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Paper search through 

Google scholar with a 

keyword, ñOMOP-CDMò

From 2017 to 2022 

(n=880)

Papers which published 

In non-journal

(n=329)

Papers after removing 

missing-year-paper

(n=814)

Papers written by Korean 

researcher as the first 

author (n=97)

Papers in non-English

(n=46)

Papers Screened

(n=439)
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OMOP GENOMIC MAPPINGCAPACITIES IN 
CONVERSION OFCOMPREHENSIVE 

GENOMICPROFILING RESULTS

RogozhkinaMaria,Odysseus



OMOP Genomic mapping 

capacities in conversion of 

comprehensive genomic 

profiling results
by



ABL1|deletion
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MET|amplification

*All 5 codes for amplifications only

0.7*% by 1 target concept:

measurement

99.7% by 2 target 

concepts:

measurement + value

Representation of Copy Number aberrations
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BRCA1 p.K1183R c.3548A>GJAK2 p.L830= c.2490G>A
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1.62% by 1 target 

concept:

measurement

99.91% by 2 target 

concepts:

measurement + value

1- data about position is missing in all target 

concepts
2 - 0.3% was mapped to Protein level
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 Representation of Single Nucleotide Variants

https://athena.ohdsi.org/search-terms/terms/35950928
https://athena.ohdsi.org/search-terms/terms/35950928
https://athena.ohdsi.org/search-terms/terms/35950928


BONE MARROW BIOPSY|FISH|Cytogenetic 
Abnormality|AMP1Q21

Chromosome region 1q21 

duplication* in Bone marrow by 

FISH

Using existing vocabularies as a fallback

Procedure-

1(BM 

Biopsy)
Procedure-

2(FISH) P
ro

c
e

d
u

re

Specimen

(Bone Marrow)

Measurement 

(AMP1Q21)

Positive

* customer approved 

variant of amplification 

storage

LOINC vocabulary

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


ǒ We found 46 duplicate concepts for DNA, 1276 for RNA and 224 for Protein variants in 

OMOP Genomic. All of them to be deduplicated.

ǒ A substantial number of codes are missing. New codes to be ingested in OMOP Genomics 

are essential to facilitate studies.

ǒ Concepts from non-Genomic vocabularies may be a valid target, but lacks of consistency 

and only a fraction of required targets is available.

ǒ 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 

(direct fact modification)

Conclusion
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OMOP Mapping of Real-World Data From 

Brazil & Pakistan Towards Management 

of COVID-19 In the Global South
AI
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The COVID-19 pandemic highlighted need 

for rapid, reliable, representative evidence 

generation

Background

http://www.csm.ox.ac.uk/
https://nam10.safelinks.protection.outlook.com/?url=https://twitter.com/CSMOxford&data=04|01|Jonathan.Arm@gatesfoundation.org|54fd3fabca4649d6711c08d9b8cecb9d|296b38384bd5496cbd4bf456ea743b74|0|0|637744020610854128|Unknown|TWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D|3000&sdata=4Di8ovK%2BH2mXGKXRwtmMHqZOGPs%2BfbPGfFbZmR/uAuo%3D&reserved=0


The OHDSI COVID-19 Data Network

19

USA (8) EUROPE (7) ASIA-PACIFIC (3)

Premier (National ςHospital Billing) CPRD (UK ςElectronic Health Records) HIRA (South Korea ςAdministrative Claims)

HealthVerity(Claims linked to diagnostic testing) SIDIAP (Spain ςElectronic Health Records) DCMC (South Korea ςElectronic Health 
Records)

Optum EHR (National ςElectronic Health Records) SIDIAP-H (Spain ςEHR hospital linkage Nanfang Hospital (China ςElectronic Medical 
Records)

IQVIA Open Claims (National ςAdministrative Claims) HM Hospitales (Spain ςHospital Billing)

Department of Veterans Affairs (National ςElectronic 
Health Records)

ICPI (Netherlands ςElectronic Health Records)

Stanford University (CA ςElectronic Health Records) LPD France (France ςElectronic Health Records)

Tufts University (MA ςElectronic Health Records) Germany DA (Germany ςElectronic Health 
Records)

Columbia University (NY ςElectronic Health Records)

