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8am-9am  ITtest: VM and ATLAS

900am-
1200pm

Lecture: Introduction to
observational network
research

Lecture: Understanding
administrative claims
(Merative)

Lecture: Understanding
electronic health records
(CUIMC)

Exercise: Mapping a Patient
journey

12pm- Lunch
1pm

100pm-
500pm

Lecture: OMOP Common
Data Model

Exercise: Exploring the
OHDSI Standardized
Vocabularies in ATLAS
Exercise: Exploring patient
profiles in ATLAS

430pm: IT test: execute R

package
5pm-6pm  Group photo from DBMI
Terrace

Lecture:
Implementing an
observational
network study using

Lecture: Designing an
observational network
study: Characterization
Lecture: Designing an

Lecture: Phenotype
development

Lecture: Interpreting
results from an
observational network

Demo: Build cohorts in study and building trustin

observational network ATLAS OHDSI framework evidence
study: Estimation Demo: Create input Openness and
specifications, verification
execute package - Diagnostics
Evidence Synthesis
Demo: Review Rshiny
app
Lunch Lunch Lunch Lunch

Lecture: Designing an Exercise: Build cohortsin  Exercise: Create Exercise: Review RShiny

observational network ATLAS input specifications, app and present findings
study: Prediction Lecture: Phenotype execute Strategus
Exercise: Framing your evaluation

research question using -
OHDSI standard questions - PheValuator
Exercise: Evaluating data - KEEPER

network fitness-for-use Exercise: Review

using ATLAS/Data Sources CohortDiagnostics results

CohortDiagnostics

School’s out for summer!
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p Open Science

Open Data + Analytics + Domain expertise
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1
!
1
1
1
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Enable users
to do
something

AAAAAAAAAAAAAAAAAAAAAAAAAA

Standardized, transparent workflows

=== ===

Data Source: George Hripcsak. 2025. Interpreting results from an observational network study and building
trust in evidence. Summer School in OHDSI, Al, and Real-World Evidence.
AIALFTE R E TIERAE T - % 0 HYE OMOP Common Data Model £
OHDSI standardized vocabularies Ji7H °
*  OMOP Common Data Model J2#5 2258 E245 R H 8] (4l I B R A Y TR

##(The Observational Medical Outcomes Partnership Common Data Model) » £5-

AR 2008 £ > OMOP CDM Ji fs—BaIHYERHEAE - H HUFEIEAE bR IR EE

MERZERHVGEENNE » LEE SR - i EL 1] SERVEETHE -
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OMOP CDM H Fijj&H1 OHDSI & 5 5 B -

« OMOPCDM {yFBEHE :

o FEE(LER - RREAFEHE - RENirsEr SR E R — b MR T
BN —2 MR R -

o (REATFHF © HNERECAEm L RS TR A SR DUER
Gt = ~ BENIRE A FEERAVER: - fEmAETTE R - ]
FEMIRISE -

o SRS TH ¢ SRR LAV SS R SRS — = m e o A
THBRyAIRE - OHDST tHEHZH 7 —Z25FFETHE (41 ATLAS) - i
FE NE T AR EFREITEEY) 22 2500 ~ ELERToE - BRI ETH
AL -

s IEEERLENE - EVECR T AERVERE A DURgE L — A o SR
KRB BT 5T U -

*  OHDSI {2 (k56 5272 (OHDSI standardized vocabularies) : OHDSI HY g2 7.3
R rEE  TAHER AL > DUEAE OMOP 2 &M A 2% (el PR SH Ak
HRE o FHERZKER 1B LR SRR LR B R BRI Y 1 - B g B o (EESHRSH
18 HIRZ A FIHVERS 240 AT sE s i i [l —(EE S > Flan

e PR EFSEIRSE (ICD-10) ~ SNOMED CT

o ZEY) . RXNORM -~ ATC

- EEpEhkpls 0 LOINC

- EXFRE : CPT4 - HCPCS

FEIEEAEAL - A LLEHRES A [ SR AR R s A0 s - RS [E Y ASH
RIS 4 EEER. OMOP CDM v DU A FtaY B —im HEE = -

OHDSI FERELilTaBE AT L DIRE

*  OHDSI WJfloaEEER 2 oA [ S 4 iV ESEEME S » 20T (map) F—1{F
H—HIREERE S b o 1S (EEREA W (E R S B

o UREEEAEES 0 OHDSI FRaE(Et FS R SRR IE 22478 » IR E
FEE B —(E KRBV HIFKEE -

o WUWELSRRAE - EEEEIEEEN AT o KRR 4R
(fl40 > ICD-9 1y "401.9 ; A1 ICD-10 1y "110 ;) HBBRLESZ]—(& 3 FEHY
RS > 20 SNOMED CT 1y &g (Hypertension) ; fif& o

«  ERRRAAREE R OMOP CDM #8515 » 75 S EREAERY (U
(Non-standard Concepts ) &7 HEHA B4 —HIREAERE S (Standard
Concepts) °

OHDSI standardized vocabularies f&fft 7 —{Ef&EAE(L 225, > o] LR A EEEEE
RHEHY s A A - SR [EIHY A GRS 21 4805 OMOP CDM  w] LUFH A
AR —mHEE S - EEHIEA BResy

o TEF(H(phenotypes) : FRIZ—ELHIFERE - BEMEH AR E PR BURER B E B

4H - BURHEE PRI b Ry — 2 AR A LA -
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o ERFEEEE AR -SHVEE > ANIREEEHRIRISET AT -
o BRI L BB ERIEEE A FERAR T B AHER S - Kt
KK ~ iU T
[FIRF MR TR A B R B ER B AR ES H USRI 2 n] DUINER TR ERT 5e 3%
IREVIRE

Deep information model

OMOP Common Data Model OHDSI standardized vocabularies

Standardized clinical data

[ Fact_relationship |

Data Source: George Hripcsak. (2025). Interpreting results from an observational network study and building

trust in evidence. Summer School in OHDSI, Al, and Real-World Evidence.

