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This is our community
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OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS
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OHDSI is
an open science community

F// OHDSI’s mission

To improve health by empowering a
community to collaboratively
generate the evidence that promotes
better health decisions and better care




F// OHDSI’s values

* Innovation: Observational research is a field which will benefit greatly from
disruptive thinking. We actively seek and encourage fresh methodological
approaches in our work.

* Reproducibility: Accurate, reproducible, and well-calibrated evidence is
necessary for health improvement.

* Community: Everyone is welcome to actively participate in OHDSI, whether you
are a patient, a health professional, a researcher, or someone who simply
believes in our cause.

* Collaboration: We work collectively to prioritize and address the real world
needs of our community’s participants.

* Openness: We strive to make all our community’s proceeds open and publicly
accessible, including the methods, tools and the evidence that we generate.

* Beneficence: We seek to protect the rights of individuals and organizations
within our community at all times.
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[rfﬁ OHDSI community

We're all in this journey together...
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256 collaborators in 27 different countries over six continents
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F,¢ OHDSI’s community engagement

¢ Active community online discussion: forums.ohdsi.org
— >2,770 distinct users have made >18,700 posts on >3,250 topics
— Implementers, Developers, Researchers, CDM Builders, Vocabulary users, OHDSI in Korea, OHDSI
in China, OHDSI in Europe
* Weekly community web conferences for all collaborators to share their research
ideas and progress
* >25 workgroups for solving shared problems of interest
— ex: Common Data Model, Population-level Estimation, Patient-level Prediction, Phenotype, NLP,
GIS, Oncology, Women of OHDSI
* Quarterly tutorials in OHDSI tools and best practices, taught by OHDSI collaborators
for OHDSI collaborators
*  OHDSI Symposiums held annually in North America, Europe and Asia to provide the
community face-to-face opportunities to showcase research collaborations

¢ Follow us on Twitter @OHDSI and LinkedIn
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W Diversity of the OHDSI community represented today
/ at the OHDSI Symposium

Stakeholder group Disciplinary perspective

= Academia ® Informatics

= Government = Computer Science

Health System Medicine

= Technology = Epidemiology
® Patient ™ Statistics
Ph ical Health Policy
armaceutica
® Clinical Sciences
® Payer

Relationship with OHDSI community

_ |

| am new to OHDSI and curious to learn more 240
| actively participate in OHDSI meetings and work groups 177
| use OHDSI tools and methods to support my research 176
| have an OMOP CDM instance 125
| am in the process of converting my data into the OMOP CDM 95
| actively participate in discussions on the OHDSI forum 74
| am participating in an OHDSI network research study 55
| contribute code to the OHDSI GitHub 48
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F’" Data across the OHDSI community

* 152 entries on 2019 OHDSI data network inventory
* 133 different databases with patient-level data from various
perspectives:

— Electronic health records, administrative claims, hospital systems, clinical
registries, health surveys, biobanks

* Datain 18 different countries, with >369 million patient records
from outside US

All using one open community data standard:
OMOP Common Data Model
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Open community data standard:

OMOP CDM v6

Standardized clinical data
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F"" OHDSI’s standardized vocabularies

>130 Vocabularies across 40 domains
— MU3 standards: SNOMED, RxNorm, LOINC

— Disparate sources: ICD9CM, ICD10(CM), Read, NDC, Gemscript,
CPT4, HCPCS...

>7.4 million concepts

—>3.0 million standard concepts

— >3.8 million source codes
—>511,000 classification concepts
>45 million concept relationships

>74 million ancestral relationships

Publicly available for download at: http://athena.ohdsi.org/
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r/ Highlights of progress from the community:
Data standards

* Increased adoption of OMOP CDM
* Evaluation of vocabulary

Expanded vocabulary
* Community collaboration around conventions (THEMIS)

Added rigor around data quality (see Clair and Andrew)
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Research and Applications

Effect of vocabulary mapping for conditions on phenotype
cohorts
George Hripcsak,’?> Matthew E Levine,"? Ning Shang,’? and Patrick B Ryan'?*
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New York, USA, and *Epidemiology Analytics, Janssen Research and Development, Tusville, New Jersey, USA
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Meodical Center, 622 W 168th St, PH20, New York, NY 10032, USA (hripcsak@columbia.edu)
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ABSTRACT

Objective: To study the effect on patient cohorts of mapping condition (diagnosis) codes from source billing vo-
cabularies to a clinical vocabulary.

