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OHDSI, pronounced "Odyssey"

Observational Health Data Sciences and Informatics
| - . SEU%/ TEN-YEAE“]IBHRNEY

lPOSSI E ROUTE ACCORDING TO PETER STRUCKWMVERSITY‘QE,PE SYLVA IA'

CIMMERIANS

ODYSSEUS ENTERS
THE UNDERWORLD

ISMARUS

THE CREW PILLAGES TOWN,
KIDNAPS CICONES" WIVES.
THE CICONES KILL 76
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LAESTRYGONIANS KILL AND AND IS BLOWN OFF ¢
EAT MOST OF THE CREW

[ https://www.worldhistory.org/

LOTOPHAGI

(LAND OF LOTUS EATERS) odysseus |
ey THE CREW EATS ADDICTIVE
e FLOWERS AND WANTS TO STAY

(ot by Simeon Netchev

(CC BY-NC-SA)
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Meet Your Today's Guide for OMOP/OHDSI Journey

Natthawut ‘Max’ Adulyanukosol
MSc (cand.scient.) in Bioinformatics, BA Hons (Cantab) in Natural Sciences, CIPM

Deputy Director, Siriraj Informatics and Data Innovation Center (SiData+)

PhD Biomedical and Health Informatics Student, University of North Carolina at Chapel Hill, USA

Past Work in Denmark +- Ongoing Work in Thailand = Ongoing Work in USA =
Disease Trajectory Model on OMOP ETL Project Lead ML & Visual Analytics Platform for

Danish National Claims Registry at Siriraj & NHSO Geriatric Hospital System Mgmt
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Can we make our model more GENERALIZABLE?

Other functional intestinal disorders

Inguinal hernia

Arthrosis of first
Chronic obstructive carpometacarpal joint
pulmonary disease

Other retinal disorders

[ Jargensen, |. F., et al. (2020). Age-stratified
longitudinal study of Alzheimer's and vascular

dementia patients. In Alzheimer's & Dementia.
https://doi.org/10.1002/alz.12091 ]
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Cholelithiasis

Female genital prolapse

o Certain infactious and parasitic diseases

o Neoplasms

.. Diseases of the blood and blood forming

.
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&l /; organs and certain disorders involving the
S immiune mechanism

o

° Mental and behavioural disorders

o Diseases of the nervous system

Diseases of the eye and acdnexa

@ Diseases of the ear and mastoid process 0

o Endocrine, nutritional and metabolic dissases ° Diseases of the circulatory system

° Diseases of the respiratory system

«Other disorders of urinary system

Only in i= to Anywhere
with OMOP

Cther ¢
electralyte :

Sequelae of cercbrovascular disease

Ostecporosis with
pathological fracture

° Diseasss of the digﬂsl we system

o Diseasas of the skin and subcutansous tissue

Diseases of the musculoskeletal system and
cannegtive lissup

xly  Diseases of the genitourinary system

Congenital malformations, defarmations and
chremosomal abnormalities

URE 2 Temporal disease trajectory netwaork of diagnoses given before FOO “Dementia in Alzheimer disease.” Fifty significant trajectories with
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Trajectories: a framework for detecting temporal clinical
event sequences from health data standardized ta the
Observational Medical Outcomes Partnership (OMOP)
Common Data Model

N\MI/N

PP OMMATICN PROFESRIOMALE LEADING THE WAY

OXFORD

Kadri Kiinnapuu’, Soloman loannau?, Kadri Ligi'~, Raive Kolde®, Sven Laur'”,
Jaak Vilo (3134 Peter R. Rijnbeek?, and Sulev Reisberg (313%

'STACC, Tertu, Estenia, 2Cepartment of Medical Informatics, Erasmus University Medical Center, Rotterdam, the Netherlards, *In-
stitatz of Computer Science. University of Tartu, Tarty, Estonia, and *Quratee, Tertu, Esten a

B othub.cOnVEHDEN/ Tragectornes/

BHOENTrajectones
- s 2 * -
c O FHDFN | Trajectories (1. Type |/} to searck > + - GO0 & }"—'
a
> Code (=) Issues 10 10 Pullrequests ) Actions [ Projects () Security |~ Insights
Trajectories rPuuiic & Unwatch 4 - % Fork - Starred 3 -
About
‘= README.md
No description, website, or topics
o . provided.
Trajectories R-package
l'l’» Readme
It is a package for detecting and visualizing statistically significant event sequencies in OMOP CDM data. A AcTivity
vr 3 :ztars

Prerequisites

& 4 watching
o 1terk

In crder to run the package, you need: :
Repaort repositary

1. A databese that has data in OMOP CDM v5 format. The database shoulc alsc contain OMOP vocabulary, but

this can 2e in & separate schema.

2. A database user + passwords that has: a. Read (SELECT) nermission from OMOP CDM tables anc vocabulary Releases

b. CREATE, DROP, SELECT, INSERT, UPDATE, DELETE pemission in some schema of the same database. This
is used for creating end tfemporary anslysis tebles. For this, vou can create a separate schema in the same
database.

No ré eases pubi ahed

Packages
Installation

No packages publiskos

[ KUnnapuu, K., et al. (2022). https://doi.org/10.1093/jamiaopen/ooac021 ]
[ https://github.com/EHDEN/Trajectories/ ]
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How can we pool large amount of data for
research in a short period of time? . ..

Clinical Epidemiology Dovepres

ORIGINAL RESEARCH
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Unraveling COVID-19: A Large-Scale
Characterization of 4.5 Million COVID-19 Cases
Using CHARYBDIS

Kristin Kostka ('2, Talita Duarte-Salles ", Albert Prats-Uribe (%, Anthony G Sena®®, Andrea Pistillo (?,
Sara Khalid*, Lana YH Lai’, Asieh Golozar®’, Thamir M Alshammari (>'°, Dalia M Dawoud'', Fredrik Nyberg ©'?,
Adam B Wilcox'*'#, Alan Andryc(°, Andrew Williams'®, Anna Ostropolets'®, Carlos Areia'’, Chi Young Jung'®,
Christopher A Harle'?, Christian G Reich ("%, Clair Blacketer™®, Daniel R Morales®®, David A Dorr?',

Edward Burn(**, Elena Roel*??, Eng Hooi Tan*, Evan Minty®, Frank DeFalco®, Gabriel de Maeztu®*, Gigi Lipori'?,
Hiba Alghoul (9**, Hong Zhu?®, Jason A Thomas'?, Jiang Bian'?, Jimyung Park (9%, Jordi Martinez Roldan®®,

Jose D Posada®’, Juan M Banda (2%’ Juan P Horcajada>*', Julianna Kohler®?, Karishma Shah™,

Karthik Natarajan ('®*, Kristine E Lynch®*, Li Liut>?’, Lisa M Schilling®®, Martina Recalde®??,

Matthew Spotnitz'*, Mengchun Gong®’, Michael E Matheny***', Neus Valveny 7*?, Nicole G Weiskopf*',
Nigam Shah?®, Osaid Alser*’, Paula Casajust(>*?, Rae Woong Park®’*, Robert Schuff*', Sarah Seager',

Scott L DuVall (2>, Seng Chan You*®, Seokyoung Song (" *, Sergio Fernindez-Bertolin®, Stephen Fortin®,
Tanja Magoc (1'%, Thomas Falconer ('¢, Vignesh Subbian®’, Vojtech Huser*®, Waheed-Ul-Rahman Ahmed (%%,
William Carter (%%, Yin Guan®®, Yankuic Galvan'?, Xing He'?, Peter R Rijnbeek®, George Hripcsak'®*,

Patrick B Ryan®'®, Marc A Suchard **', Daniel Prieto-Alhambra (=*

"IQVIA, Cambridge, MA, USA; “OHDSI Center at The Roux Institute, Northeastern University, Portland, ME, USA; *Fundacié Institut Universitari
per a la recerca a I'Atencié Primaria de Salut Jordi Gol i Gurina (IDIAP|Gol), Barcelona, Spain; *Centre for Statistics in Medicine, NDORMS,
University of Oxford, Oxford, UK; *Janssen Research & Development, Titusville, NJ, USA; *Department of Medical Informatics, Erasmus
University Medical Center, Rotterdam, The Netherlands; "School of Medical Sciences, University of Manchester, Manchester, UK; *Regeneron
Pharmaceuticals, Tarrytown, NY, USA; *Department of Epidemiology. Johns Hopkins Bloomberg School of Public Health, Baltimore, MD, USA;
'College of Pharmacy, Riyadh Elm University, Riyadh, Saudi Arabia; ''National Institute for Health and Care Excellence, London, UK; '*School of
Public Health and Community Medicine, Institute of Medicine, Sahlgrenska Academy, University of Gothenburg, Gothenburg, Sweden;
3Department of Biomedical Informatics and Medical Education, University of Washington, Seattle, WA, USA; "“Unviersity of Washington
Medicine, Seattle, WA, USA; "*Tufts Institute for Clinical Research and Health Policy Studies, Boston, MA, USA; '“Department of Biomedical
Informatics, Columbia University Irving Medical Center, New York, NY, USA; '"Nuffield Department of Clinical Neurosciences, University of
Oxford, Oxford, UK; '"Division of Respiratory and Critical Care Medicine, Department of Internal Medicine, Daegu Catholic University Medical
Center, Daegu, South Korea: '"University of Florida Health, Gainesville, FL, USA; *Division of Population Health and Genomics, University of
Dundee, Dundee, UK; *'Department of Medical Informatics & Clinical Epidemiology, Oregon Health & Science University, Pordand, OR, USA;
2Universitat Auténoma de Barcelona, Barcelona, Spain; 2O'Brien Institute for Public Health, Faculty of Medicine, University of Calgary, Calgary,
Canada; ‘IOMED, Barcelona, Spain; **Faculty of Medicine, Islamic University of Gaza, Gaza, Palestine; *Nanfang Hospital, Southern Medical
University, Guangzhou, People’s Republic of China; ’Department of Biomedical Sciences, Ajou University Graduate School of Medicine, Suwon,
South Korea; **Director of Innovation and Digital Transformation, Hospital del Mar, Barcelona, Spain; **Department of Medicine, School of
Medicine, Stanford University, Redwood City, CA, USA: Georgia State University, Department of Computer Science, Atlanta, GA, USA;

Y Department of Infectious Diseases, Hospital del Mar, Institut Hospital del Mar d'Investigacié Médica (IMIM), Universitat Autonoma de
Barcelona, Universitat Pompeu Fabra, Barcelona, Spain; **United States Agency for International Development, Washington, DC, USA; **Botnar
Research Centre, NDORMS, University of Oxford, Oxford, UK; **New York-Presbyterian Hospital, New York, NY, USA; **VA Informatics and
Computing Infrastructure, VA Salt Lake City Health Care System, Salt Lake City, UT, USA: *Department of Internal Medicine, University of Utah
School of Medicine, Salt Lake City, UT, USA: ¥Biomedical Big Data Center, Nanfang Hospital, Southern Medical University, Guangzhou, People's
Republic of China; **Data Science to Patient Value Program, School of Medicine, University of Colorado Anschutz Medical Campus, Aurora, CO,
USA; Institute of Health Management, Southern Medical University, Guangzhou, People's Republic of China; “Tennessee Valley Healthcare
System, Veterans Affairs Medical Center, Nashville, TN, USA; *'Department of Biomedical Informatics, Vanderbilt University Medical Center,
Nashville, TN, USA; **Real-World Evidence, TFS, Barcelona, Spain; *’Massachusetts General Hospital, Harvard Medical School, Boston, MA, USA;
*““Deparument of Biomedical Informatics, Ajou University School of Medicine, Suwon, South Korea; **Department of Preventive Medicine, Yonsei
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@ github.comfohdsi-stud es/Cavid19CharacterizationCharybdis & [i)

