[E[AUZ|Uy, A = 1]P[A = 1|U4] + E[AUf|U, A = 0JP[A = 0|Uy]]
=E[E[U7|U,, A = 1JP[A = 1|U]] = E[(1 - v? + VZUP)P[A = 1|T3]]
=(1 - v)E[P[A = 1|U1]] + VAE[UPP[A = 1|U1]] = (1 - VHE[A] + VZE[E[AUF|UA]]
= (1 - v)E[A] + VE[AUT],

which help simplify the bias formula.

C.3 Computing the OR estimator bias under setup (19)

Let M=(1 Z W A AZ AW). By the typical formula b = (M"M)MTY for the OLS estimator and the
following
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E[Z] = 6o + 6,E[A],
E[W]= gy,
E[AZ] = (60 + O)E[A] + 6, E[AUA],
E[AW] = uE[A] + w, E[AU],
E[Z%] =6 + 67 + 1+ (07 + 2006,)E[A] + 2000, E[AUA],
E[W2]=pg + py +1,
E[AZ%] = (1 + (6y + 6)2E[A] + 2(6p + 0,)6,E[AU] + OFE[AU]
E[AW?] = (1 + u)E[A] + 2uou, [E[AU] + p E[AUF]
E[AZW] = (6o + 0ty + Out, JE[A] + (B0 + O, + Oufto)E[AUL] + Oy, E[AUF]
E[Y]=y, + VE[A] + 3, E[AU]
E[ZY]= 60y + Ou)y,, + (B0 + 60)Y, + OaV)E[A] + (Ouy), + Oay,, + (B0 + Oa)yy, JE[AUM]

01V, E[AUL] + 6a;, [E[AUS]
E[WY]= toyy + iV, + HoVE[A] + (Ul + U, VEIAUL] + 1,y [E[AUF]
E[AY]=(yp + VIEIA] + (), + Vu JE[AUL] + 3, E[ATS]
E[AZY]= (60 + 6)(y + VIE[A] + (B0 + 0)(yy + V) + OV + V)E[AUN]
+ 00, (Y, * Y JEIAUL] + (60 + 0y, [E[AU,] + 6.y, E[AULU,]
E[AWY]= oV + VELA] + (oW, + V) * Vo + VELAUL] + 1, (3, + ¥ JE[AUT]
+ UV, E[AD] + ), E[AU,],

we obtain a linear regression estimator bias equal to

€10 _ a-eias 2y, [El4U] _ a-Elap, ) )
E[A] 9u1](1 )t [ E[A] S, Oy ]0142

Sor =

Vul
[1+ “1](1"‘.”“) + [1+ “1](1+ 92)_ l1+2M]
(1 + 0 Uz + ‘uuz)[E[ ]
E[A](1 - E[A])
N [1 L ElAr
E[A]1 - E[A])

(A + 6% +ub)

](931(1 )+ ui 6 - 29u1uu19u2yu2)y
(A24)

E[AU2](1 - E[AU?]) 1 1
T EAIc-E@A) [E[AU]Z[IE[A]Z& Y- [E[A])Zsz]

A+ 62 +u?)
O+ ul) + ul+62) - 20,41,0 Vll;ﬂuz
M) ™ Hy  Bg) ™ 2Bkt Puklu) T e E (A2

(E[A]* - E[APQ + 2E[AU?]) + 3E[AX(E[AU?] + E[AUP) - E[A](3E[AUT + E[AU2])

1
+E[AUD) [ —
=12 [1 + Sil_l](l + uuzz) +]1+

O

1

Auuleunuuz ]

+ eaeul[l + ‘uuz -

9u1#u19u2yu2

!12 Vau1'
?;](1 +62) - [1 +2— ]

In particular, for y,, = 0, we obtain a bias equal to

E[AU] _ (1-E[A]b, 2 E[AU] _ (1-E[ADba Hygtly | 9
FlA] 9“1](1 ) [ FlA] DR ]9

Sor = (A25)

|
guluulguz;uuzl ul

; o
[1+s;(1+yuzz)+[1+s;](l+9,fz)—[1+2 s,
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C.4 Computing the OR estimator bias under setup (21)

