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Abstract = de 1
Postmarket safety surveillance is an integral part of mass vaccination programs. Typically relying on sequential analysis of reaI-wc':')Iﬂ:'I
health data as they accrue, safety surveillance is challenged by sequential multiple testing and by biases induced by residual confounding
in observational data. The current standard approach based on the maximized sequential probability ratio test (MaxSPRT) fails to
satisfactorily address these practical challenges and it remains a rigid framework that requires prespecification of the surveillance
schedule. We develop an alternative Bayesian surveillance procedure that addresses both aforementioned challenges using a more
flexible framework. To mitigate bias, we jointly analyze a large set of negative control outcomes that are adverse events with no known
association with the vaccines in order to inform an empirical bias distribution, which we then incorporate into estimating the effect of
vaccine exposure on the adverse event of interest through a Bayesian hierarchical model. To address multiple testing and improve on
flexibility, at each analysis timepoint, we update a posterior probability in favor of the alternative hypothesis that vaccination induces
higher risks of adverse events, and then use it for sequential detection of safety signals. Through an empirical evaluation using six US
observational healthcare databases covering more than 360 million patients, we benchmark the proposed procedure against MaxSPRT
on testing errors and estimation accuracy, under two epidemiological designs, the historical comparator and the self-controlled case
series. We demonstrate that our procedure substantially reduces Type 1 error rates, maintains high statistical power and fast signal
detection, and provides considerably more accurate estimation than MaxSPRT. Given the extensiveness of the empirical study which
yields more than 7 million sets of results, we present all results in a public R ShinyApp. As an effort to promote open science, we provide
full implementation of our method in the open-source R package EvidenceSynthesis.
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Abstract

Purpose: Evaluate the degree of concept coverage of the general eye examination in one widely used electronic
health record (EHR) system using the Observational Health Data Sciences and Informatics Observational Medical
Outcomes Partnership (OMOP) common data model (CDM).

Design: Study of data elements.

Participants: Not applicable.

Methods: Data elements (field names and predefined entry values) from the general eye examination in the Epic
foundation system were mapped to OMOP concepts and analyzed. Each mapping was given a Health Level 7
equivalence designation-equal when the OMOP concept had the same meaning as the source EHR

concept, wider when it was missing information, narrower when it was overly specific, and unmatched when there
was no match. Initial mappings were reviewed by 2 graders. Intergrader agreement for equivalence designation was
calculated using Cohen's kappa. Agreement on the mapped OMOP concept was calculated as a percentage of total
mappable concepts. Discrepancies were discussed and a final consensus created. Quantitative analysis was
performed on wider and unmatched concepts.

Main outcome measures: Gaps in OMOP concept coverage of EHR elements and intergrader agreement of mapped
OMOP concepts.

Results: A total of 698 data elements (210 fields, 488 values) from the EHR were analyzed. The intergrader kappa on
the equivalence designation was 0.88 (standard error 0.03, P < 0.001). There was a 96% agreement on the mapped
OMOP concept. In the final consensus mapping, 25% (1% fields, 31% values) of the EHR to OMOP concept mappings
were considered equal, 50% (27% fields, 60% values) wider, 4% (8% fields, 2% values) narrower, and 21% (52% fields,
8% values) unmatched. Of the wider mapped elements, 46% were missing the laterality specification, 24% had other
missing attributes, and 30% had both issues. Wider and unmatched EHR elements could be found in all areas of the
general eye examination.

Conclusions: Most data elements in the general eye examination could not be represented precisely using the OMOP
CDM. Our work suggests multiple ways to improve the incorporation of important ophthalmology concepts in OMOP,
including adding laterality to existing concepts. There exists a strong need to improve the coverage of ophthalmic
concepts in source vocabularies so that the OMOP CDM can better accommodate vision research.
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Abstract

Objectives: To describe the processes developed by The Hospital for Sick Children (SickKids) to enable utilization of
electronic health record (EHR) data by creating sequentially transformed schemas for use across multiple user types.
Methods: We used Microsoft Azure as the cloud service provider and named this effort the SickKids Enterprise-wide
Data in Azure Repository (SEDAR). Epic Clarity data from on-premises was copied to a virtual network in Microsoft
Azure. Three sequential schemas were developed. The Filtered Schema added a filter to retain only SickKids and valid
patients. The Curated Schema created a data structure that was easier to navigate and query. Each table contained a
logical unit such as patients, hospital encounters or laboratory tests. Data validation of randomly sampled
observations in the Curated Schema was performed. The SK-OMOP Schema was designed to facilitate research and
machine learning. Two individuals mapped medical elements to standard Observational Medical Outcomes
Partnership (OMOP) concepts.

Results: A copy of Clarity data was transferred to Microsoft Azure and updated each night using log shipping. The
Filtered Schema and Curated Schema were implemented as stored procedures and executed each night with
incremental updates or full loads. Data validation required up to 16 iterations for each Curated Schema table. OMOP
concept mapping achieved at least 80 % coverage for each SK-OMOP table.

Conclusions: We described our experience in creating three sequential schemas to address different EHR data access
requirements. Future work should consider replicating this approach at other institutions to determine whether
approaches are generalizable.
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Abstract

Objective: Developing accurate phenotype definitions is critical in obtaining reliable and reproducible background
rates in safety research. This study aims to illustrate the differences in background incidence rates by comparing
definitions for a given outcome.

