
Specification Implication

Accurate, stable grounding Return OMOP-standardised terms without hallucination or unpredictable model output

Respect OMOP-style constraints
Generalisable methods to enforce CDM conventions (stronger than just enum lists)

Specify task-dependent preferences for term sets and concept hierarchies

Zero-shot, configurable pipeline New targets and vocabularies specified declaratively without retraining

Reusable & portable Support sharing of validated configurations - no re-development required

Operate on standard professional grade machines

Must produce workable results with models that can run without dedicated GPU i.e.
typically no larger than ~3–7B parameters

High-level abstraction to allow more powerful or bespoke models where resourcing and
throughput/reasoning demands allow

Run under heavily restricted environments
Support linking to locally hosted models, vocabularies & configuration resources

Integrate with securable model hosts

Functional Specification
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Works OK, with some limitations 

Brittle parsing of outputs

No OMOP-specific grounding files

Issues working in restricted / airgapped environments

Strict cardinality requirements don’t reflect reality of clinical notes

(N.B. for the most part, these limitations are specific to the implementation, not conceptual. i.e. solvable)

SPIRES (from: Monarch Initiative)



Input SPIRES Engine LLM

2. Populate Prompt

3. Complete Prompt

4. Parse Completion

5. Ground

6. Additional non-terminals?

Recurse non-terminating slots

7. Instantiate Object

Output

1. Schema Class

{
    "label": "sarcoidosis",
    "status": "active",
    "severity": "moderate",
    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
    "is_negated": "not_negated"
},
{
    "label": "pancreatic cancer",
    "status": "historical",
    "severity": "severe",
    "verbatim_name": "pancreatic cancer",
    "codable_name": "pancreatic cancer
    "who_diagnosed": "family",
    "is_negated": "not_negated"
}

Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

N

Schema Definition

Knowledge Base → Ontology Grounding

Y

Generated Class

Tabular Output

The patient is A 70-year-old male 
presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.

Input Text

INFO:GROUNDING sarcoidosis using 
ConditionProblemDiagnosis
INFO:GROUNDING sarcoidosi using 
ConditionProblemDiagnosis
INFO:Grounding sarcoidosis to omop:40320120; 
INFO:Normalized sarcoidosis with omop:40320120 
to omop:438688
INFO:GROUNDING pancreatic cancer using 
ConditionProblemDiagnosis
INFO:Grounding pancreatic cancer to omop:42542217; 
INFO:Normalized pancreatic cancer with 
omop:42542217 to omop:4180793
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OMOP-specific convention

specification methods in linkML
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Input SPIRES Engine LLM

2. Populate Prompt
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    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
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{
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}

3. Complete Prompt

4. Parse Completion
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Recurse non-terminating slots

7. Instantiate Object

Output

1. Schema Class
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into a list of `Condition` objects. 
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Use the following schema:

label: <Concise name of condition in the text.>
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Text:
The patient is a 70-year-old male presenting...
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N

Schema Definition
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cancer at age 55.
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to omop:438688
INFO:GROUNDING pancreatic cancer using 
ConditionProblemDiagnosis
INFO:Grounding pancreatic cancer to omop:42542217; 
INFO:Normalized pancreatic cancer with 
omop:42542217 to omop:4180793

Improved robustness with updated LLM

interrogation libraries



Input SPIRES Engine LLM

2. Populate Prompt

3. Complete Prompt

4. Parse Completion

5. Ground

6. Additional non-terminals?

Recurse non-terminating slots

7. Instantiate Object

Output

1. Schema Class

{
    "label": "sarcoidosis",
    "status": "active",
    "severity": "moderate",
    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
    "is_negated": "not_negated"
},
{
    "label": "pancreatic cancer",
    "status": "historical",
    "severity": "severe",
    "verbatim_name": "pancreatic cancer",
    "codable_name": "pancreatic cancer
    "who_diagnosed": "family",
    "is_negated": "not_negated"
}

Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

N

Schema Definition

Knowledge Base → Ontology Grounding

Y

Generated Class

Tabular Output

The patient is A 70-year-old male 
presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.

Input Text

INFO:GROUNDING sarcoidosis using 
ConditionProblemDiagnosis
INFO:GROUNDING sarcoidosi using 
ConditionProblemDiagnosis
INFO:Grounding sarcoidosis to omop:40320120; 
INFO:Normalized sarcoidosis with omop:40320120 
to omop:438688
INFO:GROUNDING pancreatic cancer using 
ConditionProblemDiagnosis
INFO:Grounding pancreatic cancer to omop:42542217; 
INFO:Normalized pancreatic cancer with 
omop:42542217 to omop:4180793

Improved robustness with updated LLM

interrogation libraries



Input SPIRES Engine LLM

2. Populate Prompt

3. Complete Prompt

4. Parse Completion

5. Ground

6. Additional non-terminals?

Recurse non-terminating slots

7. Instantiate Object

Output

1. Schema Class

{
    "label": "sarcoidosis",
    "status": "active",
    "severity": "moderate",
    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
    "is_negated": "not_negated"
},
{
    "label": "pancreatic cancer",
    "status": "historical",
    "severity": "severe",
    "verbatim_name": "pancreatic cancer",
    "codable_name": "pancreatic cancer
    "who_diagnosed": "family",
    "is_negated": "not_negated"
}

Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

N

Schema Definition

Knowledge Base → Ontology Grounding

Y

Generated Class

Tabular Output

The patient is A 70-year-old male 
presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.
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OWL → SemSQL OMOP

resource - vocabularies,

hierarchies, synonyms
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NY

INFO:GROUNDING sarcoidosis using 
ConditionProblemDiagnosis
INFO:GROUNDING sarcoidosi using 
ConditionProblemDiagnosis
INFO:Grounding sarcoidosis to omop:40320120; 
INFO:Normalized sarcoidosis with omop:40320120 
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    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
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{
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Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

Schema Definition

Knowledge Base → Ontology Grounding

Generated Class

Tabular Output
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presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.

