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The U.S. Food and Drug Administration (FDA) Amendments Act of
2007 mandated that the FDA develop a system for using auto-
mated health care data to identify risks of marketed drugs and
other medical products. The Observational Medical Outcomes Part-
nership is a public–private partnership among the FDA, academia,
data owners, and the pharmaceutical industry that is responding to
the need to advance the science of active medical product safety
surveillance by using existing observational databases. The Obser-
vational Medical Outcomes Partnership’s transparent, open innova-
tion approach is designed to systematically and empirically study

critical governance, data resource, and methodological issues and
their interrelationships in establishing a viable national program of
active drug safety surveillance by using observational data. This
article describes the governance structure, data-access model,
methods-testing approach, and technology development of this
effort, as well as the work that has been initiated.
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When a new drug is approved, understanding of the
product’s safety profile is limited by the relatively

small and narrowly defined study populations in the clin-
ical trials required for approval. Uncommon adverse events
are difficult to detect during premarket testing; therefore,
developing methods to rapidly detect such events in the
postmarket period is an urgent goal of the public health
system. Currently, the U.S. Food and Drug Administra-
tion (FDA) relies primarily on the submission of sponta-
neous reports, which are often incomplete, reflect only a
small percentage of actual events, and have limited use for
outcomes with high background rates (1). Observational
databases, containing administrative claims and electronic
health records (EHRs), have frequently been used to char-
acterize utilization patterns, track patient outcomes, and
conduct formal pharmacoepidemiologic evaluation studies.
However, the potential of these observational databases for
active surveillance of medical products has not been sub-
stantively explored (2), except for vaccines (3). This gap in
the understanding of how best to develop and apply active
surveillance methods to these databases prompted the Ob-
servational Outcomes Medical Partnership (OMOP) project.

An active surveillance system involves a systematic
process for analyzing multiple observational health care
data sources to better understand the effects of medical
products. In the FDA Amendments Act of 2007 (4), Con-
gress mandated that the FDA collaborate with public, ac-
ademic, and private entities to access disparate data sources

and to validate ways to link and analyze safety data from
multiple sources for medical product safety surveillance.
An active surveillance system could potentially characterize
known side effects, monitor preventable adverse events,
and enhance the understanding of safety concerns emerg-
ing in the postmarket period by supplementing other
sources of safety information (preclinical data, clinical tri-
als, and spontaneous adverse event reporting).

The OMOP (http://omop.fnih.org), a public–private
partnership among the FDA, academia, data owners, and
the pharmaceutical industry and administered by the
Foundation for the National Institutes of Health, was ini-
tiated to identify the needs of an active drug safety surveil-
lance system and propose and test scientific methods and
data infrastructure to address those needs. The OMOP
research program consists of systematic and empirical in-
vestigations of the critical methodological and data re-
source issues within a specific technology architecture and
governance model that is probably needed to establish a
national medical product safety surveillance system. The
ultimate goal of OMOP is to develop the necessary tech-
nology and methods to refine the secondary use of obser-
vational data for maximizing the benefit and minimizing
the risk of pharmaceuticals.

OBJECTIVES AND DESIGN OF OMOP
The OMOP was established to study the governance,

data access, technology, and methods necessary to use ex-
isting observational databases for active drug safety and
benefit monitoring. This work is being implemented over
2 years with the following goals: 1) define and test a pool
of analytic methods that can be used to explore the rela-
tionships between drugs and health-related conditions
across multiple types of observational data (administrative
claims, inpatient and outpatient EHRs); 2) develop and
test methods to apply to a network of central and distrib-
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uted data sources for drug safety and effectiveness ques-
tions; 3) assess the performance of the analytic methods for
2 analysis problems—monitoring a defined set of risks and
benefits that are considered to be “known” associations and
identifying associations between drugs and outcomes that
were not previously suspected; and 4) on the basis of the
results of these analyses, determine how the results can
shape the implementation of an active drug surveillance
program.

GOVERNANCE, STRUCTURE, AND OVERSIGHT

The OMOP is a public–private partnership (5) that is
an initiative of the Foundation for the National Institutes
of Health, a 501(c)(3) organization. The primary funding
comes from 17 corporate and nonprofit organizations in
the pharmaceutical industry (Appendix Table, available at
www.annals.org). These participants, in addition to other
stakeholder groups, contribute intellectual property, exper-
tise, and other in-kind resources.

