
Fine-tuning OMOP databases to create Analysis-Ready Data is a key step

in ensuring robust insights for small cohorts in a federated setting
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Background: Interoperability between healthcare databases is increasingly important for conducting large-scale observational studies from
multiple sources. While the OMOP Common Data Model (CDM) is widely used to standardize data structure and semantics, hospitals often
remain reluctant to centralize patient-level data due to strict privacy regulations. Federated analytics offers a solution by bringing the analysis
directly to the local data. Recently, the dsOMOP package (1) was introduced to bridge this gap, connecting OMOP-formatted databases with
DataSHIELD, a secure infrastructure for non-disclosive federated analysis.
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Table 1. Exact Match Rates by method and confidentiality threshold

Methods

Results

The small KADOr dataset (N=315) was
standardized to OMOP (2) and distributed
across 3 PostgreSQL nodes (N=157, N=94, N=64)
connected to a DataSHIELD server (Figure 1).
This small dataset represents a challenging
scenario for standard privacy controls.

To reproduce 72 centralized descriptive
statistics and subgroups analysis (by pCR and by
treatments), we compared 3 data access
workflows:
• Standard dsOMOP: Queries via the translation

layer with extraction-level privacy checks.
• dsOMOP + Aggregated Concepts: Injection of

grouped concepts upstream to increase
patient density.

• Direct Access: Bypassing the translation layer
using the resourcer package (3) to apply
disclosure controls at the aggregation step
only.

Performance was assessed using the Exact
Match Rate (EMR) against centralized results
across varying privacy thresholds (nfilter in
{1,2,3} defined as the minimum non-zero count
of observational units, typically individuals, in a
subset).

Figure 1. Federated infrastructure data flow

OMOP KADor 
subset 1

Data tables

PostgreSQL 
server

Vocabularies

DataSHIELD server 1

dsOMOP

Secured access via a OMOP Resource
OMOP 
KADor 

subset 2

PostgreSQL 
server

DataSHIELD server 
2

DataSHIELD 
server’s R session

OMOP 
KADor 

subset 3

PostgreSQL 
server

DataSHIELD server 
3

DataSHIELD 
server’s R session

Analyst

Combine results

DataSHIELD analysis commands
Non-disclosive summary statistics

Pathologic T2 class table
Pathologic T3 class table

Pathologic T4d class table

from 1 to 3 translated table:

Example of measurement table from the OMOP database (tumor size)

DataSHIELD server’s R session

Pathologic T classification : Tumor stage based on 
surgical examination.

dsBaseClient & other 
analysis packages

DataShield interface 
(DSI)

dsOMOPClient

DataSHIELD Client’s R 
session

v

Not returned if nb unique patients < nfilter_subset (3 in default)

orchestrates

Data controller firewall

person_id measurement_concept_id measurement_source_value
2 1635562 T2
3 1633909 T4d
4 1634376 T3
5 1635562 T2
8 1634376 T3
9 1635562 T2
11 1634376 T3
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Under default privacy settings (nfilter=3), the standard dsOMOP
approach demonstrated limited reproducibility, achieving an EMR of
only 44% (Table 1). The primary bottleneck was the extraction-
level (using nfilter_subset & tab), which systematically blocked
granular concepts required for subgroup definitions such as
pathologic complete response (pCR) (Figure 1 - pCR T4d class
example).

To overcome this, we injected pre-aggregated concepts upstream
directly into the measurement table, which improved the EMR to
66%. However, neither this data engineering approach nor the use
of Direct Access (via the resourcer package to bypass extraction-
level filters) was sufficient to achieve full concordance under default
settings. In our case, a perfect 100% EMR—faithfully reproducing all
72 analyses—could only be achieved by lowering the privacy filters
to nfilter=1.

person_id measurement_source_value
3 T4d

dsOMOP + new concepts + new resource

nfilter_subset & tab = 3 44% 66% 66%
With subgroups 

analysisnfilter_subset & tab = 2 46% 69% 69%

nfilter_subset & tab = 1 100% 100% 100%

nfilter_subset & tab = 3 67% 67% 71% Without 

subgroups 

analysis
nfilter_subset & tab = 2 72% 72% 72%

nfilter_subset & tab = 1 100% 100% 100%

Limitations: This highlights a critical methodological limitation: when working with small datasets researchers must carefully anticipate their analytical
strategy. DataSHIELD's privacy disclosure traps inherently restrict the feasibility of highly granular subgroup analyses on small cohorts, demonstrating
that not all desired analyses can be technically executed without relaxing standard data protection | privacy settings.
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Conclusion: While standard dsOMOP guarantees robust privacy protection, its default filters restrict analytical depth in small cohorts. We strongly suggest to
researchers to careful monitor data and privacy levels required to answer research objectives. A feasibility study should be performed:
1/ to evaluate if additional concepts are necessary (what we call ARD: Analysis Ready Data), aligned with each scientific assessment criteria.
2/ to estimate statistical precision obtained according to different data filters level in each node (or center).
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