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FeederNet Project in Korea
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Nation-wide OMOP-CDM Data Network
+ 1 national claim data of HIRA (from 2010 to 2020)
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OMOP-CDM Data Network

Nation-wide CDM Data Network
» 53 hospitals (including 72% of all tertiary hospitals in Korea)
« 71,987,327 patients (including duplicates)
> National claim data (2010-2020) of All Korean was also converted to OMOP-CDM
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FeederNet Platform

FeederNet Platform

46 CDM DBs of hospitals have been integrated
with FeederNet platform

» FeederNet Central + FeederNet Node

« Since May 2019, total13,043 analyses have been
executed

Research Free Zone

«  Mutual Cooperative MOU for promoting joint
research
» (lauses of RFZ
1. Grant same authorities on CDM DB analysis
to all researchers in RFZ hospitals
2. Approve single IRB among RFZ hospitals

Currently, 18 Hospitals joined the RFZ

Main page of FeederNet
platform
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Data Map
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OMOP-CDM Research in Korea

Analysis on FeederNet

*  Number of analyses continues to increase
*  From June 2020, about 500 analyses have been
being conducted every month

Paper Publications

+ Total 97 papers of Korean researcher as a first
author have been published since 2017 and 55
were published in only 2021

Paper search through
Google scholar with a
keyword, “OMOP-CDM”
From 2017 to 2022
(n=880)

v

Papers after removing
missing-year-paper Papers which published
(n=814) In non-journal
1 (n=329)

Papers Screened
(n=439) ) _
Papers in non-English

v (n=46)

Papers written by Korean
researcher as the first
author (n=97)

Cumulative number of analysis using
FeederNet
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New CDM project on Infectious Disease Surveillance

'PHAROS' Project

PHARQOS (Platform for Harmonizing and Accessing data in Real-time On Infectious disease Surveillance)

wa)sAs asuodsal aseasip snol3dajul UaALp-eleq

- Purpose : Establishment of infectious disease surveillance system using real-time CDM data of multi centers

- Uniqueness
1. Daily automatic CDM ETL
2. Patient-centered Integration of CDMs from multi-centers

PHAROS system
Platform for

Harmonizing and
Accessingdatain
Real-time

On infectious disease “Sufficient patient information

“No requirement of individual
data input and curation”

""" Analytic apps forinfectious disease

NLP module +  Clinical information
»  GIS module dashboard
+ Bayesian statistical + Prediction modeling
modeling

Surveillance for practical use”

olwapued uj

Data integration “Support fast decision-making

with reliable data”

Differentiation

Utilizing the current DRN platforms

Patient consent or applicable law

Establishment of CDM specialized for infectious diseases

OMOP-CDM OMOP-CDM OMOP-CDM

- The same
@ Collaboration with other CDM platform
for infectious disease surveillance and research
framework can
Promotion Strategy
- Expert advisory group - Steering committee
@ - Promotion and seminar - Expanding of institutions be used for
pragmati
Infectious disease syndromic = atic
surveillance using OMOP-CDM clinical tnals

Extract Extract CDM Dally conversion Extract Extract
Transfol Transfor IT . Transform| Transform
Load Load m «« avidnet Load Load

compan =

200 G

Data standardization (vocabulary mapping / data modeling)

— THRiL] —
BB i (_ShuHo ) A umoues

Organizer Data Partner Data Partner Data Partner

© Change in infection symptoms
© Legal communicable diseases

© Precision monitoring using NLP
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OMOP GENOMIC MAPPING CAPACITIES IN
CONVERSION OF COMPREHENSIVE

. GENOMIC PROFILING RESULTS
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OMOP Genomic mapping
capacities in conversion of
comprehensive genomic
profiling results
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Postcoordination

Precoordination

Representation of Copy Number aberrations
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7= OHDSI

99.9:% by 2 target
measurement + value

concepts:
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Representation of Single Nucleotide Variants
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https://athena.ohdsi.org/search-terms/terms/35950928
https://athena.ohdsi.org/search-terms/terms/35950928
https://athena.ohdsi.org/search-terms/terms/35950928

Using existing vocabularies as a fallback

&

LOINC vocabulary

Procedure- o

1(BM = |

Biopsy) 5 [D Chrqmo_somg region 1¢21
Procedure- S duplication* in Bone marrow by
2(FISH) o FISH

@«

BONE MARROW BIOPSY | FISH | Cytogenetic
Abnormality| AMP1Q21

Measurement @
(AMP1Q21)

Specimen e ———£) Positive

(Bone Marrow)

* customer approved
variant of amplification
storage


https://athena.ohdsi.org/search-terms/terms/21494134
https://athena.ohdsi.org/search-terms/terms/21494134
https://athena.ohdsi.org/search-terms/terms/21494134
https://athena.ohdsi.org/search-terms/terms/45884084

