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The journey to real-world evidence

Different types of observational data:
A Populations

A Pediatric vs. elderly

A Socioeconomic disparities
A Care setting

A Inpatient vs. outpatient

A Primary vs. secondary care
SR A Data capture process
data in source A Administrative claims

A Electronic health records

A Clinical registries
A Health system

A Insured vs. uninsured

A Country policies

Reliable

evidence
system/schema




The journey to real-world evidence

Types of evidence desired.:

A Clinical characterization
A Clinical trial feasibility
A Treatment utilization
A Disease natural history
A Quality improvement

Patient-level p Reliable
data in source A Population-level effect estimation ” _evidence
system/schema A Safety surveillance

A Comparative effectiveness

A Patient-level prediction
A Precision medicine
A Disease interception




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 Question | Researcher | Data Analysis Result
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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A 4,751 collaborators

A 88 countries

A 9,004 followers on LinkedIn
A 21 time zones

A 6 continents y

A1 community ¥ .

Join the Journey at https://ohdsi.org/
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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
Observation_period [ Location Cost
I~ .
Death | F— Care_site Payer_plan_period
™

ISIt occurrence 2 Provider
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OMOP Common Data Model adoption

OMOP CDM Users By The
Numbers

A 544 data sources
A 54 countries

A 974 million unique patient records
(12% of worl dobés p




European Health Data & Evidence Network (EHDEN)

