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Tools for the
collaborative maintenance of
national vocabularies and mappings
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How to get a new vocabulary in the CDM

¢ OMOP_Vocabulary WG ’ FInOMOP STCP table
4 N . : N\ = .
O GitHub = OMOP-CDM Q
USAGI USAGI
- -
= OMOP-vocabs (<2B) = OMOP-vocabs (<2B) No concept_ids
~— wd FINOMOP-vocabs (>2B) -
: ° 0 . @ .
@ Accessible to every one ®%& Accessible to a group ah Accessible only localy
G
—Sg& Peer-reviewed -9 Peer-reviewed by group E Local-review
@ C&CR @ C&CR or STCM ) STCM
'W NS A S=
@ Update 6 months [ ~e~ Update immediate I[6*~e~ Update immediate

-
-
4
G
4




FINOMOP way
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ROMOPMappingTools:
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To know more

For Nordic countries : For national nodes:
Check our dashboard for common vocabularies Check an example repository

1

E.. E o FinOMOP |/ FinOMOP_OMOP_vocabulary
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v ICD10fi

a2l - . B
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- '. Jl ' .H_ M 1CD10fi.usadi.csv

How to add national vocabularies
the EinOMOP way

to the CDM,

For developers: For everyone:
Check our R tools Come to the poster
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IMPLEMENTATION OF THE ARES APPLICATION
/ TO MONITOR NETWORK-WIDE DATA QUALITY
AND MAPPING COVERAGE FOR 16 UNIQUE
‘ OMOP SOURCES ACROSS RWANDA
N
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Implementation of the ARES application to monitor
network-wide data quality and mapping coverage
for 16 unigue OMOP sources across Rwanda

Jared Houghtaling®, Emma Gesquiere®, Lars Halvorsen®,
Marc Twagirumukiza®, and Charles Ruranga“

@ edenceHealth NV (Kontich, Belgium)
b University of Gent (Ghent, Belgium)
¢ University of Rwanda (Kigali, Rwanda)
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Background

* Project underway in 2021

e (Collaboration between:

Univ. Ghent (BE)

Univ. Rwanda

Rwanda Biomed. Centre
Rwanda MOH
edenceHealth (BE)

e Initially aimed at tracking
public health response to
COVID, has since expanded

Figure from Halvorsen et al. OHDSI Global 2021
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. University of Rwanda
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_ 14 Sites with MacMini
Node Installation configured

Case and
P Survey Results
Dockerized Services Running From Central

on Hospital Mac Mini T Server

2 additional national
Atlas web applicati : e ™ sources (COVID Survey
Q foraci):\v:rt ssi?dli?mz,lon ﬂ ETL Process to }

EHR Data export My
L transform source
characterization, and

process from - + Ca Se) to augment
model design EHR data to OMOP

MySQL database Source EHR

System (OpenMRS d ata S ets

l or OpenClinic GA)

and App DB Arachne

Central Instance

\ on Central Server

| Automation via

R Studio to Train and (- =2 GUI to Interact with

IR varcete ol D] compisnees an Report Generator SimpleMDM

on Local Instance plausibility checks and Produce Docs

(e.g. MUHIMA

WebAPI linking Atlas Hospital Specific Arachne Node & .
r wih OMOP database | _ , OMOPDatabaS}Q ocneodes ) | Deployment via Docker

J

J

N R
SQL-based checks ( ) Ares Indexer for Report Generator
F on the CDM, exports generating aggregate for Stitching Docs
of concept counts =1 &= counts and indexes with OMOP Data

\_ J /

l Ares Application A@

Instance on Central
Server




Unorthodox CI/CD
structure addresses

QC Feedback Loop -

Trigger Export

and Update
of Ares Web App

GH CI/CD

Ares Results
Repository

Once updated,

re-run ,c;roces'ss/v
Evaluate Ares
A Results, Initiate

~d k= ETL Updates

View Results
on Central

Port Tunnel Central ServerT

|
+ Large Object l

Hospital Node
=% |
Retrieval of ETL Integrate new

codebase from Codebase into
Central Server ETL Image

ETL Process to
transform source

EHR data to OMOP

)