. ¥~ OHDSI
Conclusion

o We found 46 duplicate concepts for DNA, 1276 for RNA and 224 for Protein variants in
OMOP Genomic. All of them to be deduplicated.

e A substantial number of codes are missing. New codes to be ingested in OMOP Genomics
are essential to facilitate studies.

e Concepts from non-Genomic vocabularies may be a valid target, but lacks of consistency
and only a fraction of required targets is available.

e Linking to other event tables such as Procedure and Specimen is required to properly

represent source data. To efficiently run queries an easier way to link facts is required

A4 -}

(direct fact modification)



OMOP MAPPING OF REAL-WORLD DATA
/ FROM BRAZIL & PAKISTAN TOWARDS
MANAGEMENT OF COVID-19 IN THE GLOBAL
’ SOUTH

SI Sara Khalid, University of Oxford
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Background Fﬁ%%

CENTRE for STATISTICS in IVIEDICINE

UNIVERSITY O
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The COVID-19 pandemic highlighted need
for rapid, reliable, representative evidence

generation

Hydroxychloroquine use (% of hospitalized patients with COVID-19) by month
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The OHDSI COVID-19 Data Network

* Rapid
e Reliable

* Representative

OH DSI
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Premier (National — Hospital Billing)

HealthVerity (Claims linked to diagnostic testing)

Optum EHR (National — Electronic Health Records)

IQVIA Open Claims (National

Department of Veterans Affairs (National —
Health Records)

— Administrative Claims)

Electronic

Stanford University (CA — Electronic Health Records)
Tufts University (MA — Electronic Health Records)

Columbia University (NY — Electronic Health Records)

CPRD (UK — Electronic Health Records)
SIDIAP (Spain — Electronic Health Records)

SIDIAP-H (Spain — EHR hospital linkage

HM Hospitales (Spain — Hospital Billing)
ICPI (Netherlands — Electronic Health Records)

LPD France (France — Electronic Health Records)

Germany DA (Germany — Electronic Health
Records)

HIRA (South Korea — Administrative Claims)

DCMC (South Korea — Electronic Health
Records)

Nanfang Hospital (China — Electronic Medical
Records)

Together, OHDSI has studied (to date):

* >4.5m patients tested for SAR-COV-
2

* >1.2m patients diagnosed or tested
positive for COVID-19

* >250k hospitalized for COVID-19




The OHDSI COVID-19 Data Network

OHDSI
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Data Partners — Pakistan B8

CENTRE for STATISTICS in MEDICINE NGOG AGIRED)

e Data source: SI;IéI:R&C Hospital Network in South Asia
— De-identified electronic "o Hospitals
health records $ 3 Diagnostic Centres
1 . == 3 Walk-in Clinics
* PerIOd' _ Y 180Labsin 70
— 1994 - 2022 (ongoing) cities
* Unique records:

— 8.3 million individuals B e
. Regional COVID-19 hub 3 - o1y Facts

* Population: 220 million
* ¢ 5 Provinces

shutterstock.com - 234985177

Clinical activity snapshot (2021)

= o P o— o, (a

o=} &9 =7 2§ i *°y gm 2
12,018 210,667 14,840 63,725 19,128 RZ;ES&% 1?,72;?:,993 6’2h7,7’572
New Registrations OPD Visits Admissions Chemotherapy Sessions Surgical Procedures Sessions Studies Pathology Tests
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Data Partners — Braazil C%Eﬁ memgmes

CIDACS-FIOCRUZ COVID-19 Data Platform

« Data source/s: o
— Brazil Ministry of Health Influenza Brazil MoH SuﬁlanceSystem

Vaccination

Surveillance System (SIVEP-Gripe)
« Period

— 2020 - 2022 (ongoing)
. COVID-1-9. regord;: e b &

— 2.6 million individuals

— ~67,000 hospitalisations

— ~27,000 deaths

Deidentified
Dataset

O
)

K1
KK

Cidacs' Data Processing

Bahia State Facts:
*Population: 15 million
*417 municipalities

shutterstock.com - 1328102978
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Harmonisation to OMOP