Let M=(1 Z W A AZ AW). By the typical formula b = (M"M)MTY for the OLS estimator and the
following

E[Z] =6y + 6,E[A],
E[W]= u,,
E[AZ] = (6p + 6)E[A] + 6, E[AUA],
E[AW] = u E[A] + u, E[AT],
E[Z% =65 + 63 + 6 + 1 + (67 + 2006,)E[A] + 20,6, E[AU],
E[W?]= g + pg + tt + 1,
E[AZ%] = (1 + (6) + 0)* + 62)E[A] + 2(60 + 60,)0,E[AU] + OZE[AU],
E[AW?] = (1 + uf + p JE[A] + 2uu, [E[AUL] + p E[AUT],
E[AZW] = ((6p + )ity + Ouft, JE[A] + (8 + Oo)it,, + Outtg)E[ATL] + Oy, E[AUT],
E[Y]=y, + VEIA] + 1, E[AU],
E[ZY]= 00y, + O, + (B0 + 02y, + OVE[A] + (Ou), + Oay, + (B0 + 6)y, JE[ATA] + 6., E[AUT],
E[WY]= oV + Yy, + UWEIA] + (UoVyy, + Y E[AUL] + p1,, 1 ETAUT,
E[AY]= (yy + VEIA] + (4, + Y JE[AUL],
E[AZY]= (60 + 62)(¥y *+ VE[A] + (B0 + 6)¥, + V) * 0¥y + VYE[ATH] + 0y, + ¥ JEIAUT],
E[AWY] = to(yy + VE[A] + (o, + V) + My (Vo + VE[ATH] + g1, (3, + Vi, JE[AUT],

we obtain a linear regression estimator bias equal to

E[AU] (1 E[ A])Oa [AU] (1_ E[ADO Huibuy | 2
[ £ eull(l ") T [ E[A] S 6 leuz
Sor = - .
[ +S“;](1+ui)+[1+“1](1+9 )-[1+2M]

(1+ 6 + u)E[AU]
E[A]1 - E[A])

+[1_[|E[i

((+ 62 + )

]( (1 + uu)+uu(l+ ) ~ 200, uzuuz)]

Al1 - [E[A
10~ E[A]) *26)
My Bulty, || [E[AU?IQA - E[AU?]) Jf 1 1
M A Al -eay AU e, a - e,
021+ p2) + p (1 + 62) — 20,4, 6 +u
( ul( Huz) llul( uz) llluul u?;uuz) [ ] (1 — [ ])2
(E[A]* - E[APPQ + 2E[AU?]) + 3E[AP(E[AU?] + E[AU?) - E[A]BE[AU)? + E[AU?))
1
+E[AUD)} [ — " AL
i=1,2 Yy S 7“1 W
! [1+ Sil](1+yuz2)+ 1+ s:](l"(’u) [1+2 ! Z]
In particular, for Yauy = 0, we obtain a bhias equal to
E[AU] _ (1-E[A]D6, [E 1)6q E[AU] _ (1-E[A]0q Hubuy
[ E[A] 9u1](1 + uu) + [ [A] Sy auz ]Glfz
60R = 2 (A27)

Yy
0 Uy OugttuyOugthy !
[1+s—§(1+#f)+[1+s—f](1+93z)‘[1+2%]
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C.5 Comparison of proximal and unadjusted estimator biases under setup (21)
We begin by proving that both S;, S, > 0:
Proof that S, S, > 0:

We have that

|Cov(4, AU)| = [E[A*U]| = |E[AU]| < \/Var(A)Var(AU) = /Var(A) {E[AU?] - E[AU}?
which implies E[AU)? < Var(A)XE[AU?] - E[AU)?). It follows that