@ ohdsi-studies/Covid19CharacterizationCharybdis: Characterizing Health Assocated Risks, ard Your Bascline Discase In SARS-COV-2 (CHARYBDIS) - a study to descrbe t

READMC.md

Characterizing Health Associated Risks, and Your
Baseline Disease In SARS-COV-2 (CHARYBDIS)

* Analytics use case(s): Characterization
s Study type: Clinical Application
» Tags: OHDSI, Study-a-thon, COVID-19

* Study lead: Talita Duarte-Salles, Kristin Kostka, Albert Prats-Uribe
e Study lead forums taq: tduarte, krfeeney, Albert_Prats

s Study start date: April 21, 2020
* Study end date: Mid-July 2020
* Protocecl: Word Doc

[ Kostka, K., et al. (2022). https://doi.org/10.2147//clep.s323292 ]
[ https://github.com/ohdsi-studies/Covid19CharacterizationCharybdis ]
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How can we make EHR data readily “Rll +ablos i one 7B

—— Standardized health system Standardized
daid S, health economics
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OMOP CDM Standard & OMOP Common Data Model JaCHGroun: ; : O LM vers

Clinical Data Tables

Clincal Data Tables P E Rl:‘)(:) }‘.: . .
Table Description

MRS : » / URSERVATION_PEHIOD
- R~ - 2 This table serves 15 the central identity manazement for sl Persons n thedatabase. t conains iecorcs tha, uniquely identily cach
(Shared Data Store oes 191_0CCuRnInCE ¢
ith OPDSOL) PO irdes _ VIS _OGCUIsEiNG person or patient, and some demograptic infarmason.
VIST DETAIL Vser Cuide

CONDITION OCCURFENCE

Ml recards i thistahle we indeposdeont Parsons

ORUG_EXPOSLRE ETL Cenventions

PROCEDURE _CCCURRENCE
e M| Persons in a database needs one recerd in this table, unlessthey al data quality mquirements specified in the ETL. Persens with no

DEACE_EXPOSURE Events should have a record sonetheless If mare than ore dats souce contributes Events (o the database, Persons mest be
recondled, f possible. scross the wurces to create one sngle record per Pessor. Thecontent of the BIRTH JATETIME rnust ke
quivalent 1o the content of BIRTH_DAY, BIRTH_MONTM and BRTH_(EAR.

MEASUNTMEN

CESEM/TION

Primary Foreign FX
DEATH COM Fiald Ucer duide ETL Convestions Datatype Required Koy boy FK Table Domain
NOTE peryon id 1138 samed that  Any personlinkage that ntegn Yos ey Mo
NOTE NLP CVETY Persot with  Neecs Lo ootur o umguely
» GiNerent wrague  idervily Persons cupht 1) be
SPECIMEN ienthier is n fact  done prior 10 writeg this
A dilerent geesnn  table. This deevtifor can he
FACT_RELATIONSHIP and should be the crigina id from the
Meath System Data Tables teated soure dats peovitad # X is an
indegendently Inteper, otherwise R canbe an
Moa th Econonvice Data Tables autagoncrated mmber
Stardard zed Derived Elenents gender_concept_d This feld &5 Use the pender of sox value Inteset Yos No Yes COMEPT Gerdor
meard 10 Caature  present in 9o dats undr the
Metadata Tables the bologics sox  assumnptios that & is the
v“‘buw Tables M birth of e blolcgical sex M Lirth, ifthe
Persoa Thisfield  source dats captures perder
should not Le Weevity @ should be stored in
el Ao By the NASERYATION table
ponder identy AL j } neegs
Ltues
year_of_birth Compute ape For cals sources with dute of  integer Yol No Mo

using birth, the year should be
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Session Overview
Introduction to OMOP CDM and OHDSI @ 09:30 - 10:30 (60 min)

Why?
Background & Questions

How?
Methods & Materials

What?
Objectives

C

What are the challenges in
healthcare data
standardization?

What are OMOP CDM and
OHDSI? Why do they exist?

What are real-world data
(RWD) and real-world
evidence (RWE)?

How can OMOP/OHDSI help
my research?

® Selected contents from The

Book of OHDSI chapter1-6
https://ohdsi.github.io/
TheBookOfOhdsi

@® https://www.ohdsi.org

THE BOOK OF

Oz Dasa SCHEMCES AND INFCRNATICE

REEIVATIONAL HEALTH D

% Get the big picture of OMOP
CDM and OHDSI ecosystem

% Understand how OMOP CDM
handles real-world data
(RWD) and generate
reproducible real-world
evidence (RWE)

% Take home: Importance of
data standardization for
reproducibility and
collaboration

o


https://ohdsi.github.io/TheBookOfOhdsi/
https://www.ohdsi.org/

Randomized

Selection i‘& Predefined inclusion
criteria » and exclusion criteria

Data collection ;%1
L

L controlled trial
Monitorin@

' O '\ )
Follow-up Usually shorter fol‘lo'w-up
and frequent visits

'REDCa p s

Research Electronic Data Capture

Py Usually include hard
Outcomes | “g® or objective outcomes;
few may be patient reported

Data quality and
internal validity

Cost per patient

Traditionally of value to
Stakeholder (ﬁe@l regulatory authorities
audience 1 and clinicians

Fig. 1. Comparison of a randomized controlled trial, pragmatic clinical trial, and real-world observational study [14,16-18].

[ Anzueto, A., & Kaplan, A. (2020). Dual bronchodilators in chronic obstructive pulmonary disease: Evidence from randomized controlled trials and real-world studies. In Respiratory Medicine: X

(Vol. 2, p. 100016). Elsevier BV. https://doi.org/10.1016/].yrmex.2020.100016 |

Pragmatic
clinical trial

Minimal; real-world
patient population(s)

Real world
+ additional sources

Longer follow-up, with
few mandatory visits

May be entirely subjective
or patient reported;
occasionally objective

Of value to regulatory
authorities, payers,
and clinicians

Real-world
observational
study

Minimal; real-world
patient population(s)

Longer follow-up, with
no mandatory visits

Dependent on data
captured at patient-
clinician interaction

Traditionally of value to
payers and clinicians

| .i,,\_\ Mahidol University

/ Faculty of Medicine
Siriraj Hospital

OBSERVATIONAL
MEDICAL
OUTCOMES
PARTNERSHIP

est. 2009

: i2b2

pcornet

The Nationa| Patien:-Centered Clinical Rzsearch Network

For Healthcare Services
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Patient-level data Reliable

In source evidence
system/schema

[ https://ohdsi.github.io/TheBookOfOhdsi/OhdsiCommunity.html ]
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LEGEND Hypertension Study 2019

Real-world evidence — pharmacoepidemiology

THE LANCET Articles

Comprehensive comparative effectiveness and safety of TR (L))
first-line antihypertensive drug classes: a systematic, o
multinational, large-scale analysis

Murc A Suchard, Martijn ] Schuemie, Hardan M Krumiholz, Seng Chan You, Ruyjun Chen, Nicole Pratt, Christian G Reich, jon Duke, David Madigan,
George Hifpcsak, Patrick B Ryan

“The study factors insurance claim data and electronic health records
from 4.9 million patients across nine observational databases, making
it the most comprehensive one ever on first-line antihypertensives.”

“First-Line Thiazide Diuretic Users Experience 15% Fewer Adverse
Cardiovascular Outcomes Than ACE Inhibitor Users”

Currently running LEGEND T2DM study
https://github.com/ohdsi-studies/LegendT2dm

[ Suchard, M. A., et al. (2019). https://doi.org/10.1016/s0140-6736(19)32317-7 |
[ https://www.ohdsi.org/ohdsi-news-updates/legend-hypertension-study/ |
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All-cause mortality -
Cardiovascular-related mortality -
Chest pain or angina =
Bradycardia -

Cardiac arrhythmia -
Syncope -

Fall 4

Headache

Transient ischaemic attack -
Vertigo -

Anxiety -

Decreased libido —
Dementia =

Depression

Impotence

Abdominal pain -
Abnormal weight gain =
Abnormal weight loss -
Acute pancreatitis —
Diarrhoea -
Gastrointestinal bleeding =
Hepatic failure

Nausea -

Type 2 diabetes -
Vomiting

Acute renal failure
Chronic kidney disease -
End stage renal disease ~
Hyperkalaemia -
Hypokalaemia
Hypomagnesaemia =
Hyponatraemia —
Hypotension —

Measured renal dysfunction =
Anaemia -

Malignant neoplasm -
Neutropenia or agranulocytosis -
Thrombocytopenia =
Anaphylactoid reaction -
Angio-oedema -

Cough ~

Gout

Rash -

Rhabdomyolysis —
Vasculitis =

Venous thromboembolic events -
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Figure 2: Meta-analytic safety profiles comparing THZ to ACEi, ARB, dCCB, and ndCCB new users across 46 outcomes listed on product labels

Points and lines identify HR estimates with their 95% Cls, respectively. Outcomes in grey signify that the Cl covers HR of 1 (null hypothesis of no differential risk).
THZ=thiazide or thiazide-like diuretics. ACEi=angiotensin converting-enzyme inhibitors. ARB=angiotensin receptor blockers. dCCB=dihydropyridine calcium channel
blockers. ndCCB=non-dihydropyridine calcium channel blockers. HR=hazard ratio.


https://doi.org/10.1016/s0140-6736(19)32317-7
https://www.ohdsi.org/ohdsi-news-updates/legend-hypertension-study/
https://github.com/ohdsi-studies/LegendT2dm

. Mahidol University

* Faculty of Medicine

OMOP CDM Data Partners

EHDEN

EUROPEAN HEALTH DATA & EVIDENCE NETWORK

_

'ﬂd":.h N S

XS hiobank'

Fnahlm sciantific discoveries that improve human health

th -]d|

COVID

Cchort 4B - Federated E-Health Big Data for Evidence Renovation Network
Gollaboraive @ =usjoj0A HE0jE AT

The
q‘&f IL(“MDH
| Medicine

THE FUTURE OF HEALTH BEGINS WITH YOU nitiative

Data
Partner

Map

[ https://www.ohdsi.org/wp-content/uploads/2022/10/OHDSI-OurJourney-2022.pdf |
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OMOP CDM

Source 1

Source 2

Analysis
method

[ https://www.ohdsi.org/data-standardization/ ]
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OMOP CDM

The OMOP CDM is a system of
tables, cand
conventions that allow observational
health data to be standardized.

