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BACKGROUND PHASES OF ANNOTATION IMPLEMENTATION

Deficiencies in Observational Data Context To prevent the case studies illustrated from going undetected 3 phases of annotation implementation are required:

. Observational patient data often entails significant adaptation and abstraction from transactional systems (1) to
adhere to the source country’s privacy laws, information security policies, and industry standards.

. The transformative nature of these preparation steps is rarely fully captured in vendor-provided documents.

. Users need to discover these nuances through review and hands-on utilization, resulting in a high likelihood of
unhandled data quality issues and undocumented contextual nuance that can bias study results.

. Critical information is left unknown to novice users or forgotten by seasoned researchers.

PHASE 1: Formalization of a system that identifies notable data elements

. Both automated processes and manual observations can provide annotation candidates.

. Trend anomalies are identifiable using Achilles (Figures 1 and 2).

. The development of an algorithm that highlights anomalies to data custodians would ensure that all possible
trend-related annotation opportunities are identified.

PHASE 2: Adopting standards for annotation storage

Metadata and Annotations . The CDM Metadata table can suitably store annotations from the case study examples (Table 1).

. Metadata refers to “the information we create, store, and share to describe things” (1).
*  An annotation is a type of metadata in which “an intentional and topical value-adding note” is tagged to a data metadata metadata metadata type valueas  metadata metadata | Table1:Demo of how

. . . id conceptid conceptid name value as strin concept id |datetime date annotations could be
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. . , , . While informative, the CDM Metadata table will not help provide solutions to the problems it describes.
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: . , . If the annotations stored in the CDM Metadata table could be considered “observational,” then an
. No formalized construct to store metadata in the OMOP Common Data Model (CDM) as of version 5.2.0. e : ” : . . .
interventional” annotation table could store suggestions on how best to handle such situations when

. A recent metadata storage proposal has been approved for use in an upcoming release of the OMOP CDM (3).

CASE STUDIES

designing studies that require their data elements (mocked up in Table 2).

. o . . _ _ metadata id |suggested concept id valid start date valid end date
Two case studies, utilizing Optum Clinformatics® DataMart (OPTUM) claims, demonstrate the need for OHDSI sites to: ; ; e Table 2: Potential “interventional” annotation table that could be
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avoidable study design mistakes. 2 4223659 2015-10-012099-12-31

3. Consider an “interventional” annotation table to store suggestions on how to handle data anomalies once
identified. PHASE 3: Utilization of annotations in applications
. Given the cataloguing of notable events and suggestions on how to address them, the opportunity to guide

CASE STUDY 1: Social Security Death Master File Atlas users away from avoidable design flaws becomes possible (Figures 3 and 4).

. OPTUM sources death events from the Social Security Administration (SSA)’s Death Master File (DMF), which
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CONCLUSIONS
S . In both case studies, major shifts in data prevalence are visible in Achilles, but the circumstances around their
T existence are not immediately clear to novice users, nor are solutions available on how to handle their
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. Human- and algorithm-generated annotation allows expression of this information in applications like Atlas.

. We recommend that OHDSI sites adopt both observational and interventional annotations as standard practice
and store them in the upcoming metadata repository to help researchers avoid flawed study design,
particularly when conducting studies against multiple CDM data sets.

CASE STUDY 2: ICD9CM to ICD10CM Migration

. The overhaul of diagnosis claims in the US to switch from ICD9CM to ICD10CM began in October 2015.

. Major drop in prevalence of conditions like “malaise and fatigue” (concept id 439926) could cause confusion or
be neglected altogether in concept set / cohort design (Figure 2).
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