OXFORD

ETL Process

S e Mapping in Numbers

1 - Perform scan on source 2 - Perform table/ column 3 - Export source data to / Fm_::::,h"' % ° >100K (Sou rce) to 108K (CDM)
database using White level mapping from source CSV files after extraction of 1
Rabbit. *| databaseto CDM (Rabbit » required variables / e e Concepts
ina Hat). attributes. 9 Exported fromsource e e
: - g e * >33M measurements
PostgreSQL
- ' }m::'., | % « >2M procedures
&-Apply data 5 - Concept Mapping 4 -Import CSV filesina — = = H
E preprocessing and _ (USAGI and Athena) ~ staging database in o == 2 ° >600 K Observatlons
transformation on staging | b PostgresQL using DBeayer/ pysicien_oles __ﬂ'“'“” 0, H H H
. 2 database. Pentaho Transformations. oM doath_antry cbsarvalion_period * < 1 /0 m ISSIng m atCh n g
Y4 ‘ oftware used during ETL: . | e ot [ oom concepts
© i *  Source database — Oracle 19¢
ol 7~ Lozd the datainto COM e Target database — PostgreSQL 12.2

using PostgreSOL stored DATA QUALITY ASSESSMENT

procedures. : ggzﬂa\\:esri;l 33 /< HOSPITAL INFORMATION SYSTEM

*  Pentahov9.2.0

HOSPITAL INFORMATION SYSTEM

OVERVIEW
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|| = The OHDSI Federated Data Network Model
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ums Database  Database  p ff— é
o ) & c /\ An international informatics
roied et | e ' MMD,: = 2 H =3 f community developing new
. OHDSI tools and dashboards.

b

\ T Pakistan f
a Lot Open source
(U0 =

Data Platform analytical tools
(cohort builder,

estimation, incidence
ATLAS rate, prediction)

Brazil

i, cidacs

Dataset

Aggregated

Data
Information SECURITY results

mzzo»n>»
s
mZ2IO>»2>

Dataset
Request ‘Seardh WVisualization Analyses.

N : A Europe wide network for
" A e hasith dats governance snd
ox i o 1 capacity building
' ! \ Admin " . EHDEN
— E

DATA
PRODUCTION

Preparation

Ingestion

Processing.

s n Mapping In Progress

Barreto, Mauricio Lima, et al. Pop Data Science 2019




COVID-19 cohorts — cases over time

UNIVERSIT

OXFORD

ICU admission with
CcOVID-19

17,041

COVID-19 diagnosis or
positive test

Hospitalised with
COVID-19

34,699

Tested population COVID-19 death

1,312,832

752,699
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Distribution of cases over time (Jan/March 2020 — April 2022)
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COVID-19 cohorts — baseline characteristics

OXFORD
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COVID-19 cohorts — baseline characteristics

OXFORD
Sex Ethnicity
11.1% ;
. - a0 o 24.0% White
Brazil v
43.5% Female 5.0% 0.2% Asian
56.5% Male Mixed ethnicity
Indigenous
52.3% Missing data
. Female . Pakistani

Afghani (no matching concept
Male at the time of writing)
4,155 (1.2%)

Pakistan

345,724 (98.8%)

208,850 (59.7%)
141,029 (40.3%)

General population tested for COVID-19:
* Age: median (IQR) was 36 (25 -75) and 38 (27 - 50) for Pakistan and Brazil
e Sex: 45.5% and 55% were female in Pakistan and Brazil

* Ethnicity/race: 1.2% Pakistan individuals had “Afghan” ethnicity. In Brazil, 52.3% _
had “Mixed” ethnicity. In Review. JAMIA 2022



Summary i

OXFORD

« Two health databases covering 8.3 million people from Pakistan and 2.6 million people from Bahia,
Brazil were analysed.

« 109,504 (Pakistan) and 921 (Brazil) medical concepts were harmonised to OMOP CDM.

« 341,505 (4.1%) people in the Pakistan dataset and 1,312,832 (49.2%) people in the Brazilian dataset
tested for COVID-19 between 15t Jan 2020 and 30 April 2022.

« In agreement with international findings, COVID-19 outcomes were more severe in men, elderly, and
those with underlying health conditions.

« This proof-of-concept study demonstrates potential for OMOP-harmonised data from under-
represented regions for global knowledge mobilisation and clinical translation for timely response to
healthcare needs in pandemics and beyond.

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
Centre for Statistics in Medicine | University of Oxford | www.csm.ox.ac.uk | @CSMOxford




What's next —

CENTRE for STATISTICS in MEDICINE NGOG AGIRED)

COVID-19 - variant and vaccine surveillance study

 Communicable, NCDs
— Cancer (OHDSI Oncology WG)
Environment, equity, and artificial intelligence
— Social deprivation dashboard (OHDSI GIS WG, OHDSI Equity WG)
« Data science ecosystem
— Capacity building e
— Data re-use projects
— Data governance

Planetary Health Informatics Group | sara.khalid@ndorms.ox.ac.uk
Centre for Statistics in Medicine | University of Oxford | www.csm.ox.ac.uk | @CSMOxford
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IMPACT OF RANDOM OVERSAMPLING AND

RANDOM UNDERSAMPLING ON THE
DEVELOPMENT AND VALIDATION OF
l PREDICTION MODELS USING OBSERVATIONAL

HEALTH DATA

0 H DSI Cynthia Yang, Erasmus MC



Impact of random oversampling
and random undersampling on the
development and validation of
prediction models using
observational health data

Cynthia Yang
PhD Student at Erasmus MC
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The class imbalance problem

« Class imbalance: a small proportion of patients in a study population (minority class)
experiences a certain outcome of interest.

