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Introduction to OMOP and OHDSI
Or: What is it and why should you consider it?



Disclosure
I disclose the following relevant relationship with commercial interests:

• CEO of Odysseus Data Services
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The OMOP Experiment
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79 of 4,000
Vioxx users 
suffered heart 
problems or died



FDAAA calls for establishing Risk Identification and Analysis 
System

Risk Identification and Analysis System:

a systematic and reproducible process to 
efficiently generate evidence to support the 
characterization of the potential effects of 
medical products from across a network of 

disparate observational healthcare data 
sources



OMOP Methods Library
Cohort

Disproportionality

OMOP experiment 
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Angioedema 
Aplastic Anemia 
Acute Liver Injury 
Bleeding 
Hip Fracture 
Hospitalization 
Myocardial Infarction 
Mortality after MI 
Renal Failure 
GI Ulcer Hospitalization 

Legend Total
2
9

44

True positive' benefit
True positive' risk
Negative control'

• 14 methods * 70 settings = 
1,000 SAS scripts

• Open-source
• Standards-based

10 Drugs

10 Outcomes

10 Databases



OMOP to OHDSI

OHDSI has established an international network of researchers and observational 
health databases with a central coordinating centre housed at Columbia University

Columbia 
UniversityOMOP Investigators

OHDSI

The Observational Health Data Sciences and Informatics (OHDSI) program is a multi-
stakeholder, interdisciplinary collaborative to create open-source solutions that bring out 
the value of observational health data through large-scale analytics

Public, open Not pharma funded International



OHDSI’s mission

To improve health

by empowering a community

to collaboratively generate the evidence that promotes

better health decisions and better care



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.



Collaborators



Data Partners



The Author Network



OHDSI Publications

22 pages 
highlighting the 
475 publications 

from our 
community



OHDSI Publications

Explore our community progress:
http://dash.ohdsi.org

http://dash.ohdsi.org/


The Secret Sources

Community

ReproducibilityStandardization

Open-
Source

Open-
Science

Scale



Summary and Segue
• OHDSI – largest and fastest growing community for RWE

• Because of
• Standardization
• Open Source
• Open Science
• Reproducibility
• Community
• Scale

• You should join, too
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Join the Journey!
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OHDSI Standardization 
of Evidence Generation



Current Approach: “One Study – One Script”
"What's the adherence to my drug in the data assets I own?"

Current solution:

Japan

North America
Southeast Asia

China

Europe

Switzerland Italy

India

So Africa Israel

UK

Analytical method: 
Adherence to Drug

Application to 
data

Custom script for each 
study

• Not scalable
• Expensive
• Slow
•  Prohibitive to 

non-expert 
routine use



Solution: Standardized Data and Analytics

1. ATLAS, Remote Studies
− Standard Cohorts
– Standardized Analytics

2. OMOP CDM
– Standardized Format
– Standardized Coding

North America Southeast Asia China

Europe UK Japan India

So Africa Switzerland Italy Israel

MortalityAdherence

Safety 
Signals

Source of Business

Standardized 
data

Remote
Studies



Source 1 CDM

Common data model can enable standardized 
analytics across a distributed data network

Source 1 raw data

Source 3 raw data

Source 2 CDM

Source 3 CDMTr
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el Open-source 
analysis code

Open 
evidence

Electronic health 
records

Source 2 raw data

Clinical data

Administrative claims



Research Across Distributed Research Networks

Coordinating 
center

Data site F

Data site A

Data site E

Data site D
Data site C

Data site B

5

Traditional way:
1. Share data
2. Harmonize data
3. Then analyze

OHDSI way:
1. Leave data where it is
2. Harmonize each site’s data 

to OMOP CDM
3. Share aggregated statistics 

for analysis



Research Across Distributed Research Networks

Coordinating 
center

Data site F

Data site A

Data site E

Data site D
Data site C

Data site B

6

Same across sites:
• Common Data Model
• Standardized Vocabularies
• Phenotypes/Cohorts
• Analysis/Methods
• Evidence generation

Different across sites:
• Health care system
• Data capture process
• Source coding systems
• ETL
• Database platform



OMOP Common Data Model

• Components
– Schema – tables where you put data
– Vocabulary – what codes go in the table
– Conventions – how to store data

• Open committee structure to govern it
– Contracted vocabulary maintenance



OMOP Common Data Model



OMOP Common Data Model v5.4



OHDSI’s Standardized Vocabularies

Standard representation of vocabulary concepts in the OMOP CDM. The example 
provided is the CONCEPT table record for the SNOMED code for Atrial Fibrillation.



