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OHDSI (Observational Health
Data Sciences and Informatics)

International collaborative consortium applying open-source data analytic solutions based on OMOP-
Common Data Model (CDM) to a large network of health databases across the world

oL Kazakhstan

Mali Niger Sisd Thailand
Chad
Venezue | Nigerna Ethiop
Colomb
DR Congo * " =
Brazil Tanzani Pag:m:iaw
Per Angol
Bolivia . : >
OHDSI Collaborators: OHDSI Data Network:
e >100 researchers in academia, * >40 databases standardized to
industry and government OMOP common data model

* >10 countries  >500 million patients

https://www.ohdsi.org/



Why Common Data Model (CDM)?
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Various Common Data Models

_ _ 7 * The OMOP CDM
@ Identify Candidate Generate & Apply III- Analyze accommodated

Data Models Evaluation Criteria | ===  Results

—— _ the highest
4 Common Data Models 11 Criteria, 6 Categories 1 Model Selected percentage of
e e N ‘ our data
: : elements (76%),
| . ; Content Coverage
| Sentlnel i fared well on
| o Integrity other
| @ pcornet , requirements,
| : Flexibility and hadlbroader
N terminology
| ;a%%EngTlONAL Queriability coverage than
v 3 | the other
: wTCOMES Integration models
. PARTNERSHIP .
; Implementability

Garza, et al., JBI 2016 8



OMOP Common Data Model V6
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International collaborative consortium applying open-source data analytic solutions based on OMOP-
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How OHDSI works

OHDSI Coordinating Center

Source data Standardized, de- Data Analytics
warehouse, with identified patient- network development

identifiable level database support and testing
patient-level data (OMOP CDM v5)

Research and
education

Standardized
large-scale
analytics

OHDSI.org

Summary

Analysis statistics results

results

repository

OHDSI Data Partners

r-----—----------—---




How Distributed Research Platform works? -« evidnet

FEEDER Node(Participating Hospital) FEEDER Portal

Container Tenant L

Code Execution Execution
Approval Rule Verification Approval
PHI Detection

Aemajen juany

Virtual
Cloud
Quer Qe pevelopment
l,’le Y Environment
Environment
Research / Query
Development Tool

13]|043U0) ddejia3u|
Jaulejuod
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uonessaydiQ Jaulejuo)

Code Security Verification

—

i i IT Company &
OHDSI uery Engine Query Environment
e Framework Medical Researcher
Achilles R Java
Atlas Python Al Request

Workspace

Share research and
query code

Input query code
(Wizard)

&«

Fire Wall

common r package

Data Quality Verification

Structured / Unstructured
Preprocessing

Companies
Data Service Layer in Demand
Data Lake
— .
i % @ b_ D Hospital CDM Workspace .
S _rl"- —n Data Distribution Storage Query Resul
. . " Research Support Query Data Usage /
Lifelog @ Unstructured Videos /
OMOP CDM enomics Documents Images CDM Data Environment Meta Provision Record
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Standardized data-based software 7 &8 2| & A
Scalability

an ‘ Dlgltal MediCine www.nature.com/npjdigitalmed

ARTICLE  OPEN
Scalable and accurate deep learning with electronic health
records

* Itis widely held that 80% of the effort in an analytic model is preprocessing,

merging, customizing, and cleaning datasets, not analyzing them for
insights. This profoundly limits the scalability of predictive models

* Itis crucial to standardize the health care data to enhance scalability of
developed software

Rajkomar et al., Npj Digital Medicine, 2018 16



ATLAS

English I \

Home # Home

Data Sources Welcome to ATLAS.

s h ATLAS is an open source application developed as a part of OHDSI intended to provide a unified interface to patient level data and analytics.
earc

Documentation
Concept Sets & The ATLAS user guide can be found here.

