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OHDSI 2021 Global Symposium
https://www.ohdsi.org/2021-ohdsi-global-symposium/

Plenary Presentations Day 2: The Jou

The Sept. 14 plenary during the 2021 OHDSI Symposium featured the
State of the Community presentation, updates from the global CHDS|
network, and then a series of talks about OHDSI's impact on the
COVID-19 pandemic.

Watch the Day 1 Ple

Plenary Presentations

The Sept. 15 plenary during the 2021 OHDS| Symposium focused on Watch the Day 2 P!enary Talks Here
the joumney to reliable evidence. The first portion of the plenary

Q00 —OHBSLSIAe oTne Communly (George HpesaK) included four presentations. which are time-stamped below

20:26 — OHDSI network update: US (Knistin Kosika)

27:47 — OHDSI network update: Europe (Peter Rilnbeek) Peptide 1 Receptor Agonists am

36:18 — OHDSI network update: Asia Pacific (Mul Van Zandt) 0:00 — Glucagon-Like Peptide 1 Receptor Agonists and Chronic Lower : ns Amang Patients With Type 2 Diabetes

44:06 — Incidence rate method sensitivity and anchoring (Anna Respiratory Disease Exacerbations Among Patients With Type 2 8/ Lessons from the OHDSI Reprocucibility Challenge
Ostrooolets) Js Diabetes (Yasser Albogami) - Thia Jotiney it lence: Reproducibility

57 o " Ty S ans From The OHDSI Reproducibility Workshop {Anna The Souney to s G alicabity

1 . : : = : I: Kristin Kostka, Shirley Wang, Thamir Alshammary, Rohan Khera
Se lourney to Reliable Evidence: Reproducibility {Mitchell

A an: The Journay to Reliable Evidence
The Collaborator Showcase received a record number of submissions this year, and following a peer- Josing Talk

review process, there were more than 100 submissions of posters, software demos, and lightning umeyioibbic Evdence: Cencralzabiity (C helstian
talks that comprised the 2021 Collaborator Showcase. The presentations featured OHDSI

advancements in observational data standards and management, methodological research,

open-source analytics development, and clinical applications.

Reaction Panel

plenary talks on “The Journey to Reliable Evidence.” we Watch the Dﬂy 2 Reaction Panel Here
to welcome three leaders in the field to engage in a
anel. The panelists and moderator are listed below:

1

Observational Data Standards and Management Nang, PhD - Assistant Professor of Medicine at Harvard _ _
ol Associate Epidemiologist in the Division of : e S trar: Pharmacoepidemilogy and
demiology and Pharmacoeconomics at Brigham and et N | ool
spital
Assistant Professor of Medicine,
Data Quality Dashboard Used to R acioiie
Imps ality in the EHDEN - hammari, PhD, MS, RPH - Advisor, Saudi Food and 5 bt
Nk ) y Executive President; Associate Professor of Pharmacy

ior researcher, Medication Safety Research Chair, King
ity. VP, ISPE Middle East (Saudi Arabia)
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> Comput Methods Programs Biomed. 2021 Sep 6;211:106394. doi: 10.1016/j.cmpb.2021.106394.
Online ahead of print.

A standardized analytics pipeline for reliable and
rapid development and validation of prediction
models using observational health data
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Abstract

Background and objective: As a response to the ongoing COVID-19 pandemic, several prediction models in the existing literature were rapidly developed, with
the aim of providing evidence-based guidance. However, none of these COVID-19 prediction models have been found to be reliable. Models are commonly
assessed to have a risk of bias, often due to insufficient reporting, use of non-representative data, and lack of large-scale external validation. In this paper, we
present the Observational Health Data Sciences and Informatics (OHDSI) analytics pipeline for patient-level prediction modeling as a standardized approach for
rapid yet reliable development and validation of prediction models. We demonstrate how our analytics pipeline and open-source software tools can be used to
answer important prediction questions while limiting potential causes of bias (e.g., by validating phenotypes, specifying the target population, performing large-
scale external validation, and publicly providing all analytical source code).

Methods: We show step-by-step how to implement the analytics pipeline for the question: ‘In patients hospitalized with COVID-19, what is the risk of death 0 to
30 days after hospitalization?’ . We develop models using six different machine learning methods in a USA claims database containing over 20,000 COVID-19
hospitalizations and externally validate the models using data containing over 45,000 COVID-19 hospitalizations from South Korea, Spain, and the USA.