OHDSI’s Standardized Vocabularies

• 142 Vocabularies across 44 domains
– MU3 standards: SNOMED, RxNorm, LOINC
– Disparate sources: ICD9CM, ICD10(CM), Read, 

NDC, Gemscript, CPT4, HCPCS…
• >11 million concepts

3.6 million standard concepts
5.1 million source codes
847k classification concepts

• 82 million concept relationships
• 88 million ancestral relationships

Often referred to as 
“The Vocabulary”

Publicly available at: 
https://athena.ohdsi.org/

https://athena.ohdsi.org/


OHDSI Standardized
Vocabularies

This treemap shows all concepts in the OHDSI vocabularies, organized by domain 
(color) and vocabularies (boxes sized by the number of concepts).

This network diagram shows the relationships between vocabularies. Nodes 
are vocabularies, sized by the number of concepts. Edges show connections 
between concepts within vocabularies.



Standardized Analysis

OHDSI standardized analytics use cases:
• Characterization
• Population-level estimation
• Patient-level prediction

HADES (formally known as the OHDSI 
Methods Library) is a set of open-source R 
packages for large scale analytics, designed 
specifically for direct interaction with the 
OMOP CDM.



Standardized Analysis

HADES
HADES is a set of open source R packages for 

large scale analytics, including population 
characterization, population-level causal effect 
estimation, and patient- level prediction.

The packages offer R functions that together can 
be used to perform an observational study through 
the full journey from data to evidence, including 
data manipulation, statistical modeling, and results 
generation with supporting statistics, tables and 
figures.

Each package includes functions for specifying 
and subsequently executing multiple analyses 
efficiently. HADES supports best practices for use 
of observational data as learned from previous 
and ongoing research, such as transparency, 
reproducibility, as well as measuring of the 
operating characteristics of methods in a 
particular context and subsequent empirical 
calibration of estimates produced by the methods.

Population-Level Estimation
CohortMethod
CohortMethod is an R package for performing new-user 
cohort studies in an observational database in the OMOP 
Common Data Model.

EvidenceSynthesis
This R package contains routines for combining causal 
effect estimates and study diagnostics across multiple data 
sites in a distributed study. This includes functions for 
performing meta-analysis and forest plots.

SelfControlledCaseSeries
SelfControlledCaseSeries is an R package for performing 
Self-Controlled Case Series (SCCS) analyses in an 
observational database in the OMOP Common Data Model.

SelfControlledCohort
This package provides a method to estimate risk by 
comparing time exposed with time unexposed among the 
exposed cohort.

Patient-Level Prediction/Characterization
PatientLevelPrediction
PatientLevelPrediction is an R package for building and 
validating patient-level predictive models using data in the 
OMOP Common Data Model format.

DeepPatientLevelPrediction
DeepPatientLevelPrediction is an R package for building 
and validating deep learning patient-level predictive models 
using data in the OMOP Common Data Model format and 
OHDSI PatientLevelPrediction framework.

EnsemblePatientLevelPrediction
EnsemblePatientLevelPrediction is an R package for build- 
ing and validating ensemble patient-level predictive models 
using data in the OMOP Common Data Model format. The 
package expands the OHDSI R PatientLevelPrediction 
package to enable ensemble learning.

Characterization
Characterization is an R package for performing 
characterization of a target and a comparator cohort.



Standardized Analysis
Cohort Construction



Standardization of evidence generation à 
acceleration, reproducibility, reliability

St
an
da
rd
iza
tio
n

Acceleration

Reproducibility

Reliability
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Evidence Generation

Large Scale Observational Research Preparation



The journey to real-world evidence

Patient-level 
data in source 

system/schema

Reliable 
evidence



A Caricature of The Patient Journey
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Each Observational Database Is Just an (Incomplete) 
Compilation of Patient Journeys

4



Complementary evidence to inform the patient 
journey

Clinical 
characterization:

What happened to 
them?

Patient-level 
prediction:

What will happen to 
me?

Population-level 
effect estimation:

What are the causal 
effects?



Analytic use case Type Structure Example

Clinical 
characterization

Disease Natural History Amongst patients who are diagnosed with <insert your favorite 
disease>,  what are the patient’s characteristics from their 
medical history?  

Amongst patients with rheumatoid arthritis, what are their 
demographics (age, gender), prior conditions, medications, 
and health service utilization behaviors?

Treatment utilization Amongst patients who have <insert your favorite disease>,  
which treatments were patients exposed to amongst <list of 
treatments for disease>  and in which sequence?  

Amongst patients with depression,  which treatments were 
patients exposed to SSRI, SNRI, TCA, bupropion, 
esketamine  and in which sequence?  