7548 OHDSI P THVEIZE MRS - DIESEE AT - TE Doy = K5 -
EEPRHER A — j*EE ACPERFZE (tally)
o HEZREHE  HEBAEK 0 sEH metformin ?
o mENE  BAEWKRENEET > BX/ UG HEROFHEE ?
B RUERHS — R MEHE SR B 5T (cause)
o EELZMEEEN ¢ IRA metformin g EALEE R - # (lactic acidosis)IF ?
o EESLOTERILES ¢ AR A metformin [E glyburide 5825 522 %] lactic acidosis 1 ?
WARIZTEM - THH|(predict)
o FEAERR L AREBERTARANE R A CHIRVER - SEE0SE AR A
metformin » 254 lactic acidosis A% Fyfr] ¢
o BEIRTTE C ARERTAERINE R ATHIER - 2G5 AR BRI
FRyfar 2

OHDSI LEGEND (Large-Scale Evidence Generation and Evaluation in a Network of
Databases)

LEGEND JE OHDSI t+E£58 38 —(E 5 E{L o TESR - B~ e —(E&E R EE R
AL R —E R - ABIERYE ST 774 - LEGEND MR OELSIE © A
FEAE{ERY OMOP M ERMAR! (CDM) > Bf=ERZ(E B SR B > 1T A
&~ 24tk - HEEMERVEREARBES - A2l et — (R e
o FEIRGHI T —EHT » Fa0 - TEER A S5R1 B BEREEBRHTRR ©
LEGEND A #E—2 » Eag B b EIRFELaci T iagEy) - BrafEsm - DURSTE
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AFEIREER > I BAEZ (BRI P TG - DAEORIT TR RAY I SR -
LEGEND )3 Z458E

1. RHE (Large-Scale) : LEGEND Ky HTAfIER REX - TREFRFFEELLE
STHVEEY G T NS R GER - S EERFE T A rT e EERAY -

2. HEME (Automated) : EEMERFHIZERGT - BRI - EREMREVRSE
HEHE - R AR S BEERLG I - LEGEND HtaE B B R %
BTAE -

3. Z&tME (Systematic) : LEGEND ] —EREE(LAINIZERRGTI4RET A - DU
PROITHYEEMERT P BN - ERES S e M A RN RS it - 0 H BT
BURE ST > DA RIS RAVRS (1 -

4. @8E41E (Network) | LEGEND (3254515 —[ElFi % OMOP CDM ZkHiE
LHRRHT R ERAERE ST o B FRE  FERENOT R DUEER ~ BoN ~ ToNE%
IR IERATT + AR TR » TR e O
I+ IR T ORI -

LEGEND I %2 f i B8Vt TR SR A LR MR 58 - 7248 LEGEND > W5 AR 1]
BL:

. LB YIIRCRERE RN | (1A o LR IR AR R -
TR R AR AT LT D -

o BOARKIEVEEVIRIER « B ELH T SV S f B E A RE (T MRV
ME - {5 ER AT I A] fE R REHY E i -

o ERHEEMHFTIE (Real-World Evidence, RWE) : BB TE M BB AETE
e 5 HE 5 S &Ry Al SEaE s

“&57ER - OHDSI LEGEND & —IHANH RIS A > E4S& T OMOP CDM (Y
FEAEALIEEL - A E BB ITAVAE S » BERGMEH - SRR 2K EE
RV R R T - AERCH] 5E H T EE AR SRS -

OHDSI LEGEND fgtH IR A > FIF R e i i R fResi(Bias) - & A
AR TN ZR M 2 A2 1T 2= (residual confounding) ~ P {H#77(P hacking) » DU H
fi =5t (publication bias) - 7738 5A IR AGHEHHG NS B RHEEGE RS AU 77 (F - LEGEND 555H
FBUANE ~ AT EERMERAIGE R — 2L - FIRHECRAR B BRIV E L - B s EAE
ZEHVE R B e MR 22 - WS SR TR » MR ERGEERAY Al (5
FEBLE 1 -



(OHDSI LEGEND)ZE 4 Al S8R 10 ZHRH]
1. LEGEND R RHIEM A RS

Define research questions

?}@ ° H Indication
2. SBIEHTME R GHGARM SR I
e - -
3. LEGEND H’Zj{%}zﬁ fg%j:ﬁféﬁlgﬁ Select negative controls [

NI e N & synthesize positive controls
Mraseat s REE T -
4. LEGEND ¥ At oe i

Eggiﬁi{ﬁ%ﬁ% %é}E{b/ﬁ*%;E}%E N Estimate causal effects Data sources
*‘Z\Qyﬁ» * Adjust for measured confounding * Admin. claims
+ Potentially including sensitivity analyses : IE/'I-:::-analyses
S, Kﬁk%?ﬁgﬁiﬁ%a@lﬁ;ﬂ ° Data sources
6. LEGEND jRHif F fie (3 B R 2R ;
Effect size estimate Control estimates
_7213[«'5" . "

- v
Biimideisidab Calibration models

7. LEGEND ¥4iEB(# R HIRE R e
T RS - y
8. LEGEND Wi o
st 0 aAEREG AT e A E
{EH -
9. LEGEND Fe&FfRa s /774 -
10. LEGEND 72538 2% ([ & HER Y A48 2 EE A2 5615 - W RF s R e © 48%%
TSR A G E R BRI ER -
Data Source: Martijn J. Schuemie, Patrick B. Ryan, Nicole Pratt etc.. (2020). Principles of Large-scale
Evidence Generation and Evaluation across a Network of Databases (LEGEND). JAMIA, 27(8), 1331-1337.

(Z)Summer School |75 EERT
B MR E R 2 RS )\I%‘%&Eﬁﬁ??”ﬁ)@ Summer School /&% i
o RAVERUEEE - #ITERRRHEEN L - BRASUEREAL B A\ 1% TR 22
o REAEIZZMETZEE%ET 2 LEGEND 10 IEJ?\EU Ry e F ZE s R EL MET
7% > [ERH OHDSI HEFBR T » W EE BRI » T irelE

B -

o BT EREEC T AN VERERERE o KRR TR SRV B G R R N A B
E > KGERIATEEE -
AR Summer School FZEREERT
George Hripcsak, MD, MS
Vivian Beaumont Allen Professor, Department of Biomedical Informatics (DBMI)
Columbia University
Patrick Ryan, PhD
Adjunct Assistant Professor, Department of Biomedical Informatics (DBMI) Columbia

University, Johnson & Johnson
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e

