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Background 

Advances in genomics and phenomics have transformed disease diagnosis and treatment. Despite 
estimates that environmental factors may be a larger predictor of disease mortality than genetics alone1, 
exposure data remain difficult to integrate into medical research and care. This is partially due to the lack 
of standards available for linking health data and environmental data when compared to genomics and 
phenomics. In OMOP, exposure information is linked to a participant record using the proposed external 
exposure, location, and location history tables. The environmental data sets used to calculate exposures 
can be discovered using the Gaia Catalog and processed to patient-level values using repeatable 
workflows in GaiaDB. While several efforts have successfully documented metadata for geospatial data 
sets (such as the OHDSI GIS WG), many details in how environmental data are made available and 
prepared for analysis still go undocumented, depending on downstream requirements (e.g. comparability 
of results, reproducibility). Furthermore, the community has not yet agreed on a standard to share such 
metadata beyond specific projects such as OMOP. This poster will present a prototype standard for 
representing geolocated environmental metadata that will support consistency and reproducibility in 
environmental health studies. Lessons learned from this activity will provide feedback to the OHDSI GIS 
WG.  

Methods 

Prototype development was driven by use cases gathered from participation in the OHDSI GIS Working 
Group, the ESIP Geodata 4 Health Cluster, and the GA4GH Human Exposomics Data Standards Study 
Group, a review of the environmental epidemiology literature, a review of project documentation from 
C-HER2, Amadeus3, CLAD4, HEW-DA5, and DEGAUSS6, and interviews with environmental epidemiologists. 
We selected a toy example of five U.S. academic health centers collaborating to study the impact of heat 
stress to guide development and defining the problem. In this example, these sites co-author a single 
OHDSI network analysis using daily maximum air temperature during the summer from 2018-2022. This 
example compared two different methods to calculate environmental variables for each patient: 1) Daily 
Tmax via the DeGAUSS Daymet container (Daymet V4 R1), and 2) Daily Tmmx via the amadeus R package 
(GridMET / METDATA). Each site executed the same geocoding and environmental data analysis locally 
and assigned temperatures to patients based on their residential address - one numeric value per person-
day. The toy example is available in GitHub7.  

Results 

The two different pipelines examined in the toy example resulted in different temperature values for 
the same person at the same site (43.91 C Daymet DEGAUSS vs 42.65 GridMET Amadeus). This 
discrepancy (1.26 C) was enough to shift a 95th percentile heat-day classification resulting in different 
definitions of “extreme heat”. While this is not unexpected, the inconsistent metadata payloads from 
each of the pipelines makes it difficult to reveal the reason for this difference. Closer examination of 
metadata between the sites showed differences in day-boundary convention, extraction rules, and 
reference period for the 95th-percentile threshold that were not captured in the current pipeline 
metadata. This is likely only a subset of the metadata needed to explain these differences.  



 
 

Conclusion 

To address this problem, we propose to develop a metadata standard using LinkML8 (a highly descriptive, 
program-agnostic modeling language) to describe essential metadata that is emitted as a by-product of 
exposure data pipelines - a metadata “sidecar”. Tools that ignore the sidecar would be unaffected; tools 
that consume it would be able to validate, compare, and audit the methodology behind each value. One 
of the barriers to understanding the impact of environmental exposures on health is the difficulty in 
reproducibility and comparing results across studies and data sets, as demonstrated by this work. This 
proposed sidecar approach makes methodological differences explicit, enabling a coordinator (human or 
machine) to detect each divergence prior to pooling and decide whether to re-run, exclude, or pool with 
method-aware weighting. Exposure values can then become structured, citable, comparable scientific 
objects, not numerical values reported in free-text methods sections. 
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