The structure includes a central research core of scien-
tists responsible for oversight of the OMOP program, cre-
ating and implementing the research protocols, and devel-
oping program code for the methods; a research laboratory
that provides access to the 5 central databases; 6 funded
research partners who represent a distributed network of
diverse data sources, types, and populations; and funded
methods collaborators.

The governance structure is designed to ensure that
OMOP adheres to its guiding principles of transparency
(work products are released in the public domain), collab-
oration, and empirical evaluation. The 10-member execu-
tive board is chaired by the director of the FDA’s Center
for Drug Evaluation and Research, with membership
drawn from academia, regulatory agencies, the pharmaceu-
tical industry, data holders, patient advocacy groups, and
health care providers (Appendix, available at www.annals
.org). Executive board members provide guidance on deci-
sions regarding ethical and scientific concerns of the
project and review and approve research plans, contracts,
partnerships, and public announcements. They receive no
compensation. The FDA representatives can veto executive
board decisions if they believe the decisions are not in the
best interest of the public. A 12-member scientific advisory
board of methods experts and a 9-member health infor-
matics advisory board provide independent expert review
into the development of technology, data, and scientific
methods (Appendix).

DATA ACCESS AND TECHNOLOGY

Observational research requires substantial analytic ca-
pabilities to support very large databases and data-
transformation activities. The OMOP research laboratory
provides the core information technology services needed
to support the OMOP research program and functions as a

secure, interactive, centralized development center for
methods research.

Data-Access Models
The OMOP is evaluating 2 data-access models that

have been proposed for an active surveillance system: a
distributed network and a centralized database. Its distrib-
uted network of 6 data holders represents a spectrum of
experience, technical environments, and data types (EHR
and administrative claims), as well as populations covered
(Table 1). Each retains person-level data on site and pro-
vides only aggregate analyses to the research laboratory.
With the support of the OMOP central team, each site is
responsible for local conversion of its data to the common
data model (CDM); implementation of methods; report-
ing of results; and collaboration in the development of
methods, including feedback on local adaptations required.
The distributed design is sensitive to the scientific, privacy,
and ownership concerns of housing all data in a centralized
data warehouse.

The centralized model is composed of 5 deidentified
observational data sources (4 administrative claims and 1
EHR) that have been licensed and housed securely within
the research laboratory and are made directly available to
the research team (Table 1).

Simulated Data
A simulated data set enables benchmarking of meth-

ods against a database with known properties so that each
method’s performance characteristics (sensitivity, specific-
ity, and predictive value) can be determined against a
known “truth.” The OMOP developed a way to generate
simulated data sets (accessible from the OMOP Web site:
http://omop.fnih.org) of user-defined size, data character-
istics, and confounding to ensure that they are similar to
actual data sets.

Transforming Automated Health Care Data to a
Common Format

The OMOP has developed a CDM that does not alter
the content of the data and allows researchers to develop
analytic methods that can be run on any data source that
adopts its format. The CDM was designed with broad
stakeholder input to accommodate the key data elements
expected to be necessary for active surveillance, inclusive of
both EHR and administrative claims data. Participating
organizations transform their data from their native for-
mats into the specified structure and vocabulary that incor-
porates all relevant coding dictionaries (for example, Inter-
national Classification of Diseases, Ninth Edition; Current
Procedural Terminology, fourth edition; Systematized No-
menclature of Medicine; Logical Observation Identifiers
Names and Codes) into a standardized terminology. This
approach ensures that shared information, including meth-
ods, programs, benchmark tests, and results, can be consis-
tently applied and interpreted across data sources. Many
software tools (Table 2) provide a measure of quality as-
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surance for the CDM transformation process and critical
background characteristics of the populations in the databases.

