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Background

Clinical researchers using real-world data from the Veterans Health Administration (VHA) need tools that support
high-quality, reproducible, and rigorous real-world evidence (RWE) generation. VHA is the largest integrated health
care network in the United States, serving more than 9 million Veterans across over 1,300 care facilities*, and its
Corporate Data Warehouse (CDW) includes longitudinal patient data extending back to the 1990s. The scale and
complexity of CDW-derived datasets make observational study design and execution time-intensive and expertise-
dependent, creating opportunities for software that reduces manual burden while preserving scientific rigor. VA
VINCI supports OHDSI tools with CDW data transformed to the OMOP common data model (CDW-OMOP).

RWE generation is a high-stakes workflow requiring linked judgments about data fitness, target trial
specification, causal assumptions, confounding control, and interpretation under uncertainty.> Agentic Al systems
that decompose tasks, retrieve supporting evidence, generate analysis artifacts, and synthesize results may reduce the
burden of this work. However, agentic systems can also amplify invalid assumptions and produce plausible but
flawed designs when outputs are accepted without careful interrogation. Evidence from multiple fields suggests risks
of AI over-reliance, including improved short-term task performance but degraded vigilance and independent
critical judgment.*® Recent evidence that scientific and professional accountability layers may fail” raises concerns
that uncritical adoption could contaminate the evidentiary substrate used for clinical, operational, and regulatory
decisions.

Agentic Al is increasingly being applied to study design and execution, including a trend toward greater
autonomy.® In high-stakes evidence generation, autonomy should be paired with deliberate safeguards that keep
human researchers in the lead and strengthen, rather than erode, their capacity to justify design choices and detect
errors. OHDSI Study Agent has been created by an open collaboration between VINCI and the OHDSI
collaborative to support human—Al teams by providing structured, checkable assistance across observational study
design tasks while maintaining researcher oversight and accountability.

Flows/endpoints What it does Key inputs Key outputs
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cohort_critique_general_design Flags design risks and cohort findings, patches,

actions

proposes cohort patches
phenotype_validation_review Reviews a single case keeper_row, label, rationale

summary and returns label + ¢*Sease_namne

rationale
workflow_context_dialogue Workflow-contextual user_prompt + answer,
workflow context current_step_guidanc
e, cautions,
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Table 1. A sample of Study Agent capabilities as flows with stable endpoints and deterministic validation rules (excerpted).
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Methods

Study Agent is an agent harness: it manages the context, tools, state, and execution required for agentic
workflows and coordinates calls to external generative models (the system does not bundle a model). Design goals
align with human—AI teaming functions (reasoning, memory, attention, and meta-coordination/governance) and
emphasize calibrated reliance, role clarity, shared mental models, and task-appropriate support rather than
autonomy-first workflows.'® In RWE generation, we target workflow stages where researchers incur high manual
effort and design risk (problem framing, phenotype selection and refinement, concept-set review, cohort critique,
diagnostics, and artifact generation).

Architecture: study Agent is implemented as a service-based Python system with three separable layers: (1) an
Agent Client Protocol (ACP) server that governs interaction policy (dialog state, confirmations, routing, and safety
checks), (2) one or more Model Context Protocol (MCP) servers that expose tool contracts and prompt bundles via
structured schemas, and (3) a deterministic core library that contains pure validation and transformation utilities. The
separation is intentional: MCP supplies bounded retrieval and prompt assets, ACP orchestrates tool/model calls and
enforces stage gates, and the core validates structured outputs and applies deterministic constraints. A key
governance constraint is that row-level clinical data are not sent to the generative model; model inputs are restricted
to sanitized summaries, metadata, and non-sensitive artifacts, with “fail-closed” behavior for PHI/PII sanitation
when applicable.

Flow-centric coordination: Rather than using a monolithic “chat agent,” Study Agent organizes capabilities as
named flows with stable HTTP endpoints (e.g., /flows/phenotype_recommendation) and a registry that
specifies required inputs, expected outputs, MCP tool dependencies, and validation rules (see Table 1). This flow-
centric approach enables (i) efficient and repeatable use of generative models only where needed, (ii) deterministic
validation and constraints at each stage (e.g., restricting outputs to allowed identifiers; requiring user confirmation
before writes), and (iii) auditable composition of services into end-to-end study workflows.

Workflow-contextual assistance via /ohdsi: Study Agent provides highly contextualized OHDSI study-design
assistance through an interactive command (/ohdsi) embedded in workflow shells. The shell maintains step-aware
context (workflow type, current step, active role, selected cohorts/artifacts, and constraints), flattens this into a stable
request, and calls /flows/workflow_context_dialogue. ACP fetches the corresponding dialogue prompt
bundle from MCP, queries the LLM with the user question plus structured workflow context, and returns a
normalized response with step-specific guidance, cautions, and suggested next actions.

What the user might ask (examples) Why generic chat is risky / What /ohdsi adds via workflow
unhelpful context

“Why are these phenotype Without knowing the current stage ~ Answer is tied to workflow type,

recommendations weak here?” and available candidates, advice current step, and the already-selected
drifts into generalities cohorts/artifacts

“How should I think about time at Time-at-risk guidance is stage- Uses step-aware context (e.g.,

risk in this incidence design?” dependent; generic advice may incidence TAR configuration step)
conflict with current study setup. and returns step-specific guidance and

next actions
“What is the main risk in this Risk depends on what’s already Context includes workflow type and

CohortMethod analytic setting?” specified and what constraints apply. current step; response includes
cautions + suggested next actions
“How will this Keeper step affect Generic answers often ignore how Answer is conditioned on the current

downstream artifacts?” specific pipeline steps change outputs step and active role; focuses on
downstream artifacts available at that
step
“Should I use a more restrictive Adjustment advice must reflect Uses study intent + current workflow
adjustment set than defaults?” current study intent and what has stage; returns structured cautions and
already been chosen next actions rather than a single
“yes/no”

Table 2. /ohdsi is designed to answer workflow-aware OHDSI study-design questions in context, binding answers
to workflow type, step, role, and selected artifacts.



Results

Study Agent is at an early functional prototype stage of approx. TRL 4-5 (lab validation with scripted demo
workflows). It provides a functional ACP endpoint supporting an end-to-end observational clinical study workflow
using R-based OHDSI strategus via R packages that provide Study Agent client shells and integration with
Atlas3/WebAPL"™ In the Strategus shell, users iteratively select target/outcome cohorts, request improvements,
run Keeper review steps, and generate HADES-ready scripts and specifications. Atlas3/WebApi integration is
early-stage and currently provides /ohdsi support for concept set and cohort creation.Videos can be found on the
project’s github site that demonstrate generative Al assisted phenotype retrieval, creation, and improvement; case
sample concept set creation and review; cohort definition critique; and study design code creation for HADES
incidence rate analysis and estimation using the HADES CohortMethod.

Conclusions

No existing tool provides agentic Al support tailored to VHA’s OMOP-CDW. study Agent provides human-
centered agentic support for the design and execution of RWE studies using OHDSI strategus and CDW-OMOP.
Key contributions are that it provides users with workflow-aware support for OHDSI study-design questions, and
accomplishes safety-bounded generative Al interaction with deterministic validation. The tool is currently being
evaluated to confirm that it helps VHA researchers more easily and reliably achieve strong and impactful clinical
studies that will advance the health of veterans.
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