It is this standard approach that
facilitates rapid innovation in the areas
of open-source development, methods

research, and evidence generation.
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OMOP CDM: Tables

Person - Standardized health system Standardized
= health economics

Observation_period \ 1T Location e Cost
o Death | e caresite |« e
— __,/"

Standardized
\ i

Standardized vocabularies derived elements
I&'*\ Condition_era

Standardized clinical data

‘ Drug_exposure * | /%
N\ el , Vocabulary ] ‘ Drug_era
| "-‘ .-"-._ | i\ :
ll‘ e p ‘ |
T rocedure occurrence | /| .
Device_exposure | / | f
| | Concept_class Al Results schema

Measurement
Cohort_definition
5

Observation

| Concept_relationship |« &

Note NLP Relationship z

Standardized
Episode Concept_ancestor metadata

Fact_relationship Drug_strength Metadata

[ https://ohdsi.github.io/CommonDataModel |
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OMOP CDM: Table Groups

1. Clinical data 2ayan1aaaiin § 17 a1514 (table) 811 Person (2ayauana) Observation_period (3zg1zta19t2in
SUUSN9) Visit_occurrence (NNSL215UV5NN9) Visit_detail (S18aztd8an1512715005n15) Condition_occurrence
(HanSItasaLazan1529849 15A) Drug_exposure (8791 1651) Procedure_occurrence (Waans)

Device_exposure (aﬂm’mmqmsuwm) Measurement (Namsm'aaamwmﬂgummsu,avmﬂm‘w) Observation
(Naﬂ’ﬁm’aﬁmu 7)) Death (nN15L&d8296) Note (uuﬂﬂﬂauawﬂ’sﬂ) Specimen (mmm’sﬁl)

2. Vocabularies A8YAMANTIAUNNG Laz ABIAIANTINIATFIU 12U SNOMED-CT, LOINC, RxNORM ilufu d1wsu
N9 [ADNATINAUTEAUUIUIZNG

. Health system 2ayaLigINUEDIUNEIUS
. Health economics 2ayatfiginuan lfans lun1susnisg

. Derived elements ZayafiasUsdnuLaN iy szaznanfiiiu lsa szaznaiilasuan nsuusnaniig (cohort)

o O b~ O

.Metadata fayaisznay CDM LWNLAN 12U Nid 12995291 TunUSulea

o
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OMOP CDM Example data

https://console.cloud.google.com/marketplace/product/nhs/synpuf

= Google Cloud o v ’ Search (/) for resources, docs, products and more Q Search w ] A @ ¢
@ Explorer +ADD K o . x @ Untitled + X [ condition_occurrence v X R © &a e~ [}
. { Q. Tyiss 1o séaich o J B condition_occurrence QQUERY +  +&SHARE  Ocopy  [EISNAPSHOT  WDELETE  (BWEXPORT v C'REFRESH
\ Q Viewing workspace resources. SCHEMA DETAILS PREVIEW LINEAGE DATA PROFILE DATA QUALITY
SHOW STARRED ONLY
ow condition_occurrence_ person_i condition_concept_i condition_start_date condition_start_datetime condition_end_date condition_end_datetim condition_type_concept_i
b R b diti id > id ; diti id > diti d > diti d i 5 diti d_d > diti d_d '/ diti 'd/
= v [E] ems_synthetic_patient d.. ¢ 2 1 220921831 1777049 261071  2008-10-28 T o " 2008-10-31 1 o i 38000200
@ E care_site W 5 2 42594168 342652 4241530 2009-04-27 null 2009-05-14 null 38000200
E concept bk g 5 3 218275046 1756699 4241530 2008-11-19 null 2008-11-24 null 38000200
& E concept_ancestor ¥ s 4 76042151 612129 4241530 2008-07-24 nulf 2008-07-28 null 38000200
- = 5 162062751 1304158 4241530 2010-01-20 null 2010-01-24 null 38000200
D B concept_class w
6 5772561 46213 4241530 2010-09-08 null 2010-09-10 null 38000200
Bl concept_relationship Yy $
& 74 37530154 301933 4241530 2008-06-03 null 2008-06-11 null 38000200
diti :
B condition_era w i 8 196938993 1584896 4241530  2009-05-17 null 2009-06-16 null 38000200
’ B condition_occurrence Y 3 9 163191706 1313302 4241530  2008-09-05 null 2008-09-07 nulf 38000200
= E cost W H 10 14886214 119841 196328 2009-09-04 null 2009-09-24 null 38000200
E death Y i 11 220912584 1777879 196328 2009-12-28 null 2010-01-03 null 38000200
\\ ﬁ device_exposure e H 12 62633057 503870 198678 2009-05-05 null 2009-05-06 null 38000200
- .
E d : : 13 289358 2283 198678 2008-01-03 null 2008-01-05 null 38000200
. omain w o
. 14 271745974 2186698 198678 2008-10-08 null 2008-10-16 null 38000200
B dose_era w3
o 15 103142343 829773 198678 2009-09-03 null 2009-09-04 null 38000200
drug_era :
- E 9 w : 16 38190708 307258 198678 2009-03-21 null 2009-03-23 null 38000200
L3
s B drug_exposure w i 17 51042392 410911 198678  2008-07-30 null 2008-08-02 null 38000200
@ E drug_strength w i 18 104095465 837522 198678 2009-01-06 null 2009-01-07 null 38000200
E location w § 19 155801453 1253874 198678 2008-11-02 null 2008-11-03 null 38000200
& B observation A § 20 213866122 1721078 198678  2008-09-23 null 2008-09-28 null 38000200
: . 21 69006930 555292 198678 2009-11-04 null 2009-11-08 null 38000200
B observation_period Yy 2
E ' il & 3 22 104717966 842580 198678 2009-09-08 null 2009-09-12 null 38000200
payer_plan_perio :
23 16118338 129677 198678 2008-06-01 null 2008-06-01 null 38000200
B person w3
24 60244296 484848 198678 2008-11-30 null 2008-12-10 null 38000200
E pl’OCQdUl’e_OCCUfl’ence ﬁ s a8 DNTIANAENAA I1T0ON0AA 10048770 e lalaleNalrMate] e ll AINN0 NT N7 ol 200n/nnnNnann
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Who created and maintain OMOP?

2009: Observational Medical Outcomes Partnership (OMOP) was a public-private partnership,
chaired by the US Food and Drug Administration, administered by the Foundation for the National
Institutes of Health, and funded by a consortium of pharmaceutical companies that collaborated with
academic researchers and health data partners to establish a research program that sought to
advance the science of active medical product safety surveillance using observational healthcare

1 OHDSI

OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

since 2014: Observational Health Data Sciences and Informatics (OHDSI) is an open-science
community that aims to improve health by empowering the community to collaboratively generate
the evidence that promotes better health decisions and better care.

[ https://ohdsi.github.io/TheBookOfOhdsi/OhdsiCommunity.html ] ¢
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OHDSI's Vision

A world in which observational research produces a comprehensive
understanding of health and disease

through these objectives:
Innovation, Reproducibility, Community, Collaboration, Openness, Beneficence

[N

, i - 20
OHDSI Global Symposium 2022 @ Bethesda North, Maryland, USA -
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as of 2022

ATLAS/WebAPI

Current Participants: 226
Lead: Anthony Sena

£

Common Data Model

Current Participants: 596
Lead: Clair Blacketer

Eye Care & N
Vision Research
Current Participants: 40

OHDSI Workgroup

Early-Stage
Researchers

Current Participants: 214
Leads: Faaizah Arshad,
Ross Williams

Leads: Sally Baxter, Kerry Goetz

-

Geographic
Information System (GIS)

Current Participants: 122
Leads: Robert Miller,
Andrew Williams

Latin America S

Current Participants: 48
Lead: Jose Posada

Health Equity

Current Participants: 201
Lead: Jake Gillberg

/ Open-Source \
Community

Current Participants: 118

< Natural Language N
Processing

Current Participants: 379

Leads: Adam Black, Paul Na
N i

- Steering Group -

Current Participants: 70
Lead: Patrick Ryan

Lead: Hua Xa
B ol

4 Psychiatry N\

Current Participants: 115
Leads: Dmitry Dymshyts,

M ok

/ Phenotype \.
Development & Evaluation

Current Participants: 249

Andrew Williams
g i

Lead: Gowtham Rao
N\ 7

~ Vaccine Vocabulary .

Current Participants: 76
Lead: Adam Black

A\ '

[ https://www.ohdsi.org/wp-content/uploads/2022/10/OHDSI-Ourdourney-2022.pdf |
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p 0 H D S l To improve health by empowering a community to collaboratively generate the evidence that promotes better health decisions and better care

[ https://www.ohdsi.org/wp-

I I content/uploads/2022/10/

Intro-Tutorial-2022.pdf ]

Open community
data standards
(OMOP CDM)

Open source
development
(OHDSI tools)

Methodological
research

Clinical evidence
generation



https://www.ohdsi.org/wp-content/uploads/2022/10/Intro-Tutorial-2022.pdf
https://www.ohdsi.org/wp-content/uploads/2022/10/Intro-Tutorial-2022.pdf
https://www.ohdsi.org/wp-content/uploads/2022/10/Intro-Tutorial-2022.pdf

Main Analytics/Research Use Cases

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
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Characterization
O observation <\

Typical Questions Desired output

- How many patients...” - Count or percentage

- How often does...? - Averages

- What proportion of patients...? » Descriptive statistics

- What is the distribution of values for lab...? - |Incidence rate

- What are the HbA1c levels for patients with...? - Prevalence

- What are the lab values for patients...? - Cohort

- What is the median length of exposure for patients on....? - Rule-based phenotype
- What are the trends over time in...? » Drug utilization

- What are other drugs that these patients are using?  Disease natural history
- What are concomitant therapies? - Adherence

- Do we have enough cases of...7 - Co-morbidity profile

- Would it be feasible to study X...? - Treatment pathways

- What are the demographics of...? - Line of therapy

- What are the risk factors of...? (if identifying a specific risk factor, maybe
estimation, not prediction)

- What are the predictors of...?




Population-level
effect estimation:

. Mahidol University

) Faculty of Medicine
=/ Siriraj Hospital

What are the
causal effects?

Population-Level Estimation K

Typical Questions Desired output

- What is the effect of...? - Relative risk

- What if | do intervention...? - Hazards ratio

- Which treatment works better? - Odds ratio

- What is the risk of X on Y? - Average treatment effect
- What is the time-to-event of...? - Causal effect

. Association

- Correlation

. Safety surveillance

- Comparative effectiveness

The data can provide answers to questions like:

» For patients newly diagnosed with atrial fibrillation, in the first year after therapy initiation, does warfarin
cause more major bleeds than dabigatran?

- Does the causal effect of metformin on diarrhea vary by age?

H %%A-
=
e



Patient-level
prediction:

. Mahidol University
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What will happen
to me?

Characterization _

Typical Questions Desired output

- What is the chance that this patient will...? - Probability for an individual

- Who are candidates for...? - Prediction model
- High/low risk groups
- Probabilistic phenotype

The data can provide answers to questions like:

» For a specific patient newly diagnosed with major depressive disorder, what is the probability the patient
will attempt suicide in the first year following diagnosis?

 For a specific patient newly diagnosed with atrial fibrillation, in the first year after therapy initiation with
warfarin, what is the probability the patient suffers an ischemic stroke?

!E}A-I
s
g
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Catalog: Published Studies

https://dash.ohdsi.org/pubmed

Community Dashboard

- OHDSI

Publ calions
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Media 110 -
Ehden Courses 100 —
Nelwor< Slud as 90 -
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and clinica. applicat ons. YWe prov de the rezource o search and rowse
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= OHDSI Studies

Catalog: Past & Ongoing Studies

https://data.ohdsi.org/OhdsiStudies/

OHDS! is a global, open-science community that is committed to generating real-world evidence to both suppori clinical decision-making and advance the methodology within this field. We have collaborated on many network studies
across our community, many of which (both past and ongoing) are listed in this table. Please click on any listing that interests you to learn more about the study, and how you can potentially collaborate to cenerate reliab'e, reproducible

evidence.
Show 15 7 :l entries
Title
All

Deep Learning Comparison

Large-scale Evidence Generation and Evaluation acr...

Small-Sample Comparative-Effect Estimation Evaluat...

Phenotype Library Diagnostics

Covid-19 vaccine adverse events of special interes...
Incorporating Measurement Values into Patient-Leve...
Development and evaluaticn of an algorithm to link...

Is fluoroquinolone use asscciated with the develop...

Health Equity Research Assessment (HERA) Chearacter...

