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® GOAL

Regulatory Evidence for Next-Generation Clinical Al

The traditional evidence model assumes a stable intervention. The new generation of clinical Al does not.

measurement causal claims begin here

1 - Analytical & technical validity 2 - Safety & effectiveness 3 - Effect holds in context 4 - Post-market monitoring
accuracy - calibration —_— for the intended use g workflow - users o continuous surveillance
robustness - latency outcomes improve with deployment patient populations across model updates

deployment effect, not model performance

————————— every update re-opens stages 2 and 3 e

The regulatory question becomes

What evidence shows that deploying this Al system improves clinical decisions and patient
outcomes, while controlling safety and risk?




@® WHERE THE FIELD IS

Current Benchmarks: Task Reliability, Not Deployment Evidence

Existing benchmarks largely test whether an Al system can perform a clinical task reliably in a controlled evaluation. They generally do not
establish whether deploying that system is safe and clinically effective within a real healthcare workflow.

N I L S " S

Medical QA MultiMedQA, HealthBench Medical knowledge Not workflow or outcome impact

Simulated outcomes, not real

Simulated clinical interaction AgentClinic, Clinical Environment Simulator Sequential behavior in synthetic settings
deployment effect

MedHELM, MedAlign, EHRSHOT, EHRSQL, EHRAgent, EHR-Complex, Task completion over clinical records and

MedAgentBench, FHIR-AgentBench tools Not causal deployment evidence

EHR-grounded / agentic tasks

Causal reasoning or causal-analysis

Causal reasoning / causal agents CLadder, CausalBench (Zhou; Wang), CounterBench, Causal-Copilot Synthetic and clinical-regulatory impact

workflow
. Effect of Al deployment on decisions Needs new data + benchmark +
Deployment effect Regulatory causal-evaluation substrate ploy ! . .
outcomes, safety simulation

Most current benchmarks primarily measure capability and task reliability stage 1.
Regulatory evidence starts when we ask for deployment effect.



@® FOCUS OF THIS TALK

Causal Evaluation System

Regulatory question — example

Does an Al sepsis alert under review policy P reduce time-to-antibiotics and

Clinical data mortality, without more unnecessary antibiotics, alert fatigue, or subgroup harm?
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what is missing - what to fund

What should this system look like, and what must we build to make it credible for
regulatory use?




@ REFERENCE ARCHITECTURE

LLM: Knowledge Extractor and Workflow Orchestrator

[ Regulatory causal question ]
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LLM - Not as Causal Authority
Auditable artifacts and formal estimators carry the evidence.




@ THE FIRST FOUNDATION

Benchmark: Contract Author and Gap Analyzer

The architecture is a reference. It does not tell us which components work and which are weak. That is what a benchmark is for.

CONTRACT AUTHOR: what a benchmark must specify

Environment Tasks Scoring
real records - real workflow does deploying this change the answer key is a design, not an effect
clinician response - observed outcomes decisions and outcomes? and when to refuse the claim

run the reference architecture against it

GAP ANALYZER: which component falls short?

LLM reasoning and proposal Causal estimator Available data
can it propose a valid design? does a method exist for this design? does this environment identify it?

DEMONSTRATED ON THE SEPSIS ALERT TASK

time-zero = alert firing clinician response to the alert every patient gets alerted
- treated arm = survived to be alerted - time-varying confounding - no comparison group, positivity fails
[ LLM reasoning gap ] ( Methods gap J [ Data gap j

The benchmark does not rank systems. It localizes the gap.




@ WHAT DOES NOT EXIST YET

Data Substrate: Ground Truth Under Realistic Conditions

A benchmark needs tasks where the answer is known. Real clinical data does not have them.

~ ™ s
EHRs record what happened Identification needs the decision context

diagnoses - labs - medications when the decision happened time-zero

procedures - notes what was known at that moment the confounder set

outcomes what alternatives were live positivity

why the clinician chose the assignment mechanism

a record of care delivered seen - accepted - overridden adherence

NG =/ |

physics can be derived from first principles. a clinical decision cannot.
you cannot simulate a decision process you never instrumented

E N\ 2 W

Real clinical data

heterogeneity - missingness
irregular timing - site variation

no known causal answer

-

Semi-synthetic

real covariates, simulated
assignment and outcome

[ truth is known because you chose it

Anchors

RCT emulation targets
negative controls

where truth is actually known

In-silico evidence works when the physics is known.

A clinical decision has to be instrumented.




® WHAT THE BENCHMARK UNLOCKS

Methods: A Verifiable Goal for Causal Reasoning

The benchmark localized two technology gaps. It also supplies what closes them: a goal that can be checked.

™ .
Closing the LLM reasoning gap Closing the methods gap
not a knowledge gap: it can define immortal time bias and still make the error foundation causal-method research the substrate makes researchable
- scaffolding: target-trial templates, not freeform prose - causal representation learning
- verifier madels: critics that flag design errors - counterfactual patient trajectories
- process supervision: train on the deliberation, not the answer - sequential human-Al interventions
- code generation and verification: the executable artifact - new discovery and effect estimators
L RL against the design key ) e search or RL over causal algorithms

1 1

The answer key is a design. Designs are checkable. That is a verifiable reward.

design is to causal inference what the unit test is to code

The benchmark finds the gap. The same key closes it.




@® LIVING EVIDENCE

Bayesian Methods: Living Evidence

The evidence chain said every update re-opens stages 2 and 3. This is the machinery that closes that loop.