Getting Started

Cohort Definitions

Define a New Cohort Begin performing research by defining the group of people you intend to study
Characterizations

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

Cohort Pathways
Release Notes

Incidence Rates .
ATLAS Version 2.9.0 Release Notes

WebAPI Version 2.9.0 Release Notes

Profiles
This latest release contains 314 feature enhancements and issue resolutions:

a Restrict official support of RDBMS of WebAPI to Postgresql

n Samples result is not cleared/switched after switching a data source
M Release v2.8.0 (In Progress)

,...-_J Validating study choices

_| Integrating Achilles with Atlas

_| v2.8.0 regression for MS SQL CAST->TRY_CAST statement fix

m Few descriptions provided in cohort pathway

Estimation

® Prediction

Jobs

Configuration

. Restrict cohort name length for PLP package creation
M OHDSI Component Dependencies
Feedback M source id should be larger than 0

| Danrar tallan timanut far ND anthantinatian

A free, publicly available, web-based tool developed by the OHDSI community that facilitates the design and
execution of analyses on standardized, patient-level, observational data in the CDM format.

https://youtu.be/pMtJ3aBQ6sk https://github.com/OHDSI/Atlas/wiki 17



Google Cloud Platform

%® Yonsei-student w

OHDSI ATLAS

Odysseus Data Services, Inc

ohdsi atlas cohort

Al X Hijx E7|
He 7t AH =2 x| &

e

ATLAS is a web-based tool developed by the OHDSI community that
facilitates the design and execution of analyses on standardized, patient-
level, observational data in the CDM format. This VM image comes with pre-
built ATLAS and WebAPI together with SynPUF 110k dataset.

OHDSI ATLAS on GCP or AWS

aws p= OHDSI

-

o a
Il N
Amazon
Route 53

©

AWS

Researchers

AWS Certificate
Manager (ACM)

o

Amazon Relational Database

CloudFormation

Service
(Amazon RDS)

Aurora PostgreSQL
-
Atlas Application o
Application Data > -t —
| il (5
Balancer \

AWS Elastic Beanstalk

Amazon
Redshift Cluster
R-Studio and
Jupyter Notebooks on
Amazon EC2 ONOk

CDM

1
L

Patient and Population
Prediction

Clinical Data

Vocabulary

Patient Level Prediction

Population Level

Results

ACHILLES

Effect Estimation

&

https://youtu.be/yXLd6DCp26A

https://github.com/OHDSI/OHDSIonAWS
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Characterization of anticancer treatment trajectory

4
. . Window for identifying separated
Window for checking cyele and treatyme%nt I?ne } Administration of Exclusion Drug
composition of drug ingredients (In this case, bevacizumab)
0 ll 10 20 60 120
P Not included as ‘FOLFOX’ episode
@ .
Administration of Episode - Fluorouracﬂ\
Index Drug Regimen  Startdate End date  Cycle Type @ Lcucovorin
FOLFOX  2020-01-11 2020-01-16 I Cycle & Oxaliplatin
Administration of n :
FOLFOX  2020-01-11 2020-02-04 NULL Treatment-line

HJleon, SCYou, et al., IMIR MI, 2021 19



. Carboplatin and Paclitaxel (n=39, 10.9%)

Gefitinib (n=71, 19. )

[ Exlotinib (n=
| P
[ Carboplatin and acﬁmlﬂl?{n-l.? XD M = - -

. Gemcmb):c (n=37 10. 3%)
I Afatinib (n=11, 3.1%)

—_—

Characterization of anticancer treatment trajectory

RT (n=128, 35.7%)

End of life (n=89, 24.8%)» " g
T

,\ ~ =

P Gemeitabine (u-sa JO%Y R

[ Docetaxel (n=22. 61%) ’A
[ Vinorelbine (n—)ﬁ 45'/»7 -—

.Geﬁnmb(u'S‘.’, 14.5%)

.

I End of life (n=72, 38.3%)

I Erlotinib (n=14, 7.4%)
B Gefitinib (n=19, 10.1%)
Bl Docetaxel (n=21, 11.2%)

D RT (n=38, 20.2%)

[ Vinorelbine (n=24, 12.8%)

== COVID-19 (n=1, 1.6%)

B Anastrozole (n=2, 3.3%)

== Bjcalutamide and Goserelin (n=1, 1.6%)
[ Bicalutamide and Leuprolide (n=2, 3.3%)
I Carboplatin and Paclitaxel (n=2, 3.3%)

I Letrozole (n=9, 14.8%)

I TamxifenN.o%)