Risk cf kidney failure associated with intravitrea...
Relative Risk of Cervical Neoplasms Associated wit...
Quantitative bias analysis for outcome prenotype e...
olgimmCovid

dGEM (Decentralized Algorithm for Generalized Line...
Adverse Events of Special Interest within COVID-19...

Showing 1 to 15 of 97 entries

Select a study to see details

Use cases
All
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Population-Level Estimation
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Patient-Level Prediction
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Study type

Al

Methods Research
Clinical Application
Methods Research
Clinical Application
Methods Research
Methods Research
Methods Research

Clinical Application
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Clinical Application
Methods Research
Clinical Application
Clinical Application
Clinical Application

Tags
All

Deep Learning

Phenctype error correction, In...

Bayesian Inference, Missing Im...

Maternal and infant nealth

OHDSI, Health Equity

iud

QBA
COvVID-19
COVID-19
COVID-19

Status

All

Repo Created
Results Available
Started

Results Available
Repo Created
Repo Created
Results Available
Repo Created
Started

Repo Created
Design Finalized
Results Available
Started

Design Finalized

Complete

Search: 1

Lead(s)

All

Marc A. Suchard
Martijn Schuemie
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James Weaver

James Weaver

Jack Janetzki, Nicole Pratt, S...
Noemie Elhadad
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Jiayi Tong, Yong Chen, Jenna R...
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< O H D S I To improve health by empowering a community to collaboratively generate the evidence that promotes better health decisions and better care

Open community
data standards

OHDSI Data partner 1

N Stallda (:l-ZE(] 48] OMOP CDM
patient- eve : GJ
local structure E> analytics - :

(OHDSI tools)

and vocabularies

development
(OHDSI tools)

(OMOP CDM)

OHDSI Data partner 2 | Methodological

~e - research
IE:>| OMOP CDM OHDSI tools

OHDSI Data partner 3

OHDSI Data partner n

< - S

Firewall

Clinical evidence

OHDSI| Network studies ‘ | generation

Pre-specified
protocol with
analysis specification

Firewall

Standardized
summary
statistics results
repository

Collaborative Evidence

dissemination

Interpretation

Firewall
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---------------------------------------------------------------------------------------------------------------------

Extract Transform Load (ETL)

Transform
n generally with SQL

\ OMOP CDM

Extract

------------------------------------------------------------------------------

All are involved in .

A People with medical knowledge :
: quality control & :

create the code mappings:

source -> standard ; : regular updates
e.g., ICD-10 -> SNOMED* OHDS! Tools:
= TMT ->RxNorm DataQualityDashboard,
— TMLT -> LOINC : 5 Achilles
*mapping table available E e e e e mmmemmememmmmmmmmm—————— /

OHDSI Tools: OHDSI Tools: Usagi

WhiteRabbit, Rabbit-
In-a-Hat, Perseus

[ https://ohdsi.github.io/TheBookOfOhdsi/
ExtractTransformLoad.html ]

------------------------------------------------------------------------------------------------


https://ohdsi.github.io/TheBookOfOhdsi/ExtractTransformLoad.html
https://ohdsi.github.io/TheBookOfOhdsi/ExtractTransformLoad.html

OMOP CDM

The OMOP CDM is a system of
tables, cand
conventions that allow observational
health data to be standardized.

It is this standard approach that
facilitates rapid innovation in the areas
of open-source development, methods

research, and evidence generation.
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General Conventions

The OMOP CDM is a Person centric model

Per

|

son € —_—

Standardized clinical data

I Observation_period s ‘_

Death

[ Visit_occurrence —

M Visit_detail

I ondition_occurrence

.‘.‘\'\.,
l\ I Drug_exposure
‘. Procedure occurrence
‘:.u.' \\
Device_exposure

I Measurement

I Observation
il Note
|—)|‘ Note_NLP l |
| Episode (
Specimen {)l Episode_event |

| Fact_relationship \

| Care_site

Standardized health system

1T ——-I Location I--\

./

\
]

—— Provider '

Standardized
health economics

| Cost I'—
‘ Payer _plan_period I¢—

Standardized vocabularies

| Concept I‘z\
7 ‘ Vocabulary I | *,l
; 'l )
| Concept_class |

Concept_synonym | |

‘i Concept_relationship |<
| ‘ Relationship | |
*l Concept_ancestor |

‘ Source_to_concept_map I
‘ Drug_strength |

Standardized
derived elements

| Drug_era I'_

Dose_era ]-—

\

(- Results schema

/vI Cohort

\l Cohort_definition I
R =/

Standardized
metadata

| CDM_source I
I Metadata I

\\ Mahidol University

Faculty of Medicine
Siriraj Hospital
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General Conventions

- Required tables: person and observation_period

- Common fields:

- [condition/procedure/drug_exposure/measurement] _id 5%d transaction 289U6as
M54 LTl primary key

- [..]_type_concept_id ﬂsxmwﬁmifmgawju EHR/Claims, IPD/OPD, Lab, Registry, Survey
. [..] source value 3ﬁ’ﬂTﬁﬂ/ﬁ’maﬂ’ﬁ/m/uaﬂ/5u ) AUNII
- [..]_source_concept_id sﬁ’a‘[sﬂ/ﬁ’mms/m/uaﬂlﬁu ) AUNI f mapped +ilu ID 289 OMOP

+ [..] _concept_id s lsa/Mnan1s/en/ual/Au *) standard # mapped 1{lu ID 289 OMOP

condition_source_value condition_source_concept_id
110 1T\ TN |~ 59621000
(ICD10 for Essential (primary) 45591453 > 320128 (SNOMED for Essential
Hypertension) hypertension) |
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Table/Field Conventions
https://ohdsi.github.io/CommonDataModel/cdmb4.html

Clinical Data Tables
PERSON

Table Description

This table serves as the central identity manzgement for all Persons in the database. It contains records that uniquely identify each
person or patient, and some demographic information.

User Guide

All records in this table are independent Persons,

ETL Conventions ‘

All Personsin a database needs one record in this table, unless they fail data quality requirements specified in the ETL. Persons with no
Events should have a record nonetheless. If more than one data source contributes Events to the database, Persons must be
reconciled, if possible, across the sources to create one single record per Person. The content of the BIRTH_DATETIME must be
equivalent to the content of BIRTH_DAY, BIRTH_MONTH anc BIRTH_YEAR.

~ weaz Table #nann1sLANADYADEN 1S

Primary Foreign FK

CDM Field User Guide ETL Conventions Datatype Required Key Key FK Table Domain

person_id Itis assumed that Any person linkage that integer Yes Yes No

waas Fleld 4Mann1y _——

iNTaNane 1N ls

gender_concept_id

every person with
a different unique
identifieris in fact
a different person
and should be
treated
independently.

This field is
meant to capture
the tiological sex
at birth of the
Person. This field
should not be
used to study
gender identity

needs to occur to uniquely
identify Persons oughtto be
done prior to writing this
table. This identifier can be
the original id from the
source data provided ifit is an
integer, otherwise it can be an
autogenerated number.

Use the gender or sex value integer Yes
present inthe datz under the

assumption that itis the

biological sex at birth. If the

source data captures gender

identity it should ke storedin

the OBSERVATION table.

Accepted gencer concepts

No

Yes

CONCEPT

Gender



https://ohdsi.github.io/CommonDataModel/cdm54.html

& O H D S I To improve health by empowering a community to collaboratively generate the evidence that promotes better health decisions and better care

Open community
data standards

OHDSI Data partner 1

N Stallda (:l-ZE(] 48] OMOP CDM
patient- eve : GJ
local structure E> analytics - :

(OHDSI tools)

and vocabularies

development
(OHDSI tools)

(OMOP CDM)

OHDSI Data partner 2 | Methodological

o - S

OHDSI Data partner 3

— =
OMOP CDM OHDSI tools
OHDSI Data partner n ' Standardized

— S summary

research

Firewall

Clinical evidence

OHDSI| Network studies ‘ ‘ generation

Pre-specified
protocol with
analysis specification

Firewall

Collaborative Evidence

dissemination

statistics results Interpretation

repository

Firewall




ATLAS

# Home

= Data Sources

Q. Search

™= Concept Sets
& Cohort Detinttions
l#* Characterizations
& Cohort Pathways
¥ Incidance Rates
& [rofiles

2 bstimation

® FPrediction

= Jobs

¢ Configuration

® |eedoack

Apacae 2:!

open source software

grovided ty

¥~ OHDSI

{oln the joumey

OHDSI Tools

Web-based Tool:
ATLAS

% Cohort#1770710

New users of ACE inhibitors as first-lire monotheragy for hypertension
SEMMOENGON  Concest Seis  Generation  Reparting | Export { essages Q‘

enter a cohor definition descrigtion here

Cohort Entry Everts 9
Delete Criteria
]

Cvents having ey of the following criteria;

g drug exgosur: of IR i oo s

X for the first timein the persons m»;fn'y

mre and l Nw ri;‘f;r: atar evant ndex data

with cantinunus nhsarvatiaon of at least | 2RS

| imit initial svante tn | parliect svan- ¥ |par peraen

Inclusion Criteria

1. has hypertension diagnosis in 7
yI prion 10 treatment

2. 11as no prior antilypertensive

drin pxnosums in mecical

gn Mahidol University

) Faculty of Medicine
Siriraj Hospital

Code-based Tools:
HADES

+Evidence Quality

+Cohort construction and evaluation
+Characterization

+Patient-level prediction
+Population-level estimation

=HADES

HeaLtH ANALYTICS DATA-TO-EVIDENCE SUITE

s

[ https://ohdsi.github.io/Hades/packages.html ]
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Atlas

In Greek mythology, the Titan Atlas was VicthodsiRosoeareh

responsible for bearing the weight of the heavens Ve Foia . ‘

opment

on his shoulders, a burden given to him as s E-Source Devel
punishment by Zeus for leading the Titans in their L W ke R
battle with the Olympian Gods for control of the &St A ’
heavens. Father of many stars and a protagonist in
one of Hercules' famous labors, Atlas was also
known as a wise man and the founder of
astronomy.

[ https://www.worldhistory.org/atlas |

.

The term Atlas has been used to describe a
collection of maps since the 16th century when
Flemish geographer Gerardus Mercator published

his work in honor of the mythological Titan.
[ https://en.wikipedia.org/wiki/Atlas_(mythology) |



https://www.worldhistory.org/atlas
https://en.wikipedia.org/wiki/Atlas_(mythology)

Hades

Hades was both the name of the ancient

Greek god of the underworld (Roman name:

Pluto) and the name of the shadowy place
below the earth which was considered the
final destination for the souls of the dead.

Following the overthrow of first the Titans
and then the Giants by the Olympian gods,
Hades drew lots with his brothers Zeus and
Poseidon to decide which part of the world
each would rule. Zeus received the sky,
Poseidon the seas, and Hades the
underworld.