Input Text

OWL → SemSQL OMOP

resource - vocabularies,

hierarchies, synonyms
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{
    "label": "sarcoidosis",
    "status": "active",
    "severity": "moderate",
    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
    "is_negated": "not_negated"
},
{
    "label": "pancreatic cancer",
    "status": "historical",
    "severity": "severe",
    "verbatim_name": "pancreatic cancer",
    "codable_name": "pancreatic cancer
    "who_diagnosed": "family",
    "is_negated": "not_negated"
}

Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

N

Schema Definition

Knowledge Base → Ontology Grounding

Y

Generated Class

Tabular Output

The patient is A 70-year-old male 
presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.

Input Text

INFO:GROUNDING sarcoidosis using 
ConditionProblemDiagnosis
INFO:GROUNDING sarcoidosi using 
ConditionProblemDiagnosis
INFO:Grounding sarcoidosis to omop:40320120; 
INFO:Normalized sarcoidosis with omop:40320120 
to omop:438688
INFO:GROUNDING pancreatic cancer using 
ConditionProblemDiagnosis
INFO:Grounding pancreatic cancer to omop:42542217; 
INFO:Normalized pancreatic cancer with 
omop:42542217 to omop:4180793 Modified grounding steps to handle

OMOP-specific constraints
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Recurse non-terminating slots

7. Instantiate Object

Output

1. Schema Class

{
    "label": "sarcoidosis",
    "status": "active",
    "severity": "moderate",
    "verbatim_name": "sarcoidosis",
    "codable_name": "sarcoidosis",
    "who_diagnosed": "subject",
    "is_negated": "not_negated"
},
{
    "label": "pancreatic cancer",
    "status": "historical",
    "severity": "severe",
    "verbatim_name": "pancreatic cancer",
    "codable_name": "pancreatic cancer
    "who_diagnosed": "family",
    "is_negated": "not_negated"
}

Populated Prompt
From the text below, extract all Conditions 
into a list of `Condition` objects. 
Make sure to include all mentioned `Conditions`. 
Use the following schema:

label: <Concise name of condition in the text.>
codable_name: ...

Text:
The patient is a 70-year-old male presenting...

Raw LLM Completion

N

Schema Definition

Knowledge Base → Ontology Grounding

Y

Generated Class

Tabular Output

The patient is A 70-year-old male 
presenting with worsening hoarseness
and wheezing for the past month. 
He has a notable history of sarcoidosis, 
diagnosed 10 years ago. 
His sister was diagnosed with pancreatic 
cancer at age 55.

Input Text

INFO:GROUNDING sarcoidosis using 
ConditionProblemDiagnosis
INFO:GROUNDING sarcoidosi using 
ConditionProblemDiagnosis
INFO:Grounding sarcoidosis to omop:40320120; 
INFO:Normalized sarcoidosis with omop:40320120 
to omop:438688
INFO:GROUNDING pancreatic cancer using 
ConditionProblemDiagnosis
INFO:Grounding pancreatic cancer to omop:42542217; 
INFO:Normalized pancreatic cancer with 
omop:42542217 to omop:4180793 Modified grounding steps to handle

OMOP-specific constraints



Proof of concept in Real Data - Radiotherapy Regions



Proof of concept in Real Data - Radiotherapy Regions



Current Focus - Hosted, Integrated, Shared, Secured



More Reading & Contact

SPIRES paper

OntoGPT Library

OMOP-links

Semantic SQL

linkML docs

Python Instructor

These slides

More detailed write-up

Ramalama georgina.kennedy@unsw.edu.au



University Hospital of Bern, Bern University, Switzerland, 26.08.2025

Hugo Guillen-Ramirez, Karen Triep, Christoph Gaudet-Blavignac, Baljit Phull, Guido Beldi, Olga Endrich

MAP-CARE: Enhancing Cross-Lingual Medical Intervention 

Terms Analysis Through LLM-supported Semantic Embeddings



Insel Gruppe –

• Classifications of medical procedures are often country- or healthcare-
system-specific

• Available in local language only

• Multiaxial, includes abbreviations, free-text descriptors, multiple 
interpretations possible

• Semantic mapping or key-word search are challenging or missleading

• Better Interoperability needed!

Use Case Surgical and Interventional Procedures

26.08.2025MAP-CARE: Enhancing Cross-Lingual Medical Intervention Terms Analysis 2



Insel Gruppe –

• CHOP Catalogue, Swiss developement of the ICD-9 procedure catalogue

Available in German, French, and Italian

• OPS Operation Procedures Classifiaction Germany

Available in German

• CHOP and OPS are not interoperabel

Use case Operation & Procedures Catalogue 

Switzerland & Germany

26.08.2025MAP-CARE: Enhancing Cross-Lingual Medical Intervention Terms Analysis 3



Insel Gruppe –

MAP-CARE

26.08.2025MAP-CARE: Enhancing Cross-Lingual Medical Intervention Terms Analysis 4

MAP-CARE workflow for

multilingual classification

integration

Hugo Guillen-Ramirez, Karen Triep, Christophe Gaudet-

Blavignac et al. 

