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Electronic Health Records (EHRs) for Clinical Studies
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• EHRs (and linked data) becomes 
an enabling resource for Real 
World Evidence generation 

* Real-World Data: Assessing Electronic Health Records and Medical Claims Data To Support Regulatory 
Decision-Making for Drug and Biological Products – Draft Guidance by FDA, September 2021 

RWD Guidance 2021 *



Large Clinical Data Networks for Research
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The Complexity of Raw EHR Data

Why Research is Difficult
• Proprietary Architectures: Systems 

like Epic utilize complex backend 
structures (e.g., Clarity/Chronicles) 
with tens of thousands of tables.

• Operational Focus: Designed for 
transaction processing, billing, and clinical 
documentation, not for analytical or 
longitudinal queries.

• Data Fragmentation: Information is 
siloed across disparate modules for 
pharmacy, lab, and inpatient care, making 
record linkage a major barrier



To overcome raw data complexity, fragmented EHR data is transformed into standardized 

Common Data Models (CDMs) for cross-institutional research.

Common Data 
Model Philosophy & Architecture Typical Research Application

OMOP CDM (OHDSI) Person-centric model using standard global vocabularies 
(SNOMED, RxNorm).

Large-scale federated analytics and drug safety 
studies.

i2b2 "Informatics for Integrating Biology and the Bedside." Centered on 
star schema facts.

Hospital-level cohort discovery and clinical trial 
recruitment.

PCORnet CDM Derived from Mini-Sentinel. Pragmatic, table-based model for 
rapid querying.

Patient-centered outcomes and comparative 
effectiveness studies.

Standardizing with Common Data Models (CDM)



The Observational Health Data Sciences and Informatics 
(OHDSI) Consortium 
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• A multi-stakeholder, interdisciplinary collaborative to bring out the 
value of health data through large-scale analytics





The transition from raw data to a Common Data Model follows a rigorous Extract, Transform, and Load 

(ETL) framework to ensure semantic accuracy.

1. Source Analysis

Scanning raw tables (e.g., 

White Rabbit) to understand 

the frequency and structure 

of source data values.

2. Mapping Design

Designing field-level 

relationships between raw 

tables and OMOP 

destinations (Rabbit-in-a-

Hat).

3. Semantic 
Standardization

Mapping local site codes to 

standard concepts like 

SNOMED, LOINC, or RxNorm 

(Usagi).

4. Implementation

Executing technical SQL or 

code to transform and load 

the records into the 

structured OMOP schema.

5. Validation

Running data quality checks 

(DQ Dashboard) for 

plausibility and conformance 

of the mapped data.

Converting EHR data to OMOP CDM: The ETL Process



EHR Phenotyping 
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EHR Phenotyping

Computable Phenotype: A clinical condition or trait 

ascertainable via computerized query to an EHR system.

It involves identifying patient cohorts using clinical 

footprints such as:

Identifying patients based on their digital health 

profiles across time.

• ICD Diagnosis Codes
• Lab Tests & Vital Signs
• Medication Records
• Narrative Clinical Notes (NLP)

Ref: eMERGE project: Type 2 Diabetes Mellitus Electronic 

Medical Record Case and Control Selection Algorithms



Existing Phenotyping Libraries



Challenges of EHR Phenotyping
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Data Quality

EHR data is optimized for billing, 

leading to discrepancies between 

ICD codes and true clinical status.

Missing Data

Information is "missing not at 

random." Absence of evidence is 

not always evidence of absence.

Heterogeneity

Inconsistent institutional 

workflows and coding practices 

make algorithms difficult to port 

across sites.



Textual Documents in EHRs
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Social History

More details …

Medical History

Admit 10/23
Medical History: 71 yo woman h/o DM, HTN, Dilated 
CM/CHF, Afib s/p embolic event, chronic diarrhea, 
admitted with SOB.  CXR pulm edema.  Rx’d Lasix.
Social History: PT isolates to self in her apartment.
Meds Lasix 40mg IVP bid, ASA, Coumadin 5, Prinivil 
10, glucophage 850 bid, glipizide 10 bid, immodium 
prn

Treatment Response



Workflow for Textual Data in CDM
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• Run natural language 
processing (NLP) 
systems to process 
textual notes in NOTE 
table

• Convert NLP system 
output into NOTE_NLP 
table

• Transfer concepts from 
NOTE_NLP to clinical 
tables in CDM

Keloth VK et al. Representing and utilizing clinical textual data for real world studies: An OHDSI approach. 
J Biomed Inform. 2023 Jun;142:104343. doi: 10.1016/j.jbi.2023.104343.



