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Problem statement Background
. . N
Why using predictive models? Confounder Collider Mediator Same correlation matrix
. Uncover neurobiological mechanisms (Wysocki et al, 2022)
 Clinical precision medicine tool
= Need for generalizable predictive results
&) . * Requires causal definition
| - Correct for Z for ”
Spurious Association Correct for Z Do not correct for Z . S
-=~ partial effect for distinction
Confounders can
bias models
Question-specific DAG

Association of Interest

Which variables to adjust for to deconfound biased models?

Steps Explanation Take Away
“What are known or conceivable causes of...” the target and e (8 s Build informed
Causal analysis recursively added variables (include features as potential cause) W foeS DAG instead of
— . sex hormones body-fat
(creating the » @ ‘ () using default
DAG) | © confounders.
Bottom-up build DAG Example: cw :
a N7 \
Option 1 — Backdoor criterion Backdoor paths := Paths from X to Y that start with arrow pointing into X Use DAG to
Identlfy - —— |dent|fy
stuiable set of deconfounder confounding
deconfounders ) e " pathways.
X @ ’@—’@ o Adjust for
Deconfounder Block backdoor paths Confounders can differ from deconfounders ’ variables
Sufficient :
cubset of Consider alternative paths in [ sot of deconfounders 1 j [ ot of deconfounders 2 j [ j Two example blocklhng these
: confounding paths pathways.
N confounders >case of unmeasured variables g P . |
whose Option 2 — Alternatives for unmeasured deconfounders Example:
adjustment Block frontdoor ' Al |
paths Use Instrumental Two proxies for the ———_ ternatives
blocks all Variable for features deconfounder 2 hinge on the

confounding v @ O\ — availability of
pathways W Q’ measured
(Pearl, 1995); \ Q&é ”high-quality”

(Angrist et al., 1996); a e a @_, ¥ ,@ ,@ 79 muscle mass variables.

(Miao et al., 2018) @V/ @
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Statistical evaluation Adjustment — linear feature residualization . »
urio ociation
08 GMV _ HGS - GMV unadjusted (vanilla) adjusted (MM & Sex) i % Statistical
ot o 0.76 . P ’ )
Statistical _ 0.6_ | Do MAE=7.57 ;.,‘60-'&‘;‘.!!'9-1';""— confounder-
evaluation S 04 g B0 =" R2=.0.23
- » 8 0.2- - 8 \ B 50 r=-0.00 feature/target
and = 0.0 | T g B T4 \ .
S 0.2 - B0 ZLET. T B B0 e = association also
I ' © 20T — O - M
adjustment 04 - I RN 3 2 =" | matters.
| | | | | & 10 Biased | £ 10 Debiased
Sex MM Sex MM HGS 10 20 30 40 50 60 - 10 20 30 40 50 60 Association of Interest
\ Deconfounders Target True HGS (kg) (target) True HGS (kg) (target)

Consequences - Predictive modeling for causal insights?

T . N N7 . . Y4 . N
Limitations of linear (feature) Double ML for the rescue? Deconfounded models for causal insights? Conclusions
residualization . :
ML to deconfound causal treatment Traditional ML — Learn P(Y|X) 1. DAG-informed
1. Parametric linear model effect estimation - assumed linear - Associative prediction confounder identification
: . . . ("
treatment-outcome relationship Causal ML — Learn P(Y|do(X)) instead of ,,default
- Interventional prediction adjustments
2. Adjustment applied to either e, | | Deconfounded traditional ML 2. Linear (f/t) residualization
feouidbe kel J from Nested CV (classic SML setup) to predict 7 . . . . . l l 1
features or target, not both s s O or o o S st e Aims for mechanistic -t insights has limitations
O 1.7 SR R o = causal ML (treatment effects) 3. Deconfounded models do
0P (ge'ner?:aizaﬁon Retrain on enti:a auxiliary data . . . 1
- % R —————————g_ I A * Causality assumptions would still need to hot directly allow for
N be fulfilled causal claims but are
unde . P . t_lD 431549029_ oy Inner k-fold CV loop . °
DFG .. e CRC 1451  Project B0S oo et : biologically more
o " Prolect Voxflorm hvgjmtgnltv:th%gtbgt> ““* (Chernozhuk et al, 2018) informative
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