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10/22 Tutorial

An Introduction to the Journey from Data to Evidence Using OHDSI
https://www.ohdsi.org/ohdsi2024-tutorials/

#E%E . SNOMED<wWE VS
ATLAS. R/\w r—<

—\

J "C https://results.ohdsi.org/app/23 TutorialDemo2024

The LEGEND (Large—scale Evidence Generation and
Evaluation across a Network of Databases)

LEGEND Basic Viewer https://results.ohdsi.org/app/02_LegendBasicViewer
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Characterizing treatment pathways at scale using the
OHDSI network
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Fig. 2. Treatment pathways for all data sources. For each disease, diabetes
(A), hypertension (B), and depression (C), and across all data sources, the
inner circle shows the first relevant medication that the patient took, the
second circle shows the second medication, and so forth. Only four levels are
shown, but up to 20 medications were recorded. For example, 76% of di-
abetes patients started with metformin, and 29% took only metformin.

Treatment pathways for hypertension
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Characterization gives us the full picture of what has happened and is happening, providing a
rich, comprehensive knowledge base about healthcare practices, patterns and trends.



/‘ So What?

Is LEGEND-like large-scale evidence reliable?

Journal of the American Medical Informatics Association, 21(8), 2020, 1268-1277
doi: 10.1093/jamia/ocaal?4
Research and Applications

Randomized controlled trials LEGEND
Research and Applications 3
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Large-scale evidence generation and evaluation across a %»%)
network of databases (LEGEND): assessing validity using H, 5, 8
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Figure 3. Comparisons of single-drug hypertension treatments in randomized controlled trials (left) and in LEGEND (right). Each circle represents an ingredient.
Color groupings indicate drug classes. A line between circles indicates the 2 drugs are compared in at least 1 study.
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Define research questions
Indication hypertension

Define treatment comparisons
Ingredients Comparisons
Mono therapies n =40 Monovs mono n=1,366
Duo therapies n =66 Mono vs duo n=4,532
Duo vs duo n=3,744
Drug classes
Mono therapies Monovs mono n =156
Duo therapies Mono vs duo n=1,038
Duo vs duo n=1,558
Major drug classes
Mono therapies n=7 Monovs mono n =42
Duo therapies n=17 Mono vs duo n =238
Duo vs duo n=272

Treatment comparisons n = 12,946

Research questions n = 699,872

: Select negative controls
V & synthesize positive controls

Negative controls n =76 per comparison
Positive controls n =228 per comparison -

Control questions n=1,674,816

Estimate causal effects
Data sources

Select study population : y

Define time-at-risk (on treatment / ITT) n =2 » Admin. claims n=6
Create propensity scores EHRs n=3
Stratify / match by propensity scores n=2 A Meta-analysis n=1

Fit outcome (survival) model
) Data sources n =10
Analyses n =4 per question

A 4

Effect size estimates n = 6,076,775 Control estimates n = 13,699,875
' \ 4
Calibration models n = 125,588

Evaluate & calibrate
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® Randomized clinical trials meta-analysis

B | EGEND real-world evidence meta-analysis

Concordance
— Reference
— Estimates in agreement

—— Statistically significant difference (p < 0.05)
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A mantra...

The NEW ENGLAND
JOURNAL of MEDICINE

SPECIALTIES v TOPICS Vv MULTIMEDIA v CURRENTISSUE v LEARNING/CME v  AUTHOR CENTER  PUBLICATIONS v q

This content is available to subscribers. Subscribe now. Already have an account?

f X in &
The Magic of Randomization versus the Myth of

Real-World Evidence

Authors: Rory Collins, F.R.S., Louise Bowman, M.D., F.R.C.P., Martin Landray, Ph.D., F.R.C.P. ®, and Richard Peto,
F.R.S. Author Info & Affiliations

Published February 12, 2020 | N Engl | Med 2020;382:674-678 | DOI: 10.1056/NEJMsb1901642 | VOL. 382 NO. 7
Copyright ©_2020
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But RWE is more than ‘causal’ evidence

Clinical
characterization:

What happened to
them?

/ EASY

Patient-level
prediction:

Population-level

effect estimation:
What are the
causal effects?

What will happen
to me?

HARD HARDEST
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17 Feb 2020

JAMA Internal Medicine | Original Investigation

Comparison of Cardiovascular and Safety Outcomes
of Chlorthalidone vs Hydrochlorothiazide to Treat Hypertension

George Hripcsak, MD, MS; Marc A. Suchard, MD, PhD; Steven Shea, MD; RuiJun Chen, MD;
Seng Chan You, MD; Nicole Pratt, PhD; David Madigan, PhD; Harlan M. Krumholz, MD, SM;
Patrick B. Ryan, PhD; Martijn J. Schuemie, PhD

Supplemental content

IMPORTANCE Chlorthalidone is currently recommended as the preferred thiazide diuretic
to treat hypertension, but no trials have directly compared risks and benefits.

OBJECTIVE To compare the effectiveness and safety of chlorthalidone and
hydrochlorothiazide as first-line therapies for hypertension in real-world practice.

DESIGN, SETTING, AND PARTICIPANTS This is a Large-Scale Evidence Generation and Evaluation

in a Network of Databases (LEGEND) observational comparative cohort study with

large-scale propensity score stratification and negative-control and synthetic positive-control

calibration on databases spanning January 2001 through December 2018. Outpatient and

inpatient care episodes of first-time users of antihypertensive monotherapy in the United >< LE G END 0) 5% JEH $1§|J
States based on 2 administrative claims databases and 1 collection of electronic health

= records were analyzed. Analysis began June 2018. —
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OMOP Common Data Model adoption

0 3 6 9 1215 18 21 24 27

Spain

o, Italy

Mg S United Kingdom
dig Belgium
Portugal

Germany

The Netherlands

187 data partners selected e

Croatia

among 563 applications Hungary

Greece

29 countries serbio |

Turkey

Sweden
>366m person records Switzeland |
Czech Republic ,
1 Common Data Model e
Denmark |
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Ukraine
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Luxembourg )
Ireland |
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OMOP CDM Users By The . ) \ - A
Numbers SN 4 i h —

“A,,‘ 5_4 : \ e / 2 ; . .
* 544 data sources [ ] e p v
) 4 5 o ‘ ; lov
» 54 countries {f b 2 . L \7 2018

4
* 974 million unique patient records U ) & = - [l efpia -
(12% of world’s population) 4 -

Source: OHDSI 2024, NJ, USA

Source: OHDSI 2024, NJ, USA X%}% 2023 Report

534 data source

49 countries
956 millions
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