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EHR Data Representation



Electronic Health Records (EHRs) for Clinical Studies

IEDA RWD Guidance 2021 *

* EHRs (and linked data) becomes
an enabling resource for Real
World Evidence generation
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* 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Decision-Making for Drug and Biological Products — Draft Guidance by FDA, September 2021




Large Clinical Data Networks for Research
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®

pcor

The National Patient-Centered Clinical Research Network

>47 Million in the
Network

PCORnet represents data from
everyday healthcare encounters
with more than 47 million people
across the U.S. each year.
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This graph represents participants who have consented to
join the program and those who have completed all initial
steps of the program. The initial steps are consenting,
agreeing to share electronic health records, completing the

849,000+

Participants

first three surveys, providing physical measurements, and
donating at least one biospecimen to be stored at the
biobank.

The following numbers are approximated to protect
participants’ privacy. Numbers are updated as of February 2,
2025.
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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
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| Standardizing with Common Data Models (CDM)

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
Person-centric model using standard global vocabularies Large-scale federated analytics and drug safety

OMOP CDM (OHDSI) (SNOMED, RxNorm). studies.

i2b2 "Informatics for Integrating Biology and the Bedside.” Centered on Hospital-level cohort discovery and clinical trial
star schema facts. recruitment.

PCORnet CDM Der_lved from Mini-Sentinel. Pragmatic, table-based model for Patlen.t—centered qutcomes and comparative
rapid querying. effectiveness studies.
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The Observational Health Data Sciences and Informatics
(OHDSI) Consortium

* A multi-stakeholder, interdisciplinary collaborative to bring out the
value of health data through large-scale analytics
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OMOP Common Data Model
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| Converting EHR data to OMOP CDM: The ETL Process

The transition from raw data to a Common Data Model follows a rigorous Extract, Transform, and Load
(ETL) framework to ensure semantic accuracy.
2. Mapping Design

4. Implementation

Designing field-level

relationships between raw Executing technical SQL or
tables and OMOP code to transform and load
destinations (Rabbit-in-a- the records into the
Hat). structured OMOP schema.
O O O O O
1. Source Analysis 3. Semantic 5. Validation
Standardization
Scanning raw tables (e.g., Running data quality checks
White Rabbit) to understand Mapping local site codes to (DQ Dashboard) for
the frequency and structure standard concepts like plausibility and conformance
of source data values. SNOMED, LOINC, or RxNorm of the mapped data.
(Usagi).
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EHR Phenotyping

< \//T1DM Dx \/<—4 EVR |
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Computable Phenotype: A clinical condition or trait w
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Identifying patients based on their digital health

Ref: eMERGE project: Type 2 Diabetes Mellitus Electronic

P rofiles across time. Medical Record Case and Control Selection Algorithms
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Existing Phenotyping Libraries
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ComPLy bffers computable phenotype definitions tailored for real-world clinical studies, enabling the identifications of patients based on disease status, drug expasures, treatment
respofises, and other critical health factors. By standardizing phenotype definitions, ComPLy enhances research reproducibility, facilitates multicenter collaboration, and ensures
consistent cohort identification across diverse electroni¢ health record systems, driving robust and scalable clinical insights.

Find a phenotype
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Challenges of EHR Phenotyping

A

Data Quality

EHR data is optimized for billing,

leading to discrepancies between

ICD codes and true clinical status.
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Missing Data

Information is "missing not at
random.” Absence of evidence is

not always evidence of absence.

<

v'

Heterogeneity

Inconsistent institutional
workflows and coding practices
make algorithms difficult to port

across sites.




Textual Documents in EHRs

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

-]
Medical History

]
Treatment Response
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Social History

More details ...
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Workflow for Textual Data in CDM

* Run natural language oo
processing (NLP) —
OMOP CDM NLP svstems OMOP CDM —
systems to process NOTE table : NOTE, NLP table _
textual notes in NOTE — \etaMap it — I —
ta bl.e - _ - I:”'i'“:l N _ - .:'f;\:. DRUG
N ——* CIARES ;:h NOTE NLP ;} CONDITION_
« Convert NLP system ot o | = occurexce
. . CLAMP h T PROCEDURE
output into NOTE_NLP ' OCCURRENCE
ta b l.e N N OBSERVATION

Wrappers for converting outputs of NLP systems to the Note NLP format

 Transfer concepts from (1)
NOTE_NLP to clinical (2)
tables in CDM D

Mapping concepts to OHDSI vocabulary using Ananke

SQL scripts for transferring data from Note NLP to clinical tables

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.
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IMPACT-MH Approaches for EHR
Data

e Data Structures and Workflow
e Diverse Tools

e Guidance and Support
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Data Structures — Simplified OMOP CDM