Materials and methods: We used 16 data sources to systematically generate and evaluate outcomes for 13 adverse
events and their overall background rates. We examined the effect of different modifications (inpatient setting,
standardization of code set, and code set changes) to the computable phenotype on background incidence rates.
Results: Rate ratios (RRs) of the incidence rates from each computable phenotype definition varied across outcomes,
with inpatient restriction showing the highest variation from 1 to 11.93. Standardization of code set RRs ranges from
1 to 1.64, and code set changes range from 1 to 2.52.

Discussion: The modification that has the highest impact is requiring inpatient place of service, leading to at least a 2-
fold higher incidence rate in the base definition. Standardization showed almost no change when using source code
variations. The strength of the effect in the inpatient restriction is highly dependent on the outcome. Changing
definitions from broad to narrow showed the most variability by age/gender/database across phenotypes and less
than a 2-fold increase in rate compared to the base definition.

Conclusion: Characterization of outcomes across a network of databases yields insights into sensitivity and specificity
trade-offs when definitions are altered. Outcomes should be thoroughly evaluated prior to use for background rates
for their plausibility for use across a global network.
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Abstract

Efficient sharing and integration of phenotypic data is crucial for advancing biomedical research and enhancing
patient outcomes in precision medicine and public health. To achieve this, the health data community has developed
standards to promote the harmonization of variable names and values. However, the use of diverse standards across
different research centers can hinder progress. Here we present Convert-Pheno, an open-source software toolkit that
enables the interconversion of common data models for phenotypic data such as Beacon v2 Models, CDISC-ODM,
OMOP-CDM, Phenopackets v2, and REDCap. Along with the software, we have created a detailed documentation
that includes information on deployment and installation.
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Abstract

Objective: The Multi-State EHR-Based Network for Disease Surveillance (MENDS) is a population-based
chronic disease surveillance distributed data network that uses institution-specific extraction-
transformation-load (ETL) routines. MENDS-on-FHIR examined using Health Language Seven's Fast
Healthcare Interoperability Resources (HL7° FHIR®) and US Core Implementation Guide (US Core IG)
compliant resources derived from the Observational Medical Outcomes Partnership (OMOP) Common
Data Model (CDM) to create a standards-based ETL pipeline.

Materials and methods: The input data source was a research data warehouse containing clinical and
administrative data in OMOP CDM Version 5.3 format. OMOP-to-FHIR transformations, using a unique
JavaScript Object Notation (JSON)-to-JSON transformation language called Whistle, created FHIR R4
V4.0.1/US Core IG V4.0.0 conformant resources that were stored in a local FHIR server. A REST-based
Bulk FHIR Sexport request extracted FHIR resources to populate a local MENDS database.

Results: Eleven OMOP tables were used to create 10 FHIR/US Core compliant resource types. A total of
1.13 trillion resources were extracted and inserted into the MENDS repository. A very low rate of non-
compliant resources was observed.

Discussion: OMOP-to-FHIR transformation results passed validation with less than a 1% non-
compliance rate. These standards-compliant FHIR resources provided standardized data elements
required by the MENDS surveillance use case. The Bulk FHIR application programming interface (API)
enabled population-level data exchange using interoperable FHIR resources. The OMOP-to-FHIR
transformation pipeline creates a FHIR interface for accessing OMOP data.

Conclusion: MENDS-on-FHIR successfully replaced custom ETL with standards-based interoperable
FHIR resources using Bulk FHIR. The OMOP-to-FHIR transformations provide an alternative mechanism
for sharing OMOP data.
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FHIRUY —X (&, MENDSH—XAS>RADI—RAT—ATREENDIEELSNTET Y ERZIRM
Ulze —#& FHIR 77U —23> - JOJS=>270 - 425 —J1—X (AP]) (. tBE:ERAJEE/L
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® Conversion of CPRD AURUM Data into the OMOP
Common Data Model.

Inform Med Unlocked. 2023;43:101407. doi:

10.1016/j.imu.2023.101407. Epub 2023 Nov 10.

PMID: 38046363

® Transforming Estonian health data to the
Observational Medical Outcomes Partnership
(OMOP) Common Data Model: lessons learned.
JAMIA Open. 2023 Dec 5;6(4):00ad100. doi:
10.1093/jamiaopen/o0ad100. eCollection 2023 Dec.
PMID: 38058679

® MI-Common Data Model: Extending Observational
Medical Outcomes Partnership-Common Data Model
(OMOP-CDM) for Registering Medical Imaging
Metadata and Subsequent Curation Processes.

JCO Clin Cancer Inform. 2023 Sep;7:€2300101. doi:

10.1200/CCl.23.00101.

PMID: 38061012

® Patient-Centered Economic Burden of Exudative Age-
Related Macular Degeneration: Retrospective Cohort
Study.

JMIR Public Health Surveill. 2023 Dec 8;9:e49852. doi:

10.2196/49852.

PMID: 38064251

® Implementation of inclusion and exclusion criteria in
clinical studies in OHDSI ATLAS software.

Sci Rep. 2023 Dec 18;13(1):22457. doi: 10.1038/s41598-

023-49560-w.

PMID: 38105303

® From data strategy to implementation to advance
cancer research and cancer care: A French
comprehensive cancer center experience.

PLOS Digit Health. 2023 Dec 19;2(12):e0000415. doi:

10.1371/journal.pdig.0000415. eCollection 2023 Dec.