Outcome incidence Amongst patients who are new users of <insert your favorite 
drug>, how many patients experienced <insert your favorite 
known adverse event from the drug profile> within <time 
horizon following exposure start>?

Amongst patients who are new users of methylphenidate, 
how many patients experienced psychosis within 1 year of 
initiating treatment?

Patient level 
prediction

Disease onset and 
progression

For a given patient who is diagnosed with <insert your favorite 
disease>, what is the probability that they will go on to have 
<another disease or related complication> within <time horizon 
from diagnosis>?  

For a given patient who is newly diagnosed with atrial 
fibrillation, what is the probability that they will go onto to 
have ischemic stroke in next 3 years?

Treatment response For a given patient who is a new user of <insert your favorite 
chronically-used drug>, what is the probability that they will 
<insert desired effect> in <time window>?

For a given patient with T2DM who start on metformin , 
what is the probability that they will maintain HbA1C<6.5% 
after 3 years?

Treatment safety For a given patient who is a new user of <insert your favorite 
drug>, what is the probability that they will experience <insert 
adverse event > within <time horizon following exposure>?

For a given patients who is a new user of warfarin, what is 
the probability that they will have GI bleed in 1 year?

Population-level 
effect 
estimation

Safety surveillance Does exposure to <insert your favorite drug> increase the risk of 
experiencing <insert an adverse event> within <time horizon 
following exposure start>?

Does exposure to ACE inhibitor increase the risk of 
experiencing Angioedema within 1 month after exposure 
start?

Comparative 
effectiveness

Does exposure to <insert your favorite drug> have a different 
risk of experiencing <insert any outcome (safety or benefit) > 
within <time horizon following exposure start>, relative to 
<insert your comparator treatment>?

Does exposure to ACE inhibitor have a different risk of 
experiencing acute myocardial infarction while on 
treatment, relative to thiazide diuretic?



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question

• Characterization study: incidence rate

Amongst patients with prostate cancer receiving different treatments, how many 
patients experienced side effects/local problems within <time horizon >?  



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question

• Population level estimation: comparative 
effectiveness 

Comparative effectiveness:  Does exposure to treatment A have a different risk of 
experiencing side effects/local problems within <time horizon > , relative to 
treatment B?



Let’s Dissect One Research Question

• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

• Characterization study: natural history

Amongst patients with prostate cancer receiving different treatment A-Z,  what 
are the patient’s characteristics from their medical history?  



Let’s dissect one Research Question

• RQ5. Which specific patient groups benefit 
most of upfront chemotherapy? What are 
the side effects and What is impact on 
quality of life in real-life practice of 
chemotherapy in this setting? the benefit 
of potentially toxic upfront chemotherapy 
appears to be highly individual. Other 
factors to predict who would benefit most 
are needed. the benefit of chemotherapy 
in the subgroup patients who have 
recurrence after primary treatment is not 
known. 

• Study
• Target Cohorts: 
• Comparator Cohorts: 
• Outcome Cohorts:
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A collaborative open-science 
community transforming 
clinical research with real 

world evidence.

Paul Nagy, PhD, FSIIM
Johns Hopkins University



OHDSI

“You come for the data 
model, but you stay for 
the community”

2



Multi-disciplinary Innovation with Open Science at Scale

Statisticians

Informaticists

Clinicians

Open source community and 
research network with 900+ 
Million unique patients

Validated 
statistical tools on 

observational 
health data 

Translate EMR 
and claims data 
into a common 
data model tied 

to standard 
terminologies.



OHDSI Is a Highly Active Global Community

S

S

S S

OHDSI Network:
Ø>450 databases
Ø34 countries
Ø3.6B patient records (960M unique)
• >250m in US, >290m in Europe, >169m in 

South America, >65m in Asia

OHDSI Collaborators:
Ø3,997 users 
Ø30+ workgroups
Ø5 regional chapters
Ø25,117 posts with 4,705,098 page 
views



OHDSI is a vibrant multi-speciality 
open science community

•Innovation
•Reproducibility
•Community
•Collaboration
•Openness
•Beneficence

5

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



Education

•Weekly Community Calls
•Phenotype Phebruary
•Save our Sysphus Challenge
•Open source developers conference
•Ehden Acdemy online learning mgmt. system
•Book of OHDSI

6https://ohdsi.github.io/TheBookOfOhdsi/



Ehden Academy

•Free online LMS based on Moodle
•20+ self paced courses on OHDSI
•https://academy.ehden.eu/

7



OHDSI Working Groups

8

Workgroup
Core Data 

model
Vocabulary

Common Data Model
Methods Patient-Level Prediction

Population-Level Estimation
Tools HADES

Data Quality Dashboard 
Phenotype Development & Evaluation
ATLAS/WebAPI

Domain Data 
source

Clinical Trials

FHIR & OMOP
Geographic Information Systems
Medical Devices
Medical Imaging
Natural Language Processing
Registry
Vaccine Vocabulary