[
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DCC Suggested NDA Data Structure —impact_ehr01

NDA required
elements

—

OMOP CDM 5.4

=
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ElementName

subjectkey
src_subject_id

interview_date

interview_age
sex

Person_manifest
Condition_manifest
Drug_manifest
Procedure_manifest
Visit_manifest
Observation_manifest
Observation_period_manifest
Measurement_manifest
Visit_detail_manifest
Death_manifest
Device_exposure_manifest
Specimen_manifest
Note_manifest
Note_nlp_manifest
Fact_relationship_manifest
Location_manifest
Care_site_manifest
Provider_manifest
Payer_plan_period_manifest
Cost_manifest
Drug_era_manifest
Dose_era_manifest
Condition_era_manifest
Episode_manifest

DataType Size
GUID
String 45

Date

Integer
String 20
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File
File

Required

Required
Required

Required

Required
Required
Recommended
Recommended
Recommended
Recommended
Recommended
Recommended
Recommended
Recommended
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional
Optional

ElementDescription

The NDAR Global Unique Identifier (GUID) for research
subject

Subject ID how it's defined in lab/project

ValueRange

NDAR*

convert_to_omop_date; Date onwhichthe original
EHR data was convert to OMOP in attached files
MM/DD/YYYY

Age in months at the time of the
interview/test/sampling/imaging/convertingtiOMOP
Sex of subject at birth

Manifest file for Patient Demographics data
Manifest file for Condition data

Manifest file for Medication data
Manifest file for Procedure data
Manifest file for Visit/Encounter data
Manifest file for Observation data
Manifest file for Observation Period data
Manifest file for Measurement data
Manifest file for Visit Detail data
Manifest file for Death data

Manifest file for Device Exposure data
Manifest file for Specimen data

Manifest file for clinical Note data
Manifest file for Note NLP data

Manifest file for Fact Relationship data
Manifest file for Location data

Manifest file for Care Site data

Manifest file for Provider data

Manifest file for Payer Plan Period data
Manifest file for Cost data

Manifest file for Drug Era data

Manifest file for Dose Era data

Manifest file for Condition Era data
Manifest file for Episode data

0::1440
M;F; O; NR




EHR Data Example — file structure

8 records of patients for NDA data submission

subjectKey src_subject_id interview_date interview_age sex Person_manifest Condition_manifest Drug_manifest Procedure_manifest Visit_manifest Observation_manifest Observation_period_manifest Measurement_manifest
89f3081d-3deb- 18 4/24/26 35 F 18/18_person.csv 18/18_condition.csv 18/18_drug.csv 18/18_procedure.csv 18/18_visit.csv 18/18_observation.csv 18/18_observation_period.csv 18/18_measurement.csv
a3dfc07e-2461- 37 4/24/26 26 M 37/37_person.csv 37/37_condition.csv  37/37_drug.csv 37/37_procedure.csv 37/37_visit.csv 37/37_observation.csv 37/37_observation_period.csv ' 37/37_measurement.csv
1647ccfd-d121- 38 4/24/26 24 M 38/38_person.csv 38/38_condition.csv 38/38_drug.csv 38/38_procedure.csv 38/38_visit.csv 38/38_observation.csv 38/38_observation_period.csv ' 38/38_measurement.csv
dafcfd4f-7fcb-4: 47 4/24/26 47/47_person.csv 47/47_condition.csv  47/47_drug.csv  47/47_procedure.csv 47/47_visit.csv 47/47_observation.csv 47/47_observation_period.csv  47/47_measurement.csv
a9796a73-216¢: 50 4/24/26 50/50_person.csv 50/50_condition.csv  50/50_drug.csv  50/50_procedure.csv 50/50_visit.csv 50/50_ohservation.csv 50/50_observation_period.csv  50/50_measurement.csv
8cdadfaa-8a7d- 55 4/24/26 55/55_person.csv 55/55_condition.csv  55/55_drug.csv  55/55_procedure.csv 55/55_visit.csv 55/55_ohservation.csv 55/55_observation_period.csv | 55/55_measurement.csv
41dae394-269a- 59 4/24/26 29 F 59/59_person.csv 59/59_condition.csv  59/59_drug.csv  59/59_procedure.csv 59/59_visit.csv 59/59_observation.csv 59/59_observation_period.csv  59/59_measurement.csv

a5602725-ac45

66 4/24/26

66/66_person.csv 66/66_condition.csv

66/66_drug.csv

66/66_procedure.csv

66/66_visit.csv

66/66_observation.csv

66/66_observation_period.csv

66/66_measurement.csv

condition_occurrence_id person_id |condition_concept_id condition_start_date condition_start_datetime condition_end_date condition_end_datetime condition_type_concept_id