[ Cisplatin and"Paclitaxel (n=2, 3.3%)
== Cisplatin and Vinofelbine, (n=1, 1.6%)
=== Cyelophosphamide (nﬂ Y“é%)

=== Docetaxel and Predmsolom\'@=l 1.6%)
== Erlotinib and Gemeitabine ( 1.6%)
FOLFIRT and Bevacizumab (=1, %.6%)
[ Leuprolide (n=2, 3.3%) >
|| mFOLFOX6 (n-5. 8.2%)

=== Paclitaxel (n=1, 1.6%)

=== TCHP (Taxotere) (n=1, 1.6%)

=== Trastuzumab (n=1, 1.6%)

[T Bicalutamide (n=3;4.9%)

[ Docetaxcl (n=4, 6.6%)

I Gefitinib (n=2, 3.3%)

> Sorafenib (n=1, 1.6%)

[T Cisplatin and Pemetrexed (n=2, 3.3%)
=== TCH (Taxotere, Carboplatin) (n=1, 1.6%)
== TH (Taxol) (n=1, 1.6%)

[ CapeOx (n=2, 3.3%)

=== Cisplatin, Paclitaxel, Bevacizumab (n=1, 1.6%)

COVID-19 (n=47, 77.0%)

=== Tamoxifen and Prednisolone (n=1, 1.6%)
B Tamoxifen (n=3, 3.3%)

&

== Bicalutamide and Leuprolide (n=1, 1.6%)
=== Docetaxel and Prednisolone (n=1,.1.6%)
== (Carboplatin and Pachlaxcl_Ln—l 1.6%)
=9 Regorafenib (n=1,.1.6%)

I Pemetrexed (n=2,.3.3%)

I Trastuzumab (n=2, 3.3%)

=== Paclitaxel (n=1, 1.6%)

=== COVID-19 and End of life (n=1. 1.6%)

== Bicalutamide (n=2, 5.3%)
[T End of life (n=4, 21.1%)

&= Leuprolide (n=1, 5.3%)
== mFOLFOX6 and Bevacizumab (n=1, 5.3%)

B Letrozole (n=2, 10.5%)

lCOVlD-19 (n=6, 31.6%)

=== Pemetrexed (n=1, 5.. 3%)
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. COVID-19 (n=6, 85.7%)
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HJeon, SCYou, et al., IMIR MI, 2021 20



Neutropenia onset timing across various treatment

A Breast Cancer
FAC * d2-d8
* d9-d15
Docetaxel —o o d16-d22
AT (Taxotere) * d22-d28
AC
0 25 30
B
FOLFOX >
FOLFIRI and Cetuximab
FOLFIRI and Bevacizumab
FOLFIRI —_—
0 25 30

HJeon, SCYou, et al., IMIR MI, 2021
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2. Deep phenotyping of 34,128 patients hospitalized with
COVID-19 in an international network study

Conditions Medication use
cuiMC ‘%
_ ® ) - 50%
(n:1759) | @ : ) : ) !
- 0%
HIRA L 509%
(n: 7341)
- 0%
HM - 50%
(n: 2078) -
L 0% o
0% E
PHD =
- 50% @
(n: 5257) 3
- 0% @
SIDIAP
- 50%
(n: 16,347)
- 0%
UC HDC L 509%
(n: 769)
- 0%
o - 50%
(n:577)
- 0%
© Bilood disease @ Eyedisease © Neoplasm @ Alimentary tract and metabolism @ Dermatologicals @ Sensory organs
@ Cardiovascular disease @ Genitourinary disease © Nerve disease and pain @ Antiinfectives for systemic use e Genito urinary system ® Systemic hormonal preparations

and sex hormones excl. sex hormones and insulins

@ Congenital disease @ latrogenic condition & Respiratory disease Anti i
parasitic products, ) .
© Digestive disease @ Infection @ Skin disease © insecticides and repellents ® Musculo-skeletal system @ Uncategorised
® Endocrine or metabolic disease @ Injury and poisoning @ Soft tissue or bone disease © Blood and blood forming organs @ Nervous system @ Various
@ ENT disease @ Mental disease © Uncategorised @ Cardiovascular system @ Respiratory system

EBurn, SCYou, et al., Nature Communications, 2020 22



Use of repurposed and adjuvant drugs in hospital patients with
covid-19: multinational network cohort study