Exposure Health Equity
Surgery and Perioperative Medicine

Domain Disease Oncology

Psychiatry

Eye Care

Dentistry

Support Regional Africa Chapter

Asia-Pacific Chapter

Latin America Chapter

Community 
segment

Early-Stage Researchers

Open-Source Community

Technical Advisory board

Perseus Uses Group

Databricks Users Group

Healthcare Systems

Broad Education

Steering Group



Working Groups

•Any one can become an OHDSI member at no 
cost.   OHDSI is an open inclusive community.
•Any OHDSI member is welcome to join any 
working group.
•Most working groups are 2x/Month, some are 
weekly.
•Working group meetings are often recorded 
and if of educational nature will be uploaded 
to YouTube.

9



Working group collaboration

10



In Person Conferences

11

OHDSI Asia Pacific 

OHDSI Europe

OHDSI Global Symposium 



OHDSI Open Source Community

• 262 Repositories
• 30 M+ lines of code
• 681 Developers
• 31 organizations
• 47,672 commits
• 2,838 GitHub Forks
• 4,168 GitHub Stars
• 5,547 GitHub Subscribers

https://ohdsi.github.io/Hades/packageStatuses.html



Data Science Applications

13
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Publications

15



Creating Evidence

16



https://ohdsi.org

17
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Stump the Experts
Panel Session



Panelists

Mui Van Zandt
VP/Global Head Data Strategy, Access & Enablement - GM Inteliquet
IQVIA

2AMIA 2023 Annual Symposium  |   amia.org

Paul Nagy
Program Director for Graduate Training in Biomedical Informatics and Data Science, 
Deputy Director of the Johns Hopkins Medicine Technology Innovation Center
Johns Hopkins University

Christian Reich
Professor of PracticeProfessor of Practice; Northeastern University,
CEO; Odysseus Data Services, 



Format

45 min – moderated questions

15 min – Audience questions
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Challenge our OHDSI panelists at AMIA!

Submit your most intriguing questions and be a part of our 'Stump the 
Experts' session!

Join by Web

PollEv.com/clt3

Join by Text

Send clt3 and your message to 37607

4AMIA 2023 Annual Symposium  |   amia.org

https://pollev.com/clt3
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11-Nov-2023

OHDSI RWE Revolution:
Igniting Data Modernization with Harmonized Standards 

for Cutting-Edge Health Research



Atlas 1: Building cohorts
Demo 1



Atlas 2: Characterization and 
visualization

Demo 2



Atlas 3: Group Exercise
Hands-on Session 
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Gowtham A Rao 
Johnson and Johnson
Connect with me rao@ohdsi.org
#AMIA2023

OHDSI Methods and Research
OHDSI RWE Revolution: Igniting Data Modernization with Harmonized Standards for 
Cutting-Edge Health Research

mailto:rao@ohdsi.org


Disclosure

I disclose the following relevant relationship with commercial interests:
• Employee of Johnson and Johnson
• Spouse is employee of Johnson and Johnson

Much of the slides and content borrowed with permission from other OHDSI 
collaborators

• Martijn Schuemie, Patrick Ryan, Marc Suchard, Anthony Sena etc.
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Standard Framework for Research 
Questions: TCIO-TAR inputs

Target (T): The exposure of interest

Comparator (C): A suitable comparator

Indication (I): Ensure prior membership in an underlying disease cohort 
(optional)

Outcome (O): Includes primary and secondary health status of interest either 
from an efficacy or safety perspective

Time at Risk (TAR): The a priori determined period of time upon which the 
outcome is assessed

What are the standardized inputs?



Example Research: TCIO-TAR for Diabetes 
Mellitus
T: SGLT2i

C: GLP-1RA

I: T2D

O: MACE, HHF, DKA, genital infections, fractures, LLA, AKI, UTI, 
mortality

TAR: On treatment

Age: >66

Characterization: Differences in baseline characteristics between T and 
C.

Estimation: Difference in risk between T and C for the O in the TAR.

Prediction:  Occurrence of O among T within TAR



Example Research: TCIO-TAR for Hormone 
Replacement Therapy
T: CE/BZA

C: EP

I: none

O: endometrial cancer, endometrial hyperplasia, 
and breast cancer (and others in the methods 
section)

TAR: On treatment

Characterization: Differences in baseline characteristics between T and 
C.

Estimation: Difference in risk between T and C for the O in the TAR.

