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Background
	The intersection of psychiatric research and routinely collected real world data (RWD) is quickly evolving as the ability to quantify psychiatric illness progression through structured data, including scales, measurements, and observations, grows.1 This opens up the door for more complex and more specific research inquiries such as large-scale, reproducible comparative-effectiveness studies.2 As researchers begin to ask more study questions, the problem arises regarding what can be asked, where relevant data reside, how complete they are, and which data-holding institutions can support those questions. This is where our psychiatry focused landscape analysis comes into use. The Observational Medical Outcomes Partnership (OMOP) Common Data Model (CDM) is designed to transform source electronic healthcare record (EHR) data into a standardized dataset containing standardized medical concepts, allowing for federated data networks.3 Such federated analyses rely on open-source OHDSI tooling (e.g., ATLAS, ACHILLES, DataQualityDashboard) to characterise data locally while sharing only de-identified aggregates.4,5,6 To facilitate the design of future psychiatric RWD studies, the OMOP CDM is a useful tool to assess what institutions have useful de-identified clinical psychiatric data. Our objective is to carry out a systematic, network-wide landscape analysis that (1) quantifies the availability of key psychiatric data elements: diagnoses, psychometric scales, medication exposures; (2) evaluates their completeness and conformance with established OHDSI tools, and (3) characterises site-level heterogeneity to support evidence-based study-feasibility decisions. Landscape analysis using de-identified, aggregated data from the participants of such networks will may subsequently guide rigorous phenotype construction and power calculations for future psychiatric studies.


Methods
	To assess the OMOP community’s ability to provide de-identified data for future psychiatry related research studies we implemented a four-phase, standardized framework: (1) Create a list of concepts of interest from the standardized terminologies used in OMOP across the domains of interest (Conditions, Measurements, Procedures) along with their groupings for better results interpretability; (2)  Provide psychiatry landscape analysis code and documentation package to list of sites with de-identified OMOP clinical datasets; (3) Sites will run the landscape analysis and provide results back to our team; (4) Our team will collect results, performs automated plausibility and data-quality validation using CohortDiagnostics, and store them in the psychiatry landscape analysis database. Results will be shared with the Observation Health Data Sciences and Informatics (OHDSI) community and other researchers looking to start their psychiatry focused study. The psychiatry landscape analysis code and documentation package will return descriptive statistics about the OMOP database. Providing answers to such as the following:
· Count of distinct patients within the defined psychiatry cohort.
· Count of patients with each available gender within the defined psychiatry cohort.
· Count of age bucketed by 10 year increments within the defined psychiatry cohort.
· List of available psychometric scales(e.g., PHQ-9, GAD-7) and patient counts for psychometric scales in an ER and inpatient setting within the defined psychiatry cohort.
· Top ten psychiatric ICD/SNOMED concepts by prevalence, and the proportion of patients with co-occurring substance-use disorders.
· Data-quality indicators.
· Etc…
It is important to note that the psychiatry landscape analysis will not return any direct data from the OMOP database, only descriptive statistics. All participating sites will sign a data-use agreement, and outputs will be suppressed for cells <5. These descriptive statistics will be entered into the psychiatry landscape analysis database and shared with prospective researchers upon request.

Results
	We have completed the first milestone: construction and internal validation of concept “buckets” that map core psychiatric constructs across three OMOP domains - Conditions (N = 1674 ICD9CM/ICD10CM/SNOMED concepts clustered into mood and anxiety, psychotic and organic mental disorders, substance-related (drug dependence / abuse) conditions, neurodevelopmental and childhood impulse-control disorders, eating and sleep disorders, personality and psychosexual dysfunctions, somatoform and adjustment disorders, dementia, and specific codes for suicidal behaviour), Measurements (N = 30 psychometric-scale concepts such as GAD-7, PHQ-9 Total, PC-PTSD-5, BPRS), and Procedures (N = 982 intervention concepts including administrative encounters (e.g., care-plan documentation), patient education and counselling sessions, dedicated mental-healthcare services (crisis‐team contacts, day-hospital care), regimen/therapy management for pharmacologic or behavioural protocols, structured interview, history, and physical-examination codes, introduction assessments, ongoing management visits, physiological or symptom monitoring, formal evaluations, core therapeutic procedures such as electroconvulsive therapy, transcranial magnetic stimulation, and ketamine infusion). Full network execution is scheduled for Q3 2025; aggregated counts, longitudinal completeness metrics, and data-quality dashboards will be presented at the global symposium.

Conclusion
Our in-progress study demonstrates that scalable, privacy-preserving landscape analyses can quickly reveal psychiatric-data depth and heterogeneity across an OMOP network, informing study design, sample-size calculations, and phenotype refinement for future comparative-effectiveness and prognostic research.
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