E[AUP(L + Var(4)) _ _ = E[AUP( + Var(4))
E[AJE[AU2] > E[A] ) = ElAF =5 Ear
_E[AUPA + Var(A))
= CEA > E[AUP?,

since 1 + Var(4) 21 and 1 - E[A] € (0, 1). Thus, S, > 0.
Similarly, if we consider A = 1 - A (such that A = A4, E[A] = 1 - E[A], Var(4) = Var(A4),E[AU] = -E[AU],
and E[AU?] = 1 - E[AU?]), we obtain
(1 - E[ADA - E[AU?]) = E[A]E[AU?] 2 E[AU}* = E[AU.

Thus, S; > 0 as well. O
Taking the ratio of magnitudes for the two biases, we have

1) S S

UPOR | _ [E[A]'9—1+(l—[E[A])'972

Sunadj it S wta S,
euzﬂuz 9“2;“142

Let f(r) = E[A] s +(1-E[A ])~ - S forr € (-, -min{S;, S»}). We note that f(r) is strictly increasing inr,
that lim,_._f (r) = 0, and that f(r) = 1 has the unique solution r* = -=S;(1 - E[A]) — SE[A] < 0. We consider
the following four cases:

011 u N
LIf ~ >0, then S,S,>0 imply that

2]
9u2}1u2 u1ﬂu
Suzﬂuz

€ (0,1) for i=1,2. Since E[A] € (0,1), it follows

i

Spor

that 0 < | < 1.
unadj
u.uu
IL If -min{Sy, Sp} < ——= < 0, then Sy, S, > 0 imply that guluul >1 for i =1, 2. Similarly, it follows that
9u2}‘u2 i
3 Ouqlty, . . . . . .
; po'; . ;1 L = —min{S;, S,}, the proximal estimator bias can be arbitrarily large.
unadj uug
uuu
L If r* < ;ul < -min{S;, Sy}, then ;"OR >1.
u 'unadj
Ouglty, . Ouylty, . . . . . .
. 1f— Bt “4 < r* then 0 < ;"—Oi < 1.In particular, g ;u 1 = —oo implies that the proximal estimator is unbiased
upty, unadj U2ug
(as either 6, = 0 or g, = 0). |

C.6 Computing the proximal estimator bias under y,, = 0 and
h(W, A, X) = by + b,A + bIX + bIW

We will compute the asymptotic bias obtained from the method of moments solver using bridge function
h(W, A, X; b) = by + b,A + bYW + bIX and vector function Q(4, Z,X) = (1,4, Z, X). We assume the general
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case of multidimensional U, Z, W, X with Z € R™, W € R", U € R?, X € RY. Throughout this section, we use
the shorthand E[AU] = (E[AU4], ...,E[AU,]) and E[AX] = (E[AXi], ...,E[AX,]).

{Y; - h(W;, A, X;; D)} x Q(A;, Zi, Xi)
A - (h(W;, 1, X;; b) - (W, 0, X;; b))’

m(0) = E[H(D; 0)] = limnm%Z{Llh(Di; 0). The estimate of 6 = (b, A) is given by

We define the moment restrictions H(D;; 0) = and let

6 = arg min m’(6)m(6).
[’]

Using E[U;] =0, Vi=1,..,p and E[UUT] =%, as well as E[X]]=0,Vj=1,..,q, E[XXT]=2%,, and
E[UXT] = p, we express the coordinates of E[h(D; 6)] = (my, my, ms, my) with my, m; € R, m3 € R™, m, € R4
as follows:

my==bo — E[A]b, = ity by + y, + E[Aly,,
my = - E[A]by - E[Alb, - E[Alu] + E[AUT 4, + E[AX] u)b,, - E[AX]"D,
+ (Jp + RE[A] + E[AU] y, + E[AX]"y,,
ms = - (6 + 6JE[A]bo — (E[A](6, + 6,) + 6, E[AU] + 6{E[AX])b,
= (60 + E[Al6)ug + (BE[AUT + 6%, + 6;p"), + (OE[AX] + 6%, + 6, p)ut, )by,
= (BE[AX]" + 6p + 6{Z0by + (By + BE[A]y,
+ (60 + B)E[A] + 6, E[AU] + 6{E[AX])y,
+ (OE[AUT" + 0,y + 6{p)y, + (BE[AXT + 6,p + O T
my =-E[AX]by — Extt, + pTu, )by = Icbx + E[AX]y, + Iy, + PTY,