Prediction:  Occurrence of O among T within TAR



Value Proposition: Problem of ‘TRUST’

Problem: Long-standing issues of lack of TRUST in real-world evidence to 
guide clinical practice.

- Observational study bias 
- Publication bias
- P-hacking
- Misleading estimates due to study design 

and analytical choices

We can answer a large set of questions using TCIO framework – but are our 
results trustable?



How do we earn and prevent erosion of 
TRUST in our science?

7

Three ideas
1. LEGEND Principles 2. Objective Diagnostics 3. Standardized software

Open-source software



TRUST 1: LEGEND principles
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Randomized controlled trials LEGEND



TRUST 1: LEGEND principles
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TRUST 1: LEGEND principles

10



TRUST 1: LEGEND principles
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Measuring residual bias



TRUST 1: LEGEND principles
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Open-source software



TRUST 1: LEGEND principles
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TRUST 2: Objective Diagnostics

2. Objective Diagnostics Statistical power Rule: Minimum Detectable Relative Risk 
(MDRR) < 10

Comparability Rule: Equipoise > 0.5

Covariate Balance Rule: Max standardized difference of mean 
(SDM) < 0.1

Generalizability Rule: Max SDM between analytic cohort and 
target cohort < 0.25

Residual systematic error Rule: Expected Absolute 
Systematic Error (EASE) < 0.25



TRUST 2: Objective Diagnostics

15

Statistical power rule

Rule: Minimum Detectable Relative Risk (MDRR) < 10

Reasoning: Even low-power estimate (wide CI) could be 
helpful, but we want to avoid misinterpreting grossly 
underpowered studies

Minimum Detectable Risk Ratio (MDRR) is a term used to describe the smallest relative risk that a study with a given power is capable of 
detecting.



TRUST 2: Objective Diagnostics

16

Comparability Rule (Equipoise)

Preference = probability of patient choosing target vs. comparator treatment, given baseline features

Rule: Equipoise > 0.5
(Equipoise is percent of population that has 0.3 < preference 
score < 0.7)

Reasoning: If equipoise is low, the populations are too 
incomparable, and we probably shouldn’t trust our ability to 
make them comparable. 



TRUST 2: Objective Diagnostics
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Covariate balance rule

Confounding variables associated with both exposure and outcome can bias effect estimates if not properly addressed

Rule: Max standardized difference of mean (SDM) < 0.1
(no covariate may have a SDM >= 0.1 after PS adjustment)

Reasoning: If covariates are unbalanced there                                                  
may be confounding.



TRUST 2: Objective Diagnostics
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Generalizability rule

Generalizability is the extent to which a study result can be applied to a target population of interest

Rule: Max SDM between analytic cohort and target cohort 
< 0.25
(target cohort: the cohort we started with (those exposed))
(analytic cohort: the cohort after all adjustments)

Reasoning: Estimate may not generalize to our target 
population if differences are too great.

Strategies employed to reduce confounding (e.g. PS 
matching) can shift the composition of the analytic 
cohort away from the original target



TRUST 2: Objective Diagnostics
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Residual systematic error rule (EASE statistic)

Residual systematic error can still exist due to model misspecification inherent to analysis or data

Rule: Expected Absolute Systematic Error (EASE) < 0.25
(EASE is the expected abs(log(estimated RR) – log(true 
RR)), based on negative control estimates)

Reasoning: Even though we can and should empirically 
calibrate to account for residual error, readers may not 
trust results if calibration shifts the estimates too much.

Bias – expected value of systematic error – can be 
estimated using negative control experiments in 
which estimates can be compared with known truth



TRUST 3: Standardized software

3. Standardized software

Open-source software

Cohort Generator: R package for generating cohorts using data in the CDM 
Cohort Diagnostics: Evaluation of phenotype algorithms for OMOP CDM
Cohort Incidence: Performs incidence calculations on a CDM
Characterization: Performs characterization on target and comparator cohort
Cohort Method: performs new-user cohort studies in the OMOP CDM
Self Controlled Method: Performs Self-Controlled Case Series (SCCS) analyses in the OMOP CDM
Patient-Level Prediction: Performs patient level prediction in the OMOP CDM
Evidence Synthesis: R package for combining evidence from multiple sources 



TRUST 3: Standardized software
What is Health Analytics Data to Evidence Suite (HADES) 

- Open-source R packages for execution on OMOP CDM

- Principled software, grounded in methods research

- Documented, maintained, tested, empirically validated software

- Facilitates multi-question

- Facilitates large-scale analytics (big data)

- Distributed data network support: Enables federated analyses

- Platform independent: Compatible with diverse technical infrastructures



TRUST 3: Standardized software



Conclusion: TRUST à TCIO-TAR

23

Three ideas
1. LEGEND Principles 2. Objective Diagnostics 3. Standardized software

Open-source software



Thank you!
Email me at: 

rao@ohdsi.org
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Reproducibility and Trust

Ross D. Williams, PhD
Erasmus University Medical Center
Darwin EU® Analytics Team Lead

r.williams@erasmusmc.nl



Disclosure
This presentation represents the views of the DARWIN EU® Coordination Centre 
only and cannot be interpreted as reflecting those of the European Medicines Agency or 
the European Medicines Regulatory Network.