Materials and Methods: Nine International Classification of Diseases, Ninth Revision, Clinical Modification
(ICD3-CM) concept sets were extracted from eMERGE network phenotypes, translated to Systematized Nomen-
clature of Medicine - Clinical Terms concept sets, and applied to patient data that were mapped from source
1CDS-CM and ICD10-CM codes to Systematized Nomenclature of Medicine - Clinical Terms codes using Obser-
vational Health Data Sciences and Informatics (OHDSI) Observational Medical Outcomes Partnership (OMOP)
vocabulary mappings. The original ICDS-CM concept set and a concept set extended to ICD10-CM were used to
create patient cohorts that served as gold standards.

Results: Four phenotype concept sets were able to be translated to Systematized Nomenclature of Medicine -
Clinical Terms without ambiguities and were able to perform parfoctly with respect to the gold standards. The
other 5 lost performance when 2 or more ICD3-CM or ICD10-CM codes mapped to the same Systematized No-
menclature of Medicine - Clinical Terms code. The patient cohorts had a total error (false positive and faise neg-
ative) of up to 0.15% compared to querying ICD9-CM source data and up to 0.26% compared to querying ICDS-
CM and ICD10-CM data. Knowladge engineering was required to produce that performance; simple automated
methods to pmmu concept sets had errors up to 10% (one outlier at 250%).

f data fr f Medicine - Clini-
cal Terms. (SNOMED CT) resulted in very small error rates that were an order of magnitude smaller than other
error sources.

It appears possible to map diagnoses from disparate vocabulari
and carry out research using a single set of definitions, thus improving ef
research.

to a single clinical vocabulary
iency and transportability of
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HemOnc: A new standard vocabulary for chemotherapy regimen i)
representation in the OMOP common data model S
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W Highlights of progress from the community:
/‘ Methods research

* Phenotype definition
* Phenotype evaluation
* Study design evaluation
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Facilitating phenotype transfer using a common data model
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Barbara Benoit®, Robert J. Carroll’, David S. Carrell?, Joshua C. Denny"", Ozan Dikilitas',
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* Department of Biomedical Informatics, Columbia University, New York, NY, United States
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* Northwestern University Feinberg School of Medicine, Chicago, I, United States
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* Department of Biomedical Informatics, Vanderbilt University Medical Center, Nashville, TN, United States
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PheValuator: Development and evaluation of a phenotype algorithm )
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Joel N. Swerdel™"™, George Hripcsak™®, Patrick B. Ryan™"*

“Janssen Research & Development, 920 Route 202, Raritan, NJ 08869, USA

" OHDSI Collaborators, Observational Health Data Sciences and Informatics (OHDSI), 622 West 168th Street, PH-20, New York, NY 10032, USA
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ARTICLE INFO ABSTRACT

Keywords: Background: ‘The primary approach for defining disease in observational healthcare databases is to construct

Phenotype algorithms phenotype algorithms (PAs), rule-based heuristics predicated on the presence, absence, and temporal logic of

Validation clinical observations. However, a complete evaluation of PAs, Le., determining sensitivity, specificity, and po-

Diagnostic predictive modeling sitive predictive value (PPV), is rarely performed. In this study, we propose a tool (PheValuator) to efficiently
estimate a complete PA evaluation.

Methods: We used 4 laims datasets: Oy de-identified CI; Datamart (Eden
Prairie, MN); IBM Multi-State IBM Medicare Supplemental Beneficiaries; and
1BM & Claims and Es from 2000 to 2017. Using PheValuator involves (1)

creating a diagnostic predictive model for the phenotype, (2) applying the model to a large set of randomly
selected subjects, and (3) comparing each subject’s predicted probability for the phenotype to inclusion/ex-
clusion In PAs. We used the predictions as a ‘probabilistic gold standard” measure to classify positive/negative
cases, We examined 4 phenotypes: myocardial infarction, cerebral infarction, chronic kidney disease, and atrial
fibrillation. We examined several PAs for each phenotype including 1-time (1X) occurrence of the diagnosis code
in the subject’s record and 1-time occurrence of the diagnosis in an inpatient setting with the diagnosis code as
the primary reason for admission (1X-IP-1stPos).

Results: Across phenotypes, the 1X PA showed the highest sensitivity/lowest PPV among all PAs. 1X-1P-1stPos
yielded the highest PPV/lowest sensitivity. Specificity was very high across algorithms. We found similar results
between algorithms across datasets.

Conclusion: PheValuator appears (o show promise as a tool to estimate PA performance characteristics.
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RESEARCH ARTICLE WILEY Statistics

A plea to stop using the case-control design in retrospective
database studies

Martijn J. Schuemie'?*" | Patrick B. Ryan'?* | Kenneth K.C. Man®567% |
Ian C.K. Wong®¢ | Marc A. Suchard'3*!° | George Hripcsak!4!!