Launch
Ares Indexer

Integration
ETL Codebase O
Repository -
GitHub
A
|
|
|
|
|
|
|
|
|
|
|
|

SR

Post results index Ares |ndexerforC°
) -— A generating aggregat
to central repository PLwY

counts and indexes

Launch
Export on Finish

following constraints:
 Poor network quality
e <50 kbps
* Instability
Issues with GH at sites
Existing central server
config
SimpleMDM Features

Note that source EHR
export process not yet
fully automated




Results

Data Network Overview

Data Sources Data Quality Issues Data Source Releases

14 & 353 & 22 O

Data Sources

Data Source Person Count Start Observed End Observed atest Release ssues Data Source Releases

LAISDAR_CHUB 136,920 2019-07 2023-01 2023-02-13 v5.0 31-0CT-22
LAISDAR_CHUK 668,127 2005-02 2023-01 2023-03-24 v5.0 31-0CT-22
LAISDAR_GIHUNDWE 183,409 2010-07 2023-01 2023-05-12 v5.0 31-0CT-22
LAISDAR_GISENY!I 198,000 2014-02 2022-07 2023-05-11 v5.0 31-0CT-22
LAISDAR_KIBAGABAGA 292,793 203-02 202212 2023-03-24 v5.0 31-0CT-22
LAISDAR_KIBUNGO 203,995 2019-09 2020-08 2023-02-21 v5.0 31-0CT-22
LAISDAR_KIGEME 91,145 2005-09 2023-02 2023-04-19 v5.0 31-0CT-22
LAISDAR_MUHIMA 235157 2016-06 2023-01 2023-03-27 v5.0 31-0CT-22
LAISDAR_NTARAMA 220 2014-06 2018-01 2023-03-27 v5.0 31-0CT-22
LAISDAR_NYAGATARE 210,359 2013-12 2022-04 2023-06-07 v5.0 31-0CT-22
LAISDAR_NYAMATA 280,545 2023-01 2023-01-30 v5.0 31-0CT-22
LAISDAR_RUHENGERI 302,289 2014-04 2023-01 2023-04-19 v5.0 31-0CT-22
LAISDAR_RWAMAGANA 230,907 201211 2023-01 2023-02-14 v5.0 31-0CT-22

LAISDAR_SURVEY 10,975 2021-12 2022-02 2023-04-13 v5.0 31-0CT-22
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Cost-effectiveness analysis
O 0 hospitalizations O 1 hospitalization O 2 hospitalizations . 3+ hospitalizations -I- Death

Month

Secondary
costs:

Primary
costs:

5129€) °°°

4029€
Month

Secondary
costs

HF1 HF2 HF3 HFD

Alternative care
(Telemonitoring)

40€ | 21¢ 40€ 40€ |(21¢ 40€ 40€ 40€ 'I'

B
o © e oo © e

Traditional care

21€ 31€ 41€ 41€ -I-

————
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Components for analysis

Markov Chain used for simulation State costs and initial distribution

HFO HF1 HF2 HFS HFD STATE |INITIAL |COST
DIST.
HFO
HFO 88% 275 €
HF1
HF1 4% 458 €
HF2
HF2 4% 282 €
HF3
HF3 2% 294 €
HFD
HFD 2% 0€




Proposed workflow

) ATLAS
_ Cohort2Trajectory TrajectoryMarkovAnalysis
-
> > [—b
Cohorts Treatment ¥
trajectories
OMOP CDM
[ e | [ |
l'l'n n’l'ﬂ Any study package
Treatment trajectories [ m } Markov model
E% Treatment cost data

Synthetic
O A O treatment trajectories
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Initial state distributions Iin data sources

EC - Estonia, Covid 88.5 882 1.76 0.49 0.41
S
o
@ ISS - Spain, Valencia 943 4.3 0.1 1.19
©
o
=
S ER - Estonia, random 10% 80.7) 71-81,4.65 2.2 4.59,
(&)
3
=
3 CU - USA, Columbia University 61.3/[16.9] 3.85, .2.12 [15.8]
ZB - Serbia, Belgrade, 50.9 4.5 0.78 0.11 43.6

tertiary health intitution
States: HFO HF1 HF2 HF3 HFD

Trajectory head prevalence (%)