Results: Our open-source software tools enabled us to efficiently go end-to-end from problem design to reliable Model Development and evaluation. When
predicting death in patients hospitalized with COVID-19, AdaBoost, random forest, gradient boosting machine, and decision tree yielded similar or lower internal
and external validation discrimination performance compared to L1-regularized logistic regression, whereas the MLP neural network consistently resulted in
lower discrimination. L1-regularized logistic regression models were well calibrated.

Conclusion: Our results show that following the OHDSI analytics pipeline for patient-level prediction modelling can enable the rapid development towards
reliable prediction models. The OHDSI software tools and pipeline are open source and available to researchers from all around the world.
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2> Stud Health Technol Inform. 2021 Sep 21;283:95-103. doi: 10.3233/SHTI210546.

The Usage of OHDSI OMOP - A Scoping Review

Ines Reinecke T, Michéle Zoch 1, Christian Reich 2 2 Martin Sedlmayr ¥ Franziska Bathelt !

Affiliations — collapse

Affiliations

1 Institute for Medical Informatics and Biometry at Carl Gustav Carus Faculty of Medicine at
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Abstract

OHDSI, a fast growing open-science research community seeks to enable researchers from around the globe to conduct network studies based on
standardized data and vocabularies. There is no comprehensive review of publications about OHDSI’s standard: the OMOP Common Data Model and
its usage available. In this work we aim to close this gap and provide a summary of existing publications including the analysis of its meta information
such as the choice of journals, journal types, countries, as well as an analysis by topics based on a title and abstract screening. Since 2016, the number
of publications has been constantly growing and the relevance of the OMOP CDM is increasing in terms of multi-country studies based on
observational patient data.
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Towards the Representation of Genomic Data in HL7
FHIR and OMOP CDM
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Abstract

High throughput sequencing technologies have facilitated an outburst in biological knowledge over the past decades and thus enables
improvements in personalized medicine. In order to support (international) medical research with the combination of genomic and clinical
patient data, a standardization and harmonization of these data sources is highly desirable. To support this increasing importance of
genomic data, we have created semantic mapping from raw genomic data to both FHIR (Fast Healthcare Interoperability Resources) and
OMOP (Observational Medical Outcomes Partnership) CDM (Common Data Model) and analyzed the data coverage of both models. For this,
we calculated the mapping score for different data categories and the relative data coverage in both FHIR and OMOP CDM. Our results
show, that the patients genomic data can be mapped to OMOP CDM directly from VCF (Variant Call Format) file with a coverage of slightly
over 50%. However, using FHIR as intermediate representation does not lead to further information loss as the already stored data in FHIR
can be further transformed into OMOP CDM format with almost 100% success. Our findings are in favor of extending OMOP CDM with
patient genomic data using ETL to enable the researchers to apply different analysis methods including machine learning algorithms on
genomic data.
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Transforming and evaluating electronic health record
disease phenotyping algorithms using the OMOP
common data model: a case study in heart failure
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Abstract

Objective: The aim of the study was to transform a resource of linked electronic health records (EHR) to the OMOP common data model (CDM) and evaluate
the process in terms of syntactic and semantic consistency and quality when implementing disease and risk factor phenotyping algorithms.

Materials and methods: Using heart failure (HF) as an exemplar, we represented three national EHR sources (Clinical Practice Research Datalink, Hospital
Episode Statistics Admitted Patient Care, Office for National Statistics) into the OMOP CDM 5.2. We compared the original and CDM HF patient population by
calculating and presenting descriptive statistics of demographics, related comorbidities, and relevant clinical biomarkers.

Results: We identified a cohort of 502 536 patients with the incident and prevalent HF and converted 1 099 195 384 rows of data from 216 581 914
encounters across three EHR sources to the OMOP CDM. The largest percentage (65%) of unmapped events was related to medication prescriptions in
primary care. The average coverage of source vocabularies was >98% with the exception of laboratory tests recorded in primary care. The raw and
transformed data were similar in terms of demographics and comorbidities with the largest difference observed being 3.78% in the prevalence of chronic
obstructive pulmonary disease (COPD).