1. Patient demographics: .
— date of birth (de-identified to year) - S i 5 i — Sex

2. PrOQGdures . - - LY | 2. Health service utilization:
— Bills from outpatient services i
— Principal and ‘significant’
procedures performed
— Procedural administrations of

— Sex

Anna Ostropolets, PhD

Adjunct Assistant Professor, Department of Biomedical Informatics (DBMI) Columbia
University, Johnson & Johnson

Karthik Natarajan, PhD Assistant Professor, Department of Biomedical Informatics
(DBMI) Columbia University

BRI HEMERERE 2R A&
Mark Velez
Clinical Research Programmer Analyst, Department of Biomedical Informatics (DBMI)

Columbia University

(SR EEAZ BEEERES 48

RIGREEEE Y » i SR R Rz (Medicare) ~ 55 BRI FIEE R EN =
bz (Medicaid) s FH FH sy &1} e & e bh o AE2EEEL oh 'y (Columbia University Irving
Medical Center, CUIMC)HYEE T-{#FF4C #% &1} JEE (Electronic Health Records, EHR) °

B IRE A& RE (adninistrative claims database)
EEIE b S H SR ERE - AR E R mErRESE > a5
® CMS 1450 (UB-04) : B ~ sEHEMEAS ~ (1 Pe S AR B FEpG (8 AV FRAR -
® CMS 1500 (HCFA-1500) : {EASESAAIMLERT - fE L M EFE AL - BEEFA -
B ERERIFIF T2 2 PRI RAL -
® NCPDP D.0 : IR 4%)5 5z /7 FC 4 2 Hs iy B+ (At -
AN WHES— A &4 - 20
® EEZENE : ICD-9/10-CM
® LEEHIEENE : CPT-4 » HCPCS - ICD-9/10-PCS
® ZEY) : NDC

What can we learn clinically from the CMS-1500 (HCPA 1500)? ' What can we learn clinically from the CMS-1450/UB-04?

E‘g - i 1. Patient demographics:
o — date of birth (de-identified to year)

A ] — location (de-identified to 3-digit zip, state,
- region, or removed)

— Admission date
— Discharge date
3. Procedures
—  Bills from outpatient services

drug (injection/infusion) e —  Principal and ‘significant’ pracedures |
3. Di . L SIS - I performed | —— H‘ = ‘
: Ia,gnoses' e T e —  Procedural administrations of drug - -
— Billing codes to justify 4 y (injection/infusion) 1 i

r

4. Diagnoses: | =
— Billing codes to justify reimbursement for

What can we learn clinically from the NCDPD 2.0? the admission and services

1. Patient demographics:
— date of birth (de-identified to -
year)

- Sex
— location (de-identified to 3-
digit zip, state, region, or
removed)
2. Dispensing information
- Drug code (NDC)
- Quantity
- Days supply
3. Service date

11



Data Source: Patrick Ryan. (2025). Understanding administrative claims and the Merative MarketScan

databases. Summer School in OHDSI, Al, and Real-World Evidence.

RGBSR TR A R RE R AR E

Population Covered Low-income, vulnerable groups Seniors, disabled Employer-based, individual
Funding Source Federal + State Federal Employers, individuals
Administering Entities  States Federal (CMS) Private insurance plans

Data Source: Patrick Ryan. (2025). Understanding administrative claims and the Merative MarketScan

databases. Summer School in OHDSI, Al, and Real-World Evidence.

© == B 5 FO B B PR (Medicaid)
B2 —TE B B N B I E S BB R T8 - BRI AERE - FiE - &2
i~ BEAKG OIEEEE TR AR R R -
WE SRR - BN S IRB S INENR > DR EIEL SR m B NEUF Y 2 H -
PEETE RSN E T -
W SRR
o fEftemmdtEr o BREER - P12 - Y -
o HINFTEITHREERHAE - AIRHEIE D BRI TR E R 707 -
o PUEGET  RRABGEEIT 8,000 EAERRMR ¢
© == 5 F B R O (Medicare)
B IEE LR REETE > FE R 65 BN EAEA - BHERIE B/ EEETY
FRANLUN ~ RIS K (ESRD) et iri
B Medicare 47 fVU{EER5T -
o A Iy (BErfrbs) @ EERT - BEEHRRE K0y a5 I0eE /2 R
PR
o EH I BTN Medicare fiE 2/ 10 4 - HE EREH -
« B Hifn (B wEFTRZIRG - WEZ - THEVIRE - BFH @iz

W

Erind -
o B AN HE  WABINIE MNEEMEE R (EERZ 8020
B TIE) -

o C #if5y (Medicare Advantage » {EZ45155 ) @ &8 Medicare fLAEAYRLA (REE
2t - FHDAEUESE Medicare (A K1 B #ifp) » @@EBEE D 8y ~
Bl ~ SIS IR - (GE2E#E Medicare YR HE )

o D iy (RITEYIRIR) - WILE T EEYIIRIgETE -
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e Medicare RE{RAVIEH -
o R}~ BhEEES - RIEANGEE (Pl - sEH %) -
o EEIVEMNEH  WHEMNEE - LESAFEERISLE rb
AR P FH Y25 B B Prbm B R EE S B 22 VB R EE » BB 7538 Merative

MarketScan Research Databases FiTHUfGHINTSCERLE o 325 ERHETR At A EAT
RHEEHE - & 2.73 (ZB10 B AV E RS AR R Orbe R s FI R e &kt -
MarketScan Z5IERHE L2 —(Ef% O R IRl R E R E - H— BB b &ERE
DA Sl 2 45 (i B (s PR S e B Ao B B TR A B AN E R -

Merative MarketScan Research Databases E i} —E 3

Database

Content

Covered Lives

Tables

Commercial

Health care coverage

Active employees and

e Medical/Surgical

Supplemental and
Coordination of
Benefits (COB)

eligibility and service use of
individuals in plans or
product lines with fee-for-

and retired employees
and their Medicare-
eligible dependents from

Claims and eligibility and service use of | dependents, early (non- o Inpatient Admissions (I)
Encounters individuals in plans or Medicare) retirees and o Facility Header (F)
(CCAE) product lines with fee-for- dependents, COBRA o Inpatient Services (S)
service plans and fully continuees o Outpatient Services(O)
capitated or partially e Prescription Drug (D)
capitated plans e Enrollment (A,T)
Medicare Health care coverage Medicare-eligible active | ¢ Medical/Surgical

o Inpatient Admissions (I)
o Facility Header (F)
o Inpatient Services (S)

(MDCR) service plans and fully
capitated or partially

capitated plans

employer-sponsored
supplemental plans

o Outpatient Services (O)
e Prescription Drug (D)
e Enrollment (A.T)

Data Source: Patrick Ryan. (2025). Understanding administrative claims and the Merative MarketScan

databases. Summer School in OHDSI, Al, and Real-World Evidence.

