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Background 
Clinical applications of sequencing and -omics data remain an underutilized resource for patient care in the 
push for precision medicine.1 Clinicians can learn valuable patient-specific information from sequencing 
data, including PRSs (polygenic risk scores)2,3, SVs (structural variants),4,5 SNPs (single nucleotide 
permutations),6 and TCR repertoire profiling7. Unfortunately, this crucial information is often buried in -
omics databases that are impractical for clinical use.8,9 Furthermore, the multitude of biological silos housing 
this data do not conform to the same naming conventions, formatting, etc. Standardization is overall lacking. 
Bioinformaticians, clinical informaticists, computational biologists, and other stakeholders aim to provide 
clinicians with diagnostically relevant genetic information in a manner that is interpretable and useful at 
the point of care.10 To do this, we map select -omics data to the Observational Medical Outcomes Partnership 
Common Data Model (OMOP CDM)11 to enforce standardization, and facilitate clinical decision support. 
Methods 
We developed a pipeline (Figure 1) for integrating diverse sequencing and molecular datasets into the 
OMOP CDM by expanding the ROMOPOmics R package (https://github.com/ngiangre/ROMOPOmics).12 
The ROMOPOmics R package facilitates the conversion of sample-centric to observation-centric tabular 
data for generating a SQLite database of tables in the common data model.  

 



Figure 1. Pipeline overview. We first collect and curate sequencing-based datasets. We then correspond the input 
data fields to fields mapping to tables in the common data model, using a custom OMOP version 6 CDM file. Then 
the sample-centric data is converted to observation-centric data via ROMOPOmics and into a SQLite database of 
tables following the common data model. 
Conclusion 
We have developed a proof-of-concept pipeline and database infrastructure for clinical bioinformatics. This 
database infrastructure facilitates referencing deriving patient-level information from sample-level data 
using simple SQL queries, which is rare in bioinformatics and allows future feasibility and comparative 
research in a clinical context. Future goals include automating the process of corresponding fields and tables 
in the CDM to fields from input data such that a custom “mask” does not have to be developed for each 
bioinformatics pipeline. 
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