[ https://www.worldhistory.org/Hades |

: t
R 4

-

Aviad Bublil (CC BY-SA)
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Where You Fit In

https://ohdsi.github.io/ TheBookOtOhdsi/WhereloBegin.html

am a clinical researcher SO TS
IOOkmg to St?l’t d StUdy° ORDSI I?;ZUE::OVT/;E@:_I?)‘:',Irggmr;:g::ya am evaluating the utility of the OMOP CDM
loves to publish and has many progauces. YVhether youte a p ! and OHDSI analytical tools for my
: i glraielig il el G sLlo] Ot neine! organization. More than 200 organizations
resources available to expedlte expertise in healthcare, OHDSI wants to aro%nd the W(;I’|d are Collaboratingg in OHDSI
tL.Jmlng your regearoh qguestion prowdebyou W'thdh'gh qudalrl]ty le\;]ldence to help there's plenty of success stories to help
into an analysis and a paper. yetilesuesriine el neelinetieelss showcase the value of this community.
| am a database administrator methods developer interested i | am a software developer
looking to ETL/convert my |nst|tut.|on S et | interested in building a tool that
data to the OMOP CDM. If you're just contributing to the OHDSI tool stack. You're
. ' savvy in R. You know how to commit to Git. complements the OHDSI tool
starting out on your ETL process, consult , . e
. . Most of all, you're eager to bring your stack. As part of the OHDSI mission
the OHDSI|I Community ETL Tutorial - : ’ ’
. . . expertise to the OHDSI Methods Library and our tools are open source and
Slides or sign-up for the next offering at further develop these methodologies. We P ,
an upcoming OHDSI Symposium. welcome your contributions! governed under Apache licenses.
| am a consultant looking to advise the OHDSI | am a student looking to learn more about OHDSI. You're in the right
Community. You're invited to join us at OHDSI Tutorials and place! Consider joining an OHDSI Community Call and introducing
consider giving back by contributing your expertise in the yourself. You are encouraged to delve into the OHDSI tutorials, attend
Symposium proceedings and OHDSI face-to-face meetings OHDSI Symposiums and face-to-face meetings to learn more about the

throughout the year. methods and tools the OHDSI community offers.
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How Healthcare Systems Can Create Value by Adopting the OMOP CDM

John Methot, Melanie Philofsky, Brian J. Bush, Paul Nagy, Daniel Smith, Edward Smith

// OHDSI Healthcare Systems Interest Group

OHDSI

In the OHDSI community there is wide belief that
adoption of OHDSI has significant benefits for
healthcare systems in both operations and research.
However, that hypothesis is currently “expert
opinion”. We describe here our plan to gather
evidence on cost savings and other benefits that
healthcare systems can realize by adopting the OMOP
CDM. Our results can be used by researchers and IT
staff as business justification for OMOP adoption.

The benefits fall into these categories:

Protact
Patient Data

* A recent OHDSI-wide survey of organizations with
OMOP CDMs revealed that approximately 250
respondents are healthcare organizations

* This ongoing project is an activity of the Healthcare
Systems Interest Group. We surveyed members of
the working group to collect and rank a set of realized
and expected benefits.

* Qur next step is to field a survey of OHDSI community
members to identify healthcare systems that have
adopted OMOP and collect quantitative estimates of
associated cost savings across their activities.

+ After collecting and analyzing survey data, we will
author a publication containing quantitative evidence
of cost savings and other benefits that healthcare
organization can realize by adopting the OMOP CDM.

Contact: john_methot@dfci.harvard.edu

G

. Common Data Model improves data analyst productivity by

simplifying many representation decisions

. Training materials are freely available and have been accessed by

thousands of individuals who form a talent pool for recruiting

. Reduce costly chart abstraction via automated mapping of EMR

data

. Rich environment of available open-source analysis tools, both

web-based and R

. Extensible for multi-model precision medicine research; can

support EMRs, HIEs, Claims, Registries, loT, etc.

. All patient data remains local: OHDSI supports a federated

analysis model in which analysis code is shared, not data

. Supports reproducible research, based on CDM semantics and

published analysis code

. Ability to easily participate in collaborative studies; examples are

All of Us, N3C, numerous OHDSI network studies

. Easy deployment of the OHDSI technology stack on cloud

infrastructure; supported by AWS, GCP and Microsoft Azure

10. An ecosystem of vendors exists with expertise in OMOP

infrastructure, ETL, and study design

Do you represent a healthcare system?

Please take our survey!

https://bit.ly/OMOPAdopt

Posler: hitps./fvww.ohdsi.org/2022showcase-78/

Results and Conclusions =

*We produced a list of the top 10 benefits we
hypothesize healthcare systems can realize

from OMOP CDM adoption.
*We designed and fielded a survey to more
accurately characterize healthcare system
benefits.
*We used this poster and the 2022 OHDSI
Global Symposium to advertise the survey and
recruit respondents.

Expert
Opinion

* We will aggregate and summarize the survey
findings

* We will author a publication describing actual
benefits realized by healthcare systems,
advancing the topic from expert opinion to
published research

* We will publicize the paper and promote its
use as business justification for researchers
and informatics staff seeking financial support
for OMOP CDM adoption at their institutions

Authors: John Methot!, Melanie Philofsky’,
Brian J. Bush?®, Paul Nagy?, Daniel Smith,
Edward Smith®

1Dana-Farber Cancer Institute, 2Odysseus Data
Services, *Virginia Commonwealth University,
“Johns Hopkins University, *Emory University,
CUniversity of Maryland Medical Center

| work in a healthcare leadership role. |
may be a data owner and/or represent one. |
am evaluating the utility of the OMOP CDM
and OHDSI analytical tools for my
organization. More than 200 organizations
around the world are collaborating in OHDS,
there's plenty of success stories to help
showcase the value of this community.

[ https://www.ohdsi.org/2022showcase-/8/ |
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Resources

1. The Book of OHDSI: https://ohdsi.github.io/
TheBookOfOhdsi

2. EHDEN Academy: https://academy.ehden.eu

3. OHDSI Past Events: https://www.ohdsi.org

4. OHDS| Community Calls: https://www.ohdsi.org/
community-calls/

5. OHDSI Forums: http://forums.ohdsi.org
6. Youlube: https://www.youtube.com/@OHDSI

/. Soon, Intro to OMOP in Thai =:
https://omop.sidata.plus

. Mahidol University

*) Faculty of Medicine
=/ Siriraj Hospital

XIAIX

Join the OHDSI Introduce yourself! Join an OHDSI
forum Let the comm unitr) meetng
OHDS! Tip: Follow know you're here }; Sitin on our
topics to receive introducing yourself in weekly

emails when new the forum or at a community
posts are added community meeting meetings

9

o

DS
'S
~Q'.'

Join the OHDSI research network Join an working
By leading a By converting roup
study acrossthe (@R  data to the OMOP Or start your
network Common Data own work
Model group!

A o e
¥
\

Help improve medical
decision making today!

Provide feedback

Identify and evaluate ways
to use real-world evidence
to inform decision making


https://ohdsi.github.io/TheBookOfOhdsi
https://ohdsi.github.io/TheBookOfOhdsi
https://academy.ehden.eu
https://www.ohdsi.org
https://www.ohdsi.org/community-calls/
https://www.ohdsi.org/community-calls/
http://forums.ohdsi.org
https://www.youtube.com/@OHDSI
https://omop.sidata.plus
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Inspiring Experience from
Singapore

Asst. Prof. Mengling ‘Mornin’ Feng
National University of Singapore
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Session Overview
INnspiring Experience from Singapore @ 10:45 - 1115 (30 min)

Why? How? What?
Background & Questions Methods & Materials Objectives

O How do other countries/ @® Recorded talk from OHDSI % See Singapore's OMOP/
systems adopt OMOP/ Singapore Chapter Updates OHDSI adoption
OHDSI? mid-2023 % Get inspired to further

O What are their research ® Live Q&A session with explore the global community
products? Mornin and research opportunities

oL



Map of collaborators

« 3,266 collaborators
* 80 countries
« 21 time zones

* 6 continents

* 1 community

[ https://www.ohdsi.org/wp-content/uploads/2022/10/OHDSI-Ourdourney-2022.pdf ]
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OHDSI APAC Local Chapters

¥ X SHhemo .o
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2023 APAC Symposium
14 - University of New South Wales - Sydney. /

ity : Wales \wstralia

OHDSI APAC - Our Asia-Pacific Community o

OHDSI is a global, multi-stakeholder, interdisciplinary and
open-science network that collaborates to bring out the
value of health data through large-scale analytics. Our
Asia-Pacific (APAC) community comprises seven regional
chapters (Australia, China, India, Japan, Singapore, South
Korea, Taiwan) and has led important OHDSI initiatives
around the world.

2023 Asia-Pacific Community Calls

The 2023 CHDS1 APAC Symoesivm was held July 13-14 in Sycney, Ausirala al the University of New Scuth
Wales. Thank you to all the velunteers who helped pul logether Lhis fantastic event. Videos of all presentalions

ara included belcw. while videos [rom the Lutcrials are coming soon!
| .
Symposium Presentations

OHDSI APAC Community in Teams
The APAC community has its own group in the OHDSI MS
Teams environment to promote greater collaboration on

Global Symposium Recap and Training Session #7

our collaborative efforts. First, request access to our MS m APAC 2023 Recap and Year Closing
Teams Environment, then request access to our OHDSI
APAC Workg@_p__ (") ®@OHDSI www.chdsi.ong WoinThelourney [0 ohdsi

APAC Monthly Community Call
Everybody is invited to the monthly OHDSI APAC community call, which takes place the third Thursday of each month at 12 pm Korea time.

Speakers: Nicole Pratt (Pres dent CHDSI Austral a Ghepte Speaker: Asleh Golozar (Vo2 Prezidan. Global Heed of Data
These calls are meant to provide updates, share research presentations, collaborate on topics of shared interest, and plenty more. The vatvainky of ficulh Austratey ind Paisiok Rvan (Vice Fraticent; Scunce sk Odysseus Deta Servicas, Inc. Profeesar o1 the Practice &

Ctaanehizral Haalth Dals Sra s Jarssen Hesesran mns Lrazler ol Cineal BEassacch al e O=DS Danlern, Nerdbarstam
upcoming schedule is available to the right. Devrirpman) Lirvvety)

https://ohdsi.org/apac/ https://ohdsi.org/2023apacsymposium/
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https://ohdsi.org/2023apacsymposium/

OHDSI Singapore €

Co-Chairs:

Dr. Mengling ‘Mornin’ Feng

Senior Assistant Director, National University Health System
Assistant Professor, National University of Singapore

o H DS I ephfm@nus.edu.sg

»
OBSERVATIONAL HEALTM DATA SCIENCES AND INFORMATICS Dr. Kee Yua n Ng|a m

Group Chief Technology Officer
National University Health System

https://youtu.be/bFMgX6oUUa4?si=RZwWAKxvrooSIUBR5&t=2166
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HDSI Tools: Athena & Atlas

_— AUGAIDUIAAGIUTINGIMANS (DVANISUKWU) lm H P
Supported by o, Thailand Center of Excellence for Life Sciences l ]

(Public Organization) eI Waluadouulvugunw -
! Siriraj Health Policy Unit AN IMUNanUsE AU BN INUN LA
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Session Overview
OHDSI Tools: Athena & Atlas @ 1115 - 12:00 (45 min)

Why? How? What?
Background & Questions Methods & Materials Objectives

0 How do OMOP record @® Overview of Standard % Learn how to navigate Athena
medical concepts? ICD-10/ Concepts & Atlas
ICD-9? SNOMED? @ Features of Athena & Atlas % Acquire practical experience

through hands-on exercises

O How can we browse standard
codes on Athena?

O How can we use OMOP CDM
via website, Atlas?

@ Hands-on: Vocabulary search
in Athena

@® Hands-on: Log-in to Atlas




OMOP CDM

The OMOP CDM is a system of
tables, cand
conventions that allow observational
health data to be standardized.

It is this standard approach that
facilitates rapid innovation in the areas
of open-source development, methods

research, and evidence generation.

——
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OMOP CDM & Vocabulary

Person S

| data

inica

Standardized cl

Observation_period

\

==
- \\ ~

~ . —

- ~.
\\ N
~
o~
\\ \\
\ .

\
\ eS|
|
>\,/

Standardized health system

B Location N

~ /

B - . o
| Care_site .

