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Background 

Emerging innovations in artificial intelligence and machine learning (AI/ML) offer powerful tools that can 
help generate robust knowledge to support the development of precision rehabilitation approaches for 
varied patient populations.1 Following research data sharing mandates2 and the widespread adoption of 
electronic health records,3 there are vast quantities of research and clinical data available that can be 
aggregated into large-scale datasets to train and be analyzed by complex AI/ML models. However, there 
is a pronounced lack of interoperability across both research-generated and clinical rehabilitation datasets 
due to siloed, heterogeneous data collection and storage, which presents a massive barrier to 
aggregation.4 The Observational Medical Outcomes Partnership (OMOP) common data model (CDM) is a 
widely used, open-source, and well-supported framework with an established history of improving EHR 
data interoperability across numerous medical fields,5 and there is growing advocacy for its use specifically 
for rehabilitation data.6,7 In anticipation of increasing adoption in clinical rehabilitation contexts, it is 
pertinent to explore the OMOP CDM’s ability to act as a bridge for incorporating structured rehabilitation 
research data into clinical datasets, with the goal of enhancing data diversity, volume, and granularity for 
AI/ML models. As a foundational step, we evaluated the ability of the OMOP CDM8 to represent data in a 
harmonized, multi-site repository of stroke rehabilitation research data: the Enhancing NeuroImaging 
Genetics through Meta-Analysis Stroke Recovery (ENIGMA-SR) database.9 
 

Methods 

We evaluated the breadth and depth of OMOP coverage of rehabilitation-related (non-imaging) variables 
(n=932) from the ENIGMA-SR database (2,400 participants, 62 research cohorts),9 spanning two 
categories: (1) demographics and medical history (DMH) and (2) rehabilitation assessments. To enable 
more structured and interpretable analyses, variables were represented by “proxy” data elements 
(n=246), removing qualifiers of laterality, anatomical location, or timing. DMH variables (n=46) and 
distinct assessments (n=95) were represented by data elements 1-to-1. For complex assessments (n=73; 
those having multiple items or datapoints), additional data elements were included for assessment 
subscales and items (one representing all datapoints at each granularity level per assessment). 



 

 

 

Using a similar approach to previous studies,7,10 based on OHDSI recommendations,8 two raters with 
extensive knowledge of ENIGMA-SR data independently mapped each element to standard OMOP 
concepts, facilitated by automated USAGI11 recommendations and supplemental information from 
Athena.12 Mapping was completed exhaustively for each data element (using all appropriate concepts). 
Initial rater agreement was assessed for OMOP inclusion (data element mapped to at least one concept) 
and for specific OMOP concepts used (primary metric: Gwet’s agreement coefficient [AC]).13 Mapping 
differences were reconciled via discussion between raters. Final mappings were descriptively analyzed to 
examine (1) OMOP inclusion of DMH variables and distinct assessments, (2) inclusion of more granular 
levels of complex assessments (subscales, items), and (3) characteristics of mapped concepts. 
 

Results 

Initial rater agreement was good/very good for OMOP inclusion of DMH and assessment data elements 
(Gwet’s AC: 0.79 and 0.89) and for specific OMOP concepts mapped to assessment- and subscale-level 
data elements (Gwet’s AC: 0.79). Initial concept agreement between raters was more variable for DMH 
and item-level data elements; however, all mapping differences were successfully reconciled to 100%.  

DMH data elements generally had far higher OMOP inclusion than rehabilitation assessments (overall, at 
any granularity level): 84.8% (39/46) vs 58.9% (56/95; Table 1). Excluded DMH data elements all had 
stroke-related qualifiers (e.g., ‘Handedness after stroke’). Assessments had variable inclusion based on 
type (i.e., cognitive, global function, psychosocial, or sensorimotor), ranging from 51.5% (17/33) for 
cognitive to 69.2% (9/13) for psychosocial assessments. OMOP coverage was especially limited for more 
granular levels of complex assessments, including only 9.4% (3/32) of subscale-level and 19.2% (14/73) of 
item-level data elements. Comparing the highest level of granularity included for each complex 
assessment, OMOP had lower granularity (i.e., fewer assessments with item-level coverage) than 
ENIGMA-SR for 56.2% (41/73) of assessments and higher granularity for only 11% (8/73). Notably, several 
critical motor rehabilitation assessments frequently collected in stroke research were absent or had very 
limited coverage: Fugl-Meyer Upper Extremity Motor Assessment, Wolf Motor Function Test, and Action 
Research Arm Test. 

 

Table 1. OMOP inclusion of ENIGMA-SR rehabilitation data elements by category and granularity 

Data category 
Data elements  

n 

OMOP inclusion* 

n (%) 

Demographics & medical history 46 39 (84.8%) 

Assessments (overall, at any level) 95 56 (58.9%) 

Complex assessments, assessment level 73 44 (60.3%) 

Complex assessments, subscale level 32 3 (9.4%) 

Complex assessments, item level 73 14 (19.2%) 

*Inclusion = mapping to ≥ 1 OMOP concept: For distinct assessments, at any or 
granularity level (assessment-, subscale-, or item-level), and for all other categories, per 
data element 

 



 

 

 

Across both data element categories, we observed sizable variability in representation within the OMOP 
CDM structure, consistent with prior rehabilitation mapping work.7 DMH elements were mapped to a 
median of 6 concepts (range: 1-23), and 58% of these multi-mapped elements had concepts spanning 2-
3 different OMOP domains (Figure 1a; most often Observation, Condition, and Meas Value). Similarly, 
assessment-level elements were mapped to a median of 2 concepts (range: 1-8), with 53.6% of multi-
mapped elements having concepts from 2 domains (Figure 1b; most often Measurement and 
Observation). Conversely, each subscale- and item-level element was mapped to concepts exclusive to a 
single domain (Figure 1c; either Observation or Measurement). Overall, these differences present major 
challenges to data harmonization, potentially creating variability in both where and how the same 
construct is stored across datasets. 

 

 

Figure 1. Number of OMOP concepts and domains per mapped (A) demographics and medical history (DMH) data element, (B) 
assessment-level data element, and (C) subscale- and item-level assessment data elements 

 

Conclusion 

The OMOP CDM provides strong coverage of DMH data and moderate top-level coverage of 
rehabilitation-related assessments housed within the ENIGMA-SR database, though has far more limited 
coverage of more granular assessment data. Furthermore, substantial variability in concepts and domains 
may present additional challenges for the specific use case of harmonizing and aggregating research-
generated and clinical rehabilitation data into AI/ML-ready datasets. The most immediate steps that can 
be taken to help realize OMOP’s potential as a bridge between these data sources are expanding the 
vocabulary to include more rehabilitation-related concepts and building cross-walks to research-oriented 
data standards (e.g., National Institute of Neurological Disorders and Stroke [NINDS] NeuroRehab 
Common Data Elements).14 For the OHDSI community, these findings highlight targets for vocabulary 
development and related opportunities to expand the utility of the OMOP CDM into a novel, but highly 
relevant and impactful context. 
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