Conclusion: Our study demonstrated that the OMOP CDM can successfully be applied to convert EHR linked across multiple healthcare settings and represent
phenotyping algorithms spanning multiple sources. Similar to previous research, challenges mapping primary care prescriptions and laboratory measurements
still persist and require further work. The use of OMOP CDM in national UK EHR is a valuable research tool that can enable large-scale reproducible
observational research.
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A Comparison between Human and NLP-based
Annotation of Clinical Trial Eligibility Criteria Text
Using The OMOP Common Data Model
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Abstract

Human annotations are the established gold standard for evaluating natural language processing (NLP) methods. The goals
of this study are to quantify and qualify the disagreement between human and NLP. We developed an NLP system for
annotating clinical trial eligibility criteria text and constructed a manually annotated corpus, both following the OMOP
Common Data Model (CDM). We analyzed the discrepancies between the human and NLP annotations and their causes
(e.g., ambiguities in concept categorization and tacit decisions on inclusion of qualifiers and temporal attributes during
concept annotation). This study initially reported complexities in clinical trial eligibility criteria text that complicate NLP
and the limitations of the OMOP CDM. The disagreement between and human and NLP annotations may be generalizable.
We discuss implications for NLP evaluation.
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= OMOPHRF¥T31)
BIRTH_DATETIME 1982-03-12 [CETAHAEEES

(G
00:00:00 P

DEATH_DATETIME 7
RACE_CONCEPT _ID 8527 BAZRITa>tTMD(CID)]
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OBSERVATION_PERIOD Table

5k =52:2010/1/6, 2011/1/6. 2012/1/6. 2013/1/7

a5k :2013/1/14

Al5E:2013/1/17~2013/1/24

5|44 & (8 BA)

OBSERVATION_ PERIOD ID |1 BgRENSII=——VE
PERSON_ID 1 PERSON TablelZ&% 5+ M
OBSERVATION_PERIOD m e 7 =
START DATE 2010-01-06 | ELEkIHHEAI D=2 H
OBSERVATION_PERIOD A i 2 g o A
END DATE 2013-01-24 | EEEx(ZHHmEDFZH
PERIOD TYPE_CONCEPT_ID | 44814725 | 5283 iE%EAEF 9 CID
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VISIT_OCCURRENCE Table

ERZBDIFR

CZTIZABE(2013/1/17~2013/1/24) 0 431

5| % & (7EA)

VISIT_OCCURRENCE_ ID 514 HHEZEINEI1L=-—4{E
PERSON_ID 1 PERSON TablelZ&H 5+ M
VISIT_CONCEPT_ID 9201 ABEERI AT MD(CID)
VISIT_START_DATE 2013-01-17 | mx=ADBE(AREA)

VISIT_END_DATE 2013-01-24 | &=ZEDHGRIEA)

VISIT_TYPE_ CONCEPT_ID 32035 PLEXEEAAT(BFHILT)
VISIT_SOURCE_ VALUE inpatient LT —2DEFEELLIN TLVEL)

FEHLLT RS
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IR - A - k& - FEIR D 1F R

[ B ZEE |
5| £ & (578A)
CONDITION_OCCURRENCE_ ID 964 BERENDSGI=—VE
PERSON_ID 1 PERSON TablelZ&H 5+ D
CONDITION_CONCEPT_ID 194696 B#ZHE#EZFRI 2T D(CID)
CONDITION_START _ DATE 2010-01-06 | fEEfRSN =R #DH
CONDITION_END_ DATE NULL EDB. [FHRHVGEEEN LB
CONDITION_TYPE_ CONCEPT ID | 32020 SERHEERAT (HILTHDEH)
VISIT_OCCURRENCE_ ID 509 EAGTIANVAY (W ik |0

FEHLLTES
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EELMFEHER
FErF7I/T1325mgE1 H28% . 30H 9 TA 6045

5| 4 & (7EA)

DRUG_EXPOSURE_ID 1001 BEIRENLSII=—VIE
PERSON_ID 1 PERSON TablelZ&H5+H M
DRUG_CONCEPT_ID 1127433 773/ 2712325mgdDCID
DRUG_EXPOSURE_ START DATE | 2010-01-06 | {£ FEEI5 B