MAP-CARE: Enhancing Cross-Lingual Medical 

Intervention Terms Analysis Through LLM-supported

Semantic Embeddings, 13 June 2025, 

PREPRINT available at Research Square 

https://doi.org/10.21203/rs.3.rs-6848278/v1



Insel Gruppe –

Embedding space

26.08.2025MAP-CARE: Enhancing Cross-Lingual Medical Intervention Terms Analysis 5

Loading of catalogues

Searchable in English 

Retrieving

Swiss CHOP and OPS 

Germany terms from the 

embedding space



Insel Gruppe – 6INFRA_Final_26.03.2025 26.03.2025

Semantic layer preEpic & Epic as a driver, OHDSI tools

Simple mappings: Expression in SNOMED CT, LOINC

Complex mappings: 

Translation of surgical procedures (CHOP) to

SNOMED CT

The Clinical Data Model is used as a conceptual link 

between the different data realities such as preEpic & 

Epic Data



Insel Gruppe – 7MAP-CARE: Enhancing Cross-Lingual Medical Intervention Terms Analysis 26.08.2025

Results

multilingual (German, French, Italian, English) and 

cross-system integration (CHOP & OPS) of medical procedural data



Insel Gruppe AG, Kommunikation und Marketing, Freiburgstrasse 18, CH-3010 Bern

Thank you



Using LLM to create concept sets for 
epidemiological studies

Joel Swerdel, Dmytro Dymshyts,
Martijn Schuemie, Anna Ostropolets,
Azza Shoaibi, Erica Voss, and Frank DeFalco



2

Steps in the Process

1. Create a list of the suggested concept(s) and its descendants

2. Add in all the recommended concepts from PHOEBE

3. Pass the list to LLM for analysis

4. Parse through list of LLM results

5. Create a list of the concepts selected by the LLM and their descendants

6. Pass the new list to the LLM for analysis

7. Parse through list of LLM results

8. Create a final list of all the selected concepts

9. Post the concept set to ATLAS



3

Calling the LLM Function

• We developed a process using R and R Studio

executeLlmConceptCreate <- function(

conceptName, #the clinical condition 

originalConceptList,  #one or more concepts that gives a high-level idea of the condition

excludedConditions = "none",     #whether any health conditions should be explicitly excluded           

conceptSetName = conceptName,        #what to name the concept set when posted to ATLAS                           

outputDirectory          #where to put all the artifacts from the process                          

) 

• We developed a process using R and R Studio

executeLlmConceptCreate <- function(

conceptName, #the clinical condition 

originalConceptList,  #one or more concepts that gives a high-level idea of the condition

excludedConditions = "none",     #whether any health conditions should be explicitly excluded           

conceptSetName = conceptName,        #what to name the concept set when posted to ATLAS                           

outputDirectory          #where to put all the artifacts from the process                          

) 
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Prompt (partial)
You will estimate the proportion of patients with Right ventricular failure with sepsis who also have Right heart 
failure, selecting a proportion category:

1. **Rare:** Less than 10% of patients with Right ventricular failure with sepsis have Right heart failure

2. **Common:** 10% to less than 90% of patients with Right ventricular failure with sepsis have Right heart failure

3. **Very Common:** 90% to 95% of patients with Right ventricular failure with sepsis have Right heart failure

4. **Ubiquitous:**  greater than 95% of patients with Right ventricular failure with sepsis have Right heart failure

You will estimate the proportion of patients with Right ventricular failure with sepsis who also have Right heart 
failure, selecting a proportion category:

1. **Rare:** Less than 10% of patients with Right ventricular failure with sepsis have Right heart failure

2. **Common:** 10% to less than 90% of patients with Right ventricular failure with sepsis have Right heart failure

3. **Very Common:** 90% to 95% of patients with Right ventricular failure with sepsis have Right heart failure

4. **Ubiquitous:**  greater than 95% of patients with Right ventricular failure with sepsis have Right heart failure
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Current Status

• Results look promising

• Have tested in about 100 health conditions

- Including chronic , acute , and symptomatic conditions

- Concept sets are similar to those produced by experts

- LLM rationale has brought additional knowledge to many conditions providing 
evidence for including concepts that would have not previously been included



Institute for Clinical Data Management
Semmelweis University

Blood 

Pressure -

Systolic 

(Hgmm)

Blood 

Pressure -

Diastolic 

(Hgmm)

Heart Rate 

(BPM)

BMI

(kg/m2)

Smoking 

Status

122 81 86 40.6 Negative

Overall goal: pilot 
project for developing a 
tool for extracting data 
from free text 
for dAIbetes (Horizon2020) project
aiming to train AI model for 
diabetes tratment.

● misspelling, abbreviations

● english/latin/hungarian
● no exact location in text
● extremely redundant

● context is important



Institute for Clinical Data Management
Semmelweis University

Complete workflow

Before After Change

Number of 

documents

Anam.