'observational Health Data Sciences and

Informatics, New York, New York
“Epidemiology Analytics, Janssen
Research and Development, Titusville,
New Jersey

The case-control design is widely used In retrospective database studies, often
leading to spectacular findings. However, results of these studies often cannot
be replicated, and the advantage of this design over others Is questionable. To

f Blostatistics,

Caltfornia, Los Angeles, Caltfornia
“Department of Biomedical Informatics,
Columbia University Medical Center,
New York, New York

“Centre for Safe Medication Practice and
Research, Department of Pharmacology
and Pharmacy, L1 Ka Shing Faculty of
Medictne, The University of Hong Kong,
Pokfutam, Hong Kong

SResearch Department of Practice and
Policy, UCL School of Pharmacy,
London, UK

“Department of Medical Informatics,
Frasmus University Medical Center,
Rotterdam, The Netherlands
*Department of Soctal Work and Soctal
Administration, Faculty of Soctal Science,
‘The University of Hong Kong, Pokfulam,
tiong Kong
“Department of Blomathematics,
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y of Caltfornia, Los Angeles,
Californta

the of of this design, we replicate two
published case-control studies. The first Investigates isotretinoin and ulcera-
skmde fox

trol design. Th

peptidase usinga d 1 design
‘We Include large sets of negative control exposures (where the true odds ratio
Is believed to be 1) in both studies. Both replication studies produce effect size

egal residual bias. In contrast, apply-
ing a self-controlled design to answer the same questions using the same data
reveals far less bias. Although the case-control design in general is not at fault,

in datab: dies, where all exposure and covari-
ate data for the entire cohort are available, Is unnecessary, as other alternatives
such as cohort and self-controlled designs are available. Moreover, by focusing
on cases and controls it opens the door to inappropriate comparisons between
exposure groups, leading to confounding for which the design has few options
toadjust for. We argue that this design should no longer be used in these types of
data. At the very least, negative control exposures should be used to prove that
the concerns raised here do not apply.
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Highlights of progress from the community:
Open source development
* ATLAS 2.7.3 released
* Criteria2Query published
* Community contributions for multiple OMOP CDM utilities
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<« C @& atlas.ohdsi.org/#/home ¥ 0B @ 6 ° H

# Home

£ Data Sources
Welcome to ATLAS.

ATLAS is an open squrce application developed as 2 part of CHDS| intended 1o provide 2 unified interface to patient level data and analytics.

Q Search

= Concept Sets
Documentation

% Cohort Definitions &) The ATLAS user guide can be found here.

lo# Characterizations Getting Started

= Calvam e e Begin performing research by defining the group of people you intend to study
¥ Incidence Rates —_—

Search the Vocabulary Search the different ontologies used to describe patient level data around the world
& Profiles

Release Notes

ATLAS Version 2.7.3 Release Notes
WebAP| Version 2.7.3 Release Notes

. This latest release contains 7 feature enhancements and issue resolutions:
#§ Configuration

&) Cohort definitians creation date is 4 hours greater than actual while being on EST timezane
# Feedback | Do not call user/reiresh endpoint case of IAP authentication
Characterization pop-up shows wrang percentage
@] Roleimport / export works incorrectly
8| Titie Consistency
Wl Active Directory groups mapping issue
Apache 2.0

B Cannot save concept set modification in cohort definition
open source software

provided by
F= OHDSI

—— Join the journey.
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Research and Applications

Criteria2Query: a natural language interface to clinical
databases for cohort definition

Chi Yuan,? Patrick B. Ryan,'? Casey Ta," Yixuan Guo," Ziran Li," Jill Hardin,*

Rupa Makadia,” Peng Jin," Ning Shang," Tian Kang," and Chunhua Weng"

*Dapartment of Biomedical Informatics, Columbia University, New York. New York, USA_ “Department of Computer Science and

Technology, Nanjing University of Science and Technology, Nanjing. Jiangsu Province, PR China, and *Epidemiology Analytics,
Janssen Research and Development, Tausville, New Jersey, USA
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ABSTRACT

Objective: Cohort definition is a bottleneck for conducting clinical research and depends on subjective decisions

by domain experts. Data-driven cohort definition i appealing but requires substantial knowledge of terminolo-

gies and clinical data models. Criteria2Query is a natural language interfsce that facilitates human-computer
o for . . .

