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FeederNet Project in Korea

>

= — = - av
w = o] =t
: | &8 sole. 8 0 =s B c% |.=8| ¢ 5
£ B 5 Tl 525 c 2 o] D = 3 = 2l g2
g 392 c5 lze5 &= 2 = S8 ER-S I a &
CDM-based 3 2 g 28 | 253 S = = = 2 28 2. =
’ 2 2o S & B =2 G < = o B 5 o @ S
Service o S = = = c a3 T ] 3
2 = 3 e e
Projects for Industry Services Projects for CDM standard/policy Projects for Clinical Research
(Ministry of Industry) (Mlinistry of Industry / Health&wWedfare) (Ministry of Health&Welfare)
L L L L L UL L L L L L Ll L L LLLL L L LLLLLLLLLE LLLLIL
Management/
Promotion
AT
il coManayic Dataprivacy Data  Colaborative Platform Committee
Distributed @ '@'@ N qtﬂv mp.atfmmm oL dminstraion
. sophistication
Analytic Platform AP| CDM education/seminar
FeederNet Platform Project promation
g
. . g
Nation-wide OMOP-CDM Data Network
+ 1 national claim data of HIRA (from 2010 to 2020)
) » 53 hospitals’ medical data of 72M Patients (including duplicates)
Bio-health Data
Network

OMOP CDM OMOP CDM OMOP CDM OMOP CDM OMOP CDM OMOP CDM ‘



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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FeederNet

Data Map

Total Patients
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OMOP-CDM Research in Korea
Cumulative number of analysis using

Analysis on FeederNet FeederNet

14,000

2022-04
11,806

*  Number of analyses continues to increase
*  From June 2020, about 500 analyses have been

12,000

10,000

being conducted every month 000
. . 6,000
Paper Publications
+ Total 97 papers of Korean researcher as a first 2000
author have been published since 2017 and 55 e e e e e e g e e oo e o
were pUbllShed in Only 2021 "9\9‘ "9\9‘ "5’\9- wg\oj m@S} "596 "P{‘E) "9'19 "5;9 "\5’"@ '139}- "9”\} "59> w&x m@y "9’»\; 19{9’ '\550’

Paper search through
Google scholar with a
keyword,-ChbMMPP
From 2017 to 2022

OMOP-CDM research status by Korean researchers

60

(n=880) >
i 50
Papers after removing 2 a0
missing-year-paper Papers which published g
(n=814) In non-journal .
¢ (n=329) - !
15 (as of June 2022)
Papers Screened 0
(n=439) . _ . . .
Papers in non-English 0 — — [ |
i (n:46) 017 2018 2018 2020 2021 2022
Papers written by Korean e

researcher as the first
author (n=97)




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] —
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Organizer Data Partner Data Partner Data Partner

© Change in infection symptoms
© Legal communicable diseases

© Precision monitoring using NLP
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OMOP GENOMIC MAPPIN&SPACITIES IN
CONVERSION OBMPREHENSIVE
’ GENOMIPROFILING RESULTS
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OMOP Genomic mapping
capacities in conversion of
comprehensive genomic
profiling results
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DATA SERVICES
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Postcoordination

Precoordination

Representation of Copy Number aberrations
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7= OHDSI

99.91% by 2 target

concepts:

measurement + value
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Representation of Single Nucleotide Variants
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2- 0.3% was mapped to Protein level


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
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Conclusion

O«

O«

O«

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.

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

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

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 READRLD DATA
/ FROM BRAZIL & PAKISTAN TOWARDS
I MANAGEMENT OF COMBRIN THE GLOBAL
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OMOP Mapping of Real-World Data From
Brazil & Pakistan Towards Management
of COVID-19 In the Global South
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Background Fﬁ%%

CENTRE for STATISTICS in IVIEDICINE
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OXFORD

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

generation

Hydroxychloroquine use (% of hospitalized patients with COVID-19) by month

04 Februz nloroquil EXPLORING LIFE, INSPIRING INNOVATION
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The OHDSI COVID-19 Data Network
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Canada
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A Rapid o

Ukraine
Austria

A Reliable ¢ @UW% ve @© o

A Representative - P RS
Usa®  JEUROPE(M _________ |ASWPACIFIC®
Premier (Nationat, Hospital Billing) CPRD (UKElectronic Health Records) HIRA (South KoregAdministrative Claims)
HealthVerity(Claims linked to diagnostic testing) SIDIAP (SpamElectronic Health Records) DCMC (South KoregElectronic Health
Records)
Optum EHR (NationglElectronic Health Records) SIDIAMH (Spairg EHR hospital linkage Nanfang Hospital (ChirgElectronic Medical
Records)