\ \

)

Note NLP |

Fact_relationship

https://ohdsi.githu

. . )
%—I Provider I‘

Standardized
health economics

Cost

Payer_plan_period

Standardized vocabularies

Standardized
derived elements

Condition_era
Drug_era

Dose _era

Results schema -

(
S Cohort_definition

Cohort

Standardized
metadata

CDM source

Metadata

:).ib/CommonDataModeI/index.html 10
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‘ Different Categories of Concepts @ oo

/o

Non-

standard
Concepts

Standard Classification

Concepts Concepts

Function Function Function
Unique Used for standardized Used to perform
representation of a analytics and by hierarchical queries
source code OHDSI tools
e.d. ICD-10, TMT, e.g., SNOMED, e.g., drug groups,

TMLT RxNorm, LOINC dx groups
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Standard Concepts
https://ohdsi.github.io/ TheBookOtOhdsi/StandardizedVocabularies.html

Table 5.2: List of vocabularies to utilize for Standard/non-standard/classification concept assignments.

] for classification
Domain for Standard Concepts for source concepts
concepts

Condition SNOMED, ICDO3 SNOMED Veterinary MedDRA

SNOMED, CPT4, HCPCS,
SNOMED Veterinary,

Procedure ICD10PCS, ICDSProc, None at this point
HemOnc, NAACCR

OPCS4
SNOMED Veterinary,
Measurement SNOMED, LOINC NAACCR, CPT4, HCPCS, None at this point
OPCS4, PPI
RxNorm, RxNorm HCPCS, CPT4, HemOnc,
Drug ATC
Extension, CVX NAAACCR
Others, currently not
Device SNOMED _ None at this point
normalized
Observation SNOMED Others None at this paoint
CMS Place of Service, SNOMED, HCPCS, CPT4,
Visit None at this point

ABMT, NUCC UB04



https://ohdsi.github.io/TheBookOfOhdsi/StandardizedVocabularies.html
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UTRE A

Non-

standard
Concepts

Standard

Concepts

) )
Function Function
Unique Used for standardized
representation of a
source code

analytics and by
OHDSI tools

condition_concept_id Standard Code

110 T /}\4 1,/\ 59621000

condition_source_value condition_source_concept_id

(ICD10 for Essential (primary) 45591453 320128 (SNOMED for Essential
Hypertension) hypertension)

. _source_value %4 lsa/¥inan1s/g1/ual/du 9 Aunia

- _source_concept_id SWa lsa/AnanTs/en/uail/au ] AUNIN # mapped Lflu ID 289 OMOP

- _concept_id ﬁﬁ'ﬁ‘[’iﬂ/ﬁ’mﬂ’ﬁ/m/uaﬂlﬁu °) standard 17'i mapped 1l ID 289 OMOP
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Demo: 110 Hypertension

https://athena.ohdsi.org/search-terms/terms/45591453

” ATHENA SEARCH = DOWNLOAD

£~ Essential (primary) hypertension

DETAILS TERM CONNECTIONS (2)

Domain ID Condition RELATIONSHIP RELATES TO CONCEPT ID VOCABULARY
Concept Class ID ICD10 Hierarchy Isa Hypertensive diseases 40475095 ICD10
Vocabulary ID ICD10 ® Non-standard to Standard map (OMOP) Essential hypertension 320128 SNOMED
Concept ID 45591453

Concept code 10

Validity Valid

Concept Non-standard

Valid start 01-May-1990

Valid end 31-Dec-2099



https://athena.ohdsi.org/search-terms/terms/45591453

Hands-on: Find standard concept
for 148 Atrial Fibrillation

ﬂATHENA

SEARCH BY KEYWORD

48 X

DOMAIN
CONCEPT
CLASS
VOCAB

VALIDITY

y - WS
L |

- e L

e L~ T

DOWNLOAD LOGIN

@

Y ©

Show by 15 .items Total 6 items

45596206

1569170

1414209

37084653

42488510

37613128

NAME

Atrial fibrillation and flutter

Atrial fibrillation and flutter

Atrial fibrillation and flutter

Atrial fibrillation and flutter

Atrial fibrillation and flutter

Atrial fibrillation and flutter

CLASS

ICD10 Hierarchy

3-char nonbill
code

ICD10 Hierarchy

ICD10 Hierarchy

KCD7 code

ICD10 Hierarchy

CONCEPT

Non-standard

Non-standard

betsmave

Non-st

Non-st

Non-st

Non-st

VALIDITY DOMAIN

Valid Condition

Valid Condition

VOCAB

ICD10

ICD10CM

ICD10CN

ICD10GM

KCD7

CIM10

55


https://athena.ohdsi.org
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Hierarchy

T ‘ 5 levels of separation ‘
Disease of the
cardiovascular
system

Ancestry Relationships

Ancestor '\ Heart disease
Cardiac arrhythmia
Supraventricular

Concepts \ arrhythmia
Fibrillation

Concept Relationships F

Atrial arrhythmia |

Atrial fibrillation :

} 2 levels of separation

Descendant |~
" Controlled Persistent Chronic Paroxysmal Rapid Permanent
atrial atrial atrial atrial atrial atrial
fibrillation fibrillation fibrillation fibrillation fibrillation fibrillation

[ https://ohdsi.github.io/TheBookOfOhdsi/StandardizedVocabularies.html ]
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Hands-on: Find standard concept for Lisinopril*

DOWNLOAD Wolcll\ ©)

% ATHENA —
c
B comm >

SEARCH BY KEYWORD

lisinopril X

Show by 15 -items Total 3,931 items

ID v CODE NAME CLASS CONCEPT VALIDITY DOMAIN VOCAB
® DOMAIN

1308216 29046 lisinopril Ingredient Standard Valid Drug RxNorm
® CONCEPT
B 4164548 293502001 Lisinopril adverse reaction Clinical Finding Standard Valid Observation SNOMED
- Classification (2609)
| Non-standard (10267) 43530991 609542006 Non-allergic hypersensitivity to lisinopril Clinical Finding Standard Valid Condition SNOMED
' Standard 901) Branded Drug RxNorm

44080078 OMOP1074709 Lisinopril 10 MG [Act Lisinopril] Comp Standard Valid Drug e tansion
® CLASS

43767413  OMOP682864 Lisinopril 10 MG [Lisinopril Abz] gfrgged Drug Standard Valid Drug matan
® VOCAB

40891128  OMOP2089080 Lisinopril 10 MG [LISINOPRIL ACTAVIS] Sl Standard Valid Drug At

Comp Extension

® VALIDITY

43587490  OMOP682878 Lisinopril 10 MG [Lisinopril Al gg"rﬂged Drug Standard Valid Drug oo

o/


https://athena.ohdsi.org

Athena

Athena was the goddess of wisdom, war, and
the crafts. She was the favorite daughter of
Zeus and was, perhaps, the wisest, most
courageous, and certainly the most
resourceful of the Olympian gods.

Athena is credited with giving Odysseus the
Idea of the Wooden Horse in the Trojan Warr.

[ https://www.worldhistory.org/athena/ | Carole Raddato (CC BY-SA)
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Demo: Find Lisinopril on Atlas

Nttps://atlas-demo.sidata.plus/atlias

backup: https://atlas-demo.ohdsi.org/, https://atlas.ohdsi.org

& atlas-demao.sidata.plug/atias/#/search?query=lisinopt o @ ¢ & & O &

A« Home
lisinopril n
& Data Sources
Advanced Optons
Q, Search .

£ View record count for: | omop-adm-syntaea |

N Concept Sets Show columnsy Copy (WY Sh°‘";5_0_ v lentries Filter: | Search

:&+ Cohort Definitions S -
Showing 1 to 3 of 3 entries ~revious ext
1% Characterizations Y Vocabulary ] . Code Name Class ERC EDRC - PC & DPC . Domain Vocabulary
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Concept Set Expressions

« Concept Set: logical expression to represent a list of concepts in the OHDSI
vocabularies encompassing a clinical entity of interest

— List of one or more concepts
— Optional operator for each concepts in the list:

» Exclude: Exclude this concept (and any of its descendants if selected) from
the concept set.

« Descendants: Consider not only this concept, but also all of its descendants.
 Mapped: Allow to search for non-standard concepts.

« Concept Set can be thought of as a standardized, computer-executable equivalent
of the code lists often used in observational studies.

* A concept set expression can be materialized into a list of concepts using any
instance of the OHDSI vocabularies
— JSON expression executed via webAPI into standard SQL query
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Demo: Create concept set for Lisinopril
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Hands-on: Create concept set for Hypertension
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Session Overview
OHDSI Tools: Cohort Definition & Characterization @ 13:00 — 14:30 (90 min)

Why? How? What?
Background & Questions Methods & Materials Objectives

O Whatis acohort? @ Basics of cohort definition, % Grasp the principles of cohort
0 How can we specify research phenotype dﬁflnltlon.anc!

cohorts on Atlas? using @ Hands-on: Defining a cohort characterization

Phenotype? using Atlas % Practical exercise in defining
O Can we do basic descriptive @ Hands-on: Cohort angl clxlzacterlzmg cohorts

statistical analyses on characterization with Atlas using Atlas

cohorts? % Take home: Importance and

® Most of slides from ,
OHDSI?2022 Tutorial practical know-how of cohort

sessions 3-5: https:// analytics

www.ohdsi.org/ohdsi2022-
tutorial/

e


https://www.ohdsi.org/ohdsi2022-tutorial/

F,/" Data are Like Lego Bricks for Phenotyping

Conditions
H | : Drugs
Conditions | B{? PrOCEdures
Drugs
Procedures Measurements
Vieasurements
Observations
Person time
e e e e ek ke e i e e o
Baseline time v Follow-up time ViSitS




The common building block of all observational
analysis: cohorts

Required inputs: Desired outputs:
Clinical characterization

Target cohort: Baseline summary of exposures
Person (treatment utilization)
cohort start date
cohort end date

Clinical characterization
Baseline summary of outcome
(disease natural history)
Comparator cohort:
Person
cohort start date

cohort end date Proportion/rate of outcome

occurring during time-at-risk for exposure

Outcome cohort: Population-level effect estimation
Person | Relative risk (HR, OR, IRR) of outcome
cohort start date | occurring during time-at-risk for exposure

cohort end date

Patient-level prediction

Probability of outcome occurring during
time-at-risk for each patient in population




Defining ‘phenotype’

Journal of the American Medical Informatics Association, 0(0), 2017, 1-6

doi: 10.1093/jamia/ocx110 /\ M | /\

. ATIC S PROrESalONALS, LEASING THE WmAY.

Perspective

Perspective

High-fidelity phenotyping: richness and freedom from bias
George Hripcsak' and David J Albers’

. A phenotype is a specification of an observable, potentially changing state of an
organism (as distinguished from the genotype, derived from genetic makeup).

* The term phenotype can be applied to patient characteristics inferred from electronic
health record (EHR) data.

* The goal is to draw conclusions about a target concept based on raw EHR data, claims
data, or other clinically relevant data.

* Phenotype algorithms — ie, algorithms that identify or characterize phenotypes — may
be generated by domain exerts and knowledge engineers, or through diverse forms of

eee——————  machine learning to generate novel representations of data.




RECEIVED 8 January 2015

Combining billing codes, clinical notes, and REVISED 14 July 2015

ACCEPTED 15 July 2015

medications from electronic health records PUBLISHED ONLINE FIRST 2 September 2015
provides superior phenotyping performance AMIA  OXFORD

INFORMATICS PROFUSSEONALS, LEADING THE WAY, UNIVERSITY PRESS

Wei-Qi Wei', Pedro L Teixeira', Huan Mo', Robert M Cronin™#, Jeremy L Warner', Joshua C Denny'+*

Figure 1: Weighted Venn diagrams of the distributions of patients with ICD-9, primary notes, and specific medications.