PMID: 38113207
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' S HMOOHDSI Global

® APAC Call 77—V
Dec. 14 APAC 2023 Recap/Chapter Year-End Updates

® Global Community Call 77—~
Nov. 28 OHDSI Coordinating Center
Dec. 5 Recent OHDSI Publications

Dec. 12 Happy 10th Birthday, OHDSI - Decade & Year in Review
OHDSI 1034 !

Dec. 19 Holiday-Themed Goodbye to 2023!
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Dec. 12: Happy 10*" Birthday to OHDSI | A

() @oHDs!I www.ohdsi.org #JoinTheJourney 3 ohdsi

2013512 H16H. George Hripcsak DI EE > TOHDSIOAZ 2 =T M IEERKITFER SN T=,
FHARIFTTIC,. IAVE7REZDAYEXZRFREN N THRIODOTERENHI NI,
FINBEDNDELIIZLT, 3,800 A\ LD HEFEEHEST S0 O—/\)L- 222 =T «ITHoF=
D=A5M? 128 12BDAZ2=FT4-O— /LTI, OHDSID10FEERYIRSHEEHIZ, 2023
FOFEBEFTRZBHEICER T, 22



ATLASZfDTHEKD

=
M| Patagioraces Welcome to ATLAS.

ATLAS is an open source application developed as a part of OHDSI intended to provide a unified interface to patient level data and analytics.

Q Search
Documentation

™ Concept Sets &) The ATLAS user guide can be found

& Cohort Definitions Getting Started

:nd to study
l#* Characterizations
round the world

& Cohort Pathways

Release Notes

¥ Incidence Rates _ )
ATLAS Version 2.10.1 Release Notes
WebAPI Version 2.10.1 Release Notes

& Profiles

This latest release contains 10 feature

: 5 atlas/webapi Versions tab - error
& Estimation gt o ’ =
atlas/webapi 2.10.0 cohort defini

. o Missing filter CC Result filter optis
¥ Prediction

Cohort exit date text is wrong in .

-

A PLP analysis fails on an executic

— D Reports have 0 figures for an Inci

Selecting censoring event for visi

L& Configuration

Selecting Censoring event for Pay

ATLAS

® Feedback 3 A PLE analysis fails on an execution on a Google BigQuery data source

ook -1 - B EDED

Generation results for impala are
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SynPUFT—42t vk

C Ms . g O v Search CMS  Search .

Centers for Medicare & Medicaid Services

Medicare-Medicaid Private Innovation Regulations & Research, Statistics, Qutreach &

Rl RRcL Coordination Insurance Center Guidance Data & Systems Education

Home :* Research, Stalistics, Data & Systems » Medicare Claims Synthetic Public Use Files (SynPUFs) » CM3 2008-2010 Data Entrepreneurs’ Synthetic Public Use File (DE-SynPLUF)

b i CMS 2008-2010 Data Entrepreneurs’ Synthetic Public Use File (DE-SynPUF)

Public Use File (DE-S 4 CMS 2008-2010 Data Entrepreneurs’ Synthetic Public Use File (DE-SynPUF)
DE1.0 Sample 1 The DE-SynPUF was created with the goal of providing a realistic =et of claims data in the public domain while providing the very
DE1.0 Sample 2 highest degree of protection to the Medicare beneficiaries’ protected health information. The purposes of the DE-SynPUF are to:
DE-SynPUF Unit of Number of Number of Number of
record Records Records Records
2008 2009 2010
Beneficiary Summary Beneficiary 2,326,856 2,291,320 2,255,098 = 5%—6
Inpatient Claims claim AT G800 504,941 280,081 75 A
Quipatient Claims claim 5 673,808 6,519,340 3,633,839
Carrier Claims claim 34,276,324 37,304,993 23,282 135
Prescriphon Drug Events event 35,927 827 43 379,293 27 778 849
{PDE)

https://www.cms.gov/Research-Statistics-Data-and-Systems/Downloadable-Public-Use-Files/SynPUFs/DE_Syn_PUF 2 5



Synthea&lL\oE£DHLHH & EE DAL

https://synthea.mitre.org/ ﬂ SyntheticMass g’é) SYNTHEA

Downloads

SyntheticMass Data, Version 2 (24 May, 2017): 21GB. FHIR 3.0.1, CSV, C-CDA

SyntheticMass Data, Version 1 (27 Feb, 2017): 28GB. FHIR 1.8.0, CSV, C-CDA

In addition, sample files containing 1,000 patient records in multiple formats are available:

1K Sample Synthetic Patient Records, FHIR R4 | [mirror]: 81 MB

1K Sample Synthetic Patient Records, FHIR STU3 | [mirror]: 83 MB

1K Sample Synthetic Patient Records, C-CDA | [mirror]: 47 MB

1K Sample Synthetic Patient Records, CSV | [mirror]: 9 MB

Specialized Data Sets

COVID-19

COVID-19 10K, CSV | [mirror]: 54 MB

o Ten thousand synthetic patients records with COVID-19 in the CSV format.
COVID-19 100K, CSV: 512 MB

o One hundred thousand synthetic patients records with COVID-19 in the CSV format.
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BET —HRZERTSES