Effect of cost data source

Cost data source:
ZB EC
: 228,523
EC - Estonia, Covid -
70,486

[, -
O :
=
S ISS - Spain, Valencia : 184,199 _
S 55,299 ICER - a metric
S : for comparing how much it costs
-% ER - Estonia, random 10% : Ll to how helpful it is.
E 53,938 . . .
= : QALY: Quality-Adjusted Life Year
4 :
fi CU - USA, Columbia University 141,931
= 44,105

ZB - Serbia, Belgrade, 124,907

tertiary health intitution 39’1505

Decision ICER

threshold (€/QALY)
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Deep Learning Comparison
An OHDSI Network Study
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180

Observational healthcare data
limit efficacy of deep learning:

B Neural network ) hlghly sparse

W Other - high-dimensional

B Bayesian network - heterogenous
B Decision tree learning

B Support vector machine

B Regression analysis
W Ensemble method

Number of models
. B =t : — —*
o5 8 88388 &8 8

—
2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
Publication year

Yang 2022 - Figure 1 - J Am Med Inform Assoc, Volume 29, Issue 5, May 2022, Pages 983—-
989, https://doi.org/10.1093/jamia/ocac002

O @OHDSI www.ohdsi.org 2023 European Symposium #JoinThelourney m ohdsi


https://doi.org/10.1093/jamia/ocac002

V Study design

Demographics (age and sex at index)
Conditions @ @ @ @ >
Aims Drugs '. '. '. Outcome
Assess the added value of massive Observation window Index Time-at-risk

observational healthcare data for the —E_

development of deep learning models o
Prediction problems

-  Dementia in persons aged 55 and above

Prediction methods - Lung cancer in persons aged 45 and above
Logistic regression L1 - Bipolar in persons diagnosed with major
Gradient Boosting depressive disorder
ResNet (Gorishniy, 2021)

FT-Transformer (Gorishniy, 2021) Confirmed databases
- Optum SES
- Optum EHR
- |PCI
-  AUSOM

O @OHDSI www.ohdsi.org 2023 European Symposium #JoinThelourney m ohdsi



4

Results

Cohort Database Method AUROC Cohort Database Method AUROC
Dementia IPCI Logistic Regression 83.28 Lung cancer IPCI Logistic Regression 71.04
Gradient Boosting 82.86 Gradient Boosting 70.84
ResNet 82.83 ResNet 67.3
Transformer 82.36 Transformer 69.99
AUSOM Logistic Regression 71.04 AUSOM Logistic Regression 74.31
Gradient Boosting 70.84 Gradient Boosting TBD
ResNet 67.26 ResNet 68.08
Transformer TBD Transformer TBD
o @OHDSI 2023 European Symposium

m ohdsi



Join The Network Study!

Help us assess the added value of observational data for the development of

deep learning models.

Head over to https://github.com/ohdsi-studies/DeepLearningComparison or
use the QR code.

O @OHDSI 2023 European Symposium m ohdsi
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The association of short-, medium and long-term
cardiovascular sequelae with COVID-19 infection: a
multinational pilot study

lan Chi Kei Wong, BSc (Hons) Pharmacy, MSc, PhD
Lo Shiu Kwan Kan Po Ling Professor in Pharmacy
Head, Department of Pharmacology and Pharmacy, LKS Faculty of Medicine, The University of Hong Kong
Lead Scientist, The Laboratory of Data Discovery for Health (D?4H)
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This work was supported by the Research Grants Council of Hong Kong under the Collaborative Research Fund Scheme (C7154-20G)



Background

//

* COVID-19 infection is associated with a range of cardiovascular (CV)
sequelae and associated mortality.’?