Together, OHDSI has studied (to date):
Å>4.5m patients tested for SAR-COV-

2
Å>1.2m patients diagnosed or tested 

positive for COVID-19
Å>250k hospitalized for COVID-19

ÅRapid
ÅReliable
ÅRepresentative



The OHDSI COVID-19 Data Network

>2m 
EHR

>8m 
EHR
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3 Hospitals

3 Diagnostic Centres

3 Walk-in Clinics

180 Labs in 70 

cities

SKMHR&C Hospital Network in South Asia
ÅData source:
ïDe-identified electronic

health records

ÅPeriod:
ï1994 ï2022 (ongoing)

ÅUnique records:
ï8.3 million individuals

ÅRegional COVID-19 hub Country Facts
Å Population: 220million
Å 5 Provinces

Data Partners ïPakistan

12,018
New Registrations

210,667
OPD Visits

14,840
Admissions

63,725
Chemotherapy Sessions

19,128
Surgical Procedures

77,809
Radiotherapy 

Sessions

198,393
Imaging 

Studies

6,277,572
Pathology Tests

Clinical activity snapshot (2021)

http://www.csm.ox.ac.uk/
https://nam10.safelinks.protection.outlook.com/?url=https://twitter.com/CSMOxford&data=04|01|Jonathan.Arm@gatesfoundation.org|54fd3fabca4649d6711c08d9b8cecb9d|296b38384bd5496cbd4bf456ea743b74|0|0|637744020610854128|Unknown|TWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D|3000&sdata=4Di8ovK%2BH2mXGKXRwtmMHqZOGPs%2BfbPGfFbZmR/uAuo%3D&reserved=0
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BahiaStateFacts:
ÅPopulation: 15million
Å417municipalities

Data Partners ïBrazil

Å Data source/s:
ï Brazil Ministry of Health Influenza 

Surveillance System (SIVEP-Gripe)

Å Period
ï2020 ï2022 (ongoing)

Å COVID-19 records:
ï2.6 million individuals

ï~67,000 hospitalisations

ï~27,000 deaths

CIDACS-FIOCRUZ COVID-19 Data Platform

http://www.csm.ox.ac.uk/
https://nam10.safelinks.protection.outlook.com/?url=https://twitter.com/CSMOxford&data=04|01|Jonathan.Arm@gatesfoundation.org|54fd3fabca4649d6711c08d9b8cecb9d|296b38384bd5496cbd4bf456ea743b74|0|0|637744020610854128|Unknown|TWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D|3000&sdata=4Di8ovK%2BH2mXGKXRwtmMHqZOGPs%2BfbPGfFbZmR/uAuo%3D&reserved=0


Barreto, MaurícioLima, et al. Pop Data Science 2019

Software used during ETL:

Å Source database ςOracle 19c
Å Target database ςPostgreSQL 12.2
Å CDM v5.3.1
Å DBeaverv21.3.3
Å Pentaho v9.2.0 

B
ra

z
il

P
a
k
is
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n

ETL Process

Mapping Complete

Mapping In Progress

Harmonisation to OMOP

Mapping in Numbers

Å>100K (source) to 108K (CDM) 

concepts

Å>33M measurements

Å>2M procedures

Å>600K observations

Å<1% missing matching 

concepts 



COVID-19 cohorts ïcases over time

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

N 1,312,832 752,699 34,699 17,041 13,877

N 341,505 88,771 447 33 117

In Review. JAMIA2022 



ÅCOVID-19 

outcomes were 

more severe in 

men, elderly, 

and those with 

co-morbidities

Distribution of cases by age and sex in each cohort

COVID-19 cohorts ïbaseline characteristics

In Review. JAMIA2022 



Sex Ethnicity

Brazil

Pakistan

208,850 (59.7%)

N = 341,505

N = 1,312,832

aPakistani

Afghani (no matching concept 
at the time of writing)

General population tested for COVID-19:  
Å Age: median (IQR) was 36 (25 -75) and 38 (27 - 50) for Pakistan and Brazil 
Å Sex: 45.5% and 55% were female in Pakistan and Brazil 
Å9ǘƘƴƛŎƛǘȅκǊŀŎŜΥ мΦн҈ tŀƪƛǎǘŀƴ ƛƴŘƛǾƛŘǳŀƭǎ ƘŀŘ ά!ŦƎƘŀƴέ ŜǘƘƴƛŎƛǘȅΦ Lƴ .ǊŀȊƛƭΣ рнΦо҈ 
ƘŀŘ άaƛȄŜŘέ ŜǘƘƴƛŎƛǘȅΦ 

COVID-19 cohorts ïbaseline characteristics

aFemale

Male

In Review. JAMIA2022 



Å Two health databases covering 8.3 million people from Pakistan and 2.6 million people from Bahia, 

Brazil were analysed. 