H synthetichealth / synthea ' Public

(> Code () lIssues 149 {1 Pull requests 10 () Discussions () Act

¥ master v  synthea/src/main/ java / org / mitre / synthea / engine /

Currently Supported Diseases
a& EEdrummer and hadleynEt Rem Synthea currently has over 90 different modules which have expanded beyond the original "Two Top Tens" that the
project started with (see the table below). Please see the Module Builder to browse the currently supported disease
modules.
Top 10 Reasons Patients Visit PCP Top 10 Years of Life Lost
B Campoﬂentz.java Routine infant/child health check Ischemic Heart Disease
Essential Hypertension Lung Cancer
D Digtributfc}n_jaya Diabetes Mellitus Alzheimer's Disease
Normal Pregnancy COPD
D EKPFESSEdCDT"Id itiGﬂRE‘CDrd.java Respiratory Infections (Pharyngitis, Bronchitis, Sinusitis) ~ Cerebrovascular Disease
General Adult Medical Examination Road Injuries
D E:(prESSEdS}'mptDm.java Disorders of Lipoid Metabolism Self-Harm
. Ear Infections (Otitis Media) Diabetes Mellitus
[) Generatorjava
Asthma Colorectal Cancer
Urinary Tract Infections Drug Use Disorders (limited to Opioids)




T—REIrERTAHELELD

CMS DE-SynPUF

https://www.cms.gov/Research-Statistics-Data-and-Systems/Downloadable-Public-Use-Files/SynPUFs/DE_Syn_PUF

DE1.0 Sample 12008 Beneficiary Summary File (ZIP)
DE1.0 Sample 1 2008-2010 Carrier Claims 1
DE1.0 Sample 1 2008-2010 Carrier Claims 2
DE1.0 Sample 1 2008-2010 Inpatient Claims (ZIP)
DE1.0 Sample 1 2008-2010 Outpatient Claims (ZIP)

[

[

[

DE1.0 Sample 1 2008-2010 Prescription Drug Events
DE1.0 Sample 12009 Beneficiary Summary File (ZIP)
DE1.0 Sample 12010 Beneficiary Summary File (ZIP)

Synthea
https://synthea.mitre.org/

INSTEH T ILD
CSVIERXDIT7AILESFHoO—KLTHS

» 1K Sample Synthetic Patient Records, CSV | [mirror]: 9 MB
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ATLAS [, OHDSI A2 a2 =T« k> THFEINT-. EX TAFHIN

TWE Web R—XDA—TY—R YT+ T7 7IT)5—23>T

5\ HY. BELRNILOBERT—INSEHRDINEERT H-HD
RO DR EETEYR—FLET,

Atlas [Z. OMOP Common Data Model V5IZ{E#{bEant- 1 DEf-
(FEHDEB T —IN—X(Zh->THEEITTH=6HIZ., #ES
RICO—HILIZA VA=V TEBRF—TULEZES T TIVE
I4—LTHY., ALA—T HA IR A2 22T DRELY—
WAL TLNAOHDSI OS2 =T DDA ED D HTERET DX
BMEBRZIZLET,

N

TEH AL https://atlas-demo.ohdsi.org/
GitHUB https://github.com/OHDSI/Atlas/wiki

2 YouTube

OHDSI ATLAS Overview
ATLAS TUTORIAL: https://www.youtube.com/watch?v=dr9FhEkf040

OVERVIEW OF ATLAS

30



Data Sources = “SynPUF 5%” %% .5« = Dashboard

English v

€ Data Sources

SynPUF 5%

Q, Search

™ Concept Sets Dasshonpd v
¥ Cohort Definitions
| Characterizations SynPUF 5% Dashboard Report

éa Cohort Pathways

Population by Gender

¥ Incidence Rates Source name SynPUF5 B FEMALE
Profiles Number of persons 116.35k -
5o Estimation
Prediction Dashboard
= |obs Data Density
Person
£ Configuration Visit
® Feedback Condition Occurrence
Condition Era
Procedure
Drug Exposure
Drug Era
Measurement
Observation
Observation Period
Death
Achilles Heel 31




= ude EDESET—IHRASTNDD  BEERLHT—4I
Data Sources o TIELNEHERRT B,

Search REYFITSUMbaV T ERETD

Concept Sets m W A NOE ] 3 7 A )

Cohort Definitions JR—MEEFH)ZERT D

Characterizations OR—hDEFEEEETTT S
Cohort Pathways OR—rDEBEDIREHEBZRZS1LT S

Incidence Rates BERLAEHT S

Profiles BrDEEDEFERETRS
S& Estimation TR DT 1T
Prediction MR (XS FREITD

Jobs

EITHOLE) X+
% Configuration ATLAS/WebAPI L D& T




Concept

Concept Set

Cohort
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Concept. Concept Set. Cohort

. ——asTa
Diabetes Mellitus HypertensionSet
kType 1 diabetes Hypertension Cohort-A
Type 2 diabetes HypertensionSet

i ThiazideSet N ThiazideSet
Hypertension OF bLE

Hydrochlorothiazide

UNEHAIE > 150mmHg

Thiazide Methyclothiazide
Hydrochlorothiazide Polythiazide
Methyclothiazide ) ’ Cohort-B
Polythiazide
DMdrugSet ——— T2DM-Set
Metformin Glyburide MetforminSet
Glyburide / Metformin Glipizide 0B LB
Linagliptin / Metformin Tolazamide 9 I 45 58| 7E 254 A Set
Metformin
Sulfonylurea Glyburide / Metformin
Glyburide Linagliptin / Metformin
Glipizide N /
Tolazamide
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OMOPTEI5Y 5. tAlEERYT —&(E

