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Confounder selection

In observational studies, the single most widely used strategy to control for
confounding is through covariate adjustment.

< | will focus on the setting that X is a (point) treatment and Y is an outcome.
= Time-varying confounding is NOT in this talk

Goal: Select a set of covariates S that can be measured such that

Y(x) 1L X | S, for every treatment level x. » conditional exchangeability

Such a set S is called a sufficient adjustment set.

Then, under consistency + positivity assumptions,
P(Y(x) | X =x,5) = p(Y | X =x,5) = E[Y(x)] = E[E[Y | X = x, S]],

which can be estimated with outcome regression, IPW, AIPW, etc. 525
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1 Primary: S, consisting of covariates that are measured or can be measured, is a
sufficient adjustment set.

2 Secondary: When there are more than one sufficient adjustment sets, choose one
among them to optimize some criterion, such as
o efficiency
® cardinality
® cost
[ ]
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Objectives in confounder selection

1 Primary: S, consisting of covariates that are measured or can be measured, is a
sufficient adjustment set.
2 Secondary: When there are more than one sufficient adjustment sets, choose one
among them to optimize some criterion, such as
® cfficiency in estimating the average treatment effect
® number of covariates
® cost
[ ]

i | will focus on the primary objective in this talk.
I will also use this opportunity to debunk some myths about this problem along
the way. — See also F. R. Guo, Lundborg, and Zhao (2022) for a recent survey.
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Myth 1. This is a solved problem.

Suppose the underlying causal model can be represented by a DAG (directed acyclic graph) §
or more generally an ADMG (= DAG + latent confounders), then some may argue this is a
solved problem.

Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if
1 S contains no descendant of X,

2 there is no ‘X « ..." path between X and Y that is m-connected given S.




Myth 1. This is a solved problem.

Suppose the underlying causal model can be represented by a DAG (directed acyclic graph) §
or more generally an ADMG (= DAG + latent confounders), then some may argue this is a
solved problem.

Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if

1 S contains no descendant of X,

2 there is no ‘X « ..." path between X and Y that is m-connected given S.

1= |f we require that

’S contains no descendants of X <= S only contains pre-treatment covariates,

then the back-door criterion is both sufficient and necessary, i.e.,

S is a sufficient adjustment set <= S meets the back-door criterion.

» It can be shown that you never have to adjust for any covariate that is post-treatment
(Shpitser, VanderWeele, and Robins, 2010).
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Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if
1 S contains no descendant of X,
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Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if
1 S contains no descendant of X,

2 there is no ‘X < ..." path between X and Y that is m-connected given S.
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ADMG (acyclic directed mixed graph)

Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if
1 S contains no descendant of X,

2 there is no ‘X < ..." path between X and Y that is m-connected given S.
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ADMG (acyclic directed mixed graph) No valid adjustment set

Back-door Criterion (Pearl, 1993) S C V\{X, Y} is a sufficient adjustment set if
1 S contains no descendant of X,

2 there is no ‘X < ..." path between X and Y that is m-connected given S.




Myth 2. Causal discovery can solve this.

Without making strong additional assumptions,

conditional exchangeability Y(x) 1L X | S is not testable from data.

1= Typically, a DAG or ADMG is not uniquely identified from data. At best, one can
hope to learn a set of plausible graphs instead of one single graph.
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Myth 3. | can take the adjustment sets from these graphs and take the union, inter-
section, or run a variable selection, and that will work.

< One can try to combine the ATEs identified from each graph in the set (Maathuis, Kalisch, and
Biihlmann, 2009; Nandy, Maathuis, and Richardson, 2017; R. Guo and Perkovic, 2021). But you won't get
a single point estimate. See also Ghosh and Rothenhiusler (2025) for an alternative.



Myth 2. Causal discovery can solve this.

Without making strong additional assumptions,

conditional exchangeability Y(x) 1L X | S is not testable from data.

1= Typically, a DAG or ADMG is not uniquely identified from data. At best, one can
hope to learn a set of plausible graphs instead of one single graph.

Myth 3. | can take the adjustment sets from these graphs and take the union, inter-
section, or run a variable selection, and that will work.

< One can try to combine the ATEs identified from each graph in the set (Maathuis, Kalisch, and
Biihlmann, 2009; Nandy, Maathuis, and Richardson, 2017; R. Guo and Perkovic, 2021). But you won't get
a single point estimate. See also Ghosh and Rothenhiusler (2025) for an alternative.

1= Generally speaking, confounder selection requires domain knowledge about the
underlying causal structure. It cannot be totally data-driven.



Myth 4. Ok, | need to draw the graph

“Suppose § is the causal DAG/ADMG ...”