446479 18 434610 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821

446480 18 443597 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821

v B3 18 446481 18 432867 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
- / 446482 18 433811 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
1 18 condition.csv 446483 18 197320 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
. - 446484 18 4152384 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
18_d rug.csv 446485 18 316139 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
446486 18 321052 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821

1 8_m easurement.csv 446487 18 4288310 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821

. ) 446488 18 439696 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821

. 18_observati on_peri od.csv 446489 18 80809 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821

. 446490 18 434005 1/30/70 1/30/70 11:15 2/1/70 2/1/70 13:00 32821
18_observation.csv 446491 18 4233565 7/12/72 7/12/7213:50 7/19/72 7/19/72 0:05 32821
446492 18 433736 7/12/72 7/12/7213:50 7/19/72 7/19/720:05 32821

1 8_pers on.csv 446493 18 37170728 7/12/72 7/12/7213:50 7/19/72 7/19/72 0:05 32821
446494 18 440674 7/12/72 7/12/7213:50 7/19/72 7/19/720:05 32821

1 8_p rocedure.csv 446495 18 80809 7/12/72 7/12/72 13:50 7/19/72 7/19/72 0:05 32821

18 visit.csv 446496 18 36713576 7/12/72 7/12/7213:50 7/19/72 7/19/720:05 32821

— — : 446497 18 444044 7/12/72 7/12/7213:50 7/19/72 7/19/720:05 32821
446498 18 193242 7/12/72 7/12/7213:50 7/19/72 7/19/72 0:05 32821

446499 18 443327 7/12/72 7/12/7213:50 7/19/72 7/19/720:05 32821
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EHR Data Example — data standardization

8 records of patients for NDA data submission

condition_occurrence_id person_id |condition_concept_id condition_start_date condition_start_datetime condition_end_date condition_end_datetime condition_type_concept_id
446479 18 434610 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446480 18 443597 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446481 18 432867 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446482 18 433811 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446483 18 197320 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446484 18 4152384 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446485 18 316139 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446486 18 321052 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821 ta b [e cont | nue
446487 18 4288310 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446488 18 439696 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446489 18 80809 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446490 18 434005 1/30/70 1/30/7011:15 2/1/70 2/1/7013:00 32821
446491 18 4233565 condition_end_date condition_end_datetime condition_type_concept_id stop_reason provider_id visit_occurrence_id visit_detail_id | condition_source_value |condition_source_concept_id
446492 18 433736 2/1/70 2/1/7013:00 32821 45695 E875 35207097
446493 18 37170728 2/1/70 2/1/7013:00 32821 45695 N183 35209276
446494 18 440674 2/1/70 2/1/7013:00 32821 45695 E785 35207065
446495 18 80809 2/1/70 2/1/7013:00 32821 45695 N1330 45572699
446496 18 36713576 2/1/70 2/1/7013:00 32821 45695 N179 35209273
446497 18 444044 2/1/70 2/1/7013:00 32821 45695 1350 35207733
446498 18 193242 2/1/70 2/1/7013:00 32821 45695 1509 35207793
446499 18 443327 2/1/70 2/1/7013:00 32821 45695 1739 35207860
2/1/70 2/1/7013:00 32821 45695 16529 45601050
2/1/70 2/1/7013:00 32821 45695 1130 35207673
Standard OMOP Concept ID 211/70 2/1/7013:00 32821 45695 ) 35208753
2/1/70 2/1/7013:00 32821 45695 E6601 45600659
7/19/72 7/19/720:05 32821 45696 E43 35206967
7/19/72 7/19/72 0:05 32821 45696 E669 35207024
7/19/72 7/19/720:05 32821 45696 L89152 45601241
7/19/72 7/19/720:05 32821 45696 M109 35208756
7/19/72 7/19/72 0:05 32821 45696 M069 35208753
7/19/72 7/19/720:05 32821 45696 N130 37200876
7/19/72 7/19/720:05 32821 45696 N170 35209269
7/19/72 7/19/72 0:05 32821 45696 K631 35208315
7/19/72 7/19/720:05 32821 45696 K611 35208301
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EHR Data Workflow

Other Local
Databases
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Tools

* ETL
* Athena —concept mapping
* AutoETL using LLMs (under development)

e NLP
e De-identification
e Kiwi—-information extraction

Phenotyping
* Echo - Al agents for phenotyping (under development)

Federated Data Analysis
 PDA
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Athena — OHDSI Standard Vocabularies Search Platform