Oversampling Undersampling

Copies of the

e y,
minority class -
>

r
&

py

Original dataset Original dataset

-\ Samples of
N majority class
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Methods

- Random oversampling and random undersampling

- Imbalance ratio (IR) = the total number of patients without an outcome event (majority class) /
the total number of patients with an outcome event (minority class)

- We vary IR = min(IR yigina, X) With x € {20, 10, 2, 1}

- 21 outcomes in depression (PLP framework paper)

-  CCAE, MDCD, MDCR, IQVIA Germany

- XGBoost, lasso logistic regression

- Area under the receiver operating characteristic curve (AUROC)
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Conclusions

- The impact of random sampling on the AUROC is limited.
- Random sampling strategies on average do not improve the AUROC.

- Next steps: model calibration, random forest, external validation.

- For more information or questions please visit me at my poster #57.
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REAL-WORLD EVIDENCE IS IN DEMAND!

A SUMMARY OF ‘LIVE" REQ
STUDIES PUBLISHED BY A EU

TECHNOLOGY ASSESSMEN]
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ROPEAN HEALTH

" (HTA) AGENCY
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Care Excellence
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Real-world evidence
is in demand!

Live requests for real-world evidence
(RWE) studies from a health
technology assessment (HTA) agency

Jamie Elvidge

jamie.elvidge@nice.org.uk

Ravinder Claire, Shane Collins, Dalia Dawoud

National Institute for
Health and Care Excellence
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About NICE = —

AEMPS AIFA (italy) AIHTA

(Spain) (Austna)
« The HTA agency for England — l l
* Provides guidance to the healthcare system — I Il
« Key principles: e .I"“““_ » =
[ (] [ _ - - . -
» evidence-based medicine e b,
. [ —
* opportunity cost -

* Actively exploring ways to use RWE for decision making
NICE real-world evidence framework

Overview

Key messages

¢ The NICE Strategy 2021 to 2026 states our ambition to use real-world data to resolve
gaps in knowledge and drive forward access to innovations for patients. Real-world
data is essential to enabling rapid, robust, and responsive technology evaluations and
dynamic, living guidelines.

N I C E + We developed the Real-World Evidence Framework to help deliver on this ambition. It
does this by:

- Identifying when real-world data can be used to reduce uncertainties and improve

39



NICE recommends research to fill evidence gaps
identified during guidance development

NICE

Do NICE research
recommendations

ask for
RWE studies?

40



There are calls for RWE from across NICE guidance

Interventional

procedures
22 'live'
: 2 research
Diagnostics :
recommendations
Clinical
Medical guidelines

technologies

NICE

41



Lung cancer

Large retrospective analyses
to predict determinants of
lung cancer, characterise
current practice, and predict
likelihood of unnecessary
surgery.

Ophthalmology

Routine treatment can be
effective, but also

unpleasant, costly and risky.

- Observational studies to
characterise treatment
benefit and predict when
the benefits cease.

é‘\

Delirium

Observational studies to

characterise prevalence of
delirium in long-term care

settings, and explore
whether delirium is

predictive of adverse

outcomes and death.

@ https://www.nice.org.uk/about/what-we-do/science-policy-research/research-recommendations 42
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WHY PREDICTING RISK CAN’T IDENTIFY ‘RISK

FACTORS'
/ EMPIRICAL ASSESSMENT
OF MODEL STABILITY IN MACHINE LEARNING
I ACROSS OBSERVATIONAL HEALTH

DATABASES

OHDSI Aniek Markus, Erasmus MC



WHY PREDICTING RISK CAN’T
IDENTIFY ‘RISK FACTORS’

EMPIRICAL ASSESSMENT OF MODEL STABILITY IN MACHINE LEARNING
ACROSS OBSERVATIONAL HEALTH DATABASES

CO-AUTHORS: PETER R. RIINBEEK, JENNA M. REPS

Aniek Markus
PhD Student

Department of Medical Informatics, Erasmus MC
a.markus@erasmusmc.nl

ErasmusMC ¢ Health
:  Data
- Science

¥ OHDSI| GEHDEN

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeee



Motivation

e Some researchers incorrectly interpret prediction models:
1. Prediction models do not assess causality
2. Also problematic to use models for ‘risk factor’ detection

29
 Why? P

Procedures, medical conditions, drugs often co-occur /&
LASSO logistic regression might ignore some of them E [gj»
a