BT EEL I ERE(Electronic Health Records, EHR)

AR ERFE S eHmbhon AEEEEES i\ (Columbia University Irving Medical Center,
CUIMO)HY & T-{@FE4c $ & FlEH (Electronic Health Records, EHR) - 8- T-{#FF4C #%
(EHR) » ZRIZEEE 2009 FiE0 ((EFRE R e EEOR BEE R IERAZ )

( Health Information Technology for Economic and Clinical Health, HITECH ) Fa#a5&7E]
FOREIFEG AT & T fEFF4C sk (EHR) » EHR SHAY &R AE S BAE AR R T/F
AE o MHEEECE L E R Bt S E A E - FEATHAVANRE © IREEE - BRI
o ¢ PREEEIRES AR - A AEMHRE - 2  HE=EEE AN A
FASOR KT Bflabtot (il « ERREEREEED) -

TR
o AR ER 2R E AT -
o HEHEENIMEAFIERERRE S HEEE (0 Fir= YL
R

H Al CUIMC EHR BREA &4 610 #E4H NERMEL G 56% ~ F# 71 0-
19 5% ~ 20-44 5% ~ 45-64 5% ~ 65-74 5E e 75 5L B > 43 R1E 9% ~ 26% ~ 27%13% K%
25%) - B ERIERERILY 17 (B - 2ERERBUEINAMERL 1.4 8% - 0
FHEHERL 7 T 1 HEE - FloaBEMERERET 4 T 9 5EE - EnEARERNGY2 T
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(SR
CUIMC EHR J&}* CUIMC Clinical Information Ecosystem FRAJ—&15) » (]
CUIMC Clinical Information Ecosystem 12 = {47 :
HHEN %% (Ancillaries)
o RPEHEEES > A0 EE (EKG) ~ EIEE - FNGHET -
sHEZ4 (Billing) V B _
o ]\B% . H:H;% . E’ﬂﬁ (ADT) / Clinical Information Ecosystem 2 EHR

= fEE A _ + Ancillaries
d ﬁ %EZ%E ICD + Domain specific systems — EKG, pathology, genomics, etc.
* E%E*%F? - CPT ~ HCPCS + Billing In Out
= + Admission, Discharge, Transfer (ADT) Patient Patient
== . ditions -
B {ERECH (EHR) | ot 6o s
o BB - Y % - ee
* Orders — Medications, Transfusions, etc.
° ﬁ%ri,{f’: : Sllwt:ta\ Documents
+ Llabs
L4 EI|:T 'fy)lz% + Reports from ancillaries
o Hha=

o bEEes CRE#IIARG)

Data Source: Karthik Natarajan. (2025). Understanding Electronic Health Records (CUIMC). Summer School
in OHDSI, AI, and Real-World Evidence.

(FO)Extract, transform, load (ETL) to OMOP CDM and Evaluating Data
Quality
Ry TR AGERIE AR OMOP # I & RHEAY(CDM) » T —{EFZEL ~
ORI AETL)RAR © LR & B B R CDM ARAEGEHE - MR Bt i) ek
FEIIE - ETL A DL —4HEEEHIAS (F20 SQL A WP #ETT - ETL )R
EREEFAIZEEEN - DEERGE ﬂ%%h%%?ﬂﬁ °
EAT—{# ETL (Z£HL - 8% ~ EA) EE 2 —EE RN LEE - OHSDI 4K
S T — st U 2P BRAH R A R TR AR
1. &ErHEZHN CDM (i
&R HotE
axat ETL -

ETL Process

ETL
Documentation

5y EXT % iﬁ& /j}\ = 5, Data experts and People with
2' ﬁﬁ%;‘ DDH E\ E\ $ CDM experts medical
N L together design knowledge create
XZ{’REEJ%TJ‘ i o the ETL the code
Y g S .
mappings
p— e
3, ?iﬂj}\% E"f/ﬁ: ETL ° .AII are'involved .Atechnical person
in quality control implements the ETL
4. FrE NESHarE % —
' = / -
) ) g F:‘ . ﬂ j .8 W
] o g £ /)
S White  Rabbitin Usagi White scqies DD Rabbitin
: Rabbit a Hat Rabbit a Hat

Data Source: Karthik Natarajan. (2025). Extract, transform, load (ETL) to OMOP CDM and Evaluating Data
Quality. Summer School in OHDSI, Al, and Real-World Evidence.
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BT E ARG EAAERHERZ OMOP CDM » OHDSI 21 E i = 7 AHIEN T A
KiphBh#E(T ETL -
" White Rabbit | j&—{E#HE T » AN GEIRIHE B IR fEERE » &H
ETL (F£HY - #ffa ~ # A ) BY4EFE > BAZE OMOP i & RHERY
(CDM) - i%i% White Rabbit T Eimft[FaE RIERFR - B R rEfdfr
5> WEE—HEESHTELEERNHRE - DIEEEEET ETL /852 -
" Rabbit-In-a-Hat | & —k&a T AR TEIFIZRESH " White Rabbit | f7#iR
H‘ BRSPS > Hs R T E - White Rabbit ZE 42 B AR ERIITE
1l > 1M Rabbit-In-a-Hat RIF|FIELEER - F B E 00 & /) A ERE
S AR B RHEREE] CDM (B AERMERL) NRYRISAIMAL - Rabbit-In-a-Hat & £
ETL (ZHY - ## ~ S A ) EEEARRRE - (HEERSE > MAgEERANEL
ETL 1205 - LLERATEA Y - NAREEHRAERNERNZRE CDM &
BRI LS - MR RAERIERFRNS 205 CDM BRERIVER » FikE
P A —(E#AS > D EFRFSE] CDM FlnTs 4l & sy e -
£ Rabbit-In-a-Hat 1[5 EL White Rabbit fifi#i 1% » 0] LAFA st FI4R S i 2
SEZORlEE R OMOP CDM [J#HE T -
"Usagi | & XA ETFEE I AIEEEEEN T A - B DURE
A ARESFE I SO DU AR L - A0SR BB/ EE A IEAE » Usagi 7o
i E S e B -