Health Outcome of Interest Definitions
A critical feature of the OMOP studies is the charac-

terization of what are thought to be known associations or
drug–event pairs listed in a product package insert that
have been confirmed in observational database studies. The

particular health outcomes of interest for OMOP were se-
lected on the basis of their representation of the spectrum
of adverse events (for example, with regard to background
rate, time to onset, or presence in a boxed warning on the
product labeling) or their likelihood of being the focus of
ongoing drug safety surveillance (Table 3) (Stang PE, Ryan
PB, Dusetzina S, et al. Health outcomes of interest in ob-

Table 1. OMOP Data Community*

OMOP Collaborator (Representative
Reference)

Type of Data Geographic Coverage Insurance Type Available Lives,
n (millions)

Central databases: commercially licensed
databases

GE Healthcare: Clinical Data Services (6) EHR (primarily outpatient) National All payer types 11.2
Thomson Reuters

Commercial claims (7) Administrative claims National Multiple private insurers 58
Medicare supplement (7) Administrative claims National Medicare supplement 4.4
Medicaid (7) Administrative claims National (multiple-states

Medicaid)
Medicaid 11.1

MarketScan Lab (7) Subpopulation with administrative
claims and laboratory results

National Multiple 1.5

Total 86

Distributed partners: database
collaborating sites

Indiana University–Regenstrief
Institute (8)

Integrated health care exchange:
administrative claims and EHR

Indianapolis
metropolitan area

All 9.4

i3 Drug Safety–Ingenix NHI (9) Administrative claims National Single private insurer 50
Partners Healthcare Systems (10) EHR Boston regional area Single provider organization 5.0
University of Miami–Humana

HSRC (11)
Administrative claims, including

Medicare advantage and
prescription plans

National Single private insurer 6.5

SDI Health (12) Administrative claims from point
of care with EHR in subset

National All payer types 160

Total 231

Federal collaborators
U.S. Department of VA (13) EHR at VA facilities National Single payer/delivery system 7.8

Total 7.8

Grand total – – – 325

EHR � electronic health record; HSRC � Health Services Research Center; NHI � Normative Health Information; OMOP � Observational Medical Outcomes
Partnership; VA � Veterans Affairs.
* Including reference describing database or representative research using database.

Table 2. OMOP Tools Under Development and Their Application

Name Application

OSIM Open-source software application, written in R, that allows users to create simulated data sets that conform to the OMOP CDM. The simulation
creates hypothetical persons with fictitious drug exposure and conditions, with known characteristics that represent the types of scenarios
expected in real observational sources.

OSCAR An SAS program that creates descriptive statistics, allowing the following functions: summarizing available data from a given source within the
OMOP CDM; providing context for interpreting and analyzing findings of drug safety studies; facilitating comparisons between data sources;
enabling comparison of overall database to specific subpopulations of interest; and supporting validation of transformation from raw data to
OMOP CDM.

NATHAN An SAS program extension of OSCAR, creating a standardized summary providing some context and expected rates of drug utilization and
condition occurrence to facilitate the interpretation of benefit and risk information and generate a standardized report summarizing
characteristics about the population of interest, including demographic factors (age and sex); comorbid conditions and concomitant
medications; and health service utilization before, during, and after the event onset.

RICO A procedure that standardizes patient cohort selection. Standard “cohort definitions” are created by using criteria specified in input parameters.
These cohort definitions are input into RICO, and patients meeting the criteria can be automatically and rapidly selected from any database
conforming to the OMOP CDM.

CDM � common data model; NATHAN � Natural History Analysis; OMOP � Observational Medical Outcomes Partnership; OSCAR � Observational Source
Characteristics Analysis Report; OSIM � Observational Medical Dataset Simulator; RICO � Regularized Identification of Cohorts.
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servational data: issues in identifying definitions in the lit-
erature. Unpublished data.). The 2 benefit case examples
were drawn from a similar process. Multiple definitions
were derived from systematic reviews of observational re-
search, clinical diagnosis guidelines, and database charac-
teristics; the effect on method performance across varia-
tions in the definitions will be tested.

ANALYSES AND METHODS

Two distinct types of analyses in the OMOP’s research
program constitute the general surveillance scenarios in ob-
servational data: 1) identification of known or suspected
associations and 2) identification of drug–outcome associ-
ations that were not previously suspected. Both surveillance
scenarios will be evaluated across the multiple data sources.
Each type of analysis presents different challenges, requires
different algorithms, and uses different data elements. In
the first analysis, the surveillance is focused on health out-
comes of interest that are identified during the clinical de-
velopment program or the postmarket period, are known
to be associated with the class of compounds, are biologi-
cally or theoretically of interest, or represent a toxicity gen-
erally associated with medications (such as acute hepatic
injury). A desirable characteristic of a method is its ability
to discriminate between a known association and a nega-
tive control (that is, a drug–outcome pair for which no
evidence suggests an association based on the product la-
beling and the medical literature).