509 479 -6%

Average

length (char)
1637 1024 -38%

Number of 

documents

Epicrisis

413 410 -1%

Average

length (char)
1175 632 -46%



Institute for Clinical Data Management
Semmelweis University

Results - Aggregated correctness of the models



Institute for Clinical Data Management
Semmelweis University

Our final choice for the majority of extraction tasks 

was the Qwen, driven by its superior cost-

effectiveness: 

• it delivers performance comparable to Llama at 

approximately one-third of the inference cost

• offering long-term availability within the 

TogetherAI framework.

We strategically decided to use the Llama model for 

the specific task of extracting family medical history 

to ensure optimal performance.

Results - Final Model Selection

Parameter Groups

Estimated Number 

of Accurate, 
Non-empty data

Body measurements 21267

Cardivascular parameters 236745

Family history 19308

Smoking status 28264

Drinking status 8115

Diet 12312
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VA Research
DISCOVERY     INNOVATION     ADVANCEMENT

VA Informatics and Computing Infrastructure

Automatic LOINC Document Ontology Named Entity Recognition for 

Clinical Note Titles

VA Informatics and Computing Infrastructure (VINCI) Resource Center
August 26, 2025

Jianlin Shi
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Motivation

• Challenge: Unstandardized clinical note titles hinder secondary use and 
research

• Need: Standardized note classification for reliable phenotyping and cohort 
selection

• LOINC DO: Facilitates harmonization across EHRs and supports OMOP CDM 
integration



12

What are LOINC DO Axes?

• LOINC Document Ontology (DO) provides a standardized way to categorize 
clinical documents.

• Each document is described using five key axes:
- Kind of Document (KoD):

▪ The general type of document (e.g., Note, Report, Consult)

- Setting:
▪ Where the document was created (e.g., Inpatient, Outpatient, Emergency)

- Type of Service (ToS):
▪ The clinical service or activity (e.g., Surgery, Therapy, Evaluation)

- Role:
▪ The role of the author or intended audience (e.g., Physician, Nurse, Patient)

- Subject Matter Domain (SMD):
▪ The clinical specialty or domain (e.g., Cardiology, Nursing, Radiology)
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Methods

• VA CDW: 1,000 annotated note titles, high-quality gold standard

• Annotation schema aligns with LOINC DO axes (KoD, Setting, ToS, Role, SMD)

• Models: BERT (fine-tuned), Qwen2.5, Tulu3 (open-source, no fine-tuning)

• Evaluation: Token-level lenient F1 score
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Results

Model Precision Recall F1 Score

BERT 0.840 0.831 0.836

Qwen2.5 0.706 0.819 0.758

Tulu3 0.683 0.792 0.731
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Implication for OHDSI

• NLP can automate mapping to standard vocabularies, supporting OMOP 
note_type_concept_id

• LLMs offer adaptability, potential for cross-institutional generalizability

• Error analysis: Acronym ambiguity, ontology limitations, need for 
metadata/content
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Limitations & Future Directions

• LLMs not fine-tuned for the task; limited generalizability

• Only note titles used; content and metadata needed for full context

• Next steps: Integrate note content/metadata, test more models, map to exact 
LOINC codes, enhance ontology for OHDSI use cases
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LLM magic enablement for OHDSI 

OHDSI Community Call  |  26-08-2025       Rowan Parry



Initial goal

Try things out, 
see what can be done,
have som fun.



Hecate  –  Semantic Search

https://hecate.pantheon-hds.com/ https://github.com/OHDSI/Hecate

https://hecate.pantheon-hds.com/
https://hecate.pantheon-hds.com/
https://hecate.pantheon-hds.com/
https://github.com/OHDSI/Hecate


But can it do this?



Hecate Model Context Protocol Server

Could you please provide me with the standard 
concepts from this dutch clinical note: 

"patient komt binnen met pijn aan been 
waarschijnlijk gebroken tijdens het voetballen, 
doorverwezen naar de rad”



Hecate – Model Context Protocol Server

How can I identify iodine contrast or related procedures using only standard concepts?



Another tool…



LLM FUN

EMBEDDING MODEL

EMBEDDINGS

DATABASE

API

MAPPING TOOLS

BEUATIFUL USER INTERFACES

AGENTS

R PACKAGES

MCP SERVER

Under the hood

CONCEPT EXTRACTION

CONCEPT SET CREATION

AMAZING PROMPTS



EMBEDDING MODEL

EMBEDDINGS

DATABASE

API

MCP SERVER

Under the hood

https://hecate.pantheon-hds.com/openapi/#/

https://github.com/OHDSI/EmbeddingsLibrary

PostgreSQL Qdrant

open source?

https://hecate.pantheon-hds.com/mcp/sse

proprietary



Can we move towards consolidation?
Only with some help.