Each color represents a resource. Different area colors represent the number of patients that were found within intersecting
resources.
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OHDSI Phenotype Phebruary

https://www.ohdsi.org/phenotype-phebruary-2023/

Feb.
Feb.
Feb.
Feb.
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Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.
Feb.

1« Type 2 Diabetes Mellitus

2 - Type 1 Diabetes Mellitus

3 « Atrial Fibrillation

4 - Multiple Myeloma

5 « Alzheimer’s Disease

6 - Hemorrhagic Events

7 + Neutropenia

8 ¢ Kidney Stones

9 « Delirium

10 - Systemic Lupus Erythematosus
11 » Suicide Attempts

12 - Parkinson's Disease and Parkinsonism
13 - Attention Deficit Hyperactivity Disorder
14 « Hypertension (Video Description)
15 + Acute Myocardial Infarction

16 + Heart Failure

17 + Cardiomyopathy

18 + Multiple Sclerosis

19 - Triple Negative Breast Cancer
20 « Pulmonary Hypertension

21 - Prostate Cancer

22« HIV

23 + Hidradenitis Suppurativa

24 - Anaphylaxis

25 + Depression

26 - Non-Small-Cell Lung Cancer

27 + Drug-Induced Liver Injury

28 - Severe Visual Impairment And Blindness

Bonus + Acute Kidney Injury

Phenotype Phebruary 2023: How To Join The Effort

“Phenotype Phebruary” was a community-wide initiative Wh at D i d We ACCO m pl i S h ?

to both develop and evaluate phenotypes for health
outcomes that could be investigated by the community.

Phenotype Phebruary 2023 in numbers

This is the second year of Phenotype Phebruary in the

OHDSI community (look back at Year 1 here). It was - i

- 5 phenotypes finished peer review --> library

introduced during the Jan. 31 community call (watch — 5 phenotypes developed, evaluated and on their
here), and went on throughout the month. This year, i d‘”gV :0 F}‘;?' rEview " 4
the leadership team of Gowtham Rao and Azza e. A i _resse

] ] ) * 7 shiny apps on data.ohdsi.org
Shoaibi helped identify 11 phenotypes that are being * 32 collaborators interacted in the forums or
investigated throughout the month. Though the month attended calls

* 9 Publications
— 8 applied publications planned
— 1 methods publication

has ended, the work continues. If you would like to join
the discussions around any of the phenotypes, please
visit the appropriate links below, which will take you to
the proper threads on the OHDSI forums.

Join Our Community Efforts Around Any Of These Phenotypes

Announcements and
Meeting/Workshop Acute Pancreatitis Anaphylaxis Appendicitis
Links |

Idiopathic

Acute Hepatic Failure Inflammatory
Myopathies

Systemic Lupus
Erythematosus

Acquired Neutropenia

| : Neonatal Hypoxic Neurofibromatosis
Parkinson's ST Elevation Ischemic type 1 with Optical
Disease Myocardial Infarction Encephalopathy Pathway Glioma

™
%\,\
&

y:/

r% &Y
NG

S ——

Mahidol University

Faculty of Medicine
Siriraj Hospital
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OHDSI Phenotype Library on Atlas

https://atlas-phenotype.ohdsi.org/

ATLAS
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Cohorts: The common building block of all
observational analysis

 OHDSI’s definition of ‘cohort’: Cohort is a set of persons who satisfy one or more
iInclusion criteria for a duration of time

« Cohort era: a continuous period during which a person has satisfied a cohort’s
iInclusion criteria

» Cohort definition: the specification for how to identify a cohort

Objective consequences based on this cohort definition:
One person may belong to multiple cohorts
One person may belong to the same cohort at multiple different time
periods
One person may not belong to the same cohort multiple times during the

same period of time
One cohort may have zero or more members
A codeset is NOT a cohort...
...logic for how to use the codeset in a criteria is required




The Anatomy of a Cohort Definition

Cohort Entry Event Cohort Exit

Start of the End of the
observation period observation period

*

Inclusion criteria
observation (>=1)

*Inclusion criteria\‘mcmsion criteria
observation (=0) temporal logic

\—Y_J




The Anatomy of a Cohort Definition

Cohort Entry Event Cohort Exit

Start of the o _ &
observation peri| What initial event(s) define cohort entry? ion period

* » Events are recorded time-stamped observations for the persons,
such as drug exposures, conditions, procedures, measurements

Inclusion cri and visits.
observalion {,  The gvent index date is set to be equal to the event start date

| » |nitial events defined by a domain, concept set, and any domain-
*'“C'US'OH ¢ specific attributes required

observatio

%_)




The Anatomy of a Cohort Definition

Cohort Entry Event Cohort Exit

What inclusion criteria are applied to the initial

evenis?

* The qualifying cohort will be defined as all persons
who have an Initial event and satisty all qualifying
inclusion criteria.

« Each inclusion criteria is defined by domain(s),
concept set(s), domain-specific attributes, and the

Start of the
observation perioc

x

Inclusion criteria
ocbservation (>=1}

n period

—_— temporal logic relative to initial events
*'ndusion_ criteria 1« Each qualifying inclusion criteria can be evaluated to
o i £ determine the impact of the criteria on the attrition of
e S persons from the initial cohort (example use case:

clinical trial feasibility)




The Anatomy of a Cohort Definition

Cohort Entry Event Cohort Exit

L
What defines a person’s cohort exit?
« Cohort exit signifies when a person no longer qualifies for End of the
cohort membership observation period
« Cohort exit can be defined in multiple ways:
« End of observation period
* Fixed time interval relative to initial event
» Last event in a sequence of related observations (ex:
persistent drug exposure)
» (Censoring observations
« Cohort exit strategy will impact whether a person can
belong to the cohort multiple times during different time
intervals p—
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Concept sct Cohort definition logic \

expres s10NS

o ~
Initial events

Conceptsets |

4 B
Inclusion criteria

| Conceptsets
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Hands-on Practice: New Users of Lisinopril with
prior Hypertension

/S

Defining the “new users of lisinopril with prior
hypertension” Cohort

New lisinopril use Cohort Exit

Start of the End of the
observation period observation period

#
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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




Clinical
characterization:

What happened to

A Questions asked across the patient journey Y \

Patient-level Population-level
prediction: effect estimation:

What will happen What are the
to me? causal effects?

Which treatment did
patients choose after
diagnosis?

Conditions Bi

Which patients chose (g V3 Y Does one treatment
which treatments? ~ cause the outcome more

Procedures

inference causal inference

Treatment
Outcome

&
e

R

Q-C "

than an alternative?

Measurerm How many patients

b 4 v
experienced the outcome | | Does treatment cause
after treatment? Person ! time | gutcome?

What is the probablllty | will o What Is the probability | W|||
develop the disease? experience the outcome?




Cohort Diagnostics — Incidence Rate

Cohort Diagnostics
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OHDSI Characterization
Framework

* Target cohort: who do you want to study?

 Stratification (pre-index): what subgroups do you
want to study?

* Features of interest: what attributes do you want
to look at and describe differences in?

* Time-at-risk: what windows of time do you want
to describe features in?




OHDSI in action:
Clinical characterization

CrossMark
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Characterizing treatment pathways at scale using the
OHDSI network
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q How are patients with major

depressive disorder ACTUALLY treated?

Citalopram
Sertraline
Escitalopram
Bupropion
Fluoxetine
venlafaxine
Trazodone
duloxetine
Paroxetine
Amitriptyline
Mirtazapine
Desvenlafaxine
Nortriptyline
Doxepin
Lofepramine

Imipramine

Hripcsak et al, PNAS, 2016




1 ‘ How are patients with major
/A depresswe disorder ACTUALLY treated?

 Substantial variation in
treatment practice across
data sources, health systems,
geographies, and over time

* (Consistent heterogeneity in
treatment choice as no
source showed one preferred
first-line treatment

* 11% of depressed patients
followed a treatment
pathway that was shared
with no one else in any of the
databases

Fasoxstine

= nacgy

Hripcsak et al, PNAS, 2016
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Hands-on: Characterization of Lisinopril users

ATLAS English

# Home I~ Characterization #2

created by usernamel on 2023-09-18 10:25
= Data Sources

Q, Search

Design Concept Sets Executions Utilities Versions Messages

Concept Sets

Enter the characterization description here
Cohort Definitions

Cohort characterization is defined as the process of generating cohort level descriptive summary statistics from person level covariate data. Summary statistics of these person level covariates
Characterizations may be count, mean, sd, var, min, max, median, range, and quantiles. In addition, covariates during a period may be stratified into temporal units of time for time-series analysis such as fixed
intervals of time relative to cohort_start_date (e.g. every 7 days, every 30 days etc.), or in absolute calendar intervals such as calendar-week, calendar-month, calendar-quarter, calendar-year.

Ja

Cohart Pathways

Cohort definition

Show 10 | entries

% Incidence Rates

Profiles

8l Estimation id | RS

o Prediction 4 new users of lisinapril with prior hypertension

&% Reusables Showing 1to 1 of 1 entries

Feature analyses

Show [ 10 ~ |entries

= Jobs
Q& Configuration

Feedback

id Name Description

Anache 2.0 Measurement Range Group Short Term
open source software short term window,

pravided by

@' OH DSI term windaw.

join the journey

Lisinopril users-all analyses

Edit cohort

Covariates indicating whether measuraments are below, within, or abave normal range in the

Condition Group Era Start Long Term One covariate per condition era rolled up to groups in the condition_era table starting in the long

»

username’ 9

. &

Remove

Previous 1 Next

Actions

Remove

Remove

85


https://atlas-demo.sidata.plus/atlas
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Session Overview
OHDSI Tools: Patient-level Prediction @ 14:45 - 15:45 (60 min)

Why? How? What?
Background & Questions Methods & Materials Objectives

0 How can we make a ® Introduce types of predictive % Understand different types of
prediction at patient-level? models prediction models
@ OHDSI tools for patient-level % Acquire hands-on experience
prediction In developing a predictive

@ Hands-on: Develop a simple model using Atlas

prediction model in Atlas

® Most of slides from
OHDSI2022 Tutorial
session /: https://
www.ohdsi.org/ohdsi2022-
tutorial/



https://www.ohdsi.org/ohdsi2022-tutorial/

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
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Observation Window Time-at-risk

o 7y
N TR T

: i

k?) outcome
t=0
S e
Disease onset Amongst patients who are newly diagnosed with <insert Among newly diagnosed AFib patients,
and your favorite disease>, which patients will go on to have which will go onto to have ischemic stroke in
progression <another disease or related complication> within <time  next 3 years?

horizon from diagnosis>?

Treatment Amongst patients with <indicated disease> who are Among AFib patients who took either

choice treated with either <treatment 1> or <treatment 2>, warfarin or rivaroxaban, which patients got
which patients were treated with <treatment 1> (on day warfarin? (as defined for propensity score
0)? model)

Treatment Amongst patients who are new users of <insert your Which patients with T2DM who start on

response favorite chronically-used drug>, which patients will metformin stay on metformin after 3 years?
<insert desired effect> in <time window>?

Treatment Amongst patients who are new users of <insert your Among new users of warfarin, which

safety favorite drug>, which patients will experience <insert patients will have Gl bleed in 1 year?

your favorite known adverse event from the drug
profile> within <time horizon following exposure

start>?
Treatment Amangst patients who are new users of <insert your Which patients with T2DM who start on
adherence favorite chronically-used drug>, which patients will metformin achieve >=80% proportion of
achieve <adherence metric threshold> at <time days covered at 1 year?

horizon>?