%) ATHENA

SEARCH BY KEVWORD ®
Showby 15 -items Total 687,839 items n 2 3 4 5 - 45856 >

@ DOMAIN v D v CODE NAME CLASS CONCEPT VALIDITY DOMAIN VOCAB
CONCEPT
- v 3188503 33500010000041 (sn) only sentinal nodes evaluated Clinical Finding Standard Valid Condition Nebraska Lexicon
® CLASS v
4240068 369787008 0-5 mitoses per 10 HPF (score = 1) Clinical Finding Standard Valid Condition SNOMED
VOCAB v
4031867 129772004 1 o'clock position on mammogram Clinical Finding Standard Valid Condition SNOMED
® VALIDITY v
4288932 396447006 1 or more mitotic figure per mm2 Clinical Finding Standard Valid Condition SNOMED
4015559 170259009 1 year examination abnormal - for observation Clinical Finding Standard Valid Condition SNOMED
4016214 170261000 1 year examination abnormal - on treatment Clinical Finding Standard Valid Condition SNOMED
4014878 170260004 1 year examination abnormal - referred Clinical Finding Standard Valid Condition SNOMED
4227224 420829009 1+ pitting edema Clinical Finding Standard Valid Condition SNOMED
4016490 170110001 10 day examination abnormal - for observation Clinical Finding Standard Valid Condition SNOMED
4016491 170112009 10 day examination abnormal - on treatment Clinical Finding Standard Valid Condition SNOMED
4016188 170111002 10 day examination abnormal - referred Clinical Finding Standard Valid Condition SNOMED

10 o'clock position on mammogram Clinical Finding Standard Valid Condition SNOMED
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KIWI - An LLM-based Clinical Information Extraction System

ese M- <

@ K|W| Live Demo Download Support

© KIWI

An advanced medical NLP tool designed to automatically
extract information from medical texts.

* Provide both LLaMA and BERT

The patient is a 49-year-old man who was admitted to the hospital in respiratory distress, and had to be intubated

. . . . shortly after admission to the emergency room. The patient’s past history is notable for a history of coronary artery
disease with prior myocardial infarctions in 1995 and 1999. The patient has recently been admitted to the hospital with
pneumonia and respiratory failure. The patient denied any gradual increase in wheezing, any increase in cough, any

t t .

increase in chest pain, any increase in sputum prior to the onset of his sudden dyspnea

* Offer general and disease specific
pipelines

4 Result

* Available as a docker image for -

The patient is & 48-year-okl man who was admitted 10 the hospital in respiratory distress, and had 1o be intubated shortly after admission 10 the

Bty peation s At v ——+
: M Prableni temporal| Wedylacation) ' “emperal
e a Sy I n St a I I a t I O I l emergency room. The patient's past history is notable for a history of coronary artery disease with prior  myocardial infarctions in 1995
Temporal. Prablem) Predlem] Megatlon”
and 1999 The patient has recently been admitted to the hospital with preumonia and respiratory failure. The patient denied

- i -
" ourse \Course1Bady Location| IProblem
any gradual increase in wheezing, any increase in cough, any increase in chest pain, any increase in sputum prior to the onset of
Prabler

his sudden dyspnea.

https://kiwi.clinicalnlp.org/

Copyright Clinical NLP Lab. All Rights Reserved
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https://kiwi.clinicalnlp.org/