Evidence sources Posterior over benefit and harm Decision rule

prior studies - retrospective data approve - monitor - restrict
expert assumptions - simulation

prospective pilots —_— —
post-market monitoring

re-review triggers

- posterior harm crosses threshold

- subgroup signal appears
subgroup signals : update logs greup =19 PP
- model update lands

threshold

( weighted by credibility, not pooled ] ’ ; . ; :
uncertainty is explicit, not a point verdict

a model update discounts prior evidence: uncertainty grows = = = = = = = = = = = = =

Causal models define what we estimate.
Bayesian methods update confidence as evidence accumulates.




@® WHERE THE SUBSTRATE LEADS

Simulation: Clinical AI Wind Tunnel

Semi-synthetic data gives a known effect for a static exposure. Deployment is not static: the alert fires, a clinician responds, the state
moves, the model updates. To know the truth for that, you have to run it.

COMPONENT MODELS HOW IT MAKES TRUTH WHAT IT FEEDS
N P ™ e
patient trajectory Run the same world twice Observational data
~ J
M i confounded, EHR-like
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hospital workflow and resources all the evaluation system ever sees
-
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without the Al Ve
clinici se to the Al N
i € ) ) . True deployment effect
) the ciFerbnca |u o frlic withheld from the evaluator
Al versions and updates { deployment effect ) what the benchmark scores against
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coral is not built

The Al never touches the patient. The effect flows through the clinician's response.

the least developed component is the one the causal question depends on, and it needs the decision context

Reality runs one arm. The simulator runs both.




@ THE OPPORTUNITY

A Regulatory-Grade Evaluation Substrate

The methods will come from industry and academia once they can be measured. The two layers underneath will not come from anyone.

Regulatory evaluation system

posterior - decision rule - re-review triggers - stress tests

I
\ J :
s A N !
I
Methods industry and academia, once it can be measured |
LLM causal agents - causal estimators 1
\_ J | every update
P A ~ | re-opens the chain
[
Benchmark [ PUBLIC GOOD J '
contract - gap analyzer - the design key :
. /
I
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I
Data substrate [ HOERC oD ] €=
decision-time episodes - interaction traces - semi-synthetic environments - RCT anchors
\. J

The substrate comes first. It makes causal evaluation measurable, and then trainable.




@ APPENDIX

References: The Benchmark Landscape

Cited in the Examples column, slide 3.

Medical knowledge / static QA

MultiMedQA Singhal, K. et al. Large language models encode clinical knowledge. Nature 620, 172-180
(2023).

HealthBench Arora, R. K. et al. HealthBench: Evaluating Large Language Models Towards Improved
Human Health. arXiv:2505.08775 (2025).

Simulated clinical interaction

AgentClinic Schmidgall, S. et al. arXiv:2405.07960 (2024); AgentClinic: a multimodal benchmark for
tool-using clinical Al agents. npj Digit. Med. 9, 499 (2026).

Clinical Environment Simulator Luo, L. et al. A clinical environment simulator for dynamic Al
evaluation. Nat. Med. 32, 820-827 (2026).

EHR-grounded / agentic tasks

MedHELM Bedi, S. et al. arXiv:2505.23802 (2025); Holistic evaluation of large language models for
medical tasks with MedHELM. Nat. Med. (2026).

MedAlign Fleming, S. L. et al. MedAlign: A Clinician-Generated Dataset for Instruction Following with
Electronic Medical Records. AAAI (2024).

EHRSHOT Wornow, M. et al. EHRSHOT: An EHR Benchmark for Few-Shot Evaluation of
Foundation Models. NeurIPS Datasets & Benchmarks (2023).

EHRSQL Lee, G., Kweon, S., Bae, S. & Choi, E. Overview of the EHRSQL 2024 Shared Task on
Reliable Text-to-SQL Modeling on EHRs. ClinicalNLP (2024).

EHRAgent Shi, W. et al. EHRAgent: Code Empowers LLMs for Few-shot Complex Tabular
Reasoning on EHRs. EMINLP, 22315-22339 (2024).

EHR-Complex Qiao, Y. et al. EHR-Complex: Benchmarking Medical Agents for Complex Clinical
Reasoning. arXiv:2606.23301 (2026).

MedAgentBench lJiang, Y. et al. MedAgentBench: A Virtual EHR Environment to Benchmark
Medical LLM Agents. NEJM Al 2(9), Aldbp2500144 (2025).

FHIR-AgentBench Lee, G. et al. FHIR-AgentBench: Benchmarking LLM Agents for Realistic
Interoperable EHR Question Answering. arXiv:2509.19319 (2025).

Causal reasoning / causal agents
CLadder Jin, Z. et al. CLadder: Assessing Causal Reasoning in Language Models. NeurlPS (2023).

CausalBench (causal learning) Zhou, Y. et al. CausalBench: A Comprehensive Benchmark for
Causal Learning Capability of LLMs. arXiv:2404.06349 (2024).

CausalBench (causal reasoning) Wang, Z. CausalBench: A Comprehensive Benchmark for
Evaluating Causal Reasoning Capabilities of LLMs. SIGHAN-10, 143-151 (2024).

CounterBench Chen, Y. et al. CounterBench: Evaluating and Improving Counterfactual Reasoning
in Large Language Models. arXiv:2502.11008 (2025); AAAI (2026).

Causal-Copilot Wang, X. et al. Causal-Copilot: An Autonomous Causal Analysis Agent.
arXiv:2504.13263 (2025).