* The risk of CV sequelae remained unclear owing to the large variability in
risk estimates from existing studies which differs in study design,
population and selection of controls.3

* This study aimed to evaluate the risk of short-, medium-, and long-term
CV sequelae following COVID-19 using multi-national healthcare data

[1] Xie Y, Xu E, Bowe B, Al-Aly Z. Long-term cardiovascular outcomes of COVID-19. Nat Med. 2022;28(3):583-90. [2]Wan EYF, Mathur S, Zhang R, Yan VKC, Lai FTT, Chui CSL, et al. Association of COVID-19 with short- and long-term risk of cardiovascular disease and
mortality: a prospective cohort in UK Biobank. Cardiovasc Res. 2023. [3] Peter RS, Nieters A, Krausslich HG, Brockmann SO, Gopel S, Kindle G, et al. Post-acute sequelae of covid-19 six to 12 months after infection: population based study. BMJ. 2022;379:e071050.
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Study design
- Retrospective
cohort study

- Propensity
score matching

Study
population

. Individuals with

COVID-19
between

December 15t
2019-20 and

non-COVID-19
controls

Methods

Study
outcome
. Incident of nine

cardiovascular
sequelae

Follow-up
- Short-

(Up to 6 months),

* Medium-

(6 months to 1
year),

- Long-term

(1to 3 years)

Data source

. Multi-national
healthcare
databases

- We are calling

for your
collaborations!



Preliminary findings

® Hazard Ratio @ Calibrated Hazard Ratio

Patients with COVID-19

(targets) Angina _._-o-
Patients without COVID-
19 (comparators) Arrhythmia o
---
Exclude Individuals with: Myocardial infarction —_——
* A history of outcome of —
interest
° 1 H —
Less than one day at risk Heart failure ®
v Hypertension o
[ 1:10 Propensity-score ]
matchin o) . .pe &
s Myocarditis and pericarditis °
. ®
Exclude Individuals who were Endocarditis -o-
not selected during
ropensity-score matchin ] o
propen=ry & Cardiomyopathy o
A\ 4 . . —_——
: Arteriosclerosis ——
Study population for
separate clinical sequelae
0 1 2 3 4

Hazard ratio (95% Cl)

. _ _ _ Figure 2. Hazard ratio and calibrated hazard ratio of cardiovascular sequelae
Figure 1. Flow diagram on the selection of study population between December 15t, 2019-2022 in Italy LPD IQVIA database




Future plans

Further analyses to evaluate the short, medium and long-
term risk of cardiovascular sequelae

Perform study package in databases mapped to OMOP CDM

Database

Electronic health records

US Open-claim IQVIA

Germany DA IQVIA?,
France LPD IQVIA®
ltaly LPD IQVIAP®,
UK IMRD IQVIA©

Korea HIRA

Pre-adjudicated health insurance claims collected from general
practitioners and specialists

Proprietary practice management software used by general
practitioners and selected specialists

Patient records from general practitioners

Health Insurance Review & Assessment Service

2DA = Disease Analyser, P LPD = Longitudinal Patient Database , < IMRD = IQVIA Medical Research Data

40



SUPPORTING PHARMACOVIGILANCE SIGNAL
/ VALIDATION AND PRIORITIZATION WITH
ANALYSES OF ROUTINELY COLLECTED HEALTH
DATA — LESSONS LEARNED FROM AN EHDEN
y NETWORK STUDY
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Supporting pharmacovigilance signal validation and pr|0r|t|sat|on
with analyses of routinely collected health data :

lessons learned from an EHDEN network study * .

[}
Judith Brand . ° . ' ’ @
S . | L CHagal e ° .

,,; : [t ':’) L | % * :5 ‘<‘ _‘Ank 4. = @
Pharmacovigilance study-a-thon . . ¢ . ° m Mlic‘:?fi’{'?r'ﬁg
O I» entre

Uppsala, 5-9 September 2022 .



How do we identify signals?

Prioritisation

Strength of evidence
Public health and clinical impact

Novelty
i
Validation
Assessment
f_\\ Evaluation
Be|f
VigiBase B
> 34M reports <4»
(> 4M drug-event combinations) i N
~hrs ~wks @ 5

per signal per signal C T
N,

Routine health data




What we did...

Routine signal validiation and prioritisation of
statistical signals involving:

o 200 generic drugs

o 16 adverse event phenotypes

On request, characterization analyses with 10
EHDEN data partners to contextualise:

o Drug
o Indication(s)

o Adverse event

SIGNAL
VALIDATION
TEAM

8 signals

ROUTINE HEALTH DATA
ANALYTICS TEAM

©

® Possible alternative explanations

* Potential public health and clinical impact
* Feasibility of pharmacoepi studies

CPRD-Aurum
N CPRD GOLD

& EHDEN

EURQPEAN HEALTH DATA & EVIDENCE NETWORK
N

DATA
PARTNERS




What we learned...