ETL HJ Quality Control
P ETL 2812 - soEERIESEETHY - SREEUR R8s > HiFE
g5 > EEE > S5/ EE - HiEl CDM HZDEE
O E ETL axat it - EHGTEZEEAICHEANE
ERAEA RTREIUSE - HItE R/ VA — U B NEET 2 TIE - EISES
o RV TREAE 2K B IR AR G B R VAR S B FE RIS - SR
FaiteEFTA E T BV - DI OR IR AN S s 2 R pl i & B
ID -
® T HIELEAIFE R H &R T —/NEl o N BRI A &R
Gt —(E ANRVER > EREL NEEE A REERECREI A - BHEE—
{ENFVERE > 405 CDM PRy E RS SRR B e @ S P PRI R [F] > RITAT DASR
HEAIRERE -
O LEEUACR BRI H AR E RIS BRI SRR
R B PR PR R L [ - Bl SR b ] RE e e — L PRI =5 - il
HEEIER HEEEMERMER /& NULL By A& - R RyiE st \fism 2 e EiR g 4m
AT e tES1 - CDM HRyERa2ac ik o] RE B[R AR B Mt a2 B flnr s iy 2
AR E - NI - AR E R CDM ERHVAEE IR - B H e
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THRRE LR -

O CDM JiA | » sE EH—E AR E B R TEATRSE

B | RACIF BRI CDM RieA 2 RS B R = SRS 704 -

ORI BT - FZKERARIFE R ETL HH By —fifH =

B0 - %5 ETL #UE BRI A ER &R EE - Rl — 2 A HERIHI AR

TCHER - MEHd BTL AR e -

B ETHEERHE ETL Ay B eI IR 7 Al —(E N E
B > ZERHEE EIEF B SOR ERHIEERS - BRI EE A
ERECEREDFE MG, ETL SO 55 BARY — (B e 5 B - (EREM% - 7]
DA R B 1T RN 1] 0 2R PO 2B . - /NI ARt SR BE A USRSy PR
BT FEMT IR A FE SRS A Y 2R -

ETL Conventions 81 THEMIS

CDM 1y B2 R B R Ol B RHMEAEA L - (H 0 S E B RS D AR [ 5 U 3R
ERVERHEE K SRS A L HE RS A & -
OHDSI ftaEFFtAECERIER] - DI CDM Y —E4: - 24648 OHDSI tEf[EE
A EFAVIER] - AT Rakst ETL 1925 - fila0 - ASepm Asv D A AfreiHIN - E
WG D AEFy - RIFEZ A Z N B - feakst ETL If - 25586 > FrrE
BB B B ORI — BV R E S TSR -

THEMIS Hitt B avE ALHRC - TR BB - BFERN - Etir =L
KER - M&AE CDM Wiki HraisfadS e I E R -

(AFEAEEMEEEREET 3 HEEMMEN S

Bz ER A B TTeET U\FE%W\\F NERREFEZENE
55 o ST EIE YR - F A 3 Mk HER BRI T o
(Characterization) ~ FES (PRI ) 3 FESE(E W22 (Estimation) 523 A Ry EEHE -~ TEHIRTSE
(Prediction) ©

J observation %

Patient-level Population-level
prediction: effect estimation:

What will happen What are the causal
to me? effects?

inference causal inference

Data Source: Anna Ostropolets. (2025). Designing an observational network study: Characterization. Summer

School in OHDSI, Al, and Real-World Evidence.
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FIRFE 3 feb7Eass

Analytic use case | Type

Disease Natural History

Treatment utilization

Outcome incidence

s

A LU —

Structure

Al oy 8 fei

Amaongst patients who are diagnosed with <insert your favorite
disease>, what are the patient’s characteristics from their medical
history?

Amongst patients who have <insert your favorite disease>, which
treatments were patients exposed to amongst <list of treatments
for disease> and in which sequence?

Amaongst patients who are new users of <insert your favorite drug>,
how many patients experienced <insert your favorite known
adverse event from the drug profile> within <time horizon
following exposure start>?

Koy Hab e

Example

Amongst patients with rheumatoid arthritis, what are their
demographics (age, gender), prior conditions, medications,
and health service utilization behaviors?

Amongst patients with depression, which treatments were
patients exposed to SSRI, SNRI, TCA, bupropion, esketamine
and in which sequence?

Amongst patients who are new users of methylphenidate,
how many patients experienced psychosis within 1 year of
initiating treatment?

Safety surveillance

Population-level

effect estimation | (UL EA ST

Does exposure to <insert your favorite drug> increase the risk of
experiencing <insert an adverse event> within
?

Does exposure to <insert your favorite drug> have a different risk of
experiencing <insert any outcome (safety or benefit) > within

>, relative to <insert your
comparator treatment>?

Does exposure to ACE inhibitor increase the risk of
experiencing Angioedema within
2

Does exposure to ACE inhibitor have a different risk of
experiencing acute myocardial infarction while "
relative to thiazide diuretic?

Disease onset and
progression

Treatment response

Treatment safety

For a given patient who is diagnosed with <insert your favorite
disease>, what is the probability that they will go on to have
<another disease or related complication> within <time horizon
from diagnosis>?

For a given patient who is a new user of <insert your favorite
chronically-used drug>, what is the probability that they will <insert
desired effect>in <time window>?

For a given patient who is a new user of <insert your favorite drug>,
what is the probability that they will experience <insert adverse
event > within <time horizon following exposure>?

For a given patient who is newly diagnosed with atrial
fibrillation, what is the probability that they will go onto to
have ischemic stroke in

For a given patient with T2DM who start on metformin , what
is the probability that they will maintain HbA1C<6.5% after
?

For a given patients who is a new user of warfarin, what is the
probability that they will have Gl bleed in ?

School in OHDSI, Al, and Real-World Evidence.

BEAt > ATLLE

Analytic use case I Type

Treatment utilization

Outcome incidence

Disease Natural History

Questions

« A patis who are di: d with Hyper

—HRRETHTUE E > TR T AHTRCR -

what are the patient’s characteristics from their

medical history?

patient’s characteristics from their medical history?