£

Erasmus MC




Study design

Study Outcome
population X | phenotypes |X Databases
(3) (3) (7) —
General population def. 1 AMI def 1. CCAE Model
General population def. 1 AMI def 2. CCAE Model
‘ ‘ : Measure model

General population def. 2 AMI def 3. MDCD Model stability for

I I I I —
General population def. 2 AMI def 3. MDCD Model ?glxc)h outcome
General population def. 3 AMI def 3. IQVIA EHR Model

N 4 N 4 —

+/- 63 models
Erasmus MC



Measuring model stability

Example model:

1. How many variables are selected across models?
2. Are the same or different variables included across models?

3. Is the direction of the effect (+/-) of variables the same across models?

Erasmus MC
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Take home message:

Be careful interpreting prediction models
as the identified appear to
depend on study design choices.
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/ TRAJECTORYVIZ: INTERACTIVE VISUALIZATION
OF TREATMENT TRAJECTORIES

) Maarja Pajusalu, Institute of Computer Science,

0 H DS University of Tartu




TrajectoryViz:
Interactive visualization
of treatment trajectories

2 PRESENTER: Maarja Pajusalu

maarja.pajusalu@ut.ee

Co-authors:
Marek Oja, Sirli Tamm, Markus Haug, Raivo Kolde

Institute of Computer Science
University of Tartu, Estonia




Create discrete Create interactive Explore and
Create sequences with R visualisations with find answers
cohorts in . package . R package . to Your

ATLAS Cohort2Trajectory TrajectoryViz guestions
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PAP HSIL Colposcopy ... (HSIL-1: N= 28)

Use Case 1: Did the patient

Cervical Cancer patients I RN
Wit L - follow suggested
Sequences on a Sunburst Chart | | |{| pattern for
I
-m- - | | I | IIIII I PAP tests after
T selected
— | diagnosis?
- i #nlllm 110 5 |
I | §II
|IIII Il II IIII 1l
I
I |I 'I ' || ' '
e o Did the patient

| llllllll || i follow suggested
pattern for PAP
tests before?

Times before or after the STATE HSIL-1



SABA LABA&ICS ... (LABA&ICS-1: N= 199)

Use Case 2:

Asthma patients /) Most of the
patients spent
Sequences on a Sunburst Chart only 1-2
There was a
months

- 21.3% subset of the

patients who
spent much

more time
21 304 - taking the drugs

200 of 930

(prescriptions)
on
either of the

drugs

Times before or after the STATE LABA&ICS-1
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ASSESSING TREATMENT EFFECT
HETEROGENEITY USING THE

. RISKSTRATIFIEDESTIMATION R-PACKAGE

OH DS Alexandros Rekkas, Erasmus MC




Assessing treatment effect heterogeneity using the
RiskStratifiedEstimation R-package

Alexandros Rekkas

Erasmus MC “Health
- Data
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DEFINING THE VALID ANALYTIC SPACE FOR
QUANTITATIVE BIAS ANALYSIS IN

. PHARMACOEPIDEMIOLOGY

0 H DS James Weaver, Janssen R&D




= OHDSI

E1J O E OBSERVATIONAL HEALTH DATA SCIENCES AND INFORMATICS

Defining the analytic space
for valid QBA

OHDSI Europe Symposium
24 June 2022

James Weaver [jweavel7@its.jnj.com]

Global Epidemiology, Janssen R&D
NDORMS, University of Oxford

Background

Bias from outcome misclassification
often ignored in casual estimation

QBA: a proposed solution

Objective

Evaluate QBA performance across
large set of plausible scenarios

Methods

Applied QBA across incidence x
effect size x measurement error
analytic space

Results

Small specificity change has large
impact on effect estimate

Limited impact of sensitivity at low
incidence

Discussion

QBA produces implausible or invalid
estimates in many common
comparative effect estimation
scenarios



A PILOT STUDY TO EVALUATE THE FEASIBILITY
OF USING OBSERVATIONAL HEALTH
DATA SCIENCES AND INFORMATICS

ANALYTICS TOOLS FOR SUPPORTING THE
VALIDATION OF SAFETY SIGNALS

Ceyda Pekmez Kristiansen, Novo Nordisk




Q

novo nordisk”

A pilot study to evaluate the feasibility of using OHDSI
analytical tools for supporting safety surveillance

Ceyda Tugba Pekmez Kristiansen?; Lasse Christensen!; Michael Stellfeld!; Atheline-Major Fﬁ
Pedersen?; Ditte Mglgaard-Nielsen?; Mark White!; Peter Jelnes?

cypk@novonordisk.com

INovo Nordisk A/S, Vandtarnsvej 114, 2860 Sgborg, Denmark

24.06.2022
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Novo Nordisk”