Feasible in given time limits e

Useful for understanding potential:
o Bias and confounding @ %
o Public health and clinical impact

Rapid feasibility assessment &——
of follow-up pharmacoepi analysis

— Multidisciplinary team

Large and diverse data network

Wide range of phenotypes for adverse events

Effective bridges between source vocabularies

Precomputation and standardisation of code

Data governance supporting PV use case



Supporting pharmacovigilance signal

Advancing medicines et e
— lessons learned from an EHDEN network study

Ot e st . B S Vi il Sk S e b Vbt S e Ot ™ ot ot e o’ s Con ki M e S, bt S Pinr™.

safety together .

MESALAZINE
Myocarditie/pericarditic
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Thanks to all who made this event possible!
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Uppsala Monitoring Centre (UMC) C
Box 1051, SE-751 40 Uppsala, Sweden o
Email: info@who-umc.org, www.who-umc.org °
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PATTERN OF LONG COVID SYMPTOMS AND
CONDITIONS: CLUSTERING ANALYSIS BASED
ON LARGE MULTINATIONAL COHORTS AS
PART OF AN EHDEN STUDY-A-THON
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44%

Long-term effects of COVID-19

Attention

n
Long Covid Che = QY =
New
Hypertension 9 1 7%
Fatigue Sweat
7%
Chills 12%
11% '\ Weight 25%
Pain loss Hair
MOTIVATION Loss
Abnormal Chest
XRay/CT (34%) >50% 23%
o e R R A P 5%\
NT-proBNP (11%) — Red inni , 5%
CRP (8%) 3% eyes \ el
Serum ferritin (8%) 515% TIF:rqat 9
ain
Procalcitonin (4%) 3% \Yn%‘ 5!l,’ 16%
1L-6 (3%) <9% ot ‘ Nausea
219% N\ ' 5% \Dyspnea
P 5
q hoard Pulmonary
Long-term effects of COVID-19 TR PTSD Resting hea Fibrosis
44% Attention || 218 Renal Failure rate increasyl \ =\
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o Myocardis ml
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“: Adaptation of Long COVID definition for our study

1. Covid diagnosis OR positive test
2. Relevant symptoms persisting for =3 months after #1
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3. Lack of previous symptoms or condition/s that cause similar symptoms
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RESULTS FOR OBJECTIVE 3

Latent Class Analysis: 4 subgroups, 1+ symptoms
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(i) Mostly defined by one predominant symptom, which could also be common in the whole population
(ii) A lot of heterogeneity in general across databases and healthcare settings
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RESULTS FOR OBJECTIVE 3

Latent Class Analysis: 4 subgroups, 3+ symptoms
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(i) More combinations of multiple predominant symptoms, potentially clinically more relevant
(ii) Some clusters repeated across databases (for 2+, 3+ symptoms): anxiety-depression, dyspnea-cough, gastrointestinal-abdominal

pain...

(iii) A lot of heterogeneity in general across databases and healthcare settings
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Evaluation of treatment effect
heterogeneity in the LEGEND-
Hypertension study

Alexandros Rekkas, Jenna M. Reps, Peter R. Rijnbeek, David van Klaveren
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Rekkas, A., van Klaveren, D., Ryan, P.B. et al. A
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Methods

Database ACEi ARBs dCCBs ndCCBs THZ
MDCD 116,531 20,383 83,130 6,524 58,712
CCAE 954,658 324,355 328,563 37,688 363,249

» Stratification on acute Ml risk (below 1%, between 1% and 1.5%, above 1.5%)

* Evaluation of preference score distributions, covariate balance, and negative control outcomes

* Estimation of relative treatment effects within risk strata using Cox proportional hazards regression
» Estimation of absolute risk differences within risk strata from the differences between the Kaplan-

Meier curves on day 730 from treatment initiation



Results
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More results

Results can be explored here:

https://arekkas.shinyapps.io/legend htn hte



https://arekkas.shinyapps.io/legend_htn_hte

CHARACTERISTICS AND OUTCOMES OF OVER
A MILLION INFLAMMATORY BOWEL DISEASE
SUBJECTS IN SEVEN COUNTRIES: A
MULTINATIONAL COHORT STUDY
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Characteristics and Outcomes
of >IM Inflammatory Bowel
Disease Patients