Hydroxychloroquine

Dexamethasone

Azithromycin

Tocilizumab

Ritonavir

Remdesivir

China

NFHCRD

Jan-Apr
(n=304)

<2%

- 3%

— 0%

_7%

South
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HIRA
Feb-Apr
(n=7599)

‘27%

— 2%

~ 14%

— 0%

‘35%

- 0%
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HM Hospital
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Mar-Apr  Feb-May
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‘ 85% ’40%
-~y [ 19%
fsa% B gy

. 17% — 0%

’50% 4%

- 0% - 0%

CUIMC
Feb-Dec hospital CDM Feb-Oct

(n=7353) Feb-Oct (=36717)(n=156 187) (n=744)

.22%
.21%
.21%

0%

— 0%

IQVIA- Optum-EHR Premier STARR-OMOP TRDW
Feb-May  Feb-May
(n=326)

(n=77 853)

g . 20%
‘ 32% . 25,
’47% ’37%

—5% _4%
— 0% — 1%
= 7y, 0%
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.23%
[
’47%

— 0%
— 0%

- 0%

= 3% .20%
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— 1% g
— 0% <2%
0% 0%
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l -

- 0%

0%

Prats-Uribe, et al., BMJ, 2021
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Low statistical power: current evidence from

observational analyses

“JAMA

Exposure to Oral Bisphosphonates
and Risk of Esophageal Cancer

BM]

August2010: “Among patients in the UK
General Practice Research Database, the

use of oral bisphosphonates was not
significantly associated with incident
esophageal or gastric cancer”

commonly prescribed in elderly wom-
en; g. in 2005, approximately 10% of
UK women older than 70 years re-
ceived a bisphosphonate prescription.’

Oral bisphosphonates are known to
cause sertous esophagitis in some us-
ers.** Crystalline material that re-
sembles ground alendronate tablets has
been found on blopsy in patients with
bisphosphonate-relaed esophagitis, and
follow-up endoscopies have shown that
abnormalities remain alter the esopha-
gitis heals.® Reflux esophagitis is an es
tablished risk factor for esophageal can-
cer through the Barrett pathway.”# It is

not known whether bisphosphonate-
| "l N 1

RESEARCH

Oral bisphosphonates and risk of cancer of oesophagus,
stomach, and colorectum: case-control analysis within a UK
primary care cohort

L' Gabrela Czannes, statistician.' Gilian Reeves, statistical epidemiologist,
L Lesky Wise, manager, Prammacoepidemidogy Resssach and Inteligene
of cancer epdemology’

Jane Green, clinical epidem
Joanne Watson epidamid
Unit.” Valere Beral professe

S

Main Outcome Measure Hazard ratio for the risk
cer in the bisphosphonate users compared with the bis

Results Mean follow-up time was 4.5 and 4.4 yea
control cohorts, respectively. Excluding patients with I
there were 41826 members in each cohort (81% w
11.4) years). One hundred sixteen esophageal or ga
occurred in the bisphosphonate cohort and 115 (7]
cohort, The incidence of esophageal and gastric cance!
person-years of risk in both the bisphosphonate and
of esophageal cancer alone in the bisphosphonate al
and 0.44 per 1000 person-years of risk, respectively. T|
of esophageal and gastric cancer combined between
phonate use (adjusted hazard ratio, 0.96 [95% confiq
risk of esophageal cancer only (adjusted hazard ratio,
val, 0.77-1.49)). There also was no difference in risk o
by duration of bisphosphonate intake

Conclusion Among patients in the UK General Practi

gemiokgy L ABSTRACT Conclusions The risk of cesophageal cancer increased
¥ O, O Objective To exa mine the hypothesis that risk of with 10 or mare prescriptions for oral bisphosphonates
" oesophageal, but not of gastricor colorectal, cancer & and with prescriptions over about 2 five year period. In
Fepigory Agmoy nowased in users of oral bisphosphonates Ewope and North America, the incddence of oesophageal
e R gy B Design Nested case-control analysis within 2 prima ry care cancer at age 60-79is typically 1 per 1000 population
% cohort of about 6 mition people in the UK, with ower five years, and this i estimated to increa se to about
e ged