The second analytic scenario is the identification of
drug–outcome associations that were not previously sus-
pected (nonspecified associations). The OMOP will assess
the accuracy of each method in identifying nonspecified
associations by comparing the set of associations identi-
fied by the method against the gold standard of the
adverse events listed in a most recently approved prod-
uct labeling of the drug. We recognize that a drug’s
product labeling may not reflect all of the possible ad-
verse events that have been observed, but it does repre-
sent FDA’s most comprehensive description of a drug’s
adverse effect profile.

METHODS FOR INCLUSION IN OMOP
A list of potential methods for active surveillance was

established on the basis of the published literature, through
solicitation from the methods community, and through a
methods competition (the “OMOP Cup”). More than 10
categories of methods emerged and are included in the
OMOP research program, developed by a broad commu-
nity of methodologists. Many of these methods have not
been applied to systematic surveillance of health care data
(Table 4). They are being catalogued in a publicly accessi-
ble library that includes the software code.

OMOP AND THE PROCESS OF SAFETY SURVEILLANCE

The program of research for the OMOP is intended to
clarify many issues in our understanding of the methods and
data needed for active drug safety surveillance, including:

Validation: Can we confirm that the native data trans-
formed appropriately into the CDM standardized format?
Can we confirm that vocabulary mapping occurs in a con-
sistent manner?

Feasibility: Was each method able to run against each
data set and in each computing environment?

Performance: How well did each method work, and
did it return results consistent with expectations?

Ultimately, these findings must be integrated into the
other research being conducted in the active medical prod-
uct surveillance field, because the OMOP will probably
not provide definitive answers. Under the FDA’s Sentinel
Initiative, a distributed system will be designed to imple-
ment the congressional mandate that FDA create an elec-
tronic system to analyze safety data from multiple sources
for medical product safety surveillance. In concert with
that initiative, OMOP is assessing data needs and objec-
tively measure method performance to help decision mak-
ers determine the requirements of an active medical prod-
uct surveillance system.

We can best learn how to identify new drug–outcome
associations that were not previously suspected by refining
methods for active surveillance on well-established, known
drug–health outcome of interest associations. Focusing on
known associations maximizes our understanding of the

Table 3. Drug Condition Pairs, by Outcome Type and Rate: The OMOP Test Cases

Outcome
Type

Outcome Rate in Population

Rare Common

Safety Angioedema: ACE inhibitors Hip fracture: benzodiazepines
Renal failure: amphotericin B GI ulcer hospitalizations: alendronate
Acute liver injury: antibiotics (erythromycin, sulfonamides, tetracyclines) MI: tricyclic antidepressants, typical antipsychotics
Aplastic anemia: antiepileptics (carbamazepine, phenytoin) Hemorrhage: warfarin

Benefit – Reduced hospitalizations: ACE inhibitors
Lower mortality after MI: �-blockers

ACE � angiotensin-converting enzyme; GI � gastrointestinal; MI � myocardial infarction; OMOP � Observational Medical Outcomes Partnership.
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methods’ performance. However, these associations may
not currently be as robust as demonstrated in earlier obser-
vational studies because practice patterns may have ad-
justed to minimize risk for the adverse outcomes or the
populations exposed to the drugs of interest may have
changed.

Our work will explore the relative value of the clinical
information contained in the EHR for active surveillance
purposes compared with that available in administrative
claims databases. Holbrook and colleagues (36) found that
EHRs contain most of the data fields for optimal routine
pharmacosurveillance and the potential richness of the

Table 4. Inventory of Analysis Procedures*

Program (Reference) Collaborator Description

Disproportionality analyses
Disproportionality analysis

(14–16)
Columbia University Methods adapted from data mining of spontaneous adverse event reports, where drug–condition

pairs are identified if they co-occur disproportionately more frequently than expected if the
drug and condition were independent. Metrics include the MGPS, PRR, ROR, and BCPNN.

Disproportionality analysis;
Bayesian method (17)

Merck & Co. An alternative Bayesian approach to disproportionality analysis to control the false-positive and
false-negative rates.