LLMs for Extracting Social Determinants of Health

SDoH Factor @ Corpora Annotation e Model Training 9 Evaluation

Selection
s B '4 N
Level 1: SDoH M XGBoost Level 1 Performance
21 SDoH factors only (== J Evaluation
Factors - . - J
TextCNN - ~
Birth Sex / Gender Identity, N Fl Level 2: SDoH mp L J P | | cvel 2 Performance
Race / Financial Issues / corpora + factors + value - ~ Evaluation
Insurance / Marital Status / \_ )
Physical Abuse / Adverse & SBERT
Childhood / Social Support / (T TTTTTTTTe T T \ ~ - - ~
Ljvjng Status / Geograph[c : Four S,tes 1 - ~ CrOSS—dataset
Location / Education Level / ] i S | LaMA Performance
Employment Status / Alcohol 1| HcpPc ] uTP ] MIIVlIC-III] Mayo Clinic| ! (== X Evaluation
/ Drugs / Smoking ... e-—_— -, _  _ - -  mm - m_ mtmm _ m -m Y e e ) = > =
SDoH Example Dataset| XGBoost | TextCNN | Sent.BERT | LlLaMA
Geographic Pt born and raised in Rio Grande, Mexico. SDOH faCtors Onl\/
location Location-Raised HCPC 0.907/0.803/0.851 | 0.895/0.781/0.834 | 0.880/0.858/0.869 |0.941/0.913/0.927
UTP 0.982/0.935/0.958 | 0.980/0.927/0.952 | 0.979/0.948/0.963 |0.990/0.979/0.984
Sex, Race The patient is an 80-year-old WF
Race-Caucasian™ MIMIC-111| 0.887/0.780/0.830 | 0.841/0.732/0.782 | 0.890/0.821/0.854 (0.934/0.840/0.883
Employment | Pt has been unemployed for past year ... Mayo 0.852/0.799/0.825 | 0.823/0.734/0.775 | 0.892/0.672/0.766 |0.953/0.938/0.945
status EmploymentUnemployed-Present
Social ... with her peers and has a good social support network SDOH factors + Values
support SocialSupport-Strong HCPC 0.821/0.690/0.750 | 0.824/0.569/0.673 | 0.826/0.751/0.786 |0.903/0.869/0.886
Isolation He has been very isolative and refuses to ... UTP 0.946/0.880/0.912 | 0.889/0.815/0.850 | 0.957/0.882/0.918 |0.982/0.932/0.956
lsolation-Yes MIMIC-1111 0.802/0.649/0.717 | 0.737/0.430/0.543 | 0.805/0.674/0.734 [0.877/0.801/0.837
Food ... said he couldn’t afford to eat balanced meals.
insecurity Mayo 0.795/0.711/0.750 | 0.770/0.572/0.656 | 0.878/0.629/0.732 |0.935/0.901/0.918

Keloth, V.K., Selek, S., Chen, Q. etal. Social determinants of health extraction from clinical notes across institutions using large language models. npj Digit. Med. 8, 287 (2025)
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ECHO

* Decompose complex tasks into
reusable components

* Parallel multiple agents

» Skill library

e Cohort Identification Skills:
e Criteria Analysis
 SQL Translation

e Study Variable Extraction Skills:
* Demographics

* Diseases/Phenotypes
 Treatment & Intervention
* Labs & Biomarkers
 Outcomes

>< Yale scHOOL OF MEDICINE

P

.......................................................................................................... .-—
; Study o)
B Computable %Q ra O
gﬁgﬁg r~— criterll?a : (_vanables Each patient Extracted

ot gt [ Orchestrator ] @ “
agent [ Variable Extractor ]

Interactive Visualization

mEEo0h E r\ values
Cohort Builder ngf’]’;"r‘f" Study Variable Extractor

agent . Microsoft
: . i Azure GPT
Text2tSQL E Questtlon answering S ss s - "Models
agen agen Sub-extractor agents ]
‘ LLMs
- Goncept B Demographics Treatment & Intervention :
M H : : . . . ( :
\ apping - Intg?tgggnp‘ngxg;;/m Age, gender, race, Drug exposure, treatment line,
r " extﬁr)a ctior?’ criteria BMI, SDoH status, combination therapy, dosage, duration, | =
Schema P » insurance, lifestyle, episodes, procedure, surgery, radiation, | =
Inspection decomposttion, etc. olc. efe. :
SQL Runner . . :
L ) SQL Translation Diseases Labs Outcomes :
: OMOP mapping, Diagnosis, disease Lab values, Overall survival, ]
\ MCP Tools i intermediate result stage, severity, tumor makers, progression-free survival, | s
et <o linking, SQL comorbidities, genomic response, adverse .
validation, efc. subtypes, efc. markers, eftc. events, ICU, death, etc. | 3
Agent-based : 3
Framework :“ Cohort Identification and Extraction Agent Skill Library s
A~ .: Prrr——.
H Data
m Pipeline OMOP Phenotype OMOP
e sese oo P el Library Vocabulary
Convert to OMOP PostgreSQL
Data Storage CDM format Database ... External Knowledge Sources
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Current NLP-based Phenotyping Approaches

Trial Criteria Parsing EHR Data Processing

Patient: XXX | Date: 2023-10-25
History of Present llilness:
Mr. XXX is a XX-year-old male with a history of

crlterlon Inclusion/ type 2 diabetes mellitus, initially diagnosed in

2016. He reports adherence to his prescribed

i . . . Textual Data regimen of metformin m; ice dai or
At |ea5t 5 years Of type ” dlabetes eXClUSIOI‘I Cl'ltel'la gLfcemic ;ont:\L. He d:e?l?:‘s aﬁ;:rece:t e
|f tak|ng Metfor min ::,rp:_glyc_emic episodes.
edications:

- Metformin 1000 mg PO BID (started in 2017)
- Lisinopril 10 mg daily

o NLP for Critenia 9 NLP for thes Clinical notes

| durtion Named entities,
At least Sﬁf if takin, Metfﬁ'ﬁ relations, and StrUCtured Data section offset lexi.“l’ mm’nlp?
Yy g F T Xt variant concept_id
44030006 6502 concepts rom e S History of 85~ | type 2 diabetes | 44054006
Entities and relations Pr:sg:tlllnfss 115005 mellitus (SN;;:QED)
istory o ~ .
Extend the Present lllness | 159 metformin (RxNorm)
S L eneratlon History of 172~ | 1000 mg twice
Q g Structured data Present lliness | 188 daily )
Medications 250~ Metformin 6809
SELECT person_id 269 1000 mg (RxNorm)
FROM condition_occurrence Medications 270~ started in 2017
WHERE condition concept_id = 44054006 287
AND condition start date <= SQL query > StrUCtured Data
CURRENT DATE - INTERVAL '5 years' Structured data
AND person id IN ( e Run Query from notes
SELECT person_id
FROM drug_exposure
WHERE drug concept id = 6809

)
SQL query
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A New Architecture for LLM-based EHR Phenotyping

Criteria Parsing EHR Data Indexing
R
* . “;-; LAY | Deter 2023-T0-25

Crlte”a |nc[usiunf H?:Mr:yanmlentlum“: H
1 Mr. Wi s a Ky Id L wikh @ hist |i

At least 5 years of type Il diabetes exclusion Criteria [ Structured Data ] ;,lctp‘n;:.In:ntn:}::gu;:::rrit.:%_n:p,rluis?:n::;- ;
H H . Ha mapors: adhergnca 10 hig prascriba H

and taklng MEtro rmin ragirien of metfarmin 1000 mg taice daily Tar E

Blycernic control, He denies any recanl
hypuglycemic sprsodes.

o TexrzSQLl Hr::::rtn::::uuu mg PO BD (started in 2077 :
[ Textual Data ] | ~Hsinoprl 10 mg ek N

Large Language

SQL query for base Models
cohort l' €) Vector Database
: :, ; :. - %015 w2 ﬁ;\‘i*'t Vectorized
o000 PO 0¥ &' 2 text chunks 5
4 & & \‘Eo‘ «® - _
Potential Patients \ " i

© ©o -
1 1 r
— Uy oy Uay —

9 Retrieval Augmented Generation (RAG)
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Approach Overview

Component 1: Database Table Retriever Component 3: FINAL ANSWER
Is a Table Index Answer Generator
available? @@i@ ('5 . ] Retrieved Evidence
Information —p A +
|_I_| 8 -+ ' > of Relevant —pp \ 2 H Evidence from TABLES:
2 PRESCRIPTIONS, DRUG:
No Yes =P Vector Index Retri | Tables SQL Writer
?) QUESTION o oot Ondansetron.
f Tool ~N l DOSE VALUE RX: 4; DOSE UNIT
@ Table S — anmg from Notes: Evid fr
. : Feedback : vidence from Notes: Evidence from
What is the dosage —> @ Details - Notes: Patient was treated with
of ondansetron iy~ SQL Execution <2 Ondansetron [...]. Ondansetron 4 mg
taken by the patient a ‘; evtnewer Tool Tablet, Rapid Dissolve Sig: [**2-4**]
having the ID=123? il Answering Agent Tablet, Rapid Dissolves PO every
atat " four (4) hours: please take 1-2
Component 2: Clinical Note Retriever l bablets 1o vy 4 hours. .«
Yes
Is a Note h el
Index —p @ & ? —p E —> Table's Reported Dosage: 4mg;
available? @ ] Note's Reported Dosage : 1-2
No =3 & ) | Vector Index Retrieval : tablets:
--ha & Tool Final answer Multimodal Reported Dosage: 4mg.
Chunking Note
Tool Chunks

(1) Structured data retrieval — text2sq|
(2) Unstructured notes retrieval — vector database

(3) Answer generation by LLM
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Results

Setting Backbone Model Accuracy
MultimodalQA Clinical BERT 0.6108
LLM only GPT-40 0.3993
Llama3-70B-Instruct 0.1021
Llama3.1-70B-Instruct 0.3686 Dataser | Srired | nstriured | Muf Fhodal
RAG-EHR (w/o training the GPT-40 0.5104 DrugEHRQA 5,559 5,693 27795
answer generator)
Llama3-70B-Instruct 0.3378 Bardhan, Jayetri, et al. "Drugehrga: A question answering dataset on
: structured and unstructured electronic health records for medicine
related queries." arXiv preprint arXiv:2205.01290 (2022).
Llama3.1-70B-Instruct 0.4702
RAG-EHR (fine-tuned Llama3-70B-Instruct 0.7978
answer generator)
Llama3.1-70B-Instruct 0.8132
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Echo — Cohort Definition