%5z (GR. AB)

BENE (KR - B8R, X GERX)

Drug
EP-HRYEYE
Measurement
MREE

Observation
(2D ESNIET—4

Procedure
== =1

Device
Ej=titaabdas
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E5 L& : Ot T MEE A “diabetes”

' English

Data Sources

diabetes
Search

Concept Sets
Cohort Definitions showceslumus | | Copp | | GRY :S’howemries s E

Previous | 1| 2

)
=
=
Q
=
l#” Characterizations Showing 1 to 50 of 1,789
entries
# Cohort Pathways ¥ Vocabulary L] Code Name Class RC DRCy Do
§ Sridencs Rt SNOMED (916) — ) o _
NCIIENCE hates ICD10CM (544) | | 4341809 NO0OO0DOODO950 Diabetes Mellitus Ind / Cl 0 1,372,824 Dr
& Profiles FREL ) [ ] 4352534  NO000011126 Diabetes Complications Ind / CI 0 824798 Dr
LOINC (59)  —
2 Estimati coc o — Clinical
g6 Estimation Y Class [ ] 201820 73211009 Diabetes mellitus F[Ei{;r 192 699,395 Cc
P =
® Prediction Clinical Finding (638) .
i ] Clinica
i 7-char billing code | | 201826 44054006 Type 2 diabetes mellitus P 612,861 616,150 Cc
= Jobs (260) — Finding
&2 Conliouration Pesuie ] v [ ] 4341452 NoODDOOD9S4 Diabetes Mellitus, Type 2 Ind / CI 0 554,990 Dr
TDDmain |_‘ s - SO IS 0l ik DUARETES 2 g A T
21600712 A10 DRUGS USED IN DIABETES ATC 2nd 0 537,666 Dr
® Feedback Condition (1322) &
Observation {259) Diabetes mellitus without ik
ug (85) | wtion of complication, tyg S
Brug (85) [ ] 44836014 25000 mention of coMplication. WPe  piling 518,790 518,190 Cc

“metformin”7&ELER L THEL LD,
36



Bl

1B #5 : “Standard”Z9') w9 5

ATLAS

#
=
Q
=
L
A
&
?

&
@

m <

L I -

Home

Data Sources
Search

Concept Sets
Cohort Definitions
Characterizations
Cohort Pathways
Incidence Rates
Profiles
Estimation
Prediction

Jobs
Configuration

Feedback

“metformin”TELRELTHELLD,

T Vocabulary
SNOMED (916)
ICD10CHM (644)
ICD9CM (55)
LOINC {59)

DR i L 1 0 0

T Class

Clinical Finding {638)
7-char billing code
(260}

Procedures (128)

Y Domain
Condition (1322)
Observation {259)
Drug (85)
Procedure (75)

Y Standard Concept
MNon-Standard (1112}
Standard (641)
Classification {36)

Y Invalid Reason
Valid (1468)
invalid (321)

Y Has Records

Showing 1 to 50 of 647 entries

Id

201820

201826

40452801

443732

443730

321822

Code

73211009

44054006

443694000

422014003

422088007

46635009

8801005

421326000

421895002

MName

Diabetes mellitus

Type 2 diabetes mellitus

Type Il diabetes mellitus

uncontrolled

Disarder due to type 2
diabetes mellitus
Meurclogic disorder

associated with diabetes
mellitus

Type 1 diabetes mellitus

Secondary diabetes mellitus

MNeurologic disorder
associated with type 2
diabetes mellitus

Peripheral circulatory
disorder associated with
diabetes mellitus

Class

Clinical
Finding
Clinical
Finding
Clinical
Finding
Clinical
Finding

Clinical
Finding

Clinical
Finding
Clinical

Finding

Clinical
Finding

Clinical
Finding

2,466

34,024

[
NS
o
(e

Previous

DRC

699,385

616,150

94,671

34,024

Fud
==l
fa
=
(=]

1.2 3 4

Domain

Condition

Condition

Condition

Condition

Condition

Condition

Condition

Condition

Condition

5 3

Voc;

SNC

SMNC

5N

SN

SMNC

SMC

SMC

SN
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A Tw71:Concept SetZF1E5 T2DMDBEERTLD

English

# Home ™ Concept Sets

£ Data Sources

Q, Search

B o I

& Cohort Definitions _

L Show columns | | Copy | | csv | Show| 50 v |entrie5 Fllter Search..
Characterizations L I I
Showing 0 to 0 of 0 entries Previous Next
Cohort Pathways
ld MName Created Updated Author
i Y Created
Incidence Rates Y Updated MNo data available in table
pelated
Profiles Y Author Showing 0 to 0 of 0 entries Prévious-fiext

English A

Home ™ New Concept Set

Data Sources
Search - 947#—6 %j(_}-é IE X

Concept Sets Concept Set Inchjded Seurce Expu:art Impart C@mpare Versions

Cohort Definitions Expression

Characterizations Show |50 | entriss Filter: |Search... |

Cohort Pathways Showing 0to 0ot 0 entries Previous Next
Incidence Rates E| Concept Id Concept Code Concept Name - Domain Standard Concept Caption L_J Exclude |Z| Mapped
: rai int
Diohles Mo data available in table
Estimation _ B Ciassification | Non-Standard [ standard