Safety data sources

AEs from RCTs Postmarketing AEs
a D
=2 RWD ==
] =]
sources
-8
-l

5%

Literature
HA databases

2> A0
£ F;;v ;;"m EUROPEAN MEDICINES ‘&'N.L“

Safety

4 b
Monthl_y Safety it el VaI]dated
Surveillance Signal

commitee

Qo o

Monitoring product benefit-risk profile

New potential causal association
or a new aspect of a known
association?

os®
[+
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Periodic Safety Reporting

P Risk mitigation

s
&>

n
i
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Real world data
(RWD)

for supporting
safety
surveillance

« RWD supports the safety signal validation process, especially when the evidence from
traditional safety data sources is scarce

* Gallbladder- or biliary tract-related events (including acute cholecystitis) are known risks

for Victoza® (liraglutide) and Saxenda® (liraglutide)

* A known risk for liraglutide was chosen for the pilot study to evaluate the feasibility of
implementing population level effect estimation into the safety surveillance process
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Cohort definition — Truven Marketscan CCAE* 2020

. - - Outcome Initial target cohort Initial comparator cohort
Covariate capture Liraglutide @ e s T SGLT-2 inhibitors and Sulfonylurease
A X ) o users
Covariate capture Liraglutide ATC code: A10BJ02
ATC codes: A10BK and A10BB
I Propensity score matching
Covariate capture SGLT2 and Sulfonylurease ifyi o
E i Qualifying target cohort Qualifying comparator cohort
: *% *
_ Covariate capture SGLT2 and Sulfonylurease @ Outcome ey s New users
Time 2 1 exposures within the last year >1 exposures within the last year
" 7 days of latency 7 days of latency
No prior outcome No prior outcome
Ngpject = 34240 [ oy = 160644
Outcome cohort
L] H A D E S Acute cholecystitis condition
m HeautH AnaurTics Data-To-EvIDENCE SuiTe SNOMED code: 198809
N, pioct = 778873
& CohortMethod & sglRender subject
Mew-user cohort studies using large- | | Generate SQL on the fly for the
scale regression for propensity and various SQL dialects.
outcome models. Learn more...
Learn more...
IBM® Watson Health™. Commercial Claims and Encounters Database and Medicare Supplemental and Coordination of Benefits Database IBM Marketscan Research Databases User Guide. Certain *Commercial Claims and Encounters

data used in this study were supplied by International Business Machines
**First time use of drug within last 1 years of observation period

Corporation. Any analysis, interpretation, or conclusion based on these data is solely that of the authors and not International Business Machines Corporation.
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Density

24.06.2022

Before matching

. Liraglutide

. SGLT2 and Sulfonylureases

Liraglutide: 34,240 subjects

SGLT2 and Sulfonylureases: 160,644 subjects

|

Novo Nordisk”

Propensity score matching

AUC:0.79
51.8% is in equipoise

Age
Gender
BMI, Obesity
Parity
Diabetic complications (Retinopathy,
Nephropathy,
CV diseases)

v

0.00

0.25

0.50
Preference score

0.75

Density

1:3 propensity score matching

. Liraglutide . SGLT2 and Sulfonylureases

Liraglutide: 30,869 subjects AUC:0.61
SGLT2 and Sulfonylureases: 67,378 subjects 59.8% is in equipoise

0.00 0.25 0.50 0.75 1.00
Preference score

Cases Prevalence
(n) (per 1000)

Target

Comparator

Total

71
83
154

2.30
1.23
1.57
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Population level risk estimation

. Liraglutide . SGLT2 and Sulfonylureases

1.0000 1
e 0.9975
=
4]
fe)
o
Q
g 0.9950
c
=]
%)
0.9925

200 300
Time in days

Number at risk
Liraglutide 30,869 14,771 8,383 5,327 3,420
SGLT2 and Sulfonylureases 67,378 32,826 20,374 13,380 9,227
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Conclusion — Next steps

* OHDSI analytics tools have promising potential
for utilising RWD sources to support the
validation of safety signals

e The result supports a known risk of acute
cholecystitis for liraglutide on a RWD source

|
IO
ooooo

* A new test case for another therapeutic area
— Negative outcome controls

— Data driven selection of covariates
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ROLE OF THE EHDEN PORTAL IN THE STUDY WORKFLOW

Q — ]
<]
3 E L6
Study Idea What data? Where dc; | find Assemble the Protocol Is the Study
Is needed the data ? Team Feasible?
EHDEN Portal
* Database Catalogue
» Network Dashboard Atlas & Arachne
Publication Dashboard Results Collection Execute Analysis Define Analysis