Feedback
Suggestions
Input
Contributions
Constructive criticism

Anything to improve quality and create valuable community 
capability

https://github.com/OHDSI/EmbeddingsLibrary
https://github.com/OHDSI/Hecate
rowan.parry@live.com

mailto:rowan.parry@live.com
mailto:rowan.parry@live.com
mailto:rowan.parry@live.com


Domain Expertise in Healthcare & OMOP
- 4 years in Healthcare Informatics, 2 years with OMOP CDM
- 2 years in Scientific Research & Biochemistry
- Fellow, American College of Health Data Management
- OMOP training from EHDEN Academy

Leadership & Product Management
- 3+ years in leadership and management roles
- Certified Professional Scrum Master™ I (PSM I)
- Speaker and Technical Trainer (audiences of 10–100 people)
- Mentored peers, mentor on ADPList (30+ sessions)

Data Analytics Expertise
- 12 years in Big Data Engineering & Analytics
- Microsoft Certifications: DP-203, DP-600, DP-700

AI & Software Engineering Expertise
- 5 years building data solutions, applications, and pipelines
- 2+ years building AI tools; hackathon participation

Let's meet each others
Iurii (Yurri) Iurchenko
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Iurii (Yurri) Iurchenko, Open Source Contributor

Empower the Healthcare Researchers with a Second AI Brain

AutoCohort

by Iurii (Yurri) Iurchenko
Application Creator, OHDSI Open Source Contributor



Product

AutoCohort in Action

1 2 3 4

Ask a question in 
plain English

Approve the list of 
concepts

AutoCohorts 
builds and checks 
cohorts for you

Run the analysis 
and save code 
and checks 

Ask a question in plain English

 Approve the list of concepts

AutoCohort builds and checks cohorts for 
you

Run the analysis and save code and 
checks
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Life of a Researcher
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New Life of a Researcher



Iurii (Yurri) Iurchenko, Open Source Contributor

Key Features & Functionalities:
Solutions
Architecture



Iurii (Yurri) Iurchenko, Open Source Contributor

Key Features & Functionalities:
Technologies &
Code Snippets

Database Connectors:

Example of a Query Tool:

Example of a Query Builder Agent:
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User Interface



Iurii (Yurri) Iurchenko, Open Source Contributor

Working UI Demo:
May Be Tested Here:
1. Open your internet browser, preferably Chrome, 

and enter the url: https://auto-cohort.figma.site/

2. Test the interface

3. Send your feedback to the email: 
4iurchenko@ieee.org

Disclaimer: This is solely a visual prototype to test user flow and 
interface implementation. For the functional product, please email me at 
4iurchenko@ieee.org

https://auto-cohort.figma.site/


Appendix



Key Feature #1

AI-Powered
Concept Sets Builder
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Key Feature #2
Automated Cohort
Builder & Validator
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Key Feature #3

Automated
Evidence  Builder
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Leveraging LLM to populate OMOP 
Oncology CDM from the EHR 

Subin Kim



Challenges of EHR for Oncology CDM

• Cancer-specific data is unstructured in EHR

– Challenges to standardize clinical data into Oncology CDM

Cancer Modifiers

• Staging/Grading

• Topography

• Histological pattern

• Dimension

• Extension/Invasion

• Metastasis

• Margin

• Biomarker



NLP pipeline

• We are developing strategy to extract the cancer information from pathology report 
using state-of-the-art LLM

Name of Operation

Lung, right upper lobe, lobectomy 

Pathological Diagnosis

Lung, right upper lobe: 

Adenocarcinoma

Tumor size: 2.6x2.3cm

Lymphovascular invasion: Present

{
  "Finding": [
    {

      "ID": 1,
      "Location": "Lung, right upper   lobe",

      "Procedure": "Lobectomy",
      "Main diagnosis": "Adenocarcinoma",
      "Size": "2.6x2.3cm",

      "Finding-specific information": {
      "Lymphovascular invasion": "Present"     

    }
}

{
  "Finding": [
    {

      "ID": 1,
      "Procedure": {

        "evidence": "Lobectomy",
        "answer": "Lobectomy",
        "confidence": 1

      },
      "Location": {

        "evidence": "Lung, right upper lobe",
        "answer": "Lung",
        "confidence": 1

      },  …

Category Answer

Procedure Lobectomy

Histologic type Adenocarcioma

Dimension of tumor 2.6

Lymphovascular 
invasion

Present

Raw data Parsing Extraction Structuring

Parsing & Extraction with Open-source LLM



NLP pipeline

• Step 1: Parsing
– Classify the entire clinical text into four domains: Finding, Lymph node, Biomarker, Others

Name of Operation

Lung, right upper lobe, lobectomy 

Pathological Diagnosis

Lung, right upper lobe: 

Adenocarcinoma

Tumor size: 2.6x2.3cm

Lymphovascular invasion: Present

{
  "Finding": [
    {

      "ID": 1,
      "Location": "Lung, right upper   lobe",

      "Procedure": "Lobectomy",
      "Main diagnosis": "Adenocarcinoma",
      "Size": "2.6x2.3cm",

      "Finding-specific information": {
      "Lymphovascular invasion": "Present"     

    }
}

{
  "Finding": [
    {

      "ID": 1,
      "Procedure": {

        "evidence": "Lobectomy",
        "answer": "Lobectomy",
        "confidence": 1

      },
      "Location": {

        "evidence": "Lung, right upper lobe",
        "answer": "Lung",
        "confidence": 1

      },  …

Category Answer

Procedure Lobectomy

Histologic type Adenocarcioma

Dimension of tumor 2.6

Lymphovascular 
invasion

Present

Raw data Parsing Extraction Structuring



NLP pipeline

• Step 2: Extraction
– Extract cancer-specific modifiers and convert into JSON format

Name of Operation

Lung, right upper lobe, lobectomy 

Pathological Diagnosis

Lung, right upper lobe: 

