6.7930/HST.956 — Machine Learning for Healthcare
Spring 2025

Recitation 6

Causal Inference

Ignorability Assumption

Sensitivity Analysis / Negative Controls
Overlap Assumption

Extrapolation

llker Demirel, 3/7/2025



Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17
Y(0), ¥(I)



Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient:
Y = Y(T)

“Fundamental problem of causal inference”

Y(0), Y(1)

X T Y Y0 Y(Q)
0(F) 0 1 1 1
0(F) 0 1 1 y
0(F) 0 2 2 1
0(F) 1 2 1 2
1M) 0 2 2 10
1M) 1 12 2 12
1M) 1 11 1 11
1M) 1 10 1 10




Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient: Y(0), Y(1)
Y = Y(T)
| X T Y Y(0) Y()
“Fundamental problem of causal inference”

0OF) 0 1 1 1
Average Treatment Effect (ATE): o(F) 0 1 1 2
0F) 0 2 2 1
E[Y(1) — Y(0)] 0F) 1 2 1 2
= E[Y(1)] — E[Y(0)] 1M) 0 2 2 10
1(M) 1 12 2 12
1(M) 1 11 1 11
1(M) 1 10 1 10




Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient: Y(0), Y(1)
Y = Y(T)
| X T Y Y0 Y1)
“Fundamental problem of causal inference”

0OF) 0 1 1 1
Average Treatment Effect (ATE): 0(F) 0 1 L 2
0F) 0 2 2 1
E[Y(1) — Y(O)] 0F) 1 2 1 2
= E[Y(1)] — E[Y(0)] 1 §M> 0 2 2 10
 Crurs B B 1(M) 1 12 2 12
=E[Y(D)|T=1]-E[Y(O0)|T = 0] M) 1 11 1 11
7 1M) 1 10 1 10




Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient: Y(0), Y(1)
Y = Y(T)
| X T Y Y0 YQ)
“Fundamental problem of causal inference”

0O(F) 0 1 1 1
Average Treatment Effect (ATE): 0(F) 0 1 L 2
0F) 0 2 2 1
E[Y(1) — Y(O)] 0F) 1 2 1 2
= E[Y(1)] — E[Y(0)] 1 §M> 0 2 2 10
 rur - . 1(M) 1 12 2 12
=E[Y(D)|T=1]-E[Y(O0)|T = 0] M) 1 11 1 11
7 1M) 1 10 1 10

—————

“~~.Backdoor




Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient:

Y = Y(T)

“Fundamental problem of causal inference”

Average Treatment Effect (ATE):

E[Y(1) — Y(O)]
—F[Y|T=1]-E[Y|T=0]

—————

“~.. Confounders

=
=

Y(0), ¥(1)

X T Y Y0 Y(Q)
0(F) 0 1 1 1
0(F) 0 1 1 2
0(F) 0 2 2 1
0(F) 1 2 1 2
1M) 0 2 2 10
1M) 1 12 2 12
1M) 1 11 1 11
1M) 1 10 1 10

Y(1) | XT— E[Y(0)

Y(DH|X, T=1]-E

X]

Y(0)|X,T=0]

Ey|ELY|X,T=1]-E[Y|X,T=0]]



Potential Outcomes / Identification

What would have happened under treatment I =0/ T=17

Only one PO is observed for each patient: Y(0), Y(1)
Y = Y(T)
| X T Y Y0 YQ)
“Fundamental problem of causal inference”
0O(F) 0 1 1 1
Average Treatment Effect (ATE): 0(F) 0 1 L 2
0F) 0 2 2 1
E[Y(1) — Y(O)] 0F) 1 2 1 2
= E[Y(1)] — E[Y(0)] 1 EM) 0 2 2 10
 rur - . 1(M) 1 12 2 12
=E[Y(D)|T=1]-E[Y(O0)|T = 0] M) 1 11 1 11
7 1M) 1 10 1 10

Y(0),Y() L T | X

|lgnorabilit
treatment
assignment
ASSUMPTION

X]—=E[Y(O) | X]




Checking Ignorability Assumption

7’
4

X can be very high dim.

* socio-economic status (SES)
e comorbidities

e past complications

e genetics

 demographics

* Imaging data

* efc...



Checkmg Ignorablllty Assumption

Ignorability of treatment Y(O) Y(l) 1T ‘ X

assignment assumption

Unverifiable, BUT there are things you can do

X can be very high dim.

* socio-economic status (SES)
e comorbidities

e past complications

e genetics

 demographics

* Imaging data

* efc...