Under assumption m = n and p > m: Let us define

_ E[AU]" - E[AX]'5;'p"
E[A](1 - E[A] - E[AX]"ZE[AX]’

(E[AU] - pEE[AXDE[AU] - E[AX]'EpT)
E[A](1 - E[A]) - E[AX]T5E[AX]

B

B=|z, - p£lp” - 0,.

Settingmy = my =mg;=my =0foralli=1,..,m, j=1,..., ¢, we obtain solution

bo =V, ~ E[AIBY, — (g ~ E[AlBu,)B 1B,
ba =y, + By — 1, (B"1,)' By,
bW = (BT.uu)tBTVua
be =¥+ LT — E[AXIB)Y, = (uy + Z (0" — E[AX1B)u, ) (B 1,)'BY,,
where (BTy,)' denotes the Moore-Penrose inverse of B u,. If By, has full column rank, then (Bu,)" corre-
sponds to (B'w,)' = (u BB ) 'u !By,
The estimated effect resulting from fl(W,A, X; b)is
. E[AU]" - E[AX]'%;'pT

A=by =y + E[A](1 - E[A]) - [E[AX]TZ;l[E[AX]

(IP - uuu(BTyu)TBT)Vu’

which yields a bias equal to

_ E[AUT" - E[AX]'5/p” o "
5= Elala - E14] - EaxT e [ax] & T A HI B
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D Details for illustrative sensitivity analysis on real data

D.1 Extracting relationships between U-parameters from the data

We have that
Cov(Z, A) = 0,E[A](1 - E[A]) + 6JE[AU] + O]E[AX],
Cov(W, A) = uE[AU] + u!E[AX],
Cov(X, Z) = E[AX]0] + pT6, + L,6,,
Cov(X, W) = pTu, + Zyu,,
Cov(Z, W) = Ou(E[AUT 1, + E[AXT 1) + Oty + Oupit + 0P, + 05 Tty

where E[A], E[AX], £, and the five covariance terms can be computed empirically from the data. Eliminating
terms 6y and u,, we obtain

E[AU] - pZE[AX] = (u])(Cov(W, A) - Cov(W, X)L E[AX]), (A28)
o - Cov(Z, A) - Cov(Z, X)LE[AX] - 6] (1)) (Cov(W, A) - Cov(W, X)Z;'E[AX]) (A29)
“ E[A](1 - E[A]) - E[AX]'L'E[AX] ’
wl @, = pEp"Hb, = Cov(W, Z) ~ Cov(W, X)L;'Cov(X, Z) - (Cov(W, A) - Cov(W, X)E'E[AX])6;, (A30)

as well as
0, = £,(Cov(X, Z) - E[AX]6] - p"6,),
1, = £ Cov(X, W) - pTu,).

The aforementioned equations show that parameterizing 8, and y,, suffice towards identifying terms E[AU] -
pEE[AX] and Iy - pZlpT) in the bias formula (as long as the terms are identified via the pseudoinverses).