Temporal pattern discovery
(18, 19)

Uppsala Monitoring Centre This is a novel method for event history data, focusing explicitly on the detailed temporal
relationship between pairs of events. The proposed measure contrasts the observed-to-
expected ratio in a period of interest with that in a predefined control period.

Case-based approaches
Multiset case–control

estimation (20)
Columbia University–

GlaxoSmithKline
The program leverages the basic design of a case–control study to enable estimates of

drug–condition associations across a large set of drugs and conditions. The algorithm can
estimate an odds ratio simultaneously for multiple conditions and allows all exposures to be
evaluated for each outcome.

Case–control
surveillance (21)

Eli Lilly and Company The program applies a case–control surveillance design to estimate odds ratios for drug–condition
effects, where cases are matched to controls by age, sex, location, and race.

Self-controlled case
series (22)

Columbia University The method estimates the association between a transient exposure and adverse event using
only cases; no separate controls are required because each case acts as its own control.

Case-crossover (23) University of Utah The design uses within-participant comparisons of drug exposures over time to estimate the rate
ratio of the outcome associated with the drug under study.

Exposure-based approaches
Observational screening

(24, 25)
ProSanos This is an extension of a traditional cohort epidemiology design where the rate of ADEs can be

compared across groups of patients exposed to different medications, allowing comparisons
within a cohort population, between treatments, as well as relative to the overall population at
large.

High-throughput
screening (26)

Regenstrief Institute–Indiana
University School of
Medicine

This method calculates relative risk and incidence rate differences between exposure cohorts
relative to population estimates.

High-dimensional
propensity scoring (27)

University of North Carolina
at Chapel Hill–SAS Institute

This is a multistep algorithm to implement high-dimensional proxy adjustment in observational
data. Used in conjunction with a new-user cohort design, it offers a novel approach to
minimizing confounding when assessing the relative association between patients exposed to
alternative medications and the occurrence of a health outcome of interest.

Local control (28) Risk-Benefit Statistics Local control is a robust alternative to traditional covariate adjustment methods using
multivariable statistical models by making treatment comparisons only within clusters of
relatively well-matched patients.

Sequential methods
MaxSPRT (29, 30) Harvard Pilgrim Health

Care–Group Health
Cooperative

MaxSPRT is a sequential analysis method designed for continuous or frequent (e.g., weekly)
monitoring of a potential elevated risk for an adverse event after introduction of a drug or
vaccine of interest.

CSSP (31) Harvard Pilgrim Health Care CSSP is a practical group sequential method with a finite number of interim tests to determine
whether the drug of interest leads to an elevated risk compared with a comparator drug. It is
designed for settings in which information for both the drug of interest and the comparator
drug accumulates over time.

Other methods
Bayesian logistic regression

(32, 33)
Columbia University This is a high-dimensional statistical method that is scalable to a substantial number of

covariates, accommodating all drugs and conditions in a single model to predict occurrence of
ADEs. The Bayesian approach to logistic regression has several advantages, including
avoidance of overfitting, efficiency during model prediction time, and scalability to large
numbers of covariates (see also www.bayesianregression.org).

Statistical relational
learning (34, 35)

University of Wisconsin This method adapts a machine-learning approach to work directly with relational data distributed
across many tables to extract “rules” that define observed phenomena, such as drug–condition
relationships.

ADE � adverse drug event; BCPNN � Bayesian confidence propagation neural network; CSSP � conditional sequential sampling procedure; MaxSPRT � maximized
sequential probability ratio test; MGPS � Multi-item Gamma-Poisson Shrinker; PRR � proportional reporting ratios; ROR � reporting odds ratio.
* Detailed white papers can be found at http://omop.fnih.org/MethodsLibrary for each program. For some programs, the references provided are representative of the
published application of the method, which may have required adaptation to be applicable for active surveillance.
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EHR may help overcome some of the coding issues in
claims databases (coding for reimbursement vs. reflecting
actual clinical care). This work may also help inform the
goals of “meaningful use” (37) to “improve population and
public health.” The OMOP’s use of a common data struc-
ture, inclusive of any type of data (EHR, claims), facilitates
the development and refinement of methods for active sur-
veillance, which will contribute to the improvement of
public health.