Ce s
2100

Sept2010: “In this large nested case-
control study within a UK cohort [General
Practice Research Database], we found a
significantly increased risk of oesophageal
cancer in people with previous
prescriptions for oral bisphosphonates”

25



Why OHDSI: Distribution of possible results from one
hypothesis

Study

P S
— e
OR 1 /
o ‘\) Databases

Methods

Stat signif > 1
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Why OHDSI: Distribution of possible results from one
hypothesis

JAMA BMJ

Databases

Study #3

27



OR

Why OHDSI: Distribution of possible
results from one hypothesis

1.4 +R

Databases

Methods
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Large-scale evidence based on CDM and distributed
research network

* Large-scale in terms of diverse databases

— Heterogeneous healthcare system, enrolled patients, ethnicity, captured
data

e Korean national insurance vs US Medicare vs US private insurance data vs European
administrative data vs EMR

e Large-scale in terms of analytic settings

— Number of covariates adjusted
— Diverse analytic settings (PS stratification vs PS matching)

* Large-scale in terms of number of comparisons
* Prespecified analytic process to avoid p-hacking

29
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LEGEND

LARGE-scALE EVIDENCE GENERATION AND EVALUATION IN A NETWORK OF DATABASES

30



LEGEND knowledge base for hypertension

Head-to-head HTN drug comparisons

@ Trials: 40 @ Comparisons: 10,278
@ N=102 —[1148] — 33K @ N =23502 - [212K] — 1.9M

31



LEGEND-HTN: Thiazide is better than ACEi for first-line anti-
hypertension treatment

Articles

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 N
George Hripcsak, Patrick B Ryan

Summary
Background Uncertainty remains about the optimal monotherapy for hypertension, with current guidelines

mending any primary agent among the first-line drug classes thiazide or thiazide-like diuretics, angiotensin-co]
enzyme inhibitors, angiotensin receptor blockers, dihydropyridine calcium channel blockers, and non-dihydro
calcium channel blockers, in the absence of comorbid indications. Randomised trials have not further refi

choice.
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Suchard, et al., Lancet 2019
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JAMA | Original Investigation

Coronary Intervention

James Weaver, MSc; Ajit Londhe, MPH; Jaehyeong Cho, BS; Jimyung Park, BS; Martijn Schuemie, PhD;
Marc A. Suchard, MD, PhD; David Madigan, PhD; George Hripcsak, MD, MS; Aakriti Gupta, MD, MS;
Christian G. Reich, MD; Patrick B. Ryan, PhD; Rae Woong Park, MD, PhD; Harlan M. Krumholz, MD, SM

IMPORTANCE Current guidelines recommend ticagrelor as the preferred P2Y12 platelet
inhibitor for patients with acute coronary syndrome (ACS), primarily based on a single large
randomized clinical trial. The benefits and risks associated with ticagrelor vs clopidogrel in
routine practice merits attention.

OBJECTIVE To determine the association of ticagrelor vs clopidogrel with ischemic and
hemorrhagic events in patients undergoing percutaneous coronary intervention (PCl) for ACS
in clinical practice.

Seng Chan You, MD, MS; Yeunsook Rho, PhD; Behnood Bikdeli, MD, MS; Jiwoo Kim, MS; Anastasios Siapos, MSc;

Association of Ticagrelor vs Clopidogrel With Net Adverse Clinical Events
in Patients With Acute Coronary Syndrome Undergoing Percutaneous

E Editorial page 1
= JAMA Patient Page page 1

Audio and Supplemental
content

CME Quiz at

jamacmelookup.com and CME

Questions page O

https://data.ohdsi.org/TicagrelorVsClopidogrel/

https://github.com/ohdsi-studies/ticagrelorVsClopidogrel/

SCYou, et al., JAMA, 2020
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Risk of the Primary Outcome (NACE) at 1 Year

No. of events/total No.

Hazard ratio

Favors : Favors

routine practice merits attention.

in clinical practice.

