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Background  

AI-enabled real-world evidence (RWE) generation encompasses protocol development, cohort 
construction, variable derivation, statistical analysis, and interpretation. Established RWE 
guidance addresses study specification, reporting, reproducibility, and data quality, but does not 
explicitly operationalize evaluation of AI contributions across these activities.[1–5] 
Complementary AI guidelines address biomedical large language model (LLM) research, clinical 
decision support, AI interventions, chatbot health advice, and health economics and outcomes 
research.[6–10] VALID evaluates the reliability of AI-extracted electronic health records (EHR) 
data through performance metrics, verification checks, and replication analyses.[11] Emerging 
approaches, including RWE-bench, FastOMOP, and applications of ELEVATE-GenAI, address 
aspects of AI-enabled analytical workflows, although their scope and evaluation objectives 
differ.[12–14] Regulatory guidance further establishes principles for AI credibility, oversight, and 
non-interventional research.[15–18] 

We propose AIRWEE (AI-enabled Real-World Evidence Evaluation), a framework for evaluating 
AI-enabled RWE generation workflows in health economics and outcomes research (HEOR). 
AIRWEE integrates observational research requirements with assessment of methodological 
validity, implementation fidelity, expert oversight, and reproducibility. It is designed for workflows 
with varying degrees of AI involvement across OMOP-mapped databases and other real-world 
data environments. 

Methods 

A scoping review identified reporting guidelines, methodological and regulatory guidance, 
evaluation frameworks, and benchmarks relevant to AI-enabled RWE generation. Searches 
covered PubMed, Embase, EQUATOR, preprint repositories, ISPOR publications, and 
regulatory websites, supplemented by citation searching through May 30, 2026. Search 
strategies, dates, eligibility criteria, and publication status were documented. Each record was 
mapped against a structured gap matrix assessing coverage across the full RWE pipeline — 
from research question formulation and protocol development through cohort construction, 
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variable derivation, analytic execution, interpretation, and reporting — and evaluated for 
applicability to AI-enabled workflows operating on real-world data. The pattern of gaps across 
frameworks informed the domain structure of AIRWEE.  

Results 
Existing sources addressed complementary aspects of evaluation, including study 
specification, AI performance reporting, extracted-data reliability, workflow governance, 
and observational analysis benchmarking.[1–13,15–18] Their differing scopes informed an 
integrated approach linking protocol assessment, patient-level accuracy verification, 
analytical checks, expert oversight, and reproducibility across the RWE workflow. 

This synthesis informed AIRWEE’s eight-domain structure and its emphasis on expert 
oversight throughout AI-enabled RWE generation. Qualified researchers retain 
responsibility for scientific decisions and interpretation. The domains are organized into 
Governance (D1), Workflow evaluation (D2–D5), and Scientific assessment (D6–D8). The 
domains comprise D1 Study governance, D2 Study specification, D3 Cohort 
ascertainment, D4 Variable derivation, D5 Statistical implementation, D6 Results validity, 
D7 External validation, and D8 Computational reproducibility. Evaluation addresses 
protocol validity and data feasibility, implementation accuracy, support for reported 
findings, applicability across settings, and reproducibility. The framework specifies 
independent accuracy benchmarking through patient-level comparison with 
expert-adjudicated reference analyses using the same data and approved protocol. 
Comparisons address cohort membership, derived variables, statistical outputs, and 
reported conclusions. Review checkpoints assess intermediate outputs, with cross-cutting 
criteria addressing provenance, traceability, error detection and propagation, expert 
intervention, and protocol deviations. Detailed assessment procedures and 
context-specific acceptance criteria remain under development. 

Conclusions 
AIRWEE provides an evaluation framework purpose-built for AI-enabled RWE generation under 
expert oversight. Consistent with OHDSI’s emphasis on transparent phenotyping and 
reproducible research, AIRWEE is designed for application across OMOP-mapped databases 
and non-OMOP data sources. It complements existing AI reporting guidelines by specifying 
step-level evaluation of methodological appropriateness, implementation accuracy, and 
evidentiary support throughout AI-enabled RWE generation. 
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Figure 1. AI-enabled Real-World Evidence Evaluation (AIRWEE) Conceptual Framework 
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