EHDEN Evidence Hub Arachne & Atlas

i i || efpia 71



THE VISION OF THE EHDEN PORTAL — ONE-STOP-SHOP

Network

Dashboards
Database

Catalogue

Data
Analytics

Study

Management
dm e [l efpia ©
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DATABASE CATALOGUE

= [l efpta

74



GEOGRAPHICAL SPREAD DATA PARTNERS

Applications (n=283)
% Awarded applications (n=140)

Spain

Italy

UK

Belgium

France

Portugal
Germany

The Netherlands
Finland

DP Call #6 | " ront
56 applications in
17 countries

Norway
Hungary
Greece

Israel

Czech Republic
Austria

Ireland

Final DP call

Montenegro

Oct/Nov 2022 )

Denmark
Bulgaria

uuuuuuUUUUHUUUUUUIIIIII|“

Geographic spread of data partners. The shade of blue indicates 0 3 6 9 12 15 18 21 24
the # of data partners in that country (darker = more)
P ¥ # of Data partners
dmyp e - efpna P 75
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julia kurps

A HOME

= CATALOGUE

s DASHBOARD
ACADEMY
EHDEN

¥¥- PUBLICATIONS

@) STATUS

A ABOUT

E HELP

o/ FEEDBACK
= PROFILE

& SIGN OUT

EHDEN PORTAL

Compare = Export =
67 Results
;.,ff - AURIA CLINICAL

-~ TINFORMATICS ne

| |V| Q ADWH IMR
S.A

nnovative Medical Research

AP I'|M AP-HM

Assistance Publigque
Hépitaux de Marseille

Auria Clinical Informatics at Turku University Hospital
Hospital District of Southwest Finland (HDSF)

Anonymized Data Warehouse- IMR
Innovative Medical Research S.A.

Health Data Warehouse of Assistance Publigue - Hopitaux de Marseille
Assistance Publique - Hopitaux de Marseille

ARCA Cardiology
Monasterio Foundation

Free text search EHDEN

&% 765K
@ Finland

2% 600K
® Greece

8 2.79M
@ France

‘& 50K

@ lialy

Y FILTERS/ 4+ ORDER BY

Select all
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COMPONENTS OF THE DATABASE CATALOGUE

Database Fingerprint yyuggy Database Dashboards
- meta data - 'ff: - based on CDM data -

IPCI

ingerprint |~ M@ Documents [ Literature I& Database Dashboard

1. Database Description (20/20)

Database-Level Dashboard

2. Contact Details (10/10) 100% i oo s s o o
i i . . . :
3. Technical Details CDM (5/5) 100% # of patients Gender distribution e (@)
4‘ Da‘ta Gﬂuernanue ar}d Eth ics [g‘" 1 DD% Age at first observation @ Distribution of age at first chservation period @:
5. Publications (2/2) 100% ;- [ Age of first ] I
8 [T e— sl AL (o)
wooe | Year of birth @:
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Order By All databases in France?

Database Acronym v

® Ascending O Descending

Which databases have occurrences
Filter By of myocardial infarction?

Database Acronym

Database Name Which databases have GP data in
combination with hospital data?

Total number of patients

to

institution name In which countries do we have up to
date data on COVID-19

s vaccinations?

Last Update

3)

= | efma
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NETWORK DASHBOARD

= [l efpia
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NETWORK DASHBOARDS - OVERVIEW

Countries (= Data Sources &) Patients e : Datasource Types (=
@ Hospital ) Hospital + Lab Results (i) Hosp 4 1/4 p

@EHDEN 15 35 44.2M 9

=

A\ Frimary Care

F s F s
Total number of patients per country [ ] Number of patients (color) per database type for each [ ]
v country v
Patients by Country @ : Database Types per Country @ :
0
Gp
15M
Hospital
o] I + Lab Results
& 10M 1
E + Primary Care .
‘G
z 5 tries + Biobank
Il l l . PDStgres
. [ - I e
/ /

b % % % %, %, %, an
% 4%74_ % % % % My ?%Q’ @o D& %,, 7-9@,
°%

Registry

Country %
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FILTER TO FIND RELEVANT DATA

Country Filter

COUNTRY

~

]

Type or Select [Country]

Use case examples

* Geographical spread
Identify all EHDEN Data Partners from France

&E

Database Type Filter

e Data Source Filter

TYPE

Type or Select [Type]

* Range of Source data systems
|dentify Data Partners that can provide GP data in combination with hospital data

DATA SOURCE

Type or Select [Data Source]
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NETWORK DASHBOARDS — BROWSE — EXPLORE - DISCOVER

Qverview Demographics Data Domains Data Provenance Observation Period Visit Concept Browser  About

Distribution of age at first observation period @

100

80

0.
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EHDEN Network Dashboard at a Glance