OBJECTIVE To determine the association of ticagrelor vs clopidogrel with ischemic and
hemorrhagic events in patients undergoing percutaneous coronary intervention (PCl) for ACS

Source Ticagrelor Clopidogrel (95% CI) ticagrelor clopidogrel

Optum electronic health record 1307/16414 1192/16414 1.08(1.00-1.17) —-—

IQVIA hospital 294/3998 272/3998 1.06 (0.90-1.24) ——Ih—

Health Insurance Review and Assessment  1883/10878  1826/10878 1.02 (0.96-1.09) ll

Overall: 12=0.0%; P=.06 3484/31290 3290/31290 1.05(1.00-1.10) ‘

0.5 1 2
Hazard ratio (95% Cl)

R R ———————————— [=JAMA
inhibitor for patients with acute coronary syndrome (ACS), primarily based on a single large Panent Fage paget
randomized clinical trial. The benefits and risks associated with ticagrelor vs clopidogrel in ?::tiznatnd Supplemental

CME Quiz at

jamacmelookup.com and CME

Questions page O

https://data.ohdsi.org/TicagrelorVsClopidogrel/

https://github.com/ohdsi-studies/ticagrelorVsClopidogrel/

SCYou, et al., JAMA, 2020
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Risk of the Primary Outcome (NACE) at 1 Year

No. of events/total No.

Source Ticagrelor Clopido
Optum electronic health record 1307/16414 1192/1
IQVIA hospital 294/3998 272/39
Health Insurance Review and Assessment  1883/10878  1826/1
Overall: [2=0.0%; P=.06 3484/31290 3290/3
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inhibitor for patients with acute coronary syndrome (ACS), primi
randomized clinical trial. The benefits and risks associated with t
routine practice merits attention.

OBJECTIVE To determine the association of ticagrelor vs clopidog
hemorrhagic events in patients undergoing percutaneous coron;
in clinical practice.

https://data.ohdsi.org/TicagrelorVsClopidogrel/

eFigure 7. Distribution of risk estimates for NACE from 144 analyses before and after

empirical calibration
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Ongoing international study:

The risk of cancer in ranitidine vs other H,RAs

758 683 Patients meeting eligibility criteria 338 957 Patients meeting eligibility criteria 86 359 Patients meeting eligibility criteria from the
from the American databases from the European databases Asian databases
(IQVIAAmbER, CUIMC, STARR) (IQVIA DA Ger, IMRD, SIDIAP) (NHIS-NSC,AUSOM,HUMIC,KDH, TMUCDR)

A 4

1 183 999 adults (=20 years old) who exposed to H,RAs longer than 30 days
without history of cancer

v v
909 168 Ranitidine users 274 831 Other H,RAs users
| ]
v
1:1 Propensity-score matching
|
1 L |
! 678 798 Patients not matched |« = = = - - -———— ->: 44 461 Patients not matched :
___________________ 4 v L o o o e e o o o e e e e e e e e e
230 370 Ranitidine users matched 230 370 Other H,RAs users matched
| |
v
Diagnostics
|
| I T 1 e acs b TP |
1 12 964 Patients did not pass the 1 12 964 Patients did not pass the
diagnostics J'" -TTT -t ":_ diagnostics I
217 406 Ranitidine users 217 406 Other H,RAs users
in the primary analysis in the primary analysis
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The risk of cancer in ranitidine vs other H,RAs

Source Ranitidine Other H2 blocker HR 95% CI Hazard Ratio
IQVIA Ambulatory EMR  2380/248009 2643/248009 0.89 [0.84; 0.94] —°—
CUIMC 276/12738 290/12738 0.95 [0.80; 1.12] —'-——
STARROMOP 73/3604 75/3604 0.99 [0.72; 1.37] "
<
IQVIA DA Germany 43/3546 50/3546 0.84 [0.56; 1.27] *
imrd1903 5/697 11/697 0.55 [0.18; 1.62] <—
SIDIAP 176/4241 155/4241 1.17 [0.94; 1.45] =
NHIS-NSC 165/14118 112/14118 1.43 [1.12; 1.82] =
AUSOM 21/2300 22/2300 0.97 [0.53; 1.77] +
HUMIC 18/1883 16/1883 0.97 [0.49; 1.92] =< *
KDH 11/1155 14/1155 0.82 [0.37; 1.82] =< +
TMUCDR 7/1973 20/1973 0.35 [0.14; 0.83] =
Overall 0.98 [0.85; 1.13] --q-—
Heterogeneity: 1? = 60.5% I ' '
Test for subgroup differences: y2 = 0.30, df = 2 (p = 0.86) 0.5 1 2
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Bring the algorithm to the data,
not data to the algorithm