Chen Yanover, Kl Research Institute, Israel

* KI Research Institute: Tal EI-Hay, Maytal Bivas-Benita, Pinchas Akiva

* Janssen R&D, LLC: Erica AVoss, Joel Swerdel, Anna Sheahan, Nathan Hall

* Columbia University: Jimyung Park, Thomas Falconer

* Ajou University: Rae Woong Park, Kwang Jae Lee, Sung Jae Shin

* Kandong Sacred Heart Hospital: Seung In Seo, Kyung-Joo Lee

* Johns Hopkins: Leonard Haas, Paul Nagy, Mary Bowring, Michael Cook, Steven Miller

O H DS I * Rambam Medical Center: Ramit Magen-Rimon, Yehuda Chowers, Roni Weisshof




Background, Goal

* Crohn's disease (CD) and ulcerative colitis (UC) are
chronic inflammatory bowel diseases (IBD) with
consistently increasing incidence rates. These conditions
significantly impact the quality of life of patients and
families

=>Characterize IBD, CD, UC disease trajectory

* Risk factors, symptoms, associated comorbidities, treatment pathways,
outcomes



Methods

» Study design: A multinational cohort study using routinely collected
healthcare data from 16 OMOPed DBs

* USA, France, Germany, the UK, Korea, Japan, Australia

IBM® MarketScan® Commercial Claims DB CCAE - NERE) IQVIA™ Adjudicated Health Plan Claims Data AMB-EHR N &
IBM® MarketScan® Multi-State Medicaid DB MDCD B ERE) IQVIA™ Disease Analyzer — France France [ ] &l
IBM® MarketScan® Medicare Supplemental DB MDCR - NS IQVIA™ Disease Analyzer — Germany Germany (1 &
Optum’s Clinformatics® Data Mart — Date of Death  DOD | IEXE) IQVIA™ Medical Research Data — UK IMRD-UK (18
IQVIA™ Adjudicated Health Plan Claims PharMetrics+ | 2@ Insurance claims from Japan JMDC | NENE)
Optum® Pan-Therapeutic Electronic Health Records  OptumEHR [ | B @ @5 Ajou University School of Medicine AUSOM [] B & @b
Columbia University Irving Medical Center CUIMC [ ] @@ Kangdong Sacred Heart Hospital KDH [ BE@®ms
Johns Hopkins Medicine JHM [ ] @ @b IQVIA Australian Longitudinal Patient Data Australia L1 &

Geography [ JUSA; [_]Europe; [_]Asia; [ | Australia| |Datatype Jl] Admin claims; [ ]EHRs; [ Claims + EHRs| |Included visits & Outpatient; @ Inpatient; @5 ER

» Disease cohorts defined using IBD, CD, UC Dx, Rx

* Characteristics, outcomes: Predefined features, +100 IBD-specitic
features during subjects’ entire history, 1Y, IM before index date; 1M,
1, 3, 5,10Y and all-time following index date.



Result Teaser
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Challenges, Limitations

* Potential differences in coding, reporting across DBs

* Vocabulary updates render concept sets outdated

* HUGE amounts of data (>2GC), challenging to view, handle
* Only binary attributes; no cross-strata info

THANK YOU!



PREDICTION OF 30-DAY, 90-DAY AND 1 YEAR
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Results for the mortality models @ SRR OR
2 SCIENCE

Time-at-risk
30 days ; 1
g 365 days mortality
90 days ! % f
f S
% 2« outcomes AUROC slope
365 days W [Electi 10.1 % 0.854 1.10 0.16

37.8% 0.852 1.13 0.05
92.0% 0.850 1.07 0.11
46.6 % 0.812 1.03 0.08
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Reduction in readmissions after
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Early results indicate that decision
support tools based on an OMOP based
data infrastructure can be feasable in a

clinical setting and improve clinical

outcomes
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Lunch, Collaborator Showcase, and Early Investigator
meetings

The Collaborator Showcase is made possible Early Investigators mentor
with the help of MTG and IOMED meetings in the
Queen’s Lounge
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