Adenocarcinoma

Tumor size: 2.6x2.3cm

Lymphovascular invasion: Present

{
  "Finding": [
    {

      "ID": 1,
      "Location": "Lung, right upper   lobe",

      "Procedure": "Lobectomy",
      "Main diagnosis": "Adenocarcinoma",
      "Size": "2.6x2.3cm",

      "Finding-specific information": {
      "Lymphovascular invasion": "Present"     

    }
}

{
  "Finding": [
    {

      "ID": 1,
      "Procedure": {

        "evidence": "Lobectomy",
        "answer": "Lobectomy",
        "confidence": 1

      },
      "Location": {

        "evidence": "Lung, right upper lobe",
        "answer": "Lung",
        "confidence": 1

      },  …

Category Answer

Procedure Lobectomy

Histologic type Adenocarcioma

Dimension of tumor 2.6

Lymphovascular 
invasion

Present

Raw data Parsing Extraction Structuring



NLP pipeline

• CAP protocols are used to define the variables that need to be extracted



NLP pipeline

• Step 2: Extraction
– Extract cancer-specific modifiers and convert into JSON format

Name of Operation

Lung, right upper lobe, lobectomy 

Pathological Diagnosis

Lung, right upper lobe: 

Adenocarcinoma

Tumor size: 2.6x2.3cm

Lymphovascular invasion: Present

{
  "Finding": [
    {

      "ID": 1,
      "Location": "Lung, right upper   lobe",

      "Procedure": "Lobectomy",
      "Main diagnosis": "Adenocarcinoma",
      "Size": "2.6x2.3cm",

      "Finding-specific information": {
      "Lymphovascular invasion": "Present"     

    }
}

{
  "Finding": [
    {

      "ID": 1,
      "Procedure": {

        "evidence": "Lobectomy",
        "answer": "Lobectomy",
        "confidence": 1

      },
      "Location": {

        "evidence": "Lung, right upper lobe",
        "answer": "Lung",
        "confidence": 1

      },  …

Category Answer

Procedure Lobectomy

Histologic type Adenocarcioma

Dimension of tumor 2.6

Lymphovascular 
invasion

Present

Raw data Parsing Extraction Structuring



NLP pipeline

• Step 3: Structuring
– Convert data from JSON format to a structured tabular format

Name of Operation

Lung, right upper lobe, lobectomy 

Pathological Diagnosis

Lung, right upper lobe: 

Adenocarcinoma

Tumor size: 2.6x2.3cm

Lymphovascular invasion: Present

{
  "Finding": [
    {

      "ID": 1,
      "Location": "Lung, right upper   lobe",

      "Procedure": "Lobectomy",
      "Main diagnosis": "Adenocarcinoma",
      "Size": "2.6x2.3cm",

      "Finding-specific information": {
      "Lymphovascular invasion": "Present"     

    }
}

{
  "Finding": [
    {

      "ID": 1,
      "Procedure": {

        "evidence": "Lobectomy",
        "answer": "Lobectomy",
        "confidence": 1

      },
      "Location": {

        "evidence": "Lung, right upper lobe",
        "answer": "Lung",
        "confidence": 1

      },  …

Category Answer

Procedure Lobectomy

Histologic type Adenocarcioma

Dimension of tumor 2.6

Lymphovascular 
invasion

Present

Raw data Parsing Extraction Structuring



NLP pipeline

• Preliminary Result

Type No. of reports No. of category Accuracy (%) Precision (%) Recall (%)

Colorectum 100 1,637 98.4 98.8 99.6

Breast 100 2,614 96.5 96.7 99.9

Lung 100 1,528 93.8 94.1 99.7



Mapping extracted values to OMOP CDM

Extracted data will be coverted to OMOP CDM



Mapping extracted values to OMOP CDM

• Determine vocabulary for each cancer modifier

Category Domain Vocabulary

Diagnosis Condition ICD-O-3

Topography
Measurement Cancer Modifier

Measurement Cancer Modifier

Histology Observation SNOMED

Grade Observation SNOMED

Dimension Measurement Cancer Modifier

Invasion Measurement Cancer Modifier

Resection margin Measurement Cancer Modifier

Lymph node 
metastasis

Measurement SNOMED

Observation SNOMED

Biomarker Measurement

OMOP Genomic

LOINC

NAACCR

T stage Measurement Cancer Modifier

N stage Measurement Cancer Modifier

Category Domain Vocabulary



PK procedure_occurrence_id PK note_id PK note_nlp_id

FK person_id FK person_id FK note_id

FK procedure_concept_id note_date FK section_concept_id

procedure_date note_datetime snippet

procedure_datetime FK note_type_concept_id "offset"

procedure_end_date FK note_class_concept_id lexical_variant

procedure_end_datetime note_title FK note_nlp_concept_id

FK procedure_type_concept_id note_text FK note_nlp_source_concept_id

FK modifier_concept_id FK encoding_concept_id nlp_system

quantity FK language_concept_id nlp_date

FK provider_id FK provider_id nlp_datetime

FK visit_occurrence_id FK visit_occurrence_id term_exists

FK visit_detail_id FK visit_detail_id term_temporal

procedure_source_value note_source_value term_modifiers

FK procedure_source_concept_id note_event_id

modifier_source_value FK note_event_field_concept_id

AlsUnitNo PthoNo description Domain ID Category Values

answer measurement_id

evidence FK person_id

confidence FK measurement_concept_id

answer measurement_date

evidence measurement_datetime

confidence measurement_time

answer FK measurement_type_concept_id NLP (32858)
evidence FK operator_concept_id