Define Prediction:

o Target population
astwork e  Time-at-risk Learn model on Evaluate model: Evaluate model:
¢ each dataset internal validation external validation
Data 1 » ooy [—»| Labeleddata: {(x;y)} | TrainData1 f=p| TestData1 | __..{~ =2 D3
’__.I S \‘ ::_:: "'
w 1] - .0 1
Data2 ——=—» C%a,s,a , | —S—» Labeleddata:{(x;y)} —» TrainData2 ps=» TestData2 -, Extemgl Data
8 .5- \~‘s~ " “ "v ""
S g
4:v" s‘.
Data N > c%intan | »{ Labeled data: {(x;y)} —>| TrainDataN F»| TestDataN * E"‘e'”,ﬁ}' Data
Heterogeneous  Homogeneous Same extraction process and The same code is applied to
structure raw structure raw variable creation - code each dataset making the
data data shared across network model development efficient

Reps, et al., JAMIA 2018 39



Robust machine-learning model to predict the cause of death
/‘ based on distributed research network / CDM
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Pneumonia —_ — —~ 109 w——
o o
N Diabetes N S = | | & | = — s | |
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— o 101 I o
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Cause of death , ) , i o )
=== Chronic lower respiratory disease === Cerebrovascular disease Hypertensive disease Pneumonia

Ckim, SCYou, et al., JAMIA (accepted) 40




Non-selective beta-blocker o
Anxiolytics 4

Sleep findings 4

Female o

Hypnotics and sedatives 4

Gastrointestinal ulcer

Alprazolam A
Dimenhydrinate A
Lactobacillus acidophilus 4
Triazolam

Anxiety

Levosulpiride 4

Pain of truncal structure -
Antirheumatic drugs -
Conduction disorder+

Gastritis

Psychoanaleptics A
Perimenopausal disorder J ourn 31 le f\
Polyarthropathy 4 o M D PI
Drugs for PUD and GERD 4 PE’FS{J H.EIL'Ed =
Benzodiazepine derivatives - 1M€dlffﬂ€

Angina pectoris 4

Anxiety disorder

Article

Prediction of Major Depressive Disorder following

perpheral vascular diseese beta-blocker therapy in patients with cardiovascular
Antiepileptics di S eas e S

Aspirin 1

Psycholeptics 4
Drugs for constipation -

Vascular disorder

Peripheral vascular disease 4

Amlodipine 4

Coronary arteriosclerosis -

| Suho Jin!, Kristin Kostka?, Jose D. Posada®, Yeesuk Kim*, Seung In Seo®, Dong Yun Lee?, Nigam H.
| Shah’, Sungwon Roh8, Young-Hyo Lim?, Sun Geu Chae?, Uram Jin!!, Sang Joon Son!?, Christian

e Reigh??, Peter R. Rijnbeek’, Rae Woong Park®®’, and Seng Chan You'®”

_C’_.——

=]
(=]
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Table 2. Performance of the model in internal and external validations

Validation set

Name

Qutcome

Incidence (%s)

AUC

Sensitivity

Speciticity

Internal
External 1
External 2
External 3
External 4
External 5

External 6

NHIS
Ajou
Hanvang
Kandong
STARR

OpenClaims

AmbEMR

10078

8511

5112

3097

26,258

4,295,013

883,196

154

26

439

59,045

3,342

1.53

0.22

0.29

0.51

1.67
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JAMA Cardiology | Special Communication

4Rationale and Design of the Aspirin Dosing—A Patient-Centric Trial
Assessing Benefits and Long-term Effectiveness (ADAPTABLE) Trial

DESIGN, SETTING, AND PARTICIPANTS This pragmatic, open-label, patient-centered,
randomized clinical trial is being conducted in 15 000 patients within the National
Patient-Centered Clinical Research Network (PCORnNet), a distributed research network of
partners including clinical research networks, health plan research networks, and
patient-powered research networks across the United States. Patients with established
ASCVD treated in routine clinical practice within the network are eligible. Patient recruitment
beganin April 2016. Enrollment was completed in June 2019. Final follow-up is expected to
be completed by June 2020.