DRUG_EXPOSURE_ END_DATE 2010-02-05 |{ER#TH

DRUG_TYPE_ CONCEPT_ID 38000177 | REfxHIRIRIB(LAZE)
QUANTITY 60 HE

DAYS_SUPPLY 30 H#

ROUTE_CONCEPT_ID 4132161 [#010cCID

EHLLTHS
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W& - ERITAIEHR
MERETEKIRE

5| % & (7ER)

PROCEDURE_ OCCURRENCE_ID | 1227 HHESEINIZ1I=-—4{E
PERSON_ID 1 PERSON TablelZ&H5+H M
PROCEDURE_ CONCEPT_ID 4127451 BREBETERE
PROCEDURE_DATE 2013-01-14 | i H

PROCEDURE_TYPE_ CONCEPT_ID | 38000275 |:iC#fEHIEEEH(BEHILA—5F—)
MODIFIER_CONCEPT _ID 0 1EEhF

QUANTITY 0 #ME(0&1FREL)

PROVIDER_ID NULL EhE (EEBDID)
PROCEDURE_SOURCE_ VALUE 304435002 | STT—RIZHIFTHRE/A—F

EHLLTHS
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BHRER2 T T3

BRAGEESI—F

® HO)+—)L§E200 (7E+F7Z/7x2200mg)
L+ ha—FK: 620002023
YJaO—K: 1141007F1063
HOT9—FK: 100713802

feRa—F: EREEEICELS

® 7th7I/Jx8E200mgl JG]
Lt ha—FK: 621520803
YJad—FK: 1141007F1152
HOT9a—FK: 115208103

feRa—F: EREEEBICELS

® Acetaminophen 200 MG Oral Tablet
RxNorm: 430834

— %121

- S
A—3/00—
EZMOa—k
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SNOMED
ICDSCM
3000000 ICD9Proc
CPT4
HCPCS
LOINC
NOFRT
RxMorm

=R ( ICD-10 ) Jeuw

Place of Service
IMedDRA
Multum

ICD'9 W Rezd

CEMIS

M Indication
HWETC
C C PT4 2000000 .ﬂjtilex

( SNOEMD a vacis

H Cohort
mICD10

N ICD10PCS
m Drug Type

RXNOrm 1500000 W ConditionType

M Procedure Type

( LOINC ) Eé?éplﬁlq EEE:rvatiunwpe

@E m Revenue Code
( Read ) 1000000
C MedDRA )
( etc. 500000
C misc. )

W Desth Type
| MeSH

H NUCC
mSpecialty
HEPL

W GCN_SEQNO
W OPCE4

W Gemscript

W HES Specialty
W Domain

m PCORNet

W Currency

M Relationship
W Vocsbulary
m Concept Class
W ICD10CHM

W ABMS

W CIEL
WDA_France
mOFD

(=]




r ZFRDOHREIFXIConceptl&E UTIHR OIS

CONCEPT Table

For use in CDM

English description

Domain

Vocabulary

Class in SNOMED

Concept in data

Code in SNOMED

CONCEPT_ID 313217
CONCEPT_NAME Atrial fibrillation
DOMAIN_ID Condition
VOCABULARY_ID SNOMED
CONCEPT_CLASS_ID Clinical Finding
STANDARD_CONCEPT S
CONCEPT_CODE 49436004
VALID_START_DATE 01-Jan-1970
VALID_END_DATE 31-Dec-2099

INVALID_REASON

Valid during time
interval
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OMOPMFv TS DHF-

c HEDEBRAZESREZUVEDIZTEFEHTLVS,
KB EELR. REFIRNTONHFZEE,
« ITHEBO0H/EBL L. TNENIZIDFEH,

« 512, FAEOBERENMEFRTINTINS,

Il

{5l : A %R
MR
Read: K583.00)@:° dysmenorrhea -

OMOP-CID: 45490345
SNOMED: 266599000
ICD9CM:625.3 OMOP-CID: 194696
OMOP-CID: 44831357
OMOP{Z#EO T+
MeSH:D004412
OMOP-CID: 45616557 OMOP-CID: 436958
OMOPIZE#Ea t T+