confidence value_as_number

answer FK value_as_concept_id

evidence FK unit_concept_id

confidence range_low

answer range_high

evidence FK provider_id

confidence FK visit_occurrence_id

answer FK visit_detail_id

evidence measurement_source_value

confidence FK measurement_source_concept_id

answer unit_source_value

evidence FK unit_source_concept_id

confidence value_source_value

answer measurement_event_id

evidence FK meas_event_field_concept_id

confidence

Details MEASUREMENT

PROCEDURE_OCCURRENCE NOTE NOTE_NLP

Prompt

2700517 SS1932958

**Name of  Operation**

Colon, sigmoid, laparoscopic

anterior resection

**Pathological Diagnosis**

Status post endoscopic mucosal

dissection (See SS19-27461)

Main diagnosis: Adenocarcinoma,

moderately dif ferentiated,

residual, microscopic

◇ Location: Sigmoid colon

◇ Size: 0.2x0.2cm

◇ Depth of  invasion: Invades

through the muscularis propria

into pericolorectal tissues (pT3)

◇ Resection margin

Proximal: Free of  carcinoma

(safety margin: 7.0cm)

Distal: Free of  carcinoma (safety

margin: 5.0cm)

Circumferential: Free of  carcinoma

(safety margin: 1.0cm)

Separately sent, proximal and

distal: Free of  carcinoma

◇ Lymph nodes, regional (1/7):

Metastasis in 1 out of   7  regional

lymph nodes (pN1a)

◇ Lymphovascular invasion: Not

identif ied

◇ Perineural invasion: Not

identif ied

[Additional Report]

1. KRAS mutation

Finding 1

Sigmoid colon

Sigmoid colon

1

Histologic type

Ademnocarcinoma, not otherwise specified

Adenocarcinoma, moderately differentiated, residual, microscopic

1

Location

0.2

Size: 0.2x0.2cm

1

General

Lymphovascular invasion

Not identified

Lymphovascular invasion: Not identified

1

KRAS mutation

Dimension of tumor

Mutation detected: KRAS G12S (GGT>AGT) Mutation

KRAS mutation (Pyrosequencing): KRAS G12S (GGT>AGT) Mutation

1

Lymph Node 1

Location

Regional, NOS

Location: Regional

1

Number of metastasis node

1

Number of metastasis node: 1

1

Number of examined node

7

Number of examined node: 7

1

1 2

3

4

5



Sumin Lee, 
Department of Biomedical Systems Informatics, 
Yonsei University College of Medicine

Frameworks for Trustworthy and Explainable Use of LLMs in Healthcare

• Developed a confidence-linked and uncertainty-based staged framework for phenotype validation using LLMs
• Built an ontology-driven framework for standardizing radiology procedure terminology using LLMs and RAG
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Introduction Methods Results Discussion

CLUES
Confidence-Linked and Uncertainty-based Staged Framework for phenotype validation using LLM

Phenotype algorithm: An operational definition that identifies specific diseases using not only diagnostic codes but 

also relevant clinical characteristics.

• Rigorous validation is required to ensure that the definition accurately captures the patients of true clinical interest

• Gold Standard : Manual Chart review → accurate but time-consuming, resource-intensive, subjective

• LLMs can automate and scale validation → but black-box models, hallucinations, lack of uncertainty awareness

We propose a staged framework “CLUES” using LLMs
• to support large-scale chart review by inferring stroke 

probability from radiology reports
• quantifying uncertainty and applying prompt 

engineering for reliable validation
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Introduction Methods Results Discussion

CLUES
Confidence-Linked and Uncertainty-based Staged Framework for phenotype validation using LLM

Data source & Study population 

• Imaging reports(CT, MRI, angiography) of stroke patients from 24 hospitals in Korea (2011–2022) with expert-validated 

labels

CLUES Framework: At each stage, response uncertainty is quantified, and only results with high reliability are adopted

Overview of the CLUES framework

LLM explicit confidence value p (probability of the patient having a 
stroke)

Entropy of X is calculated by: 

• Stage 1 (LLM initial inference) : Zero-Shot + Ensemble
• Stage 2 (Refinement with additional context): RAG + Few-shot
• Stage 3 (Final human adjudication): Manual chart review 
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Introduction Methods Results Discussion

CLUES
Confidence-Linked and Uncertainty-based Staged Framework for phenotype validation using LLM

• By setting the entropy threshold at the median for each stage, the proportion of cases requiring manual chart 
review (Stage 3) was reduced to 25%

• At all stages, the the low-uncertainty group consistently outperformed the high-uncertainty group
• Performance improved progressively as cases advanced through the staged framework.
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Introduction Methods Results Discussion

CLUES
Confidence-Linked and Uncertainty-based Staged Framework for phenotype validation using LLM

Future Direction: Expand to diverse diseases and datasets

• Develop additional automation strategies leveraging CDM

• Apply the CLUES to patient-level profiles generated using KEEPER (Ostropolets et al., JAMIA, 2024, Schuemie et al., 

NPJ Digit Med, 2025)

Item Category

Patient 
demographics and 
visit context

Demographics, 
Visit_Context, 
Observation_period

Current health 
status and 
diagnostic process

Presentation, 
Comorbidities, 
Symptoms, 
Diagnostic_procedures, 
Measurements, 
Alternative_diagnosis

Prior disease and 
treatment history

Prior_disease, 
Prior_drugs, 
Prior_treatment_proced
ures

Outcomes and 
prognosis after 
treatment

After_disease, 
After_drugs, 
After_treatment_proced
ures, Death

LLM

Apply the CLUES
to patient profile 
review for disease 

adjudication

CDM

Standardized EHR

Patient profiles automatically generated using CDM

Patient Profiles

Target Patients
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Introduction Methods Results Discussion

ARKE
Automated Radiology knowledge Encoding using RAG-LLM

Institutions use custom imaging procedure codes, limiting consistency in phenotyping and data retrieval. 