Amongst patients who are new users of ACE inhibitors with prior diagnosis with Hypertension, what are the

Amongst patients who are diagnosed with Hypertension, which treatments were patients exposed to amongst

antihypertensive drugs (ACE, ARB, CCB, TZD, BB) and in which sequence?

Amongst patients who are new users of ACE inhibitors with prior diagnosis with Hypertension, how many

patients experienced Acute myocardial infarction within on-treatment period from drug exposure start + 1 day

to drug exposure end?

Amongst patients who are new users of ACE inhibitors with prior diagnosis with Hypertension, how many

patients experienced Angioedema within on-treatment period from drug exposure start + 1 day to drug

exposure end?

Safety surveillance

Population-level effect
estimation

Comparative effectiveness

drug exposure start + 1 day to drug exposure end?

Does exposure to ACE inhibitors increase the risk of experiencing Angioedema within on-treatment period from

Does exposure to ACE inhibitors have a different risk of experiencing Acute myocardial infarction within on-

treatment period from drug exposure start + 1 day to drug exposure end, relative to Angiotensin Receptor

Blockers (ARBs)?

Treatment response

Treatment safety

Disease onset and progression

For a given patient who is diagnosed with who are diagnosed with Hypertension, what is the probability that

they will go on to have Acute myocardial infarction within 1 year following treatment initiation ?

For a given patient who is new users of ACE inhibitors with prior diagnosis with Hypertension, what is the

probability that they will have Acute myocardial infarction in 1 year following treatmentinitiation?

For a given patient who is new users of ACE inhibitors with prior diagnosis with Hypertension, what is the

probability that they will have Angioedema in 1 year following treatmentinitiation?

Data Source: Anna Ostropolets. (2025). Designing an observational network study: Characterization. Summer

School in OHDSI, Al, and Real-World Evidence.

IR AT RS RFAE Y Z FEBY - BE7EE o] LIRS 45 LR 2 B T 5T

B H R RE Ry ] 2 AR

R

ARG T E R

1. Bt —EE N TR & B R B 7 3E (Characterization)

J&& N SR E R

B e BRI N\ B R IRAR
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W

A1 > SR AP AL EIEHY profile : BB RAVE RN ELIN AT A L 48
2 > ATRERR 2R T AV

A caricature of the patient journey F// Questions asked about the patient journey
I
How the patients
with e dsease ook -
like? history
|
o = o @ How many patients % @
onditions e - ith the d t
I i the isease e 1y
Drugs H !‘ e e}
0 0 Which treatment did 0
s hs patients choose after b
(wa ) - ) agnosi faa) o faa |
Measurements <7 i 7 : %) 7
Persont :;‘;‘;;;‘:;‘;3’:;3;“5 <I Incidence rates Person :mne
__________________ e patients? - B
Baseline time 5 Fallow-up time I Baseline time 5 Fallow-up time
‘When

happens to treated :' Time-to-event '—

= patients? I

Al DIEHA 4 FEAAY 5 (EuT5e M E g EE H ¢ Disease natural history ~ Treatment
utilization ~ Incidence rates 5z Time-to-event  Ji&& NEEARIE S 5 (EMTFERIRE - TR
TELE RN SE B BERE R - T TEREA -

®Disease natural history
R e =
Disease Natural Amongst patients who are diagnosed with <insert your favorite ~ Amongst patients with myocardial infarction,
History disease>, what are the patient’s characteristics from their what are their demographics (age, gender),
medical history? prior conditions, medications, and health

service utilization behaviours?

£ OHDSI Ay S HHIET - 15

FeatureExtraction 75 —4H  Target population ~ Who do you want to do the

TEZHY Features 457206 - (T): characterization for?

ANOGEEE : MR - ey Features: What are the characteristics you want
?

B~ FEI - R - ROIEG - to look at:

- CIEIAE Time windows: What are the time windows you want

to look at?

WIERRELHR] / #EYsHR] /
RERRF / B / WE / Big A (30 ) MEM (365 K) &
IEREERESESY - Charlson Score ~ DCSI ~ CHADS2VASC

® Treatment utilization

e e e

Treatment Amongst patients who have <insert your favorite disease>, Amongst patients with myocardial infarction,
utilization which treatments were patients exposed to amongst <list of which treatments were patients exposed to
treatments for disease> and in which sequence? amongst diuretics, beta-blockers, ACE

inhibitors, other antihypertensive drugs and in
which sequence?

Target population (T): Who do you want to do the treatment
utilization for?

Outcome (0): What are the treatments you want to
look at?
Stratification Are there subgroups you want to study

(age, gender, year)?
15



®]Incidence rates

I e

Outcome Amongst patients who are new users of <insert your favorite

incidence drug>, how many patients experienced <insert your favorite
known adverse event from the drug profile> within <time
horizon following exposure start>?

Amongst patients who are new users of ACE
inhibitors, how many patients experienced
myocardial infarction within 1 year of initiating
treatment?

Target population ~ Who do you want to do the IRs for?

(T):

Outcome (0): What are you estimating the rate of?

Time-at-risk (TAR):  When are you estimating?

Statas Are there subgroups you want to
study (age, gender, year)?

Proportion: (# people with outcome during TAR)/(# people)

Rate: (#outcomes during TAR)/(total person days)

® Time-to-event

R e L=

Outcome Amongst patients who are new users of <insert your favorite

incidence drug>, how many patients experienced <insert your favorite
known adverse event from the drug profile> within <time
horizon following exposure start>?

Amongst patients who are new users of ACE
inhibitors, how many patients experienced
myocardial infarction within 1 year of initiating
treatment?

When do users of ACE inhibitors experience
myocardial infarction”

Target population (T): What is the population you want to

look at?

Outcome (0): What are the events you want to look

at?

®Risk factors

N e

Outcome Amongst patients who are new users of <insert your favorite

incidence drug>, how many patients experienced <insert your favorite
known adverse event from the drug profile> within <time
horizon following exposure start>?

19

Amongst patients who are new users of ACE
inhibitors, how many patients experienced
myocardial infarction within 1 year of initiating
treatment?

When do users of ACE inhibitors experience
myocardial infarction?