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

Å 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 1st Jan 2020 and 30 April 2022.

Å In agreement with international findings, COVID-19 outcomes were more severe in men, elderly, and 

those with underlying health conditions.

Å 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.

Summary



Whatôs next

ÅCOVID-19  ïvariant and vaccine surveillance study

ÅCommunicable, NCDs

ïCancer (OHDSI Oncology WG)

ÅEnvironment, equity, and artificial intelligence

ïSocial deprivation dashboard (OHDSI GIS WG, OHDSI Equity WG)

ÅData science ecosystem

ïCapacity building

ïData re-use projects

ïData governance
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PREDICTION MODELS USING OBSERVATIONAL 
HEALTH DATA

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



The class imbalance problem

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



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(IRoriginal, x) with x {ɴ20, 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)



Results



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.



REAL-WORLD EVIDENCEIS IN DEMAND!
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STUDIES PUBLISHED BY A EUROPEAN HEALTH 

TECHNOLOGY ASSESSMENT (HTA) AGENCY

Jamie Elvidge, National Institute for Health and 
Care Excellence

(NICE)
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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
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About NICE
Å The HTA agency for England

Å Provides guidance to the healthcare system

Å Key principles: 

Å evidence-based medicine

Å opportunity cost

Å Actively exploring ways to use RWE for decision making
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NICE recommends research to fill evidence gaps 
identified during guidance development

Do NICE research 
recommendations 

ask for 
RWE studies?



41

There are calls for RWE from across NICE guidance
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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. 

Ą Observational studies to 
characterise treatment 

benefit and predict when 
the benefits cease. 

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

https://www.nice.org.uk/about/what-we-do/science-policy-research/research-recommendations
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OF MODEL STABILITY IN MACHINE LEARNING 
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WHY PREDICTING RISK CANõT 

IDENTIFY ôRISK FACTORSõ
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EMPIRICAL ASSESSMENT OF MODEL STABILITY IN MACHINE LEARNING 

ACROSS OBSERVATIONAL HEALTH DATABASES

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



Motivation

Å Some researchers incorrectly interpret prediction models:

1. Prediction models do not assess causality

2. Also problematic to use models for órisk factorô detection

ÅWhy?

Å Procedures, medical conditions, drugs often co-occur

Å LASSO logistic regression might ignore some of them

óVariable 

associated to 

the outcomeô



Study 

population
(3)

Outcome 

phenotypes
(3)

Databases
(7)

Study design

Model

General population def. 2 AMI def 3. MDCD

Model

Measure model 

stability for 

each outcome 

(9x)

X X

Model

Model

General population def. 3 AMI def 3. IQVIA EHR

General population def. 1 AMI def 2. CCAE

General population def. 1 AMI def 1. CCAE

General population def. 2 AMI def 3. MDCD

é
é

é
é

é
é

Model

+/- 63 models



Measuring model stability

Example model:

▬►▫╫╪╫░■░◄◐╪╬◊◄▄□◐▫╬╪►▀░╪■░▪█╪►╬◄░▫▪◌░◄▐░▪◐▄╪►

Ɑ Ȣ ╪z▌▄ Ȣ█▄□╪■▄+ Ȣ ▫╫▄▼░◄◐)

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? 



Findings

Å Substantial variation in the selected variables

Å Different databases Ądifferent órisk factorsô

ÅSign of órisk factorsô can differ across models

ÅFor órisk factorô detection:

Å Investigate model robustness 

Å Use other techniques
(e.g. univariate analysis)



Take home message:

Be careful interpreting prediction models 
as the identified órisk factorsô appear to 
depend on study design choices.

óRisk factorô = óvariable associated to the outcomeô



TRAJECTORYVIZ: INTERACTIVE VISUALIZATION 
OF TREATMENT TRAJECTORIES
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