MAIN OUTCOMES AND MEASURES The primary efficacy end point is the composite of all-cause
mortality, hospitalization for nonfatal myocardial infarction, or hospitalization for a nonfatal
stroke. The primary safety end point is hospitalization for major bleeding associated with a
blood-product transfusion. End points are captured through regular queries of the health

systems’ common data model within the structure of PCORnet's distributed data
environment.

Marquis-Gravel et al., JAMA Cardiology, 2020 Hernandez et al., Annals of Internal Medicine, 2015 43



Pragmatic Clinical Trial

based on Nationwjde CDM data network

through|EHR/CDM)|searches using ajcomputable phenotype
nat classifies inclusion and exclusion criteria

l

‘ Patients provided with trial information and link ’

[ Patients i ified by research networks in PCORnet ’

to econsent form on a web portal®
Randomized treatment assignment provided directly to patient

l l

|

Aspirin 81 mg each day Aspirin 325 mg each day

‘ Electronic patient follow-ujfor PROs: eve[_y 3-6 mo l
Supplemented with searches offEHR, CDM, and claims data

‘ Duration: Enrollment over approximately 3 y; ’
maximum follow-up approximately 4 y
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&

/5

15000 Patients with known ASCVD + =1 enrichment factor

!

Patients identified by research networks in PCORnet
through EHR/CDM searches using a computable phenotype
that classifies inclusion and exclusion criteria

!

Patients provided with trial information and link
to econsent form on a web portal®
Randomized treatment assignment provided directly to patient

| |

L

Pragmatic Clinical Trial
based on Nationwide CDM data network

Annals of Internal Medicine

The ADAPTABLE Trial and PCORnet: Shining Light on a New
Research Paradigm

IDEAS AND OPINIONS

Figure 3. Data Collection

Aspirin 81 mg each day Aspirin 325 mg each day

| '

{ Electronic patient follow-up for PROs: every 3-6 mo
Supplemented with searches of EHR, CDM, and claims data

Y

| Duration: Enrollment over approximately 3 y;
maximum follow-up approximately 4 y

l v

Primary end point:
composite of all-cause mortality,
hospitalization for M,

hospitalization for
major bleeding

Primary safety end point:

or hospitalization for stroke

Marquis-Gravel et al., JAMA Cardiology, 2020

Patient data collection via portal
|

I

Online patient
portal

Electronic visit 1

(week 1-3)

Prerandomization aspirin dose
Demographic data
Concomitant meds

Current aspirin dose
Hospitalizations

il

Baseline

and/or DCRI call center
(for participants without internet access)
-

End-of-study visit

Current aspirin dose
Concomitant meds
Hospitalizations
Patient-reported outcomes

Subsequent electronic visits
(1:1 randomization to every
3 or 6 mo)

Current aspirin dose
Concomitant meds

Hospitalizations
PROs 44 mo

(maximum follow-up)

data '

Baséline | | Grlno
3mo

1 Ll
24 mo | 36 mo |
30 mo 40 mo

| 12 Imo |
9mo 18 mo

Ll
44 mo

«§%» peornet

g g g Queries of PCORnet’s local EHR datamarts every 6 mo

(complemented with CMS and private health plans)
Data Mart

Hernandez et al., Annals of Internal Medicine, 2015
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Longitudinal Expansion of Data: Integration with
Standardized Nationwide Claim Data
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OHDSI (Observational Health
Data Sciences and Informatics)

International collaborative consortium applying open-source data analytic solutions based on OMOP-
Common Data Model (CDM) to a large network of health databases across the world

oL Kazakhstan

Mali Niger Sisd Thailand
Chad
Venezue | Nigerna Ethiop
Colomb
DR Congo * " =
Brazil Tanzani Pag:m:iaw
Per Angol
Bolivia . : >
OHDSI Collaborators: OHDSI Data Network:
e >100 researchers in academia, * >40 databases standardized to
industry and government OMOP common data model

* >10 countries  >500 million patients

https://www.ohdsi.org/






The Book of OHDSI

The Book of OHDSI Korea

OHDSI-Korea
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