Moreover, we have that
Cov(Z, Y) = Cov(Z, X)y, + Cov(Z, A)y, + (BE[AU] + 6f + 61pTy,
Cov(W, Y) = Cov(W, XDy, + Cov(W, A)y, + (,p" + 11, )Y,
Cov(4, Y) = yE[A](1 - E[A]) + y[E[AU] + y[E[AX],
Cov(X, Y) = y,E[AX] + pTy, + L),
which imply
Cov(W, Y) - Cov(W, X)E'Cov(X, Y)
_ (Cov(W, A) - Cov(W, X)E'E[AX])(Cov(4, Y) - E[AX]'E'Cov(X, ¥))
E[A](1 - E[A]) - E[AX]'5'E[AX]

= [u, & - pE'p")

_ (Cov(W, 4) - Cov(W, X)L E[AX])(E[AUT" - E[AX]"%,'pT)
E[A](1 - E[A]) - E[AX]'LE[AX] v

D.2 In-depth rationale for choice of sensitivity parameters
D.2.1 Choice of distribution for p = dim(U)

The rate of the Poisson distribution can be adjusted depending on the expected number of independent
unobserved confounders. In this case, we assume the large number of observed covariates in X (i.e.,
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dim(X) = 67) accounts for most confounding of the A - Y association, and thus, the number of unobserved U
is small compared to the dimension of X.

D.2.2 Drawing p - the base case

Construct covariance matrix p = Cov(U, X) such that covariances between elements of U and X are of similar
magnitude to covariances between elements of X, as follows:
* Draw elements Py from the empirical distribution of pairwise covariances {(Zy); : 1<i<j < q}.

* Rescale each Py such that Zj|pij| <1foreachi=1,..,pand Zj|pﬁ| + 2 |Zx| < 1foreachi=1,..., q, to ensure

positive semidefinite covariance matrix for [g]

We operate under the assumption that the pairwise covariances p; follow roughly the same distribution as

the observed covariates’ covariances in X, (with a slight downwards shift in magnitude), given no additional
information about the nature of unobserved U.

D.2.3 Choice of 6y,1, Ou,r, 4, 1, U,

In the absence of additional priors on each of the unobserved confounders U, the take element-wise intervals
[(By,1)i), (B,r)ij] to be equal to some interval [0y, 6] for alli = 1,..., m, j = 1,..., p. Similarly, we take intervals
[(y ijs (@,)ij] to be equal to some [y, u,] for all i =1,..,n, j=1,..,p. In other words, if ey, €.x, are
matrices of all ones, then we take [0y, 6.1] = [01€nxp, Oremxpl, [t ;1] = [Hi€nxps Uy €nxpl-

To inform our choice of 8y, 6, w;, u,, we run the following linear regressions (with intercept):
« fit1: regress Z onto (4, X),
« fit2: regress Z onto (4, X, W),
* fit3: regress W onto X,
» fit4: regress W onto (4, X, Z).

Assuming our LSEM, fit2 yields estimates for 6, (the coefficient of A) and 6 (yuT ) (the coefficients of W).
Moreover, fit4 yields estimates for u ! (6 )' (the coefficients of Z) and y,/ (6 )6, (the coefficient of A). The 95%
CIs for the coefficients are included in (=25, 25) for g,/ (6,;)" and (=1, 1) for 6; (1, ). We then choose endpoints

u
[0, Bu], (14, 1,,] to ensure resulting samples 6, € [0i€nxp, Or€nxpl, Ou € [0i€nxp, Or€nxp] are included in (=25, 25)
and (-1, 1), respectively.

In addition, the coefficients of X in fit1 and fit3 represent biased estimates of 6, and y,, respectively.
Assuming these coefficients are at least informative for the magnitude (in terms of powers of 10) and not
values of 6, and y,,, we choose [8;, 6,] = [-10, 10], [y, u,] = [-1.5, 1.5].

In fact, our experiments show that the distribution of biases does not change significantly for fixed
[, 4] = [-1.5,1.5] and different choices of interval magnitudes [6;, 6,] € {[-1.5, 1.5], [-5, 5], [-10, 10]}, so we
keep [0}, 6;] = [-1.5, 1.5] for the slight runtime improvement in the sampling process.

D.2.4 Bootstrapping strategy for setting E[AU], ),

We compute 500 bootstrap estimates of the covariance matrices and draw E[AU] and ), from the resulting
distribution of (26) and (27) evaluated at the bootstrap covariance estimates.
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