Prediction task specification

Target Who do you want to do the prediction
population  for?

(T):

Outcome What are you predicting?
(O):

Time-at-risk When are you predicting?
(TAR):




Demo: Patient-level Prediction

Predicting acute myocardial infarction among lisinopril new users

English

Home % Patient Level Prediction #4

Data Sources created by usernamel on 2023-09-20 8:55, modified by username1 on 2023-09-20 8:55

Search Predicting acute myocardial infarction among lisinopril new users B x & &

™ Concept Sets

e Specification tilites =~ Messages
‘as= Cohort Definitions P . S

. Mahidol University

) Faculty of Medicine
/ Siriraj Hospital

username’ 9

»* Characterizations enter a description here (1000 characters max)

Cohort Pathways

Incidence Rates

Profiles VIEW: Prediction Problem Settings | Analysis Settings | Execution Settings | Training Settings

Estimation

% Prediction Problem Settings
¥ Prediction

Reusables

Jobs

‘& Target Cohorts 4+ Add Target Cohort

Apache 2.0 Show entries Filter: |Search...

open source software
Remove Name

provided by x 5§ : :
a [OHDSI2022] New users of lisinopril with prior hypertension

" OHDSI

join the journey Showing 1 to 1 of 1 entries Previous 1 Next




PatientLevelPrediction 6.3.5 A Get started Videos Reference Articles Tutorial Best Practices Changelog MMHADES ()

Best Practice Research Contants

Best practice publications using the
Jenna Reps, Peter R. Rijnbeek OHDSI PatientLevelPrediction
framework

2023-08-28

Source: vignettes/BestPractices.rmd

Best practice publications using the OHDSI
PatientLevelPrediction framework

Topic Research Summary Link

Problem When is prediction suitable in observational data? Guidelines needed
Specification

Data Comparison of cohort vs case-control design Journal of Big Data
Creation

Data Addressing loss to follow-up (right censoring) BMC medical informatics and
Creation decision makingk

Data Investigating how to address left censoring in features construction BMC Medical Research
Creation Methodology

Data Impact of over/under-sampling Study being developed
Creation

Data Impact of phenotypes Study Done - Paper
Creation submitted

Model How much data do we need for prediction - Learning curves at scale Preprint link

development

Model What impact does test/train/validation design have on model performance BMJ Open
development

Model What is the impact of the classifier JAMIA
development
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Session Overview
Data Governance for Research @ 15:45 - 16:15 (30 min)

Why? How? What?
Background & Questions Methods & Materials Objectives

O What are the ethical @ Principles of Data % Comprehend the criticality of
considerations for data in Governance data governance in
healthcare? ® OMOP/OHDSI compliant healthcare research

0 How does governance impact governance practices % Understand how OMOP/
data quality and research OHDSI complies with data

Integrity? governance norms




Data Governance 2 Prongs

Regulation

Govern and Take Care of

Promotion

Support and Enhance
Data Uses Data Uses

How can we use the data given legal
Deliverables regulations & ethics guidelines?

What are the data we have?

Where are the data?

Policies, Procedures,
How are the data collected and used?
Data Catalog,

Whose data is it? Motadats How can we facilitate external parties

usage of our data assets given

Data Lineage,
Data Quality Assurance intellectual property & legal

How can we improve data quality?

How can we make the data more valuable? considerations?

Siriraj Informatics and Si
Data Innovation Center



. Mahidol University

¢/ Faculty of Medicine
=/ Siriraj Hospital

-

OHDSI Data Quality Dashboard

https://ohdsi.github.io/DataQualityDashboard/

—

OMOP CDM SYNTHEA SYNTHETIC HEALTH
DATABASE

DATA QUALITY ASSESSMENT

SYNTHEA SYNTHETIC HEALTH DATABASE

DataQualityDashboard Version: 2.0.0.100
Results generated at 2022-10-12 10:45:28 in 15 mins

Verification Validation Total

| T
| Pass | Fail | Total | % Pass | Pass | Fail | Total | %Pass | Pass | Fail | Total | %Pass_

il | il
HUSLINYE 2179 36 2215 98% 287 0 287 100% 2466 36 2502 99%
Conformance 996 11 1007 99% 180 180 100% 1176 11 1187 99%

OVERVIEW 0
METADATA Completeness 415 33 448 93% 12 4 16 75% 427 37 464 92%
RESULTS Il1GIB 3590 80 3670 98% 479 4 483 99% 4069 84 4153 98%

ABOUT 2752 out of 4069 passed checks are Not Applicable, due to empty tables or fields.
1 out of 84 failed checks are SQL errors.
Corrected pass percentage for NA and Errors: 94% (1317/1400).



https://ohdsi.github.io/DataQualityDashboard/
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eGEMs

Generating Evidence & Methods
to improve patient outcomes

A Harmonized Data Quality Assessment
Terminology and Framework for the Secondary

Use of Electronic Health Record Data

Michael G. Kahn, MD, PhD;' Tiffany J. Callahan, MPH;' Juliana Barnard, MA; Alan E. Bauck;" Jeff Brown, PhD;"
Bruce N. Davidson, PhD;" Hossein Estiri, PhD;" Carsten Goerg, PhD;' Erin Holve, PhD, MPH, MPP;¥

Steven G. Johnson, MSVi Siaw-Teng Liaw, MBBS, PhD, FRACGP, FACHI:Y'" Marianne Hamilton-Lopez, PhD, MPA;*
Daniella Meeker, PhD;* Toan C. Ong, PhD;*¥ Patrick Ryan, PhD;*" Ning Shang, PhD;*" Nicole G. Weiskopf, PhD;V
Chunhua Weng, PhD, FACMI; ¥ Meredith N. Zozus, PhD;* Lisa Schilling, MD*

Objective: Harmonized data quality (DQ) assessment terms, methods, and reporting practices can
establish a common understanding of the strengths and limitations of electronic health record (EHR) data
for operational analytics, quality improvement, and research. Existing published DQ terms were harmonized
to a comprehensive unified terminology with definitions and examples and organized into a conceptual
framework to support a common approach to defining whether EHR data is fit’ for specific uses.

[ Kahn, M. G., Callahan, T. J., Barnard, J., Bauck, A. E., Brown, J., Davidson, B. N., Estiri, H., Goerg, C., Holve, E., Johnson, S. G., Liaw, S.-T., Hamilton-Lopez, M., Meeker, D., Ong, T. C., Ryan, P., Shang, N.,
Weiskopf, N. G., Weng, C., Zozus, M. N., & Schilling, L. (2016). A Harmonized Data Quality Assessment Terminology and Framework for the Secondary Use of Electronic Health Record Data. In eGEMs
(Generating Evidence & Methods to improve patient outcomes) (Vol. 4, Issue 1, p. 18). Ubiquity Press, Ltd. https://doi.org/10.13063/232/7-9214.1244 |



https://doi.org/10.13063/2327-9214.1244

Table 1. Harmonized DQ Terms, Definitions, and Examples: Organized by Verification and Validation
Contexts Within Categories and Subcategories

VERIFICATION

DEFINITION

EXAMPLE

VALIDATION

DEFINITION

EXAMPLE
CONFORMANCE: DO DATA VALUES ADHERE TO SPECIFIED STANDARDS AND FORMATS?

a. Data values conform
to irternal formatting

constraints

b. Data values conform tc
allowable values or ranges.

a. Data values conform te
relational constraints.

0. Unigque {key) data
values are not duplicated.

c. Changes tc the data
mode! or date model
Versioning

a. Computad values
conform to comoutationa
or programming
specificaticns.

a. Sex is only ane ASCII
character,

0. Sex only has valuas "M, "F”
,cf 'lU.l

a. Patiert medical record
number Iinks te other tables as
requirec

0. A medical record number is
assignea o a single patient.

. Version 1 date does nct
ncluge medical discharge hour

(@)

a. Database- and hard-
calculated Body Mass Index
(BMI} values are igentical.

a. Data values canform to
representat onal constrairts
bhased con external stardards.

a. Data values conform Lo
relational censtraints bhased on
extarnal standards.

a. Computad results basec
on guklishec algerithms vied
values that match validation
values previded by externa
SOUICE.

COMPLETENESS: ARE DATA VALUES PRESENT?

a. Values for primary
language conform to
1ISO standards.

a. Data values
conform to all not-
NULL requirements
in a common multi-
institutional dats
exchange formal.

a. Computed BM
percent/les vield
identical values
compared Lo test
results ana values
provided by the CDC.

a. The absence of data
valuas at a single moment
In time agrees withn local or
Comimaon EKDQCt&UOPS.

0. Tha absence of data
values measured over
time agrees with local or
commen expectations.

a. The encounter IC variable
nas missing values.

0. Gender should not be nul
c. Medical discharge

time is missing for three
consecutive days.

a. The absence cf cata
values at a single momeant
N time agrees with trusted
reference standards or
external knowledge.

. The absence cf data
values measured over
time agrees with trusted
reference standards or
external know edge.

PLAUSIBILITY: ARE DATA VALUES BELIEVABLE?

a. The current
encounter 12 variabls
IS Missing twice as
manry values as the
institutionally validated
databassa.

b. A agrop in ICD-
9CM codes matches
implementation of
ICD-10CM

a. [2ata values that identify
a single object are not
cuplicates.

a. Patients fram a single
irstituticn do not have
multiple mediczal recorc
numbers.

a. Data values that identify a
sirgle coject in an external
soJrce are not duplicatec.

a. An institution’s CMS

Facility identifier does
ct refer tc a multiple

institutions.

[ Kahn, M. G., et al

/. Mahidol University
\" *) Faculty of Medicine
N/ Siriraj Hospital

. (2016). https://doi.org/10.13063/2327-9214.1244 ]
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Table 1. Harmonized DQ Terms, Definitions, and Examples: Organized by Verification and Validation

Contexts Within Categories and Subcategories (Cont’d)

VERIFICATION

DEFINITION

a. Data values and
gistributiors agree with an
internal measurement. or
locasl krnowlecge.

b. Data velues

anc distributions
for indepencent
measurements of
the same fact are in
cgreement.

c. Legical constraints
between values agrae
with local or commaon
knowlecges (incluces
"expected” missingress).

a. Values of repeated
measurement cf the
same fact show expeactec
variability.

2. Chserved or cerived
values conform to
expected tempcra
properlies.

b. Secuences of values
that represent state
rrarsiticns conform to
expectad properties.

c. Measures of data value
censity against a time-
criented denominator
are expected based on
internal knowledge.

EXAMPLE

a. Height and weight values
are positive.

a. Cecunts of unique patients
t)'_\,-' (! l&]gﬂ():'{(-!.:-i aAre ok E—?XKIE—?-EI[E—!d

a. Distributior of encourtars
per pashient or medications
per enccounter distributions
are as expected

0. Serum glucose
meaasurermeant is similar

to finger stick glucese
measuremeant,

o. Oral and axillary
temperatures are similar.

¢. Sex values agree with sex-
specific contexts (pregnancy,

proestate cancer).

d. Height values are similar
when taken by two separate

rurses within the same facility

Jsing the same equipmeant.

a. Admission date occurs
pefore discharge date.

b. Date of an nitial
immunizaticn precedeas date
of & booster immunization.

<. Similar counts of patient
observations between
extracticn-transformation-
load cycles.

¢. Counts of emergency
room visits by montr shows
axpectec spike during flu
Season.

¢. Medicaticns per patient-
day are as expected

VALIDATION

DEFINITION

a. Data values anoc
distributions (including
subgroup cistributions)
agres with trustec reference
standards or external

rnowl edge.

0. Similar values for identica
measurements are obtained
from two indepenacent
databases 