What are the differences between users of ACE
inhibitors who go on to have myocardial
infarction versus those who do not?



Describe patients with and

without the outcome during Target population (T): Patients with an outcome

Comparator population Patients without an outcome
(C)

Time-at-risk (TAR): When are you looking for the
outcome?

time-at-risk o

L. Bt —EEREE TR ikt EE TR (R R ) BB
(Estimation)

® Confounders fXIE

H RIS Z BIFTH#E T 2 BEPRFF 0 Ui 95 (Characterization) » {E#E1 TR S FERE AL
Felis - Ryt 0 iS R fmaitis - FEE—2#E(T Confounders ZIE » AL - EHEL ST
seat g E EN Y confounding YRREE o H AR /EEIZ ST - B (E FHAVE 2 MH A
4185 (Propensity score);Z: ° Propensity score B F4A ERLARILEHAVE L T - IKEBER

H fEREAH A B B IEEEAH AR - 1]/ Propensity score {F B T SE#74785 (balancing

score) | » i RH EA (S HNUE S/ G R B IR (LIS > B DL 4 A SR8
(covariate distribution)fEFH{L o (RIIL - 148 {H = 778 (propensity) 272 £t
8 (covariates) 5 ZE[MT] 72 48V B HORG SI4E RAY R ELie - S RISRETS (causal
assertion)ffa > HI4S S E BT ERATEL
JE& T Il 31558 BV [ 5 S0 T P A B SR A b T 2 el

Crude observational trial F PS adjusted observational trial

Data Source: George Hripcsak. (2025). Designing an observational network study: Estimation using
Comparative Cohort design. Summer School in OHDSI, Al, and Real-World Evidence.

{5 FA bR 1 73 O£ 2K #E1T Confounders 1 » FR 20T B HI S ARG LB /a4
FIARS B EAH 2 PRI TR 3 B A A I 72

FEEEV)T TREE T > (o A 7 Sy AL R A
1.5 FAY(EES © EFEE)R % (Confounding by indication)E e EER 2L 44 FE Y T S 2
e o B E R ST B AT ST SR (5 FH BRI R P e E » ETT AR B -
2. S A E A SER B R B T I HO(EE © R BT LUBPR A ATERE: ) AU
&H o MR a1 o B LA SR AR AR TR R %
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3AEGE R B VIR hET © A B et & (E RS — (4 S ETECE - 1M
IFFRERTAELBYAICE A Y - SR B HE RS VIR RIE A - seteT 45t
FVESK
4 fH A T EEBLERIIR GAFA ¢ BB EE R iR AT PR RE A FR B e
[ EREE M -
5~f£ﬁ[§lﬁ§ﬂ§£ﬁﬂ%£ﬂ§§ﬁ?e A ERIE T AE BB IENERE - E—iRs
Wt FE s S A
B T AR ] 2 DU A 5> 80EFLIE confounders 4 » 55— {ILﬁéﬂﬁzféEl%T’%
W7 HRE TS BHYE - WIAEEERE 224 AHY confounders » H FLAY & 2 B SRk =5 7
I H ZE44 AHY confounders » 55—7dfAll/Z Empirical selection °
Empirical selection of confounders J&7% % Large-scale propensity score (LSPS) /7,£%€
ZERY » LSPS E*(I%Z}E{ LY T A T [ 7 B R
1. EFRERYILEE  EE Y 10,000 F] 100,000 @2 [ -
2. FfiEEAkRgy
HESACE R TR ERY SRS - BRI FTA S o R R DL N
o Al A E T BUARIE
o HPEE (Mediators) : iTFAVERMISE RIS [H - FERHERS: -
o HEAITESEE (Simple colliders) : AR [EIRFE GBS RAVILE LS R - FEWHE
B o
o T HSBE (Instruments) * IRIZECETECHBRIFHIET - EGHER -
o M AfFEE (M-bias) : BUB{ERAAHREIVEE TR EDER -
3. EELEE T EIEAL - B EEE (#variables ) ZFMEZFEE (#eases ) » FFE(E
Fi LASSO (IEARLAEER) AL 7 B A -
4. FRARMHA T BOETECHE Y E © SeREAN TR - AR R AV A 7 BOE  THECE
32 TIE e
5. 2lEtEte s - ﬁ TeE e E o M PTE B P EEE L E S o DUAE
PR PT4E SR TSR M

LSPS J77AHI{ESS
L&A vs. WA R EEAAERNGIET - RMgREPELD T EA T
(confounders)AHETTEREE  {HAELLRE - FMTHY HERZ A ARTA o] FIHY SRR
(pre-treatment variables) - = B2 —EuaA BB EE TN T-HY 574 (40 HDPS - SHEE
fEF 8 A -
2. ZBHEZ © B E BT 2N EEEE > ATLAER LASSO (F/NMEHx
hEElBE R E ) B IEA B T A o AR B ETE A BB EBOE
{THEREMER - FERNE - TRERATA SRRV EREW AR S -
3. i[RI A E RENE Y confounders * & HAM[FIIRF N AGT 2 S BOET THH 5T - HIfE
FEEEHICA W ERENE - AT RER R A A B S B R T e R R R 2
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{d F (1) 3 #50F% IE. confounding fY 4 FEIE =,

® Regression adjustment * jRHUE [F] S B F Ry Ho o — (I HLE0H > Gy A BB -

®  Matching * R EREAAFIARIGFRAHAY Z 5 HAH A 70 BOE I T B USFC AR A4
I B LR UCRU A R A A AR G4 2 AV EE SR AR (B TR -

®  Stratification : 575 B ARIRE HAGE AV R o3 8B o0 B T RAY 5 o AR BRI 7Y
BorEn  JERMHNIAR BRI Z S B R B A REAHAI R 3 8 R E]
AR LB AR RERIL - LRSS 0 g NG RAHFIAR B RRAH Y IR RCR -

® Inverse Probability Weighting : { AL A] o BHURE BB AR B 17 —4H A R AS - H
ORI & AR LB AT B R O fERE - 2 BRVEE SN BB a R
PRRHEIR - BT THIREREE -