IMPACT-MH Approaches for EHR 
Data

• Data Structures and Workflow
• Diverse Tools 
• Guidance and Support
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Recommended 
8 core tables 

Data Structures – Simplified OMOP CDM



OMOP CDM 5.4

NDA required 
elements

DCC Suggested NDA Data Structure – impact_ehr01



8 records of patients for NDA data submission

Standard OMOP Concept ID

EHR Data Example – file structure



8 records of patients for NDA data submission

Standard OMOP Concept ID

table continue 

Source ICD 10 Code 
(Source term names are also supported)

EHR Data Example – data standardization



EHR Data Workflow
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Other Local 

Databases

Submission 

to DCC

DCC

ETL

Quality 

Check 
Submission 

to NDA



Tools

• ETL 
• Athena – concept mapping 
• AutoETL using LLMs (under development)

• NLP
• De-identification 
• Kiwi – information extraction 

• Phenotyping 
• Echo – AI agents for phenotyping (under development)

• Federated Data Analysis 
• PDA  
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Athena – OHDSI Standard Vocabularies Search Platform 
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• Provide both LLaMA and BERT 
models for clinical information 
extraction

• Offer general and disease specific 
pipelines 

• Available as a docker image for 
easy installation 

KIWI - An LLM-based Clinical Information Extraction System

https://kiwi.clinicalnlp.org/ 

https://kiwi.clinicalnlp.org/


LLMs for Extracting Social Determinants of Health 
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Keloth, V.K., Selek, S., Chen, Q. et al. Social determinants of health extraction from clinical notes across institutions using large language models. npj Digit. Med. 8, 287 (2025)
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• Decompose complex tasks into 
reusable components

• Parallel multiple agents
• Skill library

• Cohort Identification Skills:
• Criteria Analysis
• SQL Translation

• Study Variable Extraction Skills:
• Demographics
• Diseases / Phenotypes
• Treatment & Intervention
• Labs & Biomarkers
• Outcomes

Agent-based 

Framework

Data Storage
Convert to OMOP 

CDM format

Data 

Pipeline

Cohort Builder Study Variable Extractor

OMOP
Format

PostgreSQL 
Database

Cohort 
criteria

Computable 
criteria 
graph

Extracted 
values

Interactive Visualization

LLMs

Microsoft 
Azure GPT 

ModelsText2SQL 
agent

Question answering 
agent

Variable Extractor 
agent

AI Agents

Potential 
cohort

Sub-extractor agents

Orchestrator 
agent

Cohort Identification and Extraction Agent Skill Library

Demographics
Age, gender, race, 
BMI, SDoH status, 
insurance, lifestyle, 

etc.

MCP Tools

Diseases
Diagnosis, disease 

stage, severity, 
comorbidities, 
subtypes, etc.

Treatment & Intervention
Drug exposure, treatment line, 

combination therapy, dosage, duration, 
episodes, procedure, surgery, radiation, 

etc.

Outcomes
Overall survival, 

progression-free survival, 
response, adverse 

events, ICU, death, etc.

Schema 
Inspection

SQL Runner

Study 
variables

Concept 
Mapping

Labs
Lab values, 

tumor makers, 
genomic 

markers, etc.

External Knowledge Sources

Phenotype 
Library

OMOP 
Vocabulary

Each patient

Criteria Analysis
Intent parsing, constraint 

extraction, criteria 
decomposition, etc.

SQL Translation
OMOP mapping, 

intermediate result 
linking, SQL 

validation, etc.

ECHO



Current NLP-based Phenotyping Approaches
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Trial Criteria Parsing EHR Data Processing

Structured Data

Textual Data

NLP for Notes 2

Inclusion/
exclusion Criteria

SQL query

NLP for Criteria1

Structured Data 
From Texts

Extend the 

structured data

Run Query3

SQL query

Criterion
At least 5 years of type II diabetes 
if taking Metformin

Entities and relations

Named entities, 
relations, and 

concepts

SQL generation

Clinical notes

Structured data 
from notes



A New Architecture for LLM-based EHR Phenotyping
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Approach Overview

Framework
(1) Structured data retrieval – text2sql
(2) Unstructured notes retrieval – vector database
(3) Answer generation by LLM



Results

Setting Backbone Model Accuracy

MultimodalQA ClinicalBERT 0.6108 

LLM only GPT-4o 0.3993

Llama3-70B-Instruct 0.1021

Llama3.1-70B-Instruct 0.3686

RAG-EHR (w/o training the 
answer generator)

GPT-4o 0.5104

Llama3-70B-Instruct 0.3378

Llama3.1-70B-Instruct 0.4702

RAG-EHR (fine-tuned 
answer generator)

Llama3-70B-Instruct 0.7978

Llama3.1-70B-Instruct 0.8132

Bardhan, Jayetri, et al. "Drugehrqa: A question answering dataset on 
structured and unstructured electronic health records for medicine 
related queries." arXiv preprint arXiv:2205.01290 (2022).

Dataset
Structured 

QA

Unstructured 

QA

Multimodal 

QA

DrugEHRQA 5,559 5,693 27,795 



Echo – Cohort Definition
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Connect the criteria node to the root node and generate SQL



Echo – Study Variable Definition 
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Agent Skills



Echo – Variable List 
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• Define categories 
and variables

• Execute to 
generate data 
matrix 



Echo – Chart Review
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Federated Analysis of Multi-Site EHR Data - PDA 
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Thank you!
Questions?

hua.xu@yale.edu
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