IQVIA Open Claims (Natiomghdministrative Claims) HM Hospitales (SpamHospital Billing)

Department of Veterans Affairs (NatiorgElectronic ICPI (Netherlands Electronic Health Records)
Health Records)

Together, OHDSI has studied (to date):
A >4.5m patients tested for SAROV

2
Stanford University (CAElectronic Health Records) LPD France (FrangéElectronic Health Records) A >1.2m patients diagnosed or tested
Tufts University (MA Electronic Health Records) Germany DA (GermarmyElectronic Health positive for COVIEL9
Records) A >250k hospitalized for COVAID9

Columbia University (N&Electronic Health Records)




The OHDSI COVID-19 Data Network

OHDSI
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Data Partners i Pakistan 28

CENTRE for STATISTICS in MEDICINE NGOG AGIRED)

SKMHR&C Hospital Network in South As|a

A Data source:
EEE 3 Hospitals

I De-identified electronic

health records %ﬁ;ﬁi 3 Diagnostic Centres
" . == 3 Walk-in Clinics
A PerIOd . 0 180 Labs in 70
i 1994 i 2022 (ongoing) ciies

A Unique records: —_
i 8.3 million individuals 5

A Regional COVID-19 hub - 3 : .. » gogggﬁraigf\: 220million

* A 5 Provinces

shutterstock.com - 234985177

Clinical activity snapshot (2021)

w N

e . ] £

s §% = B /7 v B
12,018 210,667 14,840 63,725 19128 7:809 198,393 6,277,572

New Registrations OPD Visits Admissions Chemotherapy Sessions Surgical Procedures Sessions Studies athology Tests
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Data Partners i Brazil C%Eﬁ o

CIDACEIOCRUZ COVID Data Platform

A Data source/s: N
I Brazil Ministry of Health Influenza Brazil MoH SuﬁlanceSystem

Vaccination

Surveillance System (SIVEP-Gripe)
A Period

I 20207 2022 (ongoing)
A COVID-19 records: v e

I 2.6 million individuals

I ~67,000 hospitalisations

i ~27,000 deaths

Deidentified
Dataset

O
)

K1
KK

Cidacs' Data Processing

BahiaStateFacts
Aopulation: 15million
A117 municipalities

shutterstock.com - 1328102978
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Pakistan

Brazil

ETL Process

Harmonisation to OMOP

UNIVERSITY OF

OXFORD

1 - Perform scan on source
database using White

2 - Perform table/ column
level mapping from source

¥

v

3 - Export source data to
C5V files after extraction of

preprocessing and
transformation on staging
database.

(USAGI and Athena)

Rabbit. database to COM (Rabbit required variables /
ina Hat). attributes.
T
¥
&-Apply data 5 - Concept Mapping 4 -Import CSV filesina

staging database in

PostgreSQL using DReayer/

Pentaho Transformations.

v

T - Load the datainto COM
using PostgreSaL stored
procedures.

Software used du

CDM v5.3.1
DBeavewn21.3.3
Pentaho v9.2.0

> T> I To To

ing ETL:
Source database Oracle 19¢
Target database PostgreSQL 12.2

/‘%

0

Staging

/

Exported fromsource
Posig
\ oM E
PosigreSQL

SQL

e
Pre-processing '

S —— sl Erionmnt

~cidacs

3 uf Centro de Integragso de Dados
. R R
Dataset

—

DATA
PRODUCTION

Pyehn and v
—
osabalary Magong Inpector o
"
P bt el
Data Platform
Dataset Data
tormat Visuaization Anaiyses

Anonymization

Preparation
and

Processing.