- > Sweden Finland -
" - () Beigum = Netherlands : - * + Finl & Czech Republic < Austia
AKRD‘;" E';:é:“:;" 128 AZ Oostende 7097 & 20 AMYPAD PNHS 3368 Dx12B DHSCREAM 3085764 2 12BARD ACI 765000 & 284 ATTRA 8008 D,12E B MUV 33048 223
085, . AmsterdamUMCdb 2100 & 234 KIMER 1300000 @128 FinRegistty 16,343,204 @12 B 2O D
Bats 2312983 & 23 AZDDB 990559 &L 2E0LMA ‘m sorreean, INEETOEE @128 8 = 2m LUCAS 8507 Dx128 MUV-H20-BC 3508 Dy2m@
CPRD AURUM| 47,193,168 & 1@ AZG 18571 & 2 A oow o, HUS 3. = RMG 9802 0,12 B MUV-H20-DM 170 _De2 5
CPRD HESAPC AURUM 34146603 @ 1203 AZK 506770 & 2@ EBMT 2B SWIBREG 60,000 D123 4 i PSHP Oncology 114697 D, 2@ A x
Dataloch 41403 D, 2 DA ® AZMM 95341 8 2 A ECRAID-Base POS \;‘:; fa A ® Nowoy  PeasF 2232 D:2EAB = Hungary
FLS 27,000 0x12 Icometrix 4595 8128 NCR T D Pirha BCB IBD 4516 D204 i Kkh_EMR 500,000
GOSHDRE 13511 4120 MHD 117105 & 2@ s nBa CRN 1156806 Dx 2 B THL-AVOHILMO| 7284000 & 13 NEAK | 14,140,982
HES 36778117 & 203 MSDC 872 D128 @ NHR@UIO 7343868 #1208 | THLHILMO | 7,102953 2126 Nyir EMR 967,000
HIC 1263625 L1264 B PHARMO! 4aq108 & 103 so3017 & 2EA yw_| L
DRI 1430208 S 2 OLVZ_LUNG 364 D 12E LB PulseHandwiist 4993 02 B M Talm e ) UP-HCDB 1,012,198
LN 13083 & 13 PRIMUZ 559 &2 A Viecur 4918 & 20 A . = Estona USN_EMR 2,075,672
Py b2@
LTHT 1925447 & 234 RWEHUbHF 26500 Ly -
NHFD cs0sss Dr 2@ RWEHub_Cardiology 18206 & 2 A ‘% penmark Estonian Biobank 202102 ®LR2EO@EHHA® URrane
NHIC RENAL GSTT 2149 Dy 2 UZA_NLP_ONCO 4562 Dx 2 A [olelelc} 76849 D234 ULR 1112 O 128
NNRD 1180103 & 20 uzLDB 582709 D 2@ B DHCR 99930 @ 2 B
OPCRD 25853088 & 1 ZOL-EPDexport-DB 12200 & 2248
ORCHD 8000000 @ 103 = () Romania
SAIL - ADDE 793300 @28 P . .
SAIL - NCCH 1007900 @13 THIN Romania 1048994 & 1G5k
SAIL-PATD 1105100 Ox 13
SAIL-PEDW 3423200 & 203 . w Bulgaria
SAIL-WDSD 5569400 @ 1M D,
SESCD 38335 D, 2E@ A foR e 28
SLSR 6247 D, 120 4 H SATHEALTH 12451 & 26@
THNUK 17162200 & 1324 A
UCLH 188970 &2M@ + 6
UK Biobank 502504 @RELE KD & '
cBradford  1,200677 &12E . GE Telavi 4059 22324
1) ireland f . & Bosnia and Herzegovina
::::jg: 2':: 1-222: E‘ 1% : JU Travnik 52479 & 20814
x
TSICI GYN 922 D12 B g( Density
TSICI HAN 1363 D:12 B - 1.00
TSICILNG 1920 O:12B
TSJICI SKN 663 Dx12 8 y
TSICIUGI 1785 D128 - ® 0.75
TSJCI URO 2047 O:12 B
1) France = Luxembourg % 0.50
AP-HM 2792497 2120
COWbordeaux 1985011 2 2 B@A RNC 8892 D120
CHUT 3050340 228 0.25
INCLUDE 1914682 & 20 - :
SNDS 671610 @120
SNDS (BPE) 750 @12
THIN FRANCE | 37887715 2 1B A H A E 0.00
Entrepdt de DONnées duLanguedoc  1,930844 & 26
& Sebia
© swizerland N, cHeZ 51500 & 2824
ChCR and SCCSS 12000 1208 D7 Zemun 35000 @ 124
GCR 148929 124 B Q@ - UcCHis a0 L2810
RVT 154043 D:12 8 . UCCS 860000 & 2548
SCQM 20355 D123 B i -
. @ Tirkiye
Spain = 2
ABUCASIS 4014818 A LE@L o ITF 899,515 ... 123
AQUAS - CatSalut CMBD ceal7s2 & 23 P W-CTF 584043 21203
BARDENA 1972272 & 128 e
BIFAP| 22500000 @ 13 - Wl
BIGAN 2201148 & 123 P '] = Greece
DW HSCSP 1315128 A 1@ H [} ADWH IMR 600000 & 103
Dptosalud-DENIA w6723 ARE - © Montenegro ] DHSBIO| 2102508 & 1@ &
FIIBAP-COVID19 338303 & 1@ CCME 322 2230 A GHK 183024 & 203
B a C ete r‘ H120 280943 A LB@L & Germany - HYGEIA-EHDEN see98 L1200
HSJD 1,247,603 .!. 2 CHA-CAN 214443 S 23 ‘I' Haly 2mE PGH 1412857 & 2@
HULAFE  227i1% A DE@A M ® Porugal CHA-DIA c013 &2mmA Ao e amE £ 2 oE FINCB-COVID19 766 Dx 2 & o) pgr—
HUVM 1,089,615 3 Eg:i N 2caBraga | 1070217 & 2@ CHA-IBD 2471 A 23 30“ :anu s coml FPIO 316 Dc2@A & HDub: N2 i 8 2@
Masls 160000 & APDP 242000 220 CRRLP 216174 Dx128 - & GOM-RC 199645 1204 2 Reason: Encounter CHDubrava-IN2 o
IRIS 128633 & 1@ Biobank_iMM_Reuma s92 D12 J APUM 3272 LRREAB KBC Osijek 38,108 12046
Institut Catala dOncologia 687! Dy2@ CHUC Opftamoogy 31507 & 26 DKG EDIUM ace0 Del2E1H ARCA 464194 2124 Hso[[230e & 10 & Reason: Population o —
PASCAL 780371 & LRE CUF CRO Lass Dy 2@ DKG PCO 49300 Dy123 0 ASLRoma1 118803 & 120 INT 72861 D120 B Dy Reason: Disease KBC SM 600,000 - 10486
2 0 2 5 PRISIB 2498226 & 12M 0 EMHA ULSEDY %3 220 DPV 638031 D:128 AT“_:,";G 1300000 125 B MACADAM 879 Del26 1 Carelevel: Primary KBCzg BeleE & 120
2 ERKR: 17,079 D, = Neurage-DB 552 2@ ondary M-DZPGZ 277,128 &
PSSJD 659817 & 123 EMHA ULSGE 728 223 ‘eg f 128 AUSL'RE 43564 D, 120 4 ge- Dy é g:’;r':iect::;n e 2124
conmd 3 § . 4 . D - . ' D,
qursas  mes 33 ooyt ian 408 b cor o 2138 TR s ibm = =
. SCIVAL 1377008 A 12EmA ity 5 o Y- InGef RDB 9,111,064 #12@ COMNet 89300 & 20 PG23 451135 A 120 [ A Lab = Israel
SERGAS 2,916,773 {. hric ] ::J:::: zg.gg o 20 a MHH 2262676 & 2@ i pvpes a1 POLIMI 1470842 & 230 B case report forms AssutaSurgical 776538 & 23 H
s I-g:;-x 2 ; g % LS AC Cardioymscus s 223 MM_CDN 7006 Dx12EEB caseraDB 1302318 @ L2E@ PSD 485,174 D{ »H i survey BZMC 1068509 & 2@ 0 M
VID-CONSIGN vosacdl ;12El iB ULSM COVID 8760 Dy 2@ OncalizerReg 4159 Dy 2 B ELISA 482 S120 LB aGMSs 2140 O 20 am.P e HadassahOBGYN 119753 & 2@
ULSMRTDB (679804 & 20 UKDresden 624697 & 2308 FINGB - Dataset 1408 S12B@B cdm_ismett u29 228 PEEELED KMCEHR 6585681 & 2 1L i




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

I

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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Drug-outcome Incidence
< 0.000001
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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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