Although we are assessing the computational feasibility
of the methods, this is purely a technical test of feasibility,
and a method may fail and be eliminated from further
consideration despite having desirable performance charac-
teristics. Future research should reconsider our complete
pool of methods.

Attention to the assessment of benefit is particularly
relevant given the increasing interest in using these data
sources to address questions of comparative effectiveness.
The OMOP program evaluates benefits in a limited man-
ner. Developing a systematic way to analyze benefit in ob-
servational data is appealing, but the broader spectrum of
benefits (quality of life, productivity, and functioning) are
poorly represented even in EHRs. In some cases, benefit
can be defined by the relative absence of “risk.” This par-
adigm would allow implementation of the OMOP process
for comparative effectiveness analyses in cases where the
presence or absence of a clinical event represents the rele-
vant end point for analysis (for example, the relative risk
for bleeding with warfarin compared with a newly devel-
oped anticoagulant).

Other efforts (for example, Exploring and Under-
standing Adverse Drug Reactions by Integrative Mining of
Clinical Records and Biomedical Knowledge Project [EU-
ADR] linking EHRs from 4 countries, and FDA mini-
Sentinel pilot, a funded coordinating center for a consor-
tium of automated health care databases) are also
developing data networks and methods to conduct active
surveillance and will provide an opportunity to test and
refine the methods, data, or infrastructure developed
by OMOP. Our hope is that OMOP will stimulate
the establishment of a vibrant observational science (or
epidemiology–informatics) research community, supported
in part by our efforts to make the research laboratory avail-
able to qualified methods developers. In the end, our
efforts will pay off handsomely if we can engender interest
in and support for sustaining similar research initiatives
and create more opportunities for education and training
of scientists, decision makers, and the public in using
and understanding observational data for active safety
surveillance.
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Appendix Table. Funding Organizations and Stakeholder Groups Providing Resources to OMOP

Organization Activity Funding
Provided
to FNIH

Provided
In-Kind
Contributions

Grant
Support

Contract/
Compensated

Abbott Funding X
Amgen Funding X
AstraZeneca Funding X
Bayer Healthcare Pharmaceuticals Funding X
Bristol-Myers Squibb Funding X
Columbia University Principal investigator and programming

and statistical analysis
X

Computer Sciences Corporation Research laboratory X
Department of Veterans Affairs PBM

Center for Medication Safety
Distributed research partner X

Eli Lilly & Company Funding and methods collaborator X X
U.S. Food and Drug Administration Principal investigator, advisory board,

and executive board
X

GE Healthcare Research laboratory X
GlaxoSmithKline Funding and research investigator X X
The GPRD Group of the Medicines and

Healthcare products Regulatory
Agency

Consulting X

Harvard Pilgrim Health Care Institute Methods collaborator, advisory board,
and executive board

X X

University of Miami–Humana Health
Services Research Center

Distributed research partner X

i3 Drug Safety Distributed research partner X
Indiana University–Regenstrief Institute Principal investigator, distributed research

partner, and methods collaborator
X X

Johnson & Johnson Funding, principal investigator, and
advisory board

X X

Lundbeck Funding X
Merck & Co. Funding, methods collaborator, and

health outcomes of interest library
X X

Novartis Pharmaceuticals Funding X
Partners HealthCare System Distributed research partner X
Pfizer Funding and advisory board X X
Pharmaceutical Research Manufacturers

of America
Funding and executive board X

ProSanos Simulated data and methods collaborator X X
Risk-Benefit Statistics Methods collaborator X
Roche Funding X
RTI International Health outcomes of interest library and

advisory board
X X

sanofi-aventis Funding X
Schering-Plough Funding X
SDI Health Distributed research partner X
Takeda Funding X
Thomson Reuters Research laboratory X
United BioSource Health outcomes of interest library and

advisory board
X X

University of Florida Principal investigator X
University of North Carolina at Chapel

Hill and SAS Institute
Methods collaborator X

University of Utah Methods collaborator X
University of Wisconsin–Madison Methods collaborator and advisory board X
The Uppsala Monitoring Centre Methods collaborator X

FNIH � Foundation for the National Institutes of Health; GPRD � General Practice Research Database; OMOP � Observational Medical Outcomes Partnership; PBM �
pharmacy benefits manager.
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