Materials and Methods: Cri ahybrid i i learn-
ing and rule-based methods to systematically parse eligibility criteria text, transforms it first into a structured
criteria representation and next into sharable and execulable clinical data queries represented as SOL queries
conforming 1o the OMOP Common Data Model. Users can interactively review, refine, and execule queries in
the ATLAS web appiication. To test efiectiveness, we evaluated 125 criteria across dilferent disease domains
from ClinicalTials. gov and 52 usor-entered criteria. We evahsated F1 score and accuracy against 2 domain

experts and calculated the average time for fully We conducted an
anonymeous survey evaluating usabilty.

Resuilts: i v achieved 0. F1 score for entity 2 \, respec-
tively. Accuracies for negation detection, logic detection, entity ion, and atiribute i

0.984, 0.864, 0.514 and 0.793, ively. Fully ook 1 i More

than 80% (11+ of 13) of users would use
Conclusions: We contribute a novel natural language interface to clinical databases. It is open source and sup-
ports fully automated and interactive modes for autonomous data-driven cohort definition by with

minimal human effort. We promising liness and usability.
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Application Note

Data and text mining

PatientExploreR: an extensible application for
dynamic visualization of patient clinical history
from electronic health records in the OMOP
common data model
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ROMOP: a light-weight R package for interfacing with
OMOP-formatted electronic health record data
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V Highlights of progress from the community:
/' Clinical applications

F# LEGEND basic viewer

Datssource ~  HR LB UB P CalWR CallB

LEGEND workgroup focus on
1 clinically important hypotheses:
¢ ACEvs. THZ
* ACEvs. ARB
* Beta blocker vs. first-line
—— * Chlorthalidone vs.
hydrochlorothiazide
*  Mono vs. combo therapy

HR (95% CI) Gallorated HR (95% CI)

4 6810 01 025 0.
Hazard ratio

http://data.ohdsi.org/LegendBasicViewer/

BRARISHTIL, SZEFELEF oo, BERIC=ET U AZ AR L, EREIZZoZET X
DEREREIIZTEAEDORFRIZESCLE LT, A T4 ROAMOFHIZEL &H D F313,
ACE PHEARIE VA T A RTEYA 7Y A RB™MEALTWS L5 T, tHAOEMEED A
7= HLO431E ACE BHEAICTHIAT 20 TTR, BZLLZIHITRETIFIRVOTT, Zh
IIREREEND HFERTT, ACE [LEAIE ARB TiX ARB N2 CEN TV 5 AlHENE
W ET, N—FHEREIIE - EPEO P TIEH Y FHAN, HRED TR L ITEST
BEINDIZE L BARENR WS LIVEY A, LEGEND & i EWFFE) 5 E )
Nz Z ORI DI KB R BRI S0X 7 vy MET 7|7 &, 5% EGEM
THIZTAZ R TEDL EEDbIET,

Lancet i CABR SN E L7z, (2019/10/24)

Lancet:
https://www.thelancet.com/journals/lancet/article/PI1S0140-6736(19)32317-7/fulltext

OHDSI Release:
https://[www.ohdsi.org/ohdsi-news-updates/legend-hypertension-study/

(Ri#5 )


https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(19)32317-7/fulltext
https://www.ohdsi.org/ohdsi-news-updates/legend-hypertension-study/
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Biologics Effectiveness and Safety (BEST) Initiative:
Incorporating ISBT-128 Codes into OHDSI’'s OMOP Common Data
Model to Build a National Hemovigilance System to Monitor
Transfusion-Related Adverse Events
', Deepa Balraj?, Ross Hayden”, Paul

", Graga Dores', ", Emily Storch?,

Joyce Obid?,
Biondich’, 3
Nerissa Williams’, Steven Anderson, Azadeh Shoaibi!

Siver Spring, MO, A, usa; edianapolis,indians, USk:

New York, N, USA; New York, M,  Combridge, MA, USA: 10VIA, Cambridge, MA, USA

The aim of this study was to build a component of the
Infrastructure for a national hemovigilance system using EHR
data sources to monitor transfusion-elated AEs by
incorporating the ISBT-128 coding  system into the
Observational Medical Outcomes Partnership (OMOP)
common data model (COM) of the Observational Health Data
Sciences and Informatics (OHDS) consortium’.

The CBER BEST Initiative is a collaboration with IQVIA, OHDS!