@ Echo

i= Cohort Definition

2 Emily Johnson Logout

Adult ICU Patients with Major Depressive Disorder

Adult ICU Patients with Major Depressive

@ Echo

SELECT DISTINCT (O Add Criteria =+ AND < OR Y AtLeast R Target Cohort » >_ Console

¢, Refresh

Cohort Definition
Result logs

& p.person_id . — Info

FROM

= 2 Befresh (51 Add Criter omop.person p

WHERE
= o p.person_id IN (
Criteria Type SELECT

O Inclusio person_id
FROM
Definition omop.visit_occurre
WHERE
visit_concept_id =
UNION
SELECT
person_id
FROM
omop.visit_detail
WHERE
visit_detail_conce

1CL) patien

)
AND p.person_id IN (
SELECT
co.person_id
FROM
omop.condition_occ
JOIN omop.concept_
WHERE
ca.ancestor_conceg

Lance

Version: 1.0.0
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1= PationtuRecords: 58214
.

Adult patients agad 18 ye.
Definior:
= PatiemtaRecords: 0,731
.

. .
Patents in the ADHD c

Defintion:

Patents In the m

Dafiion

= PatentaRacords: .82
.

Patients n the m

Defintion:
= PationtaRecords: 4067
.

= Patentsecards: 3215
.

Detinton:

£ PatinaiRecords: 1058
.

MIMIC IV 3.1
2, Paients:(317878)
.

®  @icien
1CU patients with ADHD-re.

£ PatientaRocards: 71,503
.

Patients aged 18 years or._.

5 Patientsacords: 14582
.

Patients in the ADHD

Definior:

i PationtsRecords: 6,187
.

e ADHD coh..

1 ADHD ce.

= PatientsRecords: (1876)
.

Patients In ths ADHD eoho.

Detntion:

= Paients Recorde: 1582
.

Deintion:

£ PatientsRecoras: 65308
.

i PetientaRecords: 12847
.

= Patonta/Racords: 1476
.

£ patientsRecerasi 88
.

Short Name:

Only the first ICU stay f...

Definition:
Only the first ICU stay for each
patient

SQL:

1 WITH all_icu AS (
2 —— ICU stays > 24
hours from
visit_occurrence level
3 SELECT vo.person_id,
4 vo.
visit_occurrence
_id,
5 COALESCE (vo.
visit_start_date
, VO.
visit_start_date

©) GitHub 4




Echo — Study Variable Definition

é_} Echo Adult ICU Patients with Major Depressive Disorder

f 1 Study Variables

= Q, Study Variables

~ B Demographics

b A Shorlt Mame

Insurance lype

Definition

INSUrance coverage or payer
category documented at the index
date)

>< Yale sSCHOOL OF MEDICINE
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name: insurance-type-at-index-date

description: >
Use this skill whenever you need to determine, assign, classify, or validate a patient's
(or member's) insurance type as of a specific index date. Triggers include: any task
involving "insurance at index date", "coverage type at enrollment"”, "payer type at
diagnosis date", "insurance status at baseline", "primary payer at index", or any
request to look up, derive, or categorize health insurance (commercial, Medicare,
Medicaid, dual-eligible, uninsured, etc.) relative to a point-in-time reference date.

# Insurance Type at Index Date

This skill guides the classification of a patient's (cor member's) insurance type — the
primary payer category in effect on or around a specified **index date**.

## Key Concepts

| Term | Definition |

===

| **Index date** | The anchor date for a patient — often first diagnosis, first prescription, cohort entry,
or study enrollment date. |

| **Insurance type** | The payer category in effect at the index date (e.g., Commercial, Medicare FFS,
Medicare Advantage, Medicaid, Dual-Eligible, Uninsured/Self-Pay). |

| **Eligibility span** | A row in an enrollment/eligibility table with a start date and end date
representing a continuous period of coverage under a given plan or payer. |

| **Look-back / look-forward window** | A tolerance window around the index date (e.g., *3@ days) used when
no coverage record exactly overlaps the index date. Always confirm with the user whether a window is
appropriate. |

Agent Skills




Echo — Variable List

@ Echo Adult ICU Patients with Major Depressive Disorder

#= Cohort Definition Q Study Variables

* Define categories
and variables

Q Study Variables(8)

A & Demographics Baseline demographic and communication-related characteristics of the patient.

|~ Insurance type Insurance coverage or payer category documented at the index date.
|~ Marital status Marital or partnership status documented in the medical record.

|~ Primary language Preferred or primary language used for clinical communication.

