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Overview of Key Negative Control Techniques

Method

Brief Description

Key Assumptions”

Strengths

Limitations

Bias
detection/adjust

ment via NCE**
29,30

In a regression model of outcome on treatment,
NCE, and measured covariates, the presence of an
association between NCE and outcome implies
residual confounding, while a null association
implies no empirical evidence of residual
confounding. Under certain assumptions,
coefficient of NCE equals the unmeasured
confounding bias.

- Linear additive
outcome model

- The association
between NCE and
unmeasured
confounder is equal to
the association
between treatment
and unmeasured
confounder

- Intuitive and easy
to implement in
practice

- Strong modeling
assumptions

- Only leverage one
type of negative
controls

Bias
detection/adjust

ment via NCO3*>
27,28

In a regression model of NCO on treatment and
measured covariates, the presence of an
association between NCO and treatment implies
residual confounding, while a null association
implies no empirical evidence of residual
confounding. Under certain assumptions,
coefficient of treatment in the NCO model equals
the unmeasured confounding bias. NCO has also
been used for bias adjustment in survival analysis.

- Linear additive
outcome model

- The association
between NCO and
unmeasured
confounder is equal to
the association
between outcome and
unmeasured
confounder

- Intuitive and easy
to implement in
practice

- Connects to
traditional
difference-in-
differences method

- Strong modeling
assumptions

- Only leverage one
type of negative
controls

P-value

By estimating the effect of exposure on outcomes

- Bias follows a normal

- Intuitive and easy

- Strong
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calibration using
NC pairs®10

across a collection of settings where the exposure
is not believed to cause the outcome, one can
estimate an empirical null distribution of the
exposure effect and compute calibrated p-values
that take both random and systematic error into
account.

distribution whose
mean and variance can
be corrected estimated
using negative drug-
outcome pairs

to implement in
practice

- Utilizes the rich
drug-outcome
information in EHR
data

distributional
assumption

- Validation of the
large number of
negative drug-
outcome pairs

selected
Control outcome | Search for the causal effect (constant additive - Enriching the - Leverages the NCO | - Relies on the
calibration effect!! or nonparametric identification of the adjustment set of to search for the conditional
(COCA) using average treatment effect on the treated??) such covariates with the right amount of independence
NCcO32 that the NCO-treatment association is null, potential outcome treatment effect assumption

adjusting for covariates and Y(0).

under no treatment,
Y(0), suffices to adjust
for confounding
between NCO and
treatment

- Only leverage one
type of negative
controls

(Generalized)
difference-in-
differences using
Nc012-13

The difference-in-difference method adjusts for
unmeasured confounding leveraging the baseline
outcome which is an NCO. There is also a scale-
invariant generalization of the difference-in-
differences method.

- Confounding of NCO-

treatment relationship

equals the confounding
of outcomes-treatment
on the quantile scale

- Leverages the
baseline outcome
which is widely
available as NCO to
adjust for
confounding bias

- Relies on additional
model assumption

- Only leverage one
type of negative
controls

Double negative
control
method!42631

Also referred to as proximal causal learning in the
literature. Leverage an NCO and an NCE to identify
causal effect subject to unmeasured confounding
without any modeling restriction. Methods have
been developed for point exposure!*>7 discrete
setting®®, longitudinal setting®8, survival
analysis'®, mediation analysis?, panel data
setting??%3! heterogeneous treatment effect?,
dynamic treatment regime?*, test-negative
design?®, outcome-dependent sampling?®.

- NCO and NCE provide
sufficient information
about the unmeasured
confounder

- Leverages a pair of
NCs to fully identify
bias; no modeling
assumption
required, allows for
flexible modeling,
provides double
robustness
methods, and
applies to a range of
settings

- Need to identify an
NCO and an NCE
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Data-driven Search for triplets of disconnected NCs then - Linear structural - Data-driven - Strong model
automated aggregate all candidate NC pairs to estimate the equation model selection and assumption
negative control | average treatment effect validation of

estimation - Disconnected NCs: negative control
(DANCE)*? NCs causally related to

neither the treatment - Estimates causal

nor the outcome effect combining all

NC pairs

* Only listing key assumptions in addition to the assumption that the selected NCE and/or NCO variables are valid NC = negative control; NCE = negative control
exposure; NCO = negative control outcome
** This overview table of key negative control techniques was developed by Dr. Xu Shi.
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