Checklng Ignorability Assumption

H ; Ignorability of treatment Y(O) Y(l) J_L T ‘ X

/: assignment assumption

Unverifiable, BUT there are things you can do

Sensitivity Analysis: How strong would an
unmeasured/hidden factor need to be to explain
away our findings (treatment effect estimate) ?

X can be very high dim.

* socio-economic status (SES)
e comorbidities

e past complications

e genetics

 demographics

* Imaging data

* efc...



Checking Ignorability Assumption

H ! Ignorability of treatment Y(O), Y(l) J_L T ‘ X

’ assignment assumption

Unverifiable, BUT there are things you can do

Sensitivity Analysis: How strong would an
unmeasured/hidden factor need to be to explain
away our findings (treatment effect estimate) ?

X can be very high dim.

Example Output: For the treatment effect to be

+ socio-economic status (SES) - Te0me, e e e e
* 1At outcome 2x likely.

e past complications '

* genetics

* demographics

* Imaging data

* etc...



Checking Ignorability Assumption

H ! Ignorability of treatment Y(O), Y(l) J_L T ‘ X

’ assignment assumption

Unverifiable, BUT there are things you can do

Sensitivity Analysis: How strong would an
unmeasured/hidden factor need to be to explain
away our findings (treatment effect estimate) ?

X can be very high dim.

Example Output: For the treatment effect to be

e SOCiOo-economic status (SES) negative, { would need to make receiving the
treatment 1.5x likely AND experiencing a positive

* comorbidities outcome 2x likely.
* past complications | |
o genetics Drawback: Not very interpretable/actionable.

_ Depends on other assumptions itself.
 demographics

* Imaging data
* etc...



H ," Ignorability of treatment Y(O), Y(l) J_L T ‘ X

assignment assumption

Unverifiable, BUT there are things you can do

How strong would an
unmeasured/hidden factor need to be to explain
away our findings (treatment effect estimate) ?

X can be very high dim.

For the treatment effect to be

e SOCiOo-economic status (SES) negative, { would need to make receiving the
treatment 1.5x likely AND experiencing a positive

* comorbidities outcome 2x likely.
e past complications
o genetics Not very interpretable/actionable.

_ Depends on other assumptions itself.
 demographics

* Imaging data

. otc Negative controls: Something we can use for a sanity check.

E.g.: An outcome we know the treatment should not have
any effect on.
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Other respiratory disease
Hypertension
Immunosuppression
Neurologic disease
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Overweight: BMI, 25 to 30
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Type 1 diabetes mellitus
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24,111 (4.0)
9,699 (1.6)
212,778 (35.7)
3,967 (0.7)
2,406 (0.4)
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In general, we can assume that the prognostic model, m, is given at the time of the trial. To analyze
the trial data, we first use the prognostic model to generate the prognostic score, M; = m(X;), for each
subject given their baseline covariates, X;. Then, we estimate the treatment effect using a linear regression
adjusted for the empirically centered covariates, prognostic score and their interactions with the treatment3.

Letting ZT =

=[1,W,XT,MT,WXT,WM'] be the regressors *

, we fit E [ |Z ] Z] B using ordinary least

squares to obtain the fit coefficients, B Our estimate of the treatment effect is 7 = ﬂW, i.e., the coefficient
corresponding to the W term in the regression. This specification is directly based on the “ANCOVA 1’
estimator analyzed in Yang and Tsiatis [18]. It is well-known that this is a consistent and asymptotically
normal estimator of the treatment effect when treatment is randomized, even if the regression is misspecified

(i.e., the true relationship is nonlinear)® [25, 26, 18].

Increasing the efficiency of randomized trial estimates via linear adjustment for a prognostic score



https://arxiv.org/pdf/2012.09935
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Overlap - IPW estimators

What is the implication of lack of overlap for IPW estimators?

5 1 Yi 1 Yi
ATE = —

1 s.t. t,=1 1 s.t. t;,=0

Vanishing denumerators

Exploding terms — Clip p(t | x) from above to 0.95
P 9 and from below to 0.05

High variance in the estimate

What is the problem with clipping?

Biases the estimates, especially for “atypical” patients.

No free lunch — Everything we do to make things work has
consequences. Understanding what those are is important.
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You will do some of this in the Pset 3

-> Good sanity check

Might not be enough, why?

can still be non-overlapping

Especially problematic for high dim. X

In practice, we might be relying on “extrapolation/generalization”
abilities of ML models more than we think.

They are getting really good at that (e.g., LLMs) — open research area.