* E tet
xecute 1o
-+ Add Study Variable -+ Add Category
ge n e ra te d at a ~ g Depression Assessment Standardized depression severity assessments documented in the clinical record.

m riX |~ HAMD-17 HAMD-17 score or assessment documenting clinician-rated depression severity.
at
|~ PHQ-9 PHQ-9 score or assessment documenting depressive symptom severity.
-+ Add Study Variable - Add Category
A & Social Determinants of Health Social and economic factors that may affect patient stability, support, and access to care.
| Economic status Financial hardship, limited resources, or difficulty affording healthcare or daily needs.

Housing insecurity, homelessness, shelter use, or lack of stable

|~ Housing instability / homelessness
[ 9 v residence.

| Social support Availability of family, caregiver, or community support.

+ Add Study Variable <4 Add Category

Version: 1.0.0
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pod

2 Emily Johnson Logout

@& Extraction Overview

[l Statistics

8

Study Variables

347

Patients

Extract All Data

Extract 8 study variables in 347

patients.

y —\
( [ Extract All )
A _Z4

€ GitHub 4




Echo — Chart Review

@ Echo Adult ICU Patients with Major Depressive Disorder & Emily Johnson Logout
‘= Cohort Definition Study Variables Chart Review
o “ Y = Patient
i i i - R Collapse
— # 52, Patient Insurance ty... Marital stat... Primary lang... HAMD-17 PHQ-9 Econt¢ (2 Patient 9007412000 _ A”P
9007412000 Medicare SINGLE English 23 (Very severe) 7 (Mild) Stable £ Demographics 3 variables
=] |
- -
9007412037 Medicare SINGLE English 7 (No depression) 15 (Moderately severe) Financ = Demographics DU
9007412074 Private SEPARATED  English 22 (Severe) 14 (Moderate) Stable 1 INSURANCE TYPE Medicare
9007412111 Medicaid DIVORCED  English 19 (Severe) 20 (Severe) Stable Medicare
9007412148 Medicaid MARRIED Spanish 21 (Severe) 17 (Moderately severe) Stable 2 MARITAL STATUS
9007412185 Private MARRIED Russian 20 (Severe) 13 (Moderate) Stable SINGLE
9007412222 Medicare Advantage WIDOWED English 24 (Very severe) 22 (Severe) Stable 3 PRIMARY LANGUAGE
. English
9007412259 Medicare Advantage MARRIED English 21 (Severe) 19 (Moderately severe) Financ
9007412296 Self-pay MARRIED English 8 (Mild) 15 (Moderately severe) Stable £ Depression Assessment 2 variables SINGLE
Marital status r NGLE
9007412333 Medicare MARRIED Russian 4 (No depression) 24 (Severe) Stable o '
4 HAMD-17 sructred d "
9007412370 Dual-eligible SINGLE English 4 (No depression) 20 (Severe) 23 (Very severe) X ents .
9007412407 Dual-eligible DIVORCED Mandarin 3 (No depression) 16 (Moderately severe) 5 PHQ-0 4
9007412444 Medicare SINGLE English 5 (No depression) 20 (Severe) Stable 7 (M“d)
9007412481 Medicare MARRIED English 24 (Very severe) 22 (Severe) Financ . . -
= Social Determinants of 3 English
9007412518 Self-pay SINGLE English 6 (No depression) 11 (Moderate) Financ Health variables Poaaoa s <
9007412555 Medicare Advantage SEPARATED  Spanish 23 (Very severe) 18 (Moderately severe) Financ 6 ECONOMIC STATUS Eng iy
aan7417507 Madiraid MARRIFN Riiesian 18 (Mndarata\ 29 (Savara) Qtahla Stable
7 HOUSING INSTABILITY / HOMELESSNESS
o 2 3 4 5 > » 50 1-50 of 347
Version: 1.0.0 € GitHub
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Federated Analysis of Multi-Site EHR Data - PDA

Phase |: Preparation phase Phase II: Analysis phase > Phase lll: Reporting phase

mDeﬁne research protocol Site 1 Site 2 Site K Disseminate open research

Define research question Q_
Define uni = ol 1] = e >
e e ‘t-s--~

=< Protect privacy 2uEHEEE Ensure accuracy
SiEHCEE | everage heterogeneity |- Ui Collaborate at scale
|

-
‘‘‘‘‘‘

Aggregation unit Distribution unit

!

P— J -
Assess potential risk of bias ! A PDA |
- | {2000 Allow flexible downstream tasks
Verify fit-for-use data ~—» ?" Q Facilitates implementation readiness
Data PDA-OTA
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Thank you!
Questions?

hua.xu@yale.edu
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