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The journey to real-world evidence

Different types of observational data:
* Populations

e Pediatric vs. elderly

e Socioeconomic disparities
Care setting

* Inpatient vs. outpatient

e Primary vs. secondary care
Data capture process

e Administrative claims

e Electronic health records

e Clinical registries
Health system

* Insured vs. uninsured

* Country policies

Reliable

Patient-level
data in source
system/schema

evidence




Patient-level

data in source
system/schema

Types of evidence desired:

e Clinical characterization
* Clinical trial feasibility
e Treatment utilization
e Disease natural history
* Quality improvement

* Population-level effect estimation
e Safety surveillance
 Comparative effectiveness

e Patient-level prediction
* Precision medicine
* Disease interception

The journey to real-world evidence

Reliable

” evidence



Current status quo in observational research makes it
challenging to build trust in evidence

Does the study provide an unbiased effect estimate?
Are the findings generalizable to the population of interest?

methodological
concerns

data
quality?

measurement
error?

Select
cohorts

Curate
data

Implement Disseminate
analysis evidence

programming
correct?

ETL
correct?

logic
correct?
technical

Protocol concerns

Review

Can the study be fully reproduced?
Does the analysis actually do what the protocol said it would do?



Desired attributes for reliable evidence

Desired Researcher Analysis
attribute

Same or Similar
different
Same or
different

Replicable

Generalizable

Same or Same or
different different

Robust

Calibrated Similar

(controls) ---

Similar

Similar

Similar




F// OHDSI’s mission

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



Our
Journey

Where The OHDSI Community Has Been
And Where We Are Going

2025 edition

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

https://www.ohdsi.org/wp-content/uploads/2025/10/0OurJourney-2025.pdf
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OHDSI collaborators
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* 4,751 collaborators

« 88 countries

* 9,004 followers on LinkedIn
« 21 time zones

« 6 continents y

* 1 community -

Join the Journey at https://ohdsi.org/
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Workgroups led by community
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Regional chapters and national nodes
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OMOP Common Data Model v5.4

Standardized clinical data

—— Standardized health system Standardized
health economics
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Condition_occurrence
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/, OMOP Common Data Model adoption

OMOP CDM Users By The
Numbers

» 544 data sources
* 54 countries

* 974 million unique patient records
(12% of world’s population)




European Health Data & Evidence Network (EHDEN)
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OHDSI standardized vocabularies

I = m—
: u as of August 2025 release

- 11,804,307 concepts - 87,948,636 concept relationships
m.l 3,784,269 standard concepts . 101,696,159 ancestral relationships

+ 971,914 classification concepts

* 6,028,711 concept synonyms

* 145 vocabularies
+ 43 domains
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Common data model can enable standardized analytics
across a distributed data network

Source 1 raw data

Electronic health
records

Source 2 raw data

Administrative claims

Source 3 raw data

Clinical data

Source 1 CDM

Open-source
analysis code

Open
evidence



Complementary evidence to inform the patient journey

Clinical
characterization:

What happened to
them?

/ observation \

Population-level
effect estimation:

Patient-level
prediction:

What are the causal
effects?

What will happen to
me?

inference causal inference



Analytic use case

Population-level
effect
estimation

Type

Disease Natural History

Treatment utilization

Outcome incidence

Structure

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

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 who are new users of <insert your favorite
drug>, how many patients experienced <insert your favorite

known adverse event from the drug profile> within
?

Example

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

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

Amongst patients who are new users of methylphenidate,

how many patients experienced psychosis within
?

Safety surveillance

Comparative
effectiveness

Does exposure to <insert your favorite drug> increase the risk of

experiencing <insert an adverse event> within
?

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

Does exposure to ACE inhibitor increase the risk of
experiencing Angioedema within
?

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

Disease onset and
progression

Treatment response

Treatment safety

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

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 ?

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 ?

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 ?

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

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




Open-source software development

Package Version Mamtainer(s) Availability

The open-source tools that empower OHDSI
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OHDSI collaborations in scholarship
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Why OHDSI and the world needs Sweden

The Legatum Prosperity Index™ ranks 1-s6
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Abstract

The Swedish population is characterized by high life expectancy and low avoidable mortality rates. This review outlines
the Swedish healthcare system. which offers universal access to all residents and has a long tradition of reforms for
social equity. Responsibility for healtheare is shared between the state, the regions. and the mmunicipalities. The Ministry
of Health and Social Affairs provides the overall healthcare framework: additionally. several governmental agencies are
directly involved in healthcare and public health initiatives. The 21 regions organize, finance, and provide most primary.
secondary. and tertiary care, as well as health information channels. Resources for primary care are less plentiful than in
many other countries. The 290 municipalities deliver care to elderly people and those with functional impairment. The
Swedish healthcare system is primarily tax-funded, with 86% of total healtheare expenditures from public expenses and
<1% from voluntary health insurance. The gross domestic product (GDP) share of healthcare expenditures. 10.5% in
2022, is above the EU average. The level of unmet needs in the population is low. due to universal coverage and caps
on user charges except for dental care. Sweden’s healthcare system performs well on care quality and patient satisfac-
tion. but suffers from workforce shortage and care fragmentation. Limitations in care coordination can be attributed to a
siloed digital infrastructure and care governance. a low number of hospital beds per capita, and a compensation system
that often does not incentivize coordination. Despite these challenges, life expectancy is high and avoidable mortality
rates are low in Sweden.
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/¢ Why Sweden needs OHDSI and the rest of the world

Sweden / Population

10.57 million (2024)

® Sweden
10.57 million
(2024)

® Finland
5.637 million
(2024)

o ® Norway
S 5.572 million

(2024)




F Why Sweden needs OHDSI and the rest of the world

SARS-CoV-2 (COVID-19) vaccine, mRNA spike protein

/~If full health data for the entire Swedish ™\
population of 10 million were
accessible, then ~10% of questions on
drug-outcome pairs may have sufficient
statistical power to answer alone if the

Drug Outcome Incidence in a large US claims database
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Top 1000 Outcomes

Drug-outcome Incidence
< 0.000001

. 0.000001 - 0.00001
0.00001 - 0.0001
0.0001 - 0.001

. > 0.001




F)’ Join the Journey!

https://www.ohdsi.org/join-the-journey/

Looking forward to collaborating with all of you!
Email me: ryan@ohdsi.org
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