®)

Prediction



ATw71:Concept SetZ41ES : conceptFBINT 5

# Home

-
& Data Sources

diabetes

ELOVLDREEDEREANTER

Q Search
ﬁ‘% ' B Concept Sets
fd: 2T é & Cohort Definitions

Showing 1 to 50 of 641 entries Previous | 1
_ [] - Code Name Class RC DRCy D
Y Vocabulary - Clirical
& _' inica
SNOMED (916} ~ | | 201820 73211009 Diabetes mellitus e 192 699,395 C
ICD10CM (644) o inding
- | | 201826 44054006 Type 2 diabetes mellitu Chmeal 10861 616,150 €
X £ - IYpe £ giapeies | FTLIS : ; [ v 1
LOINC {59) o A I Finding e i
Class = Type Il diabetes mellit ini
L. [ ] 40482801 243694000 L i et i 94,671 94671 C
Clinical Finding (638) =« uncontroiled Finding
7-char billing code o ——— e L. .
- - Disorder due to type 2 Clinical "
(260) || 443732 422014003 = ’ 2 26203 57,564 C
_ L= o J b EJ
Procedure (128) o
i - Meurologic disorder Clinical
oL | ] 443730 422088007 associated with diabetes 2 2466 52806 C
Condition (1322) - mellitus Finding
Cbservation {259) o
Drug (85) [ ] 201254 46635009 Type 1 diabetes mellitus Cliearal 45392 46658
Procedure (75) A Finding
Y Standard Concept |:| 195771 8801005 R—SETF

276065 421326000 Descendants Mapped

Classification {36)

MNon-Standard {1112} =y —
Standard {6_:41_.; % ’ d @ ]
|

¥ lruinlid Ragcan m—




ATw71:Concept SetZ{ES : iR

English

Home ™ Concept Set #2
Data Sources —

T2DM B x ®
B = - -

Concept Sets Concept Set Included 15 ) Included Source - Export ' Compare Versions: . Messages
® Cohort Definitions Expression S Codes
l#” Characterizations Show |50 w |entries Filter: |Sear-:h.. |
#s Cohort Pathways s T B i Previous | 1| Next
? Incidence Rates |i| Concept Id Concept Code Concept Name v Domain Standard Concept Caption |t| Exclude |Zi Descendants |:| Mapped
& Profiles [ ] 201826 44054006 [pe 2 diabetes mellius  Condition  Standard [ ] ) [ ]

&% Estimation

. Classification . Mon-Standard . Standard

Prediction

= Jobs

LEEDLSIZHE-TWNSEMNEEL T,
2.3&V)vY
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X Tw71:Concept SetZ{EB-F D2 hypertension

English

Home ™ Concept Sets

Data Sources

. Search

1E N4 3

Cohort Definitions

il l Show columns | | Copy | | csv EShOW| 50 ¥ entries Filter: |Search... |
Characterizations L b = .
Showing 1toc 1 of 1 entries Previous | 1 | Next
Cohort Pathways
Id MName Created Updated v Author
- T Created
Incidence Rates e 2 T2DM 12/07/2022 6:35 PM 12/07/2022 6:52 PM anonymous
Within 24 Hours (1)
Profiles Y Updated Showing 1 to 1 of 1 entries R i Mext
Just Mow (1)

| English
Home ™ New Concept Set
Data Sources

Search

Concept Sets Concept Set Included ©  Included Source Export
Cohort Definitions . L Concepts | Codes

Characterizations Show entries Filter: |Sear:h.. |

Cohort Pathways

Previous Next

Showing 0 to 0 of 0 entries

i " | Conceptld Concept Code Concept Name Domain Standard Concept Caption +" | Exclude +" | Descendants _ Mapped
ncidence Rates Rl P P P pt Capt hadl e | | Mapp
Drofidas Mo data available in table
38 Estimation . B Ciassification [l Mon-Standard [l Standard

Prediction




X Tw71:Concept SetZ{EB-F D2

1.

— = :I) . ¥J) \\"EJL ‘& .
Add Conceptsd 3 [Bl#%[Z”hypertension” THEL IR T

l Add Concepts

”hypertension”’&*ﬁ% Y Standard Concept
Standard (336)

. . Mon-Standard (321)
Standard&iE As Classification (25)

Malignant essential hypertensionZ 3 A«

Malignant essential Clinical

[v] 317898 78975002 ; S
hypertension Finding

Descendants|ZF ¥4 L T. Add To Concept Setd %

[v] [] Add To Concept Set
Descendants  Mapped

A A= 1—"Concept Sets”

Showing 1 to 1 of 1 entries

|:| Concept Id Concept Code Concept Name v Domain Standard Concept Caption |:| Exclude |E| Descendants |:| Mapped

Previous | 1 | Nexi

|:| 317898 78975002 Malignant essential hypertension Condition Standard |_| |E| |_|

R7FL T. Close
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2 DM ConceptSetMTE1= !