0 REDAHEI—RFZ0OMOPIE#(ZTYE LY TES
® HF¥HRICKYBHELHETIRZASD

Primary: 65754002

OMOP-CID: 4280657

Secondary: 32096006

OMOP-CID: 4137754

Mechanical: 5268006

OMOP-CID: 4200993

Psychogenic: 191977008
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256 collaborators in 27 different countries over six continents

BRERI OZ1°574

OHDSI

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

{Active Working Groups)
*Algorithmic Phenotyping
(under Phenotype Dev. & Evaluation WG)
*Atlas & WebAPI WG
*CDM and Vocabulary Development WG
*Causal Inference
*China WG
+Clinical Trials WG
*Data Quality
*EHR-Electronic Health Record WG
*GIS-Geographic Information System WG
*HADES-Health Analytics Data-to-Evidence Suite
Latin America
*Medical Devices WG
*Natural Language Processing WG
*OHDSI Steering Working Group
*Oncology WG
*Patient-Generated Health Data WG
*Patient-Level Prediction WG
*Pharmacovigilance evidence investigation
(used to be Knowledge Base / Laertes)
*Population-Level Estimation WG
*Psychiatry WG
UK BioBank
*Women of OHDSI
*Early Stage Researchers
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| ATLAS | S DT DWebUry—)L

TEY Ak http://atlas-demo.ohdsi.org/

' HADES | £ 01=HDRSAT S

' DATA QUALITY DASHBOARD J T—43

| ACHILLES | T—20T7AI77()2T V=)

(ATHENA | K%+ 250 D@L

https://athena.ohdsi.org/
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72 OHDSI

(B) EHDEN

EUROPEAN HEALTH DATA & EVIDENCE NETWORK
N\ JAPAMN  OBservATIONAL HEALTH DATA SCIENCES AND INFORMATICS

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS KOREA  08seRVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

£ IO 060 S0, () e

i

B Rt ey

Z D IFHTaiwan, Singapore, Australia 27



NIH All of Us Research Program

m National Institutes of Health ABouT~ FUNDING~ NEWS, EVENTS, & MEDIA JoinAllofUs.org ) & Search
All of Us Research Program

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.

1008 ADEXFRa‘KR—+ BEEKRT—42IXOMOP-CDMT
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N3C: National COVID Cohort Collaborative

X

FedRAMP

NCATS Secure Cloud, Staging Area

S

AWS GovCloud
Final Mergg

° CJMOF versioned data from all sources will be combined into

® EANTEEINZENDOEAKT
—iRBIIZITHh N TS AE

N3C: National COVID Cohort Collaborative
https://ncats.nih.gov/n3c/about
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RNDEEN:EHDEN

| S

HOME RESOURCES v EHDEN ~ OPEN CALLS ~ NEWS ~ BLOGC CONTACT Q

Federated network SME Catalogue EHDEN Academy
Find out more about the data partnersin Browse our online catalogue of EHDEMN- Publicly avaiiable, free and on-demand
the EHDEN federated networlk. trained and certified SMEs training developed by the OHDSI and
EHDEN community.

o N \ T —
i 3 Dl
UK
italy 7'
spain -
Fronce P 1 o
The Netherlands I — , R N
Belgium 2
Germany [ - —
Finland [N
Portugal
Serbia
Turkey [
switzerland
Hungary APHP-EDS

: . e egedim Health Data
Croatia

MEB Karolinska Institutet

Bordeaux
Sweden PharmacoEpi
Horway j )
Luxembourg { CancerDataNet GmbH °
RiojaSalud | ¢
Israet \
Estonla
Servicio Céntabro de
Benmark Salud and IDIVAL
Austria - ®
Bulgaria 2CABraga
o 3 & 8 12 13 1 Hospital da Luz )
Learning Health
Geographic spread of data partners. The shade of biue indleates # of Data partnor: POP

the # of data partners in that country (darker = more)
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® OHDSI Software and Tools (24)

WLUIre TEC

— ® OMOP CDM ETL (28)

e @ Tcchnical infrastructure services (24)
services: DHDE! Sottwsre and Tools, OO . OHDSl Training (15)

Standsrdized Wocsb

Ui

XTI

wiEris

® OMOP Standardized Vocabularies (23)

KAISER
&PREUSSE

Country: Sermsany

Whork Languages: Sngli

=

MOSCDM ETL

TeeFmies| imFrasrF] e re e TS
1elo [far= ITastrElCture seryices, irilis]

£l
!