What do we mean by reproducibility?



What does a traditional epi study look like?



Generating Reliable Evidence using the OMOP Common Data Model

Patient-level data 
in source 
system/schema

Reliable 
evidence

B
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Patient-level 
data in CDM

A Common Data Model enables 
standardised analytics to generate 

reliable evidence.

We need to make studies repeatable, reproducible, replicable, generalisable, and robust



OHDSI roads to reliable evidence
Use interactive analysis platform

ATLAS
Standard

Apply R packages
HADES

StandardCustom

Custom

Write code

Patient level data 
in OMOP CDM

Reliable Evidence



• By standardizing the elements of studies (Characterisation, Estimation, Prediction)
• We can standardize diagnostics

Diagnostics



• Standardise the questions, this allows for standardised software

• For the standard questions have standard software
• Test this software
• When errors are discovered, create a test, fix error

• This produces better software, more reliable answers and the research is reproducible

• Use renv to increase the likelihood of reproducing estimates at a later point

Darwin EU® perspective



Software Review Process



We have to respect patient privacy, and we must be open with analysis

Protocols, standard software, clear decision making

Clarity and openness



Federated analyses in OHDSI network

11Schuemie MJ. How to extract transform and load observational data. 
https://www.ohdsi.org/wp-content/uploads/2014/07/Beijing2015.pdf?_ga=2.178811554.749634320.1678273784-1300990784.1664885317 Last accessed 09-MAR-23

https://www.ohdsi.org/wp-content/uploads/2014/07/Beijing2015.pdf?_ga=2.178811554.749634320.1678273784-1300990784.1664885317


Federated analyses in OHDSI network

12



Standardised pipelines can be incrementally improved over time

Flexibility can be improved through user interaction and development cycles

Moving to a standard design approach

Why standardisation makes research 
more trustworthy



Thanks for your attention r.williams@erasmusmc.nl
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11-Nov-2023

Evidence generation at scale



Disclosure
I disclose the following relevant relationship with commercial interests:

• VP, Head of Data Science at Odysseus Data Services
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Current pace of evidence generation in healthcare

3
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All health outcomes of interest



Current evidence base for hypertension

• Driven primarily by one clinical study 
ALLHAT- only 3 individual drugs

• Focus: mostly on efficacy

Head-to-head antihypertensive drug comparisons
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Can we provide
1. reliable – concordant w/ RCTs
2. rich – across “all” comparators
3. relevant – inform practice 

evidence?

4
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Typical observational study

Two targets: atenolol and metoprolol
Three outcomes: 
• Acute myocardial infarction
• Stroke
• Heart failure 

6

ARCH INTERN MED/ VOL 172 (NO. 18)



Creating an evidence base for hypertension
Single ingredient comparisons

Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

7



Creating an evidence base for hypertension
+ Single drug classes comparisons

8

Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156



Creating an evidence base for hypertension
+ single vs dual ingredient comparisons

9

Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810



Creating an evidence base for hypertension
+ dual classes comparisons
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32



Creating an evidence base for hypertension
+ single vs dual class comparisons
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832



Creating an evidence base for hypertension
+ dual vs duo drugs comparisons
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784



Creating an evidence base for hypertension
+ dual vs duo class comparisons
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992



Creating an evidence base for hypertension
+ dual vs duo class comparisons
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278



Creating an evidence base for hypertension
+ expert curated outcomes
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020



Creating an evidence base for hypertension
+ Diagnostics
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020

Diagnostics 164,908,500 587,020



Best-practices: systematic large-scale PS

17

• >8,000 (regularized) baseline 
patient characteristics (all dx, rx, 
tx) 

• Address observed (and some 
unobserved – BP control) 
confounding

Tian et al, 2019, IJE



Not all comparisons are valid
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Not all comparisons are valid
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Creating an evidence base for hypertension
+ negative controls
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020

Negative control outcomes 76 76

Target-comparator-neg controls 2,843,250 *  76 = 216,087,000 769,476



Creating an evidence base for hypertension
+ positive controls
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020