YOU ASSUMED?

\
YOU KNOW WHAT HAPPENS
WHEN YOU ASSUME—
I DONT
YET YOU'RE. CONFIDENTLY
ASSERTING THAT I DO.

...OH. HM.
CH&KF\M)I’HIE

P

https://xkcd.com/1339/
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Myth 4. Ok, | need to draw the graph

?» Impractical
® Do not know the full causal structure/mechanism
® Even if we know it, can we readily draw it?
® Unless the system is closed, the DAG is huge — try to think about the causes of
causes, etc.
® Reasoning locally about a pathway, mediator, etc. =% Equipped with global
knowledge to draw the graph.
® Help a domain expert to draw it

® Tools and protocols (Shrier and Platt, 2008; Haber et al., 2022) are developed, but still
very challenging or even impractical.




Myth 4. Ok, | need to draw the graph

?» Impractical
® Do not know the full causal structure/mechanism
® Even if we know it, can we readily draw it?
® Unless the system is closed, the DAG is huge — try to think about the causes of

causes, etc.
® Reasoning locally about a pathway, mediator, etc. =% Equipped with global
knowledge to draw the graph.

® Help a domain expert to draw it
® Tools and protocols (Shrier and Platt, 2008; Haber et al., 2022) are developed, but still
very challenging or even impractical.
2 Unnecessary: To test the back-door criterion, it only involves partial knowledge
about the graph.
— Methods on representing and using the partial knowledge is still under-developed. This
is the main motivation for our work.




Earlier work in this direction

Disjunctive criterion (VanderWeele and Shpitser, 2011): < See VanderWeele (2019) for variations.
S := (ang(X) Uang(Y)) N {observed pre-treatment covariates V\{X, Y}}.

w S is a sufficient adjustment set whenever V\{X, Y} contains any sufficient adjust-
ment set.
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Disjunctive criterion (VanderWeele and Shpitser, 2011): < See VanderWeele (2019) for variations.
S := (ang(X) Uang(Y)) N {observed pre-treatment covariates V\{X, Y}}.

i S is a sufficient adjustment set whenever V\{X, Y} contains any sufficient adjust-
ment set.

This is useful when

1 it is already clear what all the observed covariates are, i.e., after the data are

collected; — Not so useful if one wants to design a data collection plan.

Myth 5. | can do only confounder selection after having conceived all the ob-
served /measurable pre-treatment covariates.

2 and the structural knowledge is rather limited.

Also, this criterion does not certify the correctness of S.
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< {B} is a primary adjustment set for X and Y.
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Our approach in a nutshell

1 Bottom-up approach. Start with X and Y: <-> indicates potential confounding
between them. < Goal: Disconnect X and Y.

2 Introduce B to control for confounding between X and Y. Meanwhile, potentially there is
confounding between X and B, and between B and Y.

< {B} is a primary adjustment set for X and Y.
3 To remove X <-> B, we introduce C.

4 X,Y are disconnected: {B, C} / is a sufficient adjustment set.



Myth 6. There are those things called d/m-separation and M /collider-bias. | need to
be aware of them during the confounder selection process.




Myth 6. There are those things called d/m-separation and M/collider-bias. | need to
be aware of them during the confounder selection process.

1= Between two variables C and D, given all the variables on the canvas so far

C<— D (direct) confounding between C and D
C<->D potentially (direct) confounding between C and D .
C D  no (direct) confounding between C and D

Here, C «— D if and only if there is a latent common cause U and
a pathway C < --- < U — --- — D not through any variable already on canvas.

< There is no collider ‘“— o <" on the pathway and you need not worry about it.



Myth 6. There are those things called d/m-separation and M/collider-bias. | need to
be aware of them during the confounder selection process.

1= Between two variables C and D, given all the variables on the canvas so far

C<— D (direct) confounding between C and D
C<->D potentially (direct) confounding between C and D .
C D  no (direct) confounding between C and D

In other words, 'C <-> D' becomes ‘C D’ only when
1 either U itself is added to canvas, or
2 all the U — --- — C paths are blocked, or — controlling mediators
3 all the U — --- — D paths are blocked,

and this holds for every common cause U of C and D.

— You only need to reason about common causes and mediators. You do not need to
know d-separation or M-bias.



