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1. ML model produces an output based on patient information.
2. A decision-maker sees the model output and takes an action.
3. We observe outcomes, such as survival.



What is causal validation of an ML model?

Input Model Output Actions Outcome

Question: What is the
causal impact of
deploying an ML model
on outcomes of interest?
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What is causal validation of an ML model?

Input Model Output Actions Outcome

This is a general problem:

Does deploying ML models in hospitals improve patient survival?
Does using Al coding assistants increase the speed and quality
of code development for software developers?

Does using bail recommendation systems improve defendant
return rates to the courtroom?
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Cluster RCT Design with Multiple Models

Cluster Assignment Outcomes
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Limitations of Cluster RCTs

Allows for evaluation of models
trialed in the cluster RCT.




Limitations of Cluster RCTs

Does not allow for evaluation of a
new, never-trialed models.




Our Goal: Just Trial Once

Cluster Assignhment Outcomes

Given data from a
cluster RCT...




Our Goal: Just Trial Once

Assignment Outcomes
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> 87% -92%

... bound the outcome of interest

under a never-deployed model
between L and U.
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Two Challenges: Coverage and Trust
Patient Model Output Actions Outcome

@

We have no
RCT data on
what happens
when alerting
on individuals
like this.
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Patient Model Output Actions
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This alertis

trustworthy...
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2. Introduce a formal setup for approaching the problem.
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PrObIem Setup D: Indicator of trial arm

7 [1: Deployed model/policy
A: Model Output
X X: Model Inputs

unlikely to see all possible model outputs
for all types of patients.

Y: Clinical Outcome
% \ M: Model performance metric
0 Model alerts are deterministic: we are

Example: D =1

A=m(X) =1

Assumed causal data-generating process



Problem Setup

D: Indicator of trial arm

@ [1: Deployed model/policy
= A: Model Output
X X: Model Inputs
Y: Clinical Outcome
\ M: Model performance metric

Example: D =1

Performance Assumption: There exists a
computable metric that captures overall model
performance / trust (e.g., false alarm rate).

Assumed causal data-generating process



PrObIem Setup D: Indicator of trial arm

7 [1: Deployed model/policy
A: Model Output
D X X: Model Inputs

Y: Clinical Outcome
M: Model performance metric

S, -
.‘: .’. Y
Example: D =1 : ::

A=m(X) =1

Assumed causal data-generating process



Problem Setup

Potential outcomes notation: the

Goal: Bound E[Y(ﬂnew)]r the outcome that would have occurred had
we counterfactually deployed the new
expected outcome under model 17, model.

Assumed causal data-generating process



PrObIem Setup D: Indicator of trial arm

Goal: Bound E[Y (7T,,.,,)], the _ [1: Deployed model/policy
expected outcome under model ,,,,,. A: Model Output
D X X: Model Inputs

Y: Clinical Outcome
M: Model performance metric

. X -l- M = fu(Thew)
Intervene on a

new model. A= nneW(X)

Assumed causal data-generating process
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3. State assumptions that address the key challenges.
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falsified by comparing two
empirical means.
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There exists a “neutral action” ay € A such that the potential outcome of Y under ay does not depend on model
performance metric M. That s, for any two values m; # m;,

Y(A:ao;M:mi):Y(A:aOM:mj)

Given that the model outputs the
neutral action, the performance
metric does not affect the outcome.

The “control model” always outputs
the neutral action (deferral, no
alert, etc.). This assumption allows
us to make use of control arm data.
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Assumptions to Evaluate a New Model

Assumption 3: Bounded Outcomes

There exists constants Y,,;, and Y4, such that Yiin <Y < Yoax-

Allows us to know what the best/ Boundedness is satisfied in practice
worst-case scenarios are. with, for example, binary outcomes.