INTRODU

The U.S, FDA Center for Biologics Evaluation and Research (CBER) regulates collection

¢ e

To protect recipients of blood and
blood components and to monitor
rested sdverse events

[2)

tansfuzin

Biologcs Effectvaness and Saety (BEST) Infiathve 53 Consortium, Columbia University, Stanford University, Indiana
component o the CBER Sentine Program. The SEST inftative e
BEST Initative AL TR oo ik University, Regenstrief _Institute, Georgia Institute of
T . Technology, and University of Callfornia Los Angeles. Within
transformed into 2 common dta made! (CON). the BEST Initiative, we used three EHR databases that cover

approximately 24 milion patient records from geographically
diverse areas of the U.S. We added a fibrary of 14,543 IS8T-
128 codes to the OMOP COM. Each EHR data source
requested access to its corresponding blood bank data and
‘""":'““"’* transformed its data into the OMOP CDM containing the
Homorehsnce newly added ISBT-128 codes. By querying the databases, we

type and frequency used in
patient records from 20102017 within the blood banks of
EHR data providers participating in the BEST Initiative.

U.S. Department of Health & Human

m National Institutes of Health ~ ABouT~ FUNDING ~ NEWS, EVENTS, & MEDIA

All of Us Research Program

e 1,000,000 diverse

participants The future of

health begins
with you

The All of Us Research Program is a historic effort
to gather data from one million or more people
living in the United States to accelerate research
and improve health. By taking into account
individual differences in lifestyle, environment, and
biology, researchers will uncover paths toward
delivering precision medicine.

JOIN Now &

¢| Clinical datain
OMOP CDM




Vision
Our mission is to provide a new paradigm
for the discovery and analysis of health data
in Europe, by building a large-scale,
federated network of data sources
standardised to a common data model

The European Health Data & Evidence
Network (EHDEN) aspires to be the trusted
observational research ecosystem to enable
better health decisions, outcomes and care

Objectives
E H D E N :g Harmonisation

Harmonise in excess of 100 million anonymised health records to
EUROPEAN HEALTH DATA & EVIDENCE NETWORK A—0 the OMOP common data model, supported by an ecosystem of

N certified SMEs, and technical architecture for a federated network

Evidence

E Impact our understanding of, and improvement of, clinical
outcomes for patients within diverse healthcare systems in the
EU
Community

Establish a self-sustaining open science collaboration in Europe,
supporting academia, industry, regulators, payers, government,
NGOs and others




National CDM Projects in Korea
2018-2022

Public Purpose Researches on
Health policy / Health Technology
10 projects, 3 years, $500K each

CDM rules & quality
Clinical Trial suppo improvement
rt system 2 projects, 3 years, $500K each

CDM-based . " oatl
Service & S Bio-marker Discove dg—%“e/‘nstti?iggtairccf':zgﬂgglﬁes Privacy Protection /law
Ressarch ry 1 projects, 4 years, 1.5M 10 projects, 3 years, $500K each

$20M 6 projects, 3 years, $ 1.5M for each

Projects for Industry Services Projects for CDM standard/policy Projects for Clinical Research
(Ministry of Industry) (Ministry of Industry / Health & Welfare) (Ministry of Health & Welfare)

-

Management/

K Promotion
= atl @M Data Data Collaborative g Committee
Dlsmbut.ed @ £ analytic privacy quality  researchon ) administration

Analytic tools policy & tools platform

Platform API 0ok CDM education/seminar

$10m

FEEDER-NET Platform Project promotion
_~
4

Tertiary hospital-centered data network Tertiary Teaching 21 hospitals, 42M patients

1% project, 2018-2020 hospitals
(40 hospitals, 54M patients) i i i
ion | 2" project, 2019-2022
—— -> —— ‘*samyang"*
General
OMOP COM

HATOIEINAN
‘OMOP COM OMOP COM ‘OMOP COM hospitals

FEEDER-NET: FEderated E-health big Data for Evidence Renovation NETwork

AJOU UNIVERSITY

FEEDER-NET Data Network in Korea

Data Network of 60+ Hospitals, 98M Patients
70% of Tertiary Teaching Hospitals
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OHDSI China Symposium 2019

~
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: #20190HDSIPE 2

| = 27.29 March 2020 — Oxford, UK

Mathematical Institute, 7 \
- Un 'ver3|ty of Oxford




F OHDSI evaluates itself and publishes the results

* OMOP CDM vocabulary evaluation

— Automated translation of database works

— Best not to automated the translation of cohort definitions
* eMERGE phenotype implementation

— Without CDM, narrative+flowchart+pseudocode+code list ->
inconsistent

— With CDM, can improve consistency and efficiency but caveats
* PheValuator phenotype evaluation
— Can estimate performance without manually curating gold standard

— Estimates are imperfect

F Key Challenges

* Data quality

* Data spectrum

* Causal inference

* Communication/Education
* Application




What do | love about OHDSI?

X

* Spirit of collaboration,
kindness, generosity

* Principles of transparency,
open science, integrity

* Scientific rigor;
reproducibility, validity

1 71K You SHOULD BE MORE. EXPLICIT HERE IN STER Twio