Demo



https://ricguo.shinyapps.io/InteractiveConfSel/

Example


https://ricguo.shinyapps.io/InteractiveConfSel/
file:///Users/ricguo/Downloads/../figs/shrier-1.png

Myth 6. There are those things called d-separation and M-bias. | need to be aware of
them during the confounder selection process.
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o<«->o still potential confounding
a potential confounding arc o < ->o becomes { o «<— o uncontrollable confounding

o o no confounding



Features of the procedure

® Through this process,

o<«->o still potential confounding
a potential confounding arc o < ->o becomes { o «<— o uncontrollable confounding

o o no confounding

® The user is interactively guided to select a o «-»>o0 and try to find its primary
adjustment set, which is introduced onto canvas.
® Reasoning about common causes and mediators, locally.
® Questions are asked economically. No question is asked about the causal paths
among covariates already on canvas.
— Not relevant to the goal at all!



Features of the procedure

® Through this process,

o<«->o still potential confounding
a potential confounding arc o < ->o becomes { o «<— o uncontrollable confounding

o o no confounding

® The user is interactively guided to select a o «-»>o0 and try to find its primary
adjustment set, which is introduced onto canvas.
® Reasoning about common causes and mediators, locally.
® Questions are asked economically. No question is asked about the causal paths
among covariates already on canvas.
— Not relevant to the goal at all!
® The procedure terminates when
1 X and Y are disconnected: a sufficient adjustment set (those on canvas minus
{X, Y}) is found.
2 X and Y are connected by X «<— ... «— Y. no sufficient adjustment set exists.



Theoretical guarantees

We make the assumptions

1 The causal model is represented by an unknown DAG or ADMG;
— a single-world SWIG model or Pearl’'s NPSEM-IE model.

2 All the covariates considered are either ancestors (i.e., direct or indirect causes) of
X or ancestors of Y.

Then, the procedure must terminate in finitely many steps. Further, it is
1 Sound: If X and Y are disconnected, the found S is a sufficient adjustment set;

2 Complete: If X and Y end up being connected by X «— --- «— Y/, then no
sufficient adjustment set exists.
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Some theories behind: Refined m-connections

We use notation

A (shape) B| C <= 3 a path of (shape) between A and B that is m-connected given C,
A(shdpe) B | C <= P a path of (shape) between A and B that is m-connected given C.

= m-connection and m-separation  (» ‘4~ * ¢~ is a path of any shape)

Asw ke B|C = AL,B|C and Aswf4~B|C << Al,B|C.
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Some theories behind: Refined m-connections

We use notation

A (shape) B | C <= 3 a path of (shape) between A and B that is m-connected given C,
A(shdpe) B | C <= P a path of (shape) between A and B that is m-connected given C.

= m-connection and m-separation  (» ‘4~ * ¢~ is a path of any shape)

Asw ke B|C = AL,B|C and Aswf4~B|C << Al,B|C.

Refined m-connection
~rp

A by B|C

‘ 1

«w': confounding arc (i.e., ‘< ->/<—>"in our procedure), with no collider on the path.
‘v * ¢w': confounding path, where wildcard * means 0,1 or more colliders on the path.
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Some theories behind: Reformulated back-door criterion

Back-door criterion, reformulated Suppose X ~~» Y in G. For any S C V'\ de(X),

S satisfies the back-door criterion <=  X<«w #¢w Y |S.

Observation: confounding path is not monotone due to M-bias:
Acs 4B C =5 AewfewsB|(C, CcC,
but confounding arc is monotone
AssB|C = A« B|C, CcC.

< Strategy: block all confounding paths by blocking confounding arcs, one at at a time.
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Latent projection preserves refined m-connections

The theoretical guarantees of the procedure follow from a general theorem.

Theorem For any ADMG G over vertex set V and {A,B} U C C VDoV,

o oy 5
A o~ B|Cfg] <= A o~ B C[S(V)].
by K ey b & ey

Corollary For A, B ¢ C,

o —
Al e SB|CIG = A! o $BI[S{AB}UQ).
Sy kb ok

District criterion

S is a sufficient adjustment set <= X<+ # <Y | S[S({X,Y}US)].

block all back-door paths in § connectivity by confounding arcs
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Latent projection

1= Causal model represented by ADMG is closed under latent projection.

ey o
ALRUVBIG = AL« BIS(V)]

via U A d

&~y

For V=VUUand VNU=0, let 9(\7) be the latent projection of G onto the margin V.

_
X @ Y X Yy
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Summary

| presented an interactive procedure for confounder selection.
< Feel free to try the Shiny app. Please share any feedback through email/Github.

Hopefully, | debunked some common myths about the problem of confounder selection:
1 This is a solved problem.
2 It can be solved in a data-driven way via causal discovery.

3 Simple combinations of potential adjustment sets or running variable selection
solves it.

'S

| need to draw the whole graph.
5 | must have conceived all the observed variables before considering the problem.
6 | must understand d/m-separation and M-bias.

Thanks! Questions?
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