Assumptions to Evaluate a New Model

Assumption 1: Performance Monotonicity Has a falsification test: See Proposition 3.1

Potential outcomes are non-decreasing in model performance, i.e., if m; < m; then foralla € A,

Y(A=a,M=m) <Y(A=aM=m))

Assumption 2: Neutral Actions Has a falsification test: See Proposition 3.2

There exists a “neutral action” ag € A such that the potential outcome of Y under a, does not depend on model
performance M. That s, for any two values m; + m;,

Y(A:aO’M=m1)=Y(A=aOM:m])

Assumption 3: Bounded Outcomes

There exists constants Y,,;, and Y4 such that Yiin <Y < Yioax-
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4. Bound the causal effect of interest.
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For each x € X, what is ey, (x)?

T[new(x) * Qg

Is there a trial model agreeing in
output with 1,,,, and has worse

or equal performance?
Y

Is there a trial model agreeing in
output with 1, for this x?

N

N Y

Use patient outcomes

Use patient outcomes .
under models agreeing

Ymin

under models agreeing

: in output with the next-
In output.

worst performance.



Lower / Upper Bounds on Causal Impact

Definition 3.1 (Policy/Model Sets). For each value of z €
X, we define the sets of trialed policies/models (possibly
none) that agree with 7. (x) and subsets of this set based on
the performance characteristics of those trialed models®.

II¢(z) == {r € II | (z) = me(z)}
I (z) == {m € I | 7(z) = me(z), fm(m) < fu(me)}
IIS (z) == {m € II | m(z) = me(2), fm(m) = fu(me)}

We also further define subsets of IIZ and II< that contain
only the next-worst or next-best performing model®.

IS (z) := argmax fy(7),
‘E‘TEHESI::E}

I1S (z) := arg min fas ()
o GTEH'SE(.'I:]

Theorem 3.1. Given the data generating process in As-
sumption 2.1, and under Assumptions 3.1 to 3.3, the policy
value of a model / policy ©. is bounded as

L(me) SE[Y(A =7, M = fp(m.))] < Ulme),

L(me) = E[1{m, # ao}(
1{IIS (X) # 2}E[Y | X, € TIS (X)]
+1{I1%(X) = @}Yinin)
+1{me = ao}(
1{I1°(X) # 2}E[Y | X,1I € TI¢(X)]
+1{I1*(X) = &}Ymmin)]
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Lower / Upper Bounds on Causal Impact

* We further show that the lower / upper bounds are tight, i.e. they
cannot be improved without further assumptions (Theorem 3.2).

* We give inverse-probability weighted (IPW) estimators for the bounds
with asymptotically valid confidence intervals (Proposition 3.4).

* The more “similar” that the trialed models in the RCT are to the new
model in coverage and performance metric, the tighter the bounds
will be.
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Summary

* We propose a framework and method for estimating / bounding the
causal impact of deploying a new ML model from RCT data where
the new model was never trialed.

* Our bounds rely on assumptions, but these assumptions are
falsifiable using RCT data, given that multiple models were trialed.

* One implication of results: trial multiple models in cluster RCTs. This
allows for falsification of assumptions and alleviates challenges
related to coverage and performance.

* Potential use case: bounding causal impacts of model updates before
trialing new model updates in RCTs.

* A step towards reliable re-use of RCT data evaluating ML models.



Thank you for your attention!

* Please join us at our poster this afternoon from 16:00-18:30!

Please scan the QR code for the
arXiv link to our paper.
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Inverse Probability Weighted-Style Estimators
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Notation: Partitions of Model Sets

Definition 3.1 (Policy/Model Sets). For each value of z €
X, we define the sets of trialed policies/models (possibly
none) that agree with 7. (x) and subsets of this set based on
the performance characteristics of those trialed models°.

o }Q

ﬂ'(:l:) = me(z), f

II¢(x) .= {w € II
I (z) ={mrec 1l
IS (z) =={m el

) < fum(me)}
m(x) = We(m):fM(?T) > fm(me)}

We also further define subsets of I1Z and II< that contain
only the next-worst or next-best performing model°.