Dataset
atalogue and
Archiving

Barretqg MauricioLima, et al. Pop Data Science 20

'cf\

Mapping Com

COMYS.2.1
condilin_ocsumranzs.

fact_relationship

LS

observation_period

i

i
g
a

1

Mapping in Numbers

A >100K (source) to 108K (CDM)
concepts

>33M measurements

>2M procedures

>600K observations

<1% missing matching
concepts

DATA QUALITY ASSESSMENT

HOSPITAL INFORMATION SYSTEM

X

HOSPITAL INFORMATION SYSTEM

OVERVIEW

36 9%

67 13 3080

100% 406 0 406

9%
100% 395 L] 401 9%%
0% 73 13 e 100%

100%

79 6

10 785
5 0 15

MR Local omop A 4
ums Database Datak : < é
Rx - c /\ An international informatics
“ K Adel — = - - f community developing new
= — . OHDSI tools and dashboards.
Pakistan f
A
" R Open source
Local omop A * i
S . < analytical tools
- & (3 N (cohort builder,
e i » H 1 > ~ estimation, incidence
N € Aggregated N ATLAS rate, prediction)
results
: V
\ Local omor A & A Europe wide network for
WS Database | Database 4 - health data governance and
<
D @ mumn COpRCty bulcing
' ! \ Admin ~—] - . EHDEN
= -

Mapping In Progress
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COVID-19 cohorts T cases over time

UNIVERSITY OF

OXFORD

COVID-19 diagnosis or Hospitalised with ICU admission with

Tested population positive test COVID-19 COVID-19 COVID-19 death

1,312,832 752,699 34,699 17,041

1500
1500 1
75000 300
100000 1000
-_— 5 5 5 5
o — g g E 1000 :
N El 9 50000 9 2000 S 2
o ¢ g g g g
w w w w w
L 50000 500
) .
25000- 1000
0 -L 0 ul 0 0 0
202001 202007 202101 202107 202201 2020-01 202007 202101 202107 202201 202001 22007 202101 202107 202201 202001 202007 222101 202107 202201 202001 22007 202101 202107 20201
ate of cohort entry Date of cohort entry Date of cohort entry Date of cohort entry Date of cohort entry

N 341,505 88,771 447 33 117

& E
)
3
15
g g
g4 fn
H ]
H H
8
| J
2
o I
Mar-20 Sep20 Mar-21 Sep21 Mar-22
v

0
Mar-20 Sep20 Mar-21 sep21

Date of cohort entry Date of cohort ent

Distribution of cases over time (Jan/March 2020 7 April 2022)

In ReviewJAMIA2022



COVID-19 cohorts T baseline characteristics

OXFORD

A COVID-19 FEMALE MALE FEMALE MALE
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COVID-19 cohorts T baseline characteristics

OXFORD
Sex Ethnicity
. 1A% 24.0% White
B raZI I 435% 5;;,% Black
0_25/ Asian

o
56.5% Male Mixed ethnicity
N = 1,312,83 ] Indigenous
52.3% Missing data

. Pakistani
. Female

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

Pakistan

N = 341,505

345,724 (98.8%)

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

General population tested for COVID:

A Age: median (IQR) w&$ (25-75)and 38 (27 50) for Pakistan and Brazil

A Sex: 45.5% and 55% were female in Pakistan and Brazil
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Summary i

OXFORD

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

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

A 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.

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

A 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.
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What 6s next —

CENTRE for STATISTICS in MEDICINE NGOG AGIRED)

A COVID-19 i variant and vaccine surveillance study

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

A 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
&

/4
.

-\ Samples of
R“E majority class

o O\

Original dataset

Original dataset

Erasmus MC
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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 N {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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Results
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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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Realworld 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

NIC

National Institute for
Health and Care Excellence




About NICE =g =

AEMPS AIFA (italy) AIHTA

A The HTA agency for England -l l
A Provides guidance to the healthcare system -I Il
A Key principles: — -
. .. — '|_- C N
A evidence-based medicine e i
) I—|
A opportunity cost —

A 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
identifled during guidance development

Do NICE research
recommendations

ask for
RWE studies?

NICE

40



There are calls for RWE from across NICE guidance

Interventional

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

technologies

NICE
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Ophthalmology

Routine treatment can be
effective, but also
unpleasant, costly and risky.

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

Lung cancer Delirium

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

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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Motivation

A Some researchers incorrectly interpret prediction models:
1. Prediction models do not assess causality
2. Al so problematic to use mode

A Why? ECD ij

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

£
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Study design

Study Outcome
population X phenotypes Databases

(3) —
General population def. 1 AMI def 1. CCAE Model
General population def. 1 AMI def 2. CCAE Model
(O} D~ ‘ ‘ (N
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 ((a;(c)h outcome
(D~ (O ()
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?
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Investigate model robustness

Use other techniques m : w B e

(e.g. univariate analysis) 5, IWIMWWW .ﬂﬂlﬂwwulmu;mw M.ﬂ“ﬂm\\ll||llllmmwmwmmm
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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
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