Home ™ Concept Sets

Data Sources
Search
Concept Sets

Cohort Definitions

Rk @ O (M =2

Characterizations

& Cohort Pathways
¥ Incidence Rates T Lreated

Within 24 Hours (1)
& Profiles Just Now (1)

Y Updated

& Estimation

Within 24 Hours {1}

show columns Copy | | €SV Sh-:-w[ED Vv | entries

showing 1 to 2 of 2 entries

Id MName
3 Hypertension
2 T20M

Showing 1 to 2 of 2 entries

Created
12/07/2022 6:58 PM
12/07/2022 6:35 PM

Updai
12/07
12/07
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ATYT2:CohortZ4EA

# Home

English

& Cohort Definitions

£ Data Sources

Q Search

Mew Cohort
™ Concept Sets

| Show columns | | Copy Csv | Show| 50 |entries F|Iten|Sea-’ch... |

¥ Cohort Definitions

Showing 0 to 0 of 0 entries Previous Mext
|+ Characterizations

id Mame Created Updated Author
Y Created

Mo data available in table
@ Cohort Pathways Y Updated

¥ Incidence Rates Y Author

: Y Dezigns
& Profiles .

Home & Cohort #2

Data Sources

T2DMpatients Cohort& 74 {114 | =] |
Search

Concept Sets Definition

=N

ConceptSets  Generation  Samples R

Cohort Definitions . L
Enter a cohort definition description here

Characterizations
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Characterization 4§59 #T

® T2DM-chara
Cohort definition: T2DM-cohort
Feature analyses: Demographics Index Year, etc.

D cohortlZTDNNTHPO-DTHELELD
Hypertension-cohort

ACEIl-cohort
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k4

Chort Pathways EEFHETZ

® DMdrugPath
Target Cohorts: T2DM-cohort
Event Cohorts: Metformin-cohort, SUagent-cohort

Hypertension|ZDULVNTHPOHO>THELELD
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Incident Rates & £ 3=

LU I(C
Target Cohorts: ACEI-cohort
Outcome Cohorts: AMI-cohort

DA EHETEOOTHELELD
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Profiles {& < D B H &R

DataSource: SynPUF5
PatientID=1
PatientID=100

1 H PatientiDZ AN THEL LD
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EIESHMT Federation Analysis

qaxtid
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Joy
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%
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~HADES

HeaLTH ANALYTICS DATA-TO-EVIDENCE SUITE

Population-level estimation

& CohortMethod

New-user cohort studies using large-
scale regression for propensity and
outcome models.

Learn more...

& SelfControlledCaseSeries
Self-Controlled Case Series analysis
using few or many predictors,
includes splines for age and
seasonality.

Learn more...

& selfControlledCohort
A self-controlled cohort design,

where time preceding exposure is
used as control.
Learn more..,

& EvidenceSynthesis

Routines for combining causal effect

estimates and study diagnostics
across multiple data sites in a
distributed study.

Learn more...

Patient-level prediction

& PatientLevelPrediction

Build and evaluate predictive
models for user-specified outcomes,
using a wide array of machine
learning algorithms.

Learn more...

& DeepPatientLevelPrediction
Performing patient level prediction
using deep learning

Learn more...

® EnsemblePatientLevelPrediction
Building and validating ensemble

patient-level predictive models.
Learn more...




HADES

HeaLTH ANALYTICS DATA-TO-EVIDENCE SUITE

Cohort construction and evaluation

@

Develop and manipulate complex

& CohortGenerator
Instantiating cohorts in a database

@ CirceR
An R wrapper for Circe, a library for

cohort definitions in R based on a set of cohort definitions.

creating cohort definitions,
expressing them as JSON, SQL, or

Markdown.

Learn more... Learn more...

Learn more...

& Phevaluator
Semi-automated evaluation of

& CohortDiagnostics
Generate a wide set of diagnostics to

&) PhenotypeLibrary
The OHDSI Phenotype Library: a
collection of community-maintained

evaluate cohort definitions against
databases in the CDM.
Learn more...

cohorts, producing metrics suchs as
pre-definined cohorts. sensitivity, specificity, and positive
Learn more... and negative preditive value.

Learn more...

& CohortExplorer

Supporting packages

Visually explore all individual-level

data of patients in a cohort
Learn more...

& EmpiricalCalibration
Use negative control exposure-

outcome pairs to profile and
calibrate a particular analysis
design.

Learn more...

Fvidence Quality

& MethodEvaluation
Use real data and established

performance of methods.
Learn more...

reference sets as well as simulations
injected in real data to evaluate the

& Andromeda

Storing very large data objects on a
local drive, while still making it
possible to manipulate the data in
an efficient manner.

Learn more...

® Bigknn

Alarge scale k-nearest neighbor
classifier using the Lucene search
engine.

Learn more...

Highly efficient implementation of

regularized logistic, Poisson and Cox
regression.

Learn more...

@ DatabaseConnector
Connect directly to a wide range of

database platforms, including SQL
Server, Oracle, and PostgreSQL.
Learn more...

@ Eunomia

Astandard CDM dataset for testing
and demonstration purposes that
runs on an embedded SQLite
database.

Learn more...

@ FeatureExtraction
Automatically extract large sets of
features for user-specified cohorts
using data in the CDM.

Learn more...

Hydrating package skeletons inte
executable R study packages based
on specifications in JSON format.
Learn more...

@ lterativeHard Thresholding
Performing L0-based regressions
using Cyclops

Learn more...

& OhdsiSharing

Securely sharing (large) files
between OHDSI collaborators.
Learn more...

O Panallellogger

Support for parallel computation
with logging to console, disk, or e-
mail.