IIZ (z) == arg max fa (),

?TEHEE{I]

IIS (z) := argmin fp(7)

1'1":51_1’3E (x)

Subset of models that agree in
output with the new model for a
patient x.

Subset of models that agree in
output with the new model for a
patient x AND has equal or worse
performance.

O Subset of models that agree in
output with the new model for a
patient x AND has equal or better
performance.
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Lower / Upper Bounds on Causal Impact

Theorem 3.1. Given the data generating process in As- .
sumption 2.1, and under Assumptions 3.1 to 3.3, the policy Q When the outputis a neutral

value of a model / policy 7. is bounded as action and there exists at least one

agreeing model, use outcomes
L(me) <E[Y(A=me, M = fy(me))] < U(me), under agreeing models as the
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Why Require the Performance Assumption?

Recall the coverage
challenge.

A simple solution: have
the trialed model (blue)
cover the whole square.

Income
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Why Require the Performance Assumption?

 Why is trialing a model that
always alerts and a model that

never alerts (the control arm)
a bad idea?

* This “always alert” model will
likely have minimal impact
due to its poor performance.

Probability of Survival
O Outcome under alert model

O Outcome under no alert model

@
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Risk Score



Synthetic Simulation Study
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Machine Learning (ML) Models as Medical
Devices

Artificial intelligence and machine learning models are increasingly
deployed in high-risk domains such as healthcare.

Artificial Intelligence and Machine Learning in
Software as a Medical Device

Artificial intelligence (Al) and machine learning (ML) technologies have the potential to
transform health care by deriving new and important insights from the vast amount of data
generated during the delivery of health care every day. Medical device manufacturers are
using these technologies to innovate their products to better assist health care providers
and improve patient care. The complex and dynamic processes involved in the
development, deployment, use, and maintenance of Al technologies benefit from careful
management throughout the medical product life cycle.

FDA. Artificialintelligence and machine learning (Al/ML)-enabled medical devices. U.S. Food and Drug Administration, 2024. URL

. Accessed
June 29th, 2025.
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Abstract

In the first prospective clinical trial of artificial intelligence (AI) assistance in stress echocar-
diography, there was no difference in diagnostic accuracy between Al assistance and stan-
dard-of-care assessment. There is significant value in conducting prospective clinical trials
of Al, and there are lessons on implementation to be learned from this study.

David Ouyang and Joseph Hogan. We need more randomized clinical trials of Al, 2024. URL: htips://ai.neim.org/doi/pdf/10.1056/Ale2400881 .
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Recent RCTs of ML/Al Models

Example: INSPIRE trial for improving
antibiotic prescriptions using model-
driven best-practice alerts.

S. K. Gohil et al. Stewardship prompts to improve antibiotic selection for urinary tract
infection. JAMA, 331:2018, 6 2024a. doi: 10.1001/jama.2024.6259. URL:

Figure 1. Hospital Recruitment and Randomization in the INSPIRE
Urinary Tract Infection Trial

143 HCA Healthcare hospitals
invited to participate

> 5 Non-MEDITECH ordering system

138 Eligible

= 79 Declined to participate

" 59 Randomizedwith

55412 patients
29 Hospitals (clusters) in the CPOE 30 Hospitals (clusters) in the routine
bundle group included in the stewardship group included in the
as-randomized analysis? as-randomized analysis®
(27907 patients) (27 505 patients)

MEDITECH is a hospital electronic health record system. CPOE indicates
computerized provider order entry and INSPIRE, Intelligent Stewardship
Prompts to Improve Real-time Empiric antibiotic selection.

2All analyses are as-randomized because all hospitals remained in the trial until
end of intervention (no hospital withdrawals after enrollment). There was a
median (IQR) of 2364 (1277-2963) patients per hospital in the CPOE bundle
group and 2008 (1365-3064) in the routine stewardship group.
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