Services: DS Softwsere and Toois,

Treining

e i i i

Country: The Mathersncs

Waork Languages: Engish, Dutcn
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Tools, Skills & Methods Training for Working

with Real World Observational Data In
Generating Evidence

EHDEN Academy

EHDEN Academy EHDEN Academy Non-professional skill
< . ; Sskill skill Skill Tool
Getting Started EHDEN Foundation Patient Phenotype
A - R for Patient-level Patient-Level Population-level Infrastructure
A brief introduction to the Providas an overview of Organisations: Definition, p

EHDEN Academy.

Tool
OHDSI-in-a-Box
Deploy a single instance

implementation of OHDSI
tools and sample data.

the EHDEN project
including high-level...

Tool

OMOP CDM and
Standardised
Vocabularies

The structure of the

common data model and
its vocabularies.

Introduction to Rea...

A basic modular course on
real world health data &
research for the public.

Oo—0

0—0
A—0O

Tool
Extract, Transform
and Load

Map raw observational
data to the OMOP CDM.

Characterisation an...

Defining phenotypes,

characterising and
evaluating using OHDSL...

Tool

ETL Learning
Pathway: Data
Partner & SME Real...
Three of EHDEN's Data

Partners and SMEs:
insights inte COVID-19 ET...

Prediction

Guidance on installing the

PLP Package and
predicting via R.

Tool

ATLAS

Design and execute
analyses on observational
data

Prediction

Patient prediction
modelling using OHDS!

toels, in particular ATLAS.

Effect Estimation

Population-level effect
estimation method:
comparative cohort...

Install and configure the
OHDSI infrastructure.
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Data Network of 60+ Hospitals, 98M Patients

70% of Tertiary Teaching Hospitals
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Characterizing treatment pathways at scale using the

OHDSI

OHDSI network

George Hripcsak®?“", Patrick B. Ryan“?, Jon D. Duke“®, Nigam H. Shah“', Rae Woong Park9, Vojtech Huser*",

CrossMark

&click for updates

5|FRILEIAAZE DB
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Marc A. Suchard“"*, Martijn J. Schuemie“, Frank J. DeFalco, Adler Perotte®, Juan M. Banda®f, Christian G. Reich®!,

Lisa M. Schilling™™, Michael E. Matheny“"°, Daniella Meeker“P9, Nicole Pratt“’, and David Madigan*®

Type 2 Diabetes Mellitus

Metformin

Gliciazide [l
piogiitazone [l
sitagliptin [l

glimepiride [l

Glipizide .
rosiglitazone -
Giyburide [l

Insulin, Glargine, Human [l
exenatide [l

liraglutide .

Insutin, Aspart, Human [lil

saxagiiptin [l

CCAE
\ A

Hypertension

Hydrochlorothiazide [l
Lisinopril
Metoprolol [l
Amicdipine .
Furosemide ﬂ
Losartan [l
Atenolol .
vatsartan [l
carvediiol [l
Triamterene .
Dittiazem [l
Ramipril [l

azepril [l
omesartan [l
Spironotactone [l
cionigine [l

Depression

citalopram [l
Bupropion
Sertraline
Escitalopram
Fluoxetine
Trazodone
venlafaxine
duloxetine
Paroxetine
Amitriptyline .
Mirtazapine .
Desvenlafaxine .
Nortriptyline .

Doxepin .

4HEH

117 —32Y—X
BEMEFT25EA
T2DM. &nE. 5D
BEEMBEERE
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JAMA Network $5& 2018/8

xE

4 Open.

<
/}
Original Investigation | Diabetes and Endocrinology

JEETE

Association of Hemoglobin A, Levels With Use of Sulfonylureas,
Dipeptidyl Peptidase 4 Inhibitors, and Thiazolidinediones in Patients

With Type 2 Diabetes Treated With Metformin

MRREBE | | :

ARTRILEY

Analysis From the Observational Health Data Sciences
and Informatics Initiative

SUZE
DPP-AfREHI
TZD% ZEH

Figure 1. Overview of Multinational Cohort Study Design

Rohit Vashisht, PhD: Kenneth Jung, PhD: Alejandro Schuler, MS; Juar
Kipp W. Johnson, MD, PhD; Mark M. Shervey, PhD; Hua Xu, PhD; Yon
Anthony Reckard, BS; Christian G. Reich, MD; James Weaver, MPH, b