Learn more...

e ROhdsiWebApi
Interact with OHDSI| WebAP| web
services.

Learn more...

e SqlRender

Generate SQL on the fly for the
various SQL dialects.

Learn more...
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10.

LEGEND in Principle

LEGEND will generate evidence at a large scale.
Dissemination of the evidence will not depend on the estimated effects.
LEGEND will generate evidence using a prespecified analysis design.

LEGEND will generate evidence by consistently applying a systematic
process across all research questions.

LEGEND will generate evidence using best practices.

LEGEND will include empirical evaluation through the use of control
questions.

LEGEND will generate evidence using open-source software that is freely
available to all.

LEGEND will not be used to evaluate new methods.
LEGEND will generate evidence across a network of multiple databases.

LEGEND will maintain data confidentiality; patient-level data will not be
shared between sites in the network.

Avoids publication bias, Enhances transparency, Avoids P hacking,
Minimizes bias, Allows replication, Improves interpretability,

Enhances generalizability, Uncovers potential between-site heterogeneity,
Privacy.
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TETUADEREM

Desired
attribute Question Researcher Data Analysis Result
Repeatable Identical Identical Identical Identical = Identical
Reproducible Identical Identical Identical = Identical
Replicable  Identical [Samecrairerent I ccrtic: - (NEEEEE
Generalizable Identical Same or different Different Identical = _
Robust Identical Same or different Same or different = Similar

Calibrated

Identical Identical Identical =

Figure 14.1, The Book of OHDSI
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NegativeControl®D Concept SetZF{EYEL &S

Concept Set
£ ¥ : NegControl

Showing 1 to 5 of S entries

| | conceptia Concept Code
(] 72748 74779009

[ ] 7786 63643000

[ | 73560 55260003
[] 73241 197210001
[ ] 75911 65358001

[Eljiefn itk ((BREETE) DEH
FRBEENE

BEEIRLLSI2%£0
IIFERR)—7

BRMS R

Concept Name

Strain of rotator cuff capsule
Derangement of knee
Calcaneal spur

Anal and rectal polyp

Acquired hallux valgus

TEIEEFEL

Domain

Condition

Condition

Condition

Condition

Condition

Standard Conce

Standard

Standard

Standard

Standard

Standard

R
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Estimation (Population Level Estimation)

V3 'H Full Specification | Comparisons | Anafysic Settings | Evaluation Settings

&le Companisons

2 Comparisons

Show entries

Remowve Target Comparator Cutcomes

Mo data available i table

Showing 0 to 0 of 0 entrizs

7 Analysis Settings

Analysis Settings

Show entries
Remowve Description v Time At Risk Start Time At Risk End Minimum Time At Risk

Mo data aveilable in tabls

Showing 0 o0 of 0 entrizs

I

LIEo<fi>TAHELELD

©f Evaluation Settings

% Negative Control Qutcome Cohort Definition
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Prediction (Patient Level Prediction)
VIEW: m Prediction Problem Settings Analysis Settings Execution Settings

% Prediction Problem Settings

% Target Coharts

Show eniries

Remove MName

Mo data available in table

Showing 0 to 0 of 0 entries

& Outcome Cohorts

Shaw entries

Remove Name

Mo data available in table

Showing 0to 0.of 0.entries

©f Analysis Settings

Model Settings

Shaow eniries

Remove Model v Options

Mo data available in table

Showing 0 to.0 of 0 entries

Covariate Settings

‘ o H sy ‘Show 10 % |entries

Remove Options

LIEo<fi>TAHELELD

Show columns
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FEY LD

https://academy.ehden.eu/

Getting Started
Getting Started

A brief introduction to the
EHDEN Academy.

Skill

Phenotype
Definition,
Characterisation...

Defining phenotypes,
characterising and
evaluating using OHDSI...

Getting Started
EHDEN Foundation
Provides an overview of

the EHDEN project
including high-evel...

Skill
R for Patient-level
Prediction

Guidance on installing the
PLP Package and
predicting via R.

Skill

Open Science &
FAIR Principles

Skill

Patient-Level
Prediction

Patient prediction
modelling using OHDSI

tools, in particular ATLAS.

EHDEN

Academy

EUROPEAN HEALTH DATA & EVIDENCE NETWORK |

</>

Sskill

Introduction to
Data Quality

Introduction to data quality
and data quality
dashboards.

Skill

Population-level
Effect Estimation

Population-level effect
estimation method:
comparative cohort...
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Tool

Introduction to
Usagi & Code
Mappings for an...

Introduction to the Usagi
tool, importing codes,

review and output the co...

O—0

O—0
A—[]

Tool

Extract, Transform
and Load

Map raw observational
data to the OMOP CDM.

Tool

Infrastructure

Install and configure the
QHDSI infrastructure.

Tool

ETL Learning
Pathway: Data

Partner & SME Re...

Three of EHDEN's Data
Partners and SMEs:

insights into COVID-19 E...

Tool
OHDSI-in-a-Box
Deploy a single instance

implementation of OHDSI
tools and sample data.

Tool

ATLAS

Design and execute
analyses on observational
data.

Tool

OMOP CDM and
Standardised
Vocabularies

The structure of the
common data model and
its vocabularies.

Methods

Health Technology
Assessment

Non-professional

Patient
Organisations:
Introduction to Re...

A basic modular course on
real world health data &
research for the public.
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