Negative control outcomes 76 76

Target-comparator-neg controls 2,843,250 *  76 = 216,087,000 769,476

Positive control outcomes 76 *  3=228 228

Target-comparator-pos controls 2,843,250 *  228 = 648,261,00 662,484
Total comparisons 864,348,000 1,431,960



Creating an evidence base for hypertension
+ positive controls
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020

Negative control outcomes 76 76

Target-comparator-neg controls 2,843,250 *  76 = 216,087,000 769,476

Positive control outcomes 76 *  3=228 228

Target-comparator-pos controls 2,843,250 *  228 = 648,261,00 662,484
Total comparisons 864,348,000 1,431,960

Total 864,348,000 * 9= 7,779,132,000 1,431,960 * 9=12,887,640 

US Insurance databases
• IBM® MarketScan® CCAE
• IBM® MarketScan® MDCD
• IBM® MarketScan® MDCR
• Optum© Clinformatics®
Japanese insurance databases
• Japan Medical Data Center
Korean national insurance databases
• NHIS-NSC
US EHR databases
• Columbia University Medical Center
• Optum© PANTHER®
German EHR databases
• QuintilesIMS Disease Analyzer (DA) Germany



LEGEND knowledge base for hypertension
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Head-to-head HTN drug comparisons

ch
lo
rth
al
id
on
e

hy
dr
oc
hlo
ro
th
iaz
ide

be
nd
ro
flu
m
et
hia
zid
e

ind
ap
am

ide

m
eto
laz
on
e

be
na
ze
pri
l

ca
pto
pri
l

en
ala
pril

fos
ino
pril

lisin
opr
il

moe
xipri

l

perin
dopri

l

quinapr
il

ramipril

trandolapril

azilsartan

candesartan

eprosartan

irbesartan

losartan

olmesartan

telmisartan
valsartan

amlodipinefelodipineisradipinenicardipine

nifedipine

nisoldipine

lacidipine

diltiazem

ve
ra
pa
m
il

bu
m
et
an
ide

fu
ro
se
m
ide

to
rs
em

ideam
ilo
rid
e

tria
mt
ere
neep

ler
on
on
e

spi
ron
ola
cto
ne

ate
nol
ol

beta
xolo

l

biso
prolo

l

meto
prolo

l

nebivol
ol

nadolol

propranolol

acebutolol

carteolol

penbutolol

pindolol

carvedilol

labetalol

Aliskiren

doxazosin

prazosin

terazosin

clonidine

m
ethyldopa

guanfacine

hydralazine

m
inoxidil

co−am
ilozide

Trials: 40
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Comparisons: 10, 278



How does LEGEND perform?

24

Literature LEGEND

• Best-practices systematic design, evaluation and empirical calibration 
return near nominal performance
• Provide a more complete and reliable evidence basis



Summary 
OHDSI has created the know how, people and the technical stack to make evidence 
generation an industrial process

25
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Evidence Generation

ME.250.961 
Large Scale Observational Research Preparation



The journey to real-world evidence

Patient-level 
data in source 

system/schema

Reliable 
evidence



A Caricature of The Patient Journey
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Person 1
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Each Observational Database Is Just an (Incomplete) 
Compilation of Patient Journeys
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Complementary evidence to inform the patient 
journey

Clinical 
characterization:

What happened to 
them?

Patient-level 
prediction:

What will happen to 
me?

Population-level 
effect estimation:

What are the causal 
effects?

Evidence use cases:



Analytic use case Type Structure Example

Clinical 
characterization

Disease Natural History Amongst patients who are diagnosed with <insert your favorite 
disease>,  what are the patient’s characteristics from their 
medical history?  

Amongst patients with rheumatoid arthritis, what are their 
demographics (age, gender), prior conditions, medications, 
and health service utilization behaviors?

Treatment utilization Amongst patients who have <insert your favorite disease>,  
which treatments were patients exposed to amongst <list of 
treatments for disease>  and in which sequence?  

Amongst patients with depression,  which treatments were 
patients exposed to SSRI, SNRI, TCA, bupropion, 
esketamine  and in which sequence?  

Outcome incidence Amongst patients who are new users of <insert your favorite 
drug>, how many patients experienced <insert your favorite 
known adverse event from the drug profile> within <time 
horizon following exposure start>?

Amongst patients who are new users of methylphenidate, 
how many patients experienced psychosis within 1 year of 
initiating treatment?

Patient level 
prediction

Disease onset and 
progression

For a given patient who is diagnosed with <insert your favorite 
disease>, what is the probability that they will go on to have 
<another disease or related complication> within <time horizon 
from diagnosis>?  

For a given patient who is newly diagnosed with atrial 
fibrillation, what is the probability that they will go onto to 
have ischemic stroke in next 3 years?