[4]

A ]
| south
Karea

F2ERNEAZKD
TEEDENZHD,

e HbA1CIE T

Study design and implementation

[€]

Study site
Stanford Health Care;
Mount Sinai lcahin School
of Medicine;
Columbia University Medical
Center;
IQVIA Disease Analyser France;
Ajou University, South Korea;
Truven MarketScan Commercial
Claims and Encounters;
Truven MarketScan Medicare;
Optum Clinformatics Data Mart

on 1 of the study sites
| study sites

« IDFRTEE

Distribute across multiple

| D

Gather results,
report findings

. BHEE @

iz =i Study site - |£
° EE |}§_ = Electronic medical [F ; _
records of patients in = ) Patient feature matrix
Common Data Model Cohort construction Drugs  Disease  Procedure
P
I P2
e Treatment cohort .
I Drug A |
=
Comparator cohort - .
Drug B -
P

=l

Matched patients

Lo
Treatment B

Treatment cohort

Match Treatment A
Drug | Disease
| Procedures
Comparator cehort

[1] l

Drug effectiveness
Time to event
HbA, =7% of total
hemoglobin
Occurrence of

myocardial infarction,
kidney, or eye disorder
Meta-analysis

Across health care
systems




E|FRIERRFHI(ZD3)

THE LANCET

@ % ® Comprehensive comparative effectiveness and safety of
- first-line antihypertensive drug classes: a systematic,
multinational, large-scale analysis

Marc A Suchard, Martijn | Schuemie, Harlan M Krumholz, Seng Chan You, RuiJun Chen, Nicole Pratt, Christian G Reich, Jon Duke, David Madigan,
George Hripcsak, Patrick B Ryan

Drug class
ACEi ARB dces ndCCB B Drug class
- ey A e = e Vo= ACEi ARB dCCB ndCCB
. il = == = -0 7 -0 7 o 71—
2 e e — —— il 0~ - e o
5N = = — i o i @ 8- ——
o e — e — 2 o ° o gt
D . el e = ~ § | i i 1
a — = —_ —_— 4 g! ol —— [ — ———— !
———y e — —— E 0 —D— O o= |
T f T T T 1 T T 1 T i T ] R —0— i
05 1 2 s_ad - L 2 -
T T T T T T T T T T T T
HR - — - a— = —— 0.5 1 2
—— e o
—_—— jo— —_—— HR = = = ]
5 et e il —— —0— '-@& !
.L.\‘j i} — r—— e w0 il - "‘:"
o < —— —_— e fal —— s —e—
2 < Ty e D o i ' v i
2 ! ' H
a = — —_— o3 —o— ——— !
—— e e £ —— “o— —0—!
i —— — 8 T ! !
T 1 T T 1 ! T 1 T —C— —o— i
05 . 2 T T T T FI'_‘ T T . i T
HR . - S — 05 1 2
—— =l HR - - 7
v —_— —— 0 o :
L .= = Y ot
A = =i e 2 N i -1 T
g —r e = % i
= —— = & & !
@ large-scale propensity score R —_— = - s
B With blood pressure inclusion T T T T T T @ CCAE ——— . !
05 1 2 —— f
[ + Acute myocardial infarction _ o Optu.m 0'5 i é ! : !
- Hospitalisation for heart failure HR yER—— ® MDCR
+ Stroke @ —— ® MDCD HR 9 ——t
g 4 bt © IMDC - !
[ - Cardiovascular event =8 pstemil) w -
« Ischaemic stroke 2 . ® NHIS/NSC é 3
« Haemorrhagic stroke =} —_— i :
= Heart failure —— © PanTher 2 '—0—-:
= Sudden cardiac death R B e o O IMSG :
+ Unstable angina 05 1 2 O CUMC _ @ !
HR 05 1 2
@ Meta-analysis HR

Figure 3: Effectiveness estimates comparing THZ to ACEi, ARB, dCCB, and ndCCB new users using propensity B Cardi | st
scores with and without baseline blood pressure adjustment in the Optum Pan-Therapeutic database (Brardioyascyisevent riscestimates 4 6



