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Background 

The interoperability between Fast Healthcare Interoperability Resources (FHIR) and the 

Observational Medical Outcomes Partnership Common Data Model (OMOP CDM) has become 

increasingly important for healthcare data research [1]. While FHIR excels as a clinical data exchange 

standard, OMOP provides a standardized format optimized for observational research. Converting 

data between these models presents significant challenges in maintaining data integrity and 

traceability. 

The HL7 Vulcan FHIR→OMOP Working Group was established to develop a standard implementation 

guide for this transformation [2-4]. Previous work, including the FHIR-to-OMOP Cookbook, CAMP 

FHIR, and NACHC's fhir-to-omop, has focused primarily on mapping between resources and tables 

[5-10].  Here we implement comprehensive data lineage tracking throughout the transformation 

process. 

This paper presents our experience implementing a FHIR→OMOP transformation API [10] that 

captures data lineage, enabling tracing of data from source to destination across four dimensions: 

●​ Data Source Provenance: Tracking source system provenance of each element. 

●​ Entity Lineage: Maintaining traceability from FHIR resources to resulting OMOP table rows. 

●​ Concept Standardization: Recording source codes to OMOP standard concepts. 

●​ Processing Events: Capturing comprehensive logs of transformation decisions, including 

warnings, informational messages, errors, and documentation of FHIR resources that do not 

result in OMOP rows with detailed explanations. 

Methods 

We developed a REST-based FHIR→OMOP conversion API [11] that implements a comprehensive 

data transformation pipeline: data ingestion → concept standardization → domain identification → 

field mapping → OMOP output.  Concept standardization follows established OMOP conventions, 

including THEMIS collaborative recommendations for standardized analytics [12] and quality criteria 

from the OHDSI Network Data Quality Dashboard [13]. Source codes are mapped to OMOP standard 

concepts using the CareEvolution Orchestrate Terminology API which performs exact code and 



display matching and natural language processing.  When standard concepts cannot be identified, 

source codes are preserved with concept_id = 0 and detailed rationale captured in the 

PROCESSING_LOG table.  

Throughout this pipeline, we maintain comprehensive lineage tracking, populating three extension 

tables alongside standard OMOP CDM tables: 

DATA_SOURCE Table: Captures data source lineage and entity tracking by maintaining unique 

resource IDs for each FHIR resource, source system metadata, and complete mapping between FHIR 

resource instances and resulting OMOP table rows. 

SOURCE_CODING Table: Documents concept standardization, preserving original source codes and 

links to OMOP rows. 

PROCESSING_LOG Table: Records all processing events including transformation decisions, data 

quality issues, exclusion rationales, and detailed explanations for FHIR resources that are not 

transformed to OMOP records.  Events are categorized based on level (Error, Information, Warning) 

and a structured set of codes (See Table 2 below). 

 

Figure 1: FHIR→OMOP transformation pipeline with comprehensive data lineage tracking. 

We considered leveraging existing OMOP tables for lineage data but concluded that they were not 

appropriate or adequate.   We found the existing OMOP CDM tables to be inadequate for 

comprehensive FHIR→OMOP lineage tracking because the METADATA table is designed only for 

high-level CDM instance information rather than individual resource transformation tracking, while 

the FACT_RELATIONSHIP table captures relationships between OMOP facts rather than lineage back 

to source FHIR resources. The SOURCE_TO_CONCEPT_MAP table, while useful for vocabulary 

mappings, requires pre-loading vocabularies into the OMOP vocabulary tables and has column 

length constraints that cannot reliably accommodate FHIR codesystem URLs as vocabulary IDs, 

making it impractical for FHIR data sources that contain a wide variety of site-specific code systems 

in a non-database-based ETL approach. Therefore, we implemented three purpose-built extension 

tables to capture the four-dimensional lineage framework and handle the diverse vocabulary 

landscape with full URL preservation that standard OMOP CDM tables were not designed to 

accommodate. 



​ ​ ​ Figure 2: Extension table schemas.   

The dataset was drawn from the PRediction Of Glycemic RESponse Study 

(PROGRESS) study conducted by Scripps Digital Clinical Trials Center using 

CareEvolution’s MyDataHelps research platform [14, 15].  The data for 665 

individuals was sourced via participant-mediated exchange from 2170 unique zip 

codes across 46 US states and a diverse set of EMRs and other FHIR providers.  

On average, each individual had data from 6.3 source systems.     

To ensure adherence to the OMOP CDM standard, we ran output through the 

OHDSI Data Quality Dashboard and deployed a managed instance of OHDSI's 

Atlas tool connected to the OMOP CDM output.          

Table 1: Individuals by Data Source 

To ensure adherence to the OMOP CDM standard, we ran output through the OHDSI Data Quality 

Dashboard and deployed a managed instance of OHDSI's Atlas tool connected to the OMOP CDM 

output. 
 

Results 

For this study, we processed over 2.8 million 

FHIR resources, generating comprehensive 

lineage data for all transformations through 

the three extension tables. The DATA_SOURCE 

table maintained complete entity tracking 

with over unique FHIR resource IDs linked to 

1.1 million corresponding OMOP table rows. 

The SOURCE_CODING table documented over 

3.8 million source codings, preserving both 

successful standardizations and unmappable 

source codes. The PROCESSING_LOG table 

captured detailed transformation events.       ​ ​ ​ ​ ​   Table 2: PROCESSING_LOG events 



 

Lineage tracking revealed patterns in 
data transformation decisions. For 
example, nearly 522k resources were 
duplicates.  ~19% of over 75,358 
Condition resources were 
transformed to OBSERVATION rather 
than CONDITION_OCCURRENCE if no 
standard OMOP concept can be 
applied or missing onset date.  2% of 
Condition resources did not populate 
an OMOP row due to verification 
codes (OMOP requires only 
confirmed conditions).  More than 
99% of all non-duplicate resources 
generated rows in OMOP tables. 
​ ​ ​ ​
​       

          Figure 3: Heat map of % of FHIR resources by resourceType 

mapped to each OMOP table (FHIR resources can map to multiple OMOP rows)  

To validate our lineage approach, we conducted trace-back tests on randomly selected OMOP 

records across all domains. Using our extension tables, we were able to reconstruct the complete 

data transformation chain back to the original FHIR resources. 

Conclusions 

Our FHIR→OMOP transformation pipeline with data lineage tracking addresses a gap in healthcare data 

interoperability for research. By systematically tracking data source lineage, entity relationships, 

concept standardization decisions, and processing events through dedicated extension tables, we 

enable researchers to understand precisely how data has been transformed. 

The OHDSI community should recognize comprehensive data lineage as an essential component of 

FHIR→OMOP transformation pipelines. Our four-component lineage framework (data source, entity 

tracking, concept standardization, and processing events) provides a potential  approach for 

implementing data traceability. The three extension tables offer a practical implementation model that 

other organizations can adopt to enhance transparency and trust in their transformed data. 

This approach has particular significance for regulatory compliance and research validation, where 

complete data provenance is essential. Building on methodological foundations established in the FHIR 

to OMOP Cookbook and extending prior work presented at OHDSI 2024, our implementation 



demonstrates that comprehensive lineage tracking is achievable at scale and significantly enhances the 

trustworthiness of transformed data for research applications. 

Future work will focus on enhancing granularity of the processing log based on researcher feedback and 

developing standardized reporting mechanisms that leverage lineage data to provide researchers with 

automated data quality assessments and transformation summaries. 
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