Treatment response For a given patient who is a new user of <insert your favorite 
chronically-used drug>, what is the probability that they will 
<insert desired effect> in <time window>?

For a given patient with T2DM who start on metformin , 
what is the probability that they will maintain HbA1C<6.5% 
after 3 years?

Treatment safety For a given patient who is a new user of <insert your favorite 
drug>, what is the probability that they will experience <insert 
adverse event > within <time horizon following exposure>?

For a given patients who is a new user of warfarin, what is 
the probability that they will have GI bleed in 1 year?

Population-level 
effect 
estimation

Safety surveillance Does exposure to <insert your favorite drug> increase the risk of 
experiencing <insert an adverse event> within <time horizon 
following exposure start>?

Does exposure to ACE inhibitor increase the risk of 
experiencing Angioedema within 1 month after exposure 
start?

Comparative 
effectiveness

Does exposure to <insert your favorite drug> have a different 
risk of experiencing <insert any outcome (safety or benefit) > 
within <time horizon following exposure start>, relative to 
<insert your comparator treatment>?

Does exposure to ACE inhibitor have a different risk of 
experiencing acute myocardial infarction while on 
treatment, relative to thiazide diuretic?



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question

• Characterization study: incidence rate

Amongst patients with prostate cancer receiving different treatments, how many 
patients experienced side effects/local problems within <time horizon >?  



• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

Let’s Dissect One Research Question

• Population level estimation: comparative 
effectiveness 

Comparative effectiveness:  Does exposure to treatment A have a different risk of 
experiencing side effects/local problems within <time horizon > , relative to 
treatment B?



Let’s Dissect One Research Question

• How does the rate of side effects / local 
problems (including secondary / palliative 
treatments needed) compare between 
treatments (open, laparoscopic, robot 
surgery, with or without lymph node 
dissection; brachytherapy, different forms 
of external beam radiation therapy), and 
which patient specific factors are 
associated with these adverse secondary 
endpoints? 

• Characterization study: natural history

Amongst patients with prostate cancer receiving different treatment A-Z,  what 
are the patient’s characteristics from their medical history?  
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OMOP and OHDSI
What have we learned?



OHDSI’s mission

To improve health

through community

and evidence



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.



Collaborators



The Secret Sources

Community

ReproducibilityStandardization

Open-
Source

Open-
Science

Scale



Data Standardization: OMOP CDM



OHDSI Scales
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Theoretical Observed (n>2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2 = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 *  58 = 164,908,500 587,020

Negative control outcomes 76 76

Target-comparator-neg controls 2,843,250 *  76 = 216,087,000 769,476

Positive control outcomes 76 *  3=228 228

Target-comparator-pos controls 2,843,250 *  228 = 648,261,00 662,484
Total comparisons 864,348,000 1,431,960

Total 864,348,000 * 9= 7,779,132,000 1,431,960 * 9=12,887,640 

US Insurance databases
• IBM® MarketScan® CCAE
• IBM® MarketScan® MDCD
• IBM® MarketScan® MDCR
• Optum© Clinformatics®
Japanese insurance databases
• Japan Medical Data Center
Korean national insurance databases
• NHIS-NSC
US EHR databases
• Columbia University Medical Center
• Optum© PANTHER®
German EHR databases
• QuintilesIMS Disease Analyzer (DA) Germany



Open Source Community

262 Repositories

30 M+ lines of code

681 Developers

31 organizations

47,672 commits

2,838 GitHub Forks

4,168 GitHub Stars

5,547 GitHub Subscribers



OHDSI Methods and Research

9

Three ideas
1. LEGEND Principles 2. Objective Diagnostics 3. Standardized software

Open-source 
software



Reproducibility and Trust

Patient-level 
data in source 
system/schema

Reliable 
evidence
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Patient-

level data 
in CDM

A Common Data Model enables 
standardised analytics to generate 

reliable evidence.

We need to make studies repeatable, reproducible, replicable, generalisable, and robust



Home: https://www.ohdsi.org

Book of OHDSI: https://book.ohdsi.org

Methods and Tools: https://github.com/OHDSI

Common Data Model: https://ohdsi.github.io/CommonDataModel

Vocabularies: https://athena.ohdsi.org

Studies: https://github.com/OHDSI/ohdsistudies

Workgroups: https://www.ohdsi.org/workgroups

Where do you find us?

https://www.ohdsi.org/
https://book.ohdsi.org/
https://github.com/OHDSI
https://ohdsi.github.io/CommonDataModel
https://athena.ohdsi.org/
https://github.com/OHDSI/ohdsistudies
https://www.ohdsi.org/workgroups


Join the Journey!
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