EUROPEAN HEALTH DATA & EVIDENCE NETWORK

()

Total Number of datasources and patients in the network

* Use the country / database type / data source filter to restrict the selection

Getting Accesstothe Network Network Dashboard

Dashbeard
Country Filter Database Type Filter
* Enter credentials on the EHDEN portal coury o
(https://portal.ehden.eu)
* Select the icon on R > . SRR S
the left panel =1 e . Lo
Countries i Data Sources i Patients
) EHDEN ( 11 28 31.8M
i i ) What’s the available ob i iod? )
Understanding gender or year of birth or age at’s the available observation period?
coverage *+ Gotothetab” !
* Gotothetab”’ ! « Check the second graph — cumulative observation time
* Gender distribution is shown in the top pie chart + Clickin the legend on a single item to select / deselect
* Age at first observation is presented in tabular format, bar chart « Double click to select a single data source )
and boxplot
*  Year of birth is presented as bar chart. )
Which data sources do contain a particular concept ?\

Go to the tab * ’
In the concept type, start typing part of the text string

* Select the concept that you want to search for

* Gotothetab” ! L4 APPLY

* The” * indicates how many * In the pivot table you can see approx. total number of records and
records per entity type are available. Use in conjunction with the descendant number of records. Further down, you see a graphical

Understanding what data are available for one or ‘\
more data sources

above filters to select on country/database type or data source representation
* The pie chart gives the total number of records per entity type )

N

What is the source of the data? Counte P

Dutabiasa Typs Fiter @ Dita Source Fiter

* Gotothetab” !

* The pivot table ‘Visit Type Pivot’ gives a count per entity type
of the respective concept types e.g. EHR problem list entry,
primary or secondary condition, hospitalization cost record etc. )

Data Source Filter

DATA SOURCE

Datasource Types :
[ tiospital (Y Hospital + Primary Care () Hospital + Lab Resuts [ 4 13 B

-

Nice-to-know

Meta Data

seromm

On the landing page of the network dashboard

Scroll to the bottom —

Cutoff date from the source data: source_release_date
CDM date: cdm_release_date

numbec plpatents  wouve fdesseces  comseiessa date
e country Pr—p—

: top filters for selection on country /
database type or data source

: When a legend is displayed, individual
items can be selected / unselected or double click—
select a single item from another list

When a graph is not readable: click on the icon
and select * ’ from the pop-up
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More Data Partners will be added
Submission deadline DP Call #6 just closed

" °

Integration with Data Analytics and
Study Management capabilities

g Implementation of Production
Instance of service desk for study

requests

5)

- Efpla

Data
Analytics

Study
h Management

2

2
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Register your account today at

Portal.EHDEN.eu

> 44 M patients
15 European countries
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Welcome to the EHDEN Portal

The European Health Data & Evidence Network (EHDEN) project aspires to be the trusted observational research ecosystem to enable better
health decisions, outcomes and care. lts mission is to provide a new paradigm for the discovery and analysis of health data in Europe, by
building a large-scale, federated network of data sources standardised to the OMOP common data model.

The EHDEN Portal provides an entry point to the growing list of tools in our ecosystem. Of these tools, Database Catalogue (including
Dashboards) and EHDEN Academy are available for general use, while Arachne, Atlas and the Service Desk are still in development and only
available to EHDEN Consortium members. Click on the icons below for more information. Your feedback is highly appreciated.

s I Al

Database Network EHDEN .
Publications
Catalogue Dashboards Academy
Provides metadata on Allows to analyse and Qur free, online and An overview of all
the databases in the compare aggregzeted publicly available deliverables and
EHDEN data network data from the OMOP earning platform publications of EHDEN

CDM databases in the



2)

(3

« i efpa

Study Management and Execution
- EHDEN Portal
- Database Catalogue
- Arachne
- Atlas
- EHDEN Evidence Hub

Auxilliary

- EHDEN Academy

- Virtual Training Environment
- Website

- Forum
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STUDY WORKFLOW IN EHDEN — TECHNICAL PERSPECTIVE

Study Eligibility

Study Feasibility

B—O—B—s— [ —E

Study Idea What data Where do | find Assemble the
Is needed ? the data ? Team

Is the Study
Feasible?

Evidence: Results Collection, Analysis and Sharing

€

Study Execution

Publication Dashboard Results Collection Perform Analysis Define Analysis

AR, |innvative 3
i [l efpia
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r Lunch, Collaborator Showcase, and Early Investigator

)

SY NAPSE O

RESEARCH MANAGEMENT PARTNERS

-
T~

The lunch is made possible
with the help of Synapse

meetings

The collaborator showcase
is made possible with the
help of Promptly

PROMPTLY

Health Analytics

Early Investigators mentor
meetings in the
Queen’s Lounge