• While semantic standardization can address this, manual mapping is time-consuming and irreproducible.

• The LOINC/RSNA Radiology Playbook offers radiology-specific granularity by encoding attributes like modality, 

anatomy, and contrast—surpassing general vocabularies such as EDI (claim code), SNOMED.

Example of radiology procedure codes standardization

We propose an automated framework “ARKE” using LLMs and RAG 
• to map logical imaging procedure terms to LOINC-RadLex codes
• Leveraging ontology to ensure semantically consistent standardization

LOINC/RSNA Playbook from LOINC 2.80 (2025-02-26 released)
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Introduction Methods Results Discussion

Data source : 2,126 local imaging procedure terms collected from YUHS, a tertiary hospital in South Korea, with the 

LOINC/RSNA Radiology Playbook (LOINC 2.80) used as the reference standard.

ARKE Framework

ARKE
Automated Radiology knowledge Encoding using RAG-LLM

Workflow of ARKE framework

1

2

3

4

Construct Knowledge Graph from the LOINC/RSNA Radiology Playbook
Convert imaging procedure terms into JSON format (LLM) 
Retrieve Top-10 candidates using rule-based matching (RAG)
Select One (LLM)
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Introduction Methods Results Discussion

ARKE
Automated Radiology knowledge Encoding using RAG-LLM

• ARKE effectively maps imaging procedure terms to LOINC–RadLex codes, often exceeding the silver reference
• LOINC–RadLex outperforms direct LOINC mapping 
• Hit rate improves with larger N → Top-1 alone is insufficient (importance of prompt engineering)
• Weighted matching shows best performance (62% accuracy, Top-5 hit rate 0.68)
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Introduction Methods Results Discussion

ARKE
Automated Radiology knowledge Encoding using RAG-LLM

Future Direction

• Generalization & Scalability

• Expand mapping across multiple health systems and procedure lists

• Extend beyond radiology (e.g., SNOMED, ICD-10-PCS)

• Framework Refinement

• Enhance weighted-match attribute selection

• Apply chain-of-thought prompting for better interpretability

• Evaluation & Validation

• Broaden reviewer studies with inter-rater agreement metrics

• Perform error analysis to address ambiguous or difficult cases

• Collaboration & Community

• Collaborate with OHDSI Vocabulary WG for standardization

• Leverage prior work on ICD-10PCS  SNOMED mapping



Thank you

Sumin Lee (lsm0801@yuhs.ac)
Seng Chan You (chandryou@yuhs.ac)
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From ATLAS to Strategus: LLM-Powered Automated Study 
Design with THESEUS



ATLAS

⚫ A web-based tool for designing observational studies with graphical user interface (GUI).

⚫ Researchers without programming knowledge can design and execute analyses.



Strategus

⚫ R package for coordinating and executing analyses using OHDSI HADES modules.

⚫ A researcher can create a JSON document that specifies study designs and distribute it to other 
researchers for network studies.



Strategus Template

CreateStrategus
AnalysisSpecification.R

(Configure your studies with 
HADES modules)

AnalysisSpecification.json

StrategusCodeToRun.R

(Specify your OMOP-CDM DB 
connection details)

Results

ATLAS

(Cohort Definition)

DownloadCohorts.R

(Specify Cohort IDs 
defined at ATLAS)

Cohort Definitions

(CSV, JSON, SQL)

WebAPI



Limitation of Strategus

ATLAS provides GUI tools for 
researchers to define cohorts 
without programming expertise

Strategus requires knowledge of 
R and HADES modules

What if researchers could create Strategus scripts 
with a simple click of a button in ATLAS?

VS



THESEUS: Text-guided Health-study Estimation and Specification Engine Using Strategus

⚫ A prototype app modeled on the ‘population-level estimation’ tab of ATLAS.

⚫ Key Features (Powered by LLM):

1. Users can input study design in free text, which is automatically reflected in the ATLAS UI

2. Users can convert their study design into Strategus Script (CreateAnalysisSpecification.R)

https://theseus2.vercel.app/

https://theseus2.vercel.app/


THESEUS: Text-guided Health-study Estimation and Specification Engine Using Strategus

Copy the generated R script into ‘CreateStrategusAnalysisSpecification.R’ in the Strategus study 
repository template and execute it.

CreateStratregusAnalysisSpecification.R



Findings

⚫ GPT-5 can convert natural language into ATLAS study configurations, but sometimes fails to 
completely understand complex analysis descriptions.

⚫ As long as the analysis settings are provided, GPT-5 is excellent at generating the Strategus code.

⚫ The sole issue:
‘createEmptyAnalysisSpecificiations()’ is sometimes altered to ‘createEmptyAnalysisSpecifications()’
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