HAiE OHDSI Z4%¢F » 1%} Matching B Stratification - 75 35 ¥ E 7 fEFFE R

CohortMethod R package

LB M2 ET (Covariate Balance Diagnostics)
FEEEE B ER » BRI BB - v DUE RS T AR -

F/’// Diagnostic: Covariate balance

Before After
matching matching

+ Standardized difference of mean : fZ4 {7 8 (standardized difference) sk & {E4H 7=
5 o FERELZESUNR 0.1 18 E #l R e LB EBOR TR 2 B o] RIS ARGV S -
2 ~ Distribution equipoise : I & A AL BB GREAA MR GHEAE < [H =) 70 8o Ah
e -

WMREBEEARN - T
(B EE4H A BB R AR b
EEELE BTSRRI

?ﬁ‘@ N j{ﬁg‘h{ﬁgﬁjﬁﬁﬁiﬁ ° [T duioxetine

- Sertraline

Density

0.5~

0.0-

0.00 0.25 0.50 0.75 1.00
Preference score

Data Source: George Hripcsak. (2025). Designing an observational network study: Estimation using

Comparative Cohort design. Summer School in OHDSI, Al, and Real-World Evidence.
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R N AN} Z- e
Instruments( T HEIH) © fEGa T E2HUR TR EE T AR R B R SR S Y B IR 1
(confounders) [HH - T2 —TERFIRAYEL - Jwife LT =(#{RMA: :

1. HBLAERSEEMHRE (Associated with the treatment) : T B850 E B F/ERFZEAY G
FE(treatment) 552 72 (exposure)fH[EE  HH)EEER - ERETHHI—(E A RS E R
AT

2. %S RS EIME R (Unassociated with the outcome) : T E 880/ Bi14E B (outcome)
JiERH > BRIFE R AR E -

3. I HIEHY TE R F(Independent of unmeasured confounders) : T E 855,05
BT A ARE H IR 2GR G RN TR - E—TH S ey
Rl -

R TEFRE T HEE

EEE e - REEE R AR aREEFTE T A 2 - RHERY
THERT (FImEAEEEE - ER%) FIREgEEZ 2T G a6 DL A,
TIRVEEIR - BEEMIEEE ER A R R (% - FEiE T HEE » @I AN ENHER
FHYE T - B BOH ST & HEET Y SRRV IR R (% - A1 BB — (58 =AY T H &
BoEI R IR

Ry T 2 B REEH i o A A & 2

e 1] S B A FAS S i AR aH B G AH > B85 85 (confounding
variables) HYS{ffi o FraRAYTHEEE - BIEIRFEDAFAIGE RA A RIHVEEL -
PRI FRESE - THESE (instrument) A EHHEEE - & IR R 7> BHFEA P4
A—{E TEEEEE  [REERA "2 JBE R AR BAAE SR AR RV R - IETE
A HER B EAGE R 2 [HIRVR % - ATREEEURZUR (bias amplification)
TEMAFE B B0 BBV E & B A B TR S ok R e R AR a IR
4HiEmTEbRRHY - SR T HES (Bl HESE) ARL » K EnsEiE
fhr > [ T4EREL e A A S (BB B B -

A 0] DL HE Distribution equipoise 2R 2 I {7 4E strong instruments > A< ##
AT HBIHENEE » ERRZTUR (bias amplification)

1782 H(Mediators) © HPfMEEUE ARG A Y — (R SEEREN - ERERE T B S REARE
SR MIRE R - WA TP B IER I T Ry (s A A T AR

PRSRERTE « mILGRF o /- B BUR G — i B o ey TP RIA L - B88 (JRRD Wk

HFPEEEE (G MR ETNEY > HRT SRR EESE - 5%

B — TIEE - EEH

o SRR > T ERERREGI—ET o B TR RS Z
A —(ENEDER - THESBAE —(EEII SR > SRR E E BRNIEEE > 1l
AR — TR BeGR EVERREE M - JEB ARSI T Ay B R - BRI AR
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Jila) TR  E TS R - R B S BN E R B L E R A -

i B R #(Simple Colliders) * ¥ &S (Collider)/ 15— (&8 > FIFFERI(EEZ
{EFE AR I FESER o G — T RIRRRES S EOKEPUE % > e ETRBK
FEHE—EERRE T B E R SR S Y
"SRR R RE AR RSB o BRI DL PR

B A HEEH C— 2% B
fEiE - B8 A RIS B WieEEEHEEE C WENA -
Ry TS e S 2
FELREET I > $%Ei(controlling for) 5% (adjusting for)— (¥ R B g Allid ) — AR
(ERERAG: - ETEREAE R " ¥HEfRE (collider bias) |

o HEEHUE AI(E S (H Ay I E R -

o FERRHIRIRI AT > A HEZ TR SRR -

o SREEEIER—(EEEBEEEE RS o AlE DR AN E R R
MHEARER - AEHETTERET AT - LG — (B - i B B e AR b > B
IR AIRERENNTFEHAY > @EUTQEE o B ERAY SR -

M ZEIfFEZ(M-bias) : &—FEEERY confounders » B [RH

TERRPE K (causal diagram) b 2FVRDIFSCFRE "M Y
AR F# -

AR (SR — (B - T (B W AN E 8
R F-(unmeasured confounders){y3L[E45 5 » st @ ELE M

AR - HRRERKEAG

TEBMEET > C BREAME RIS - AR C 4IA \
ML B TR SR EE M BIRE -

M RUfREr R R

o UMV @AM ERRHRE TN T - T >

o UREGH T RIPRIZEE Xc

o VEELERY MPREE Xc -

o C BURVHHELERE -
HEZR C RIA LEMEARBUER T MISER Y J2H BRI - (B8 A58 ch 2] X i
fREE UMV ZEESH — R AR (L - SRR §E PR UMV
TSRS R T HISER Y - RSB aSE it EA w2 -
FEERAER - M B {mzEfyE AR N Ryl et eI A P L & T A e R R RS 8 - 5
BHX)EIAETERT - HEHMERNENFERTU R VFTE - —Hi%
HT Xe o BRE TR — BRI RANE RN AR -
AT o M B {7 2
S0 M TR > B BRI DT TR A AR AR o R A {8 o ] S8 X -
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FEPRSRHE T > Sl L IEMER R SRS AC ] E R S - i EE 1 AR B RS B R AAS
R EIETERT - PR el R ehifa 8 - A7 et 10 e 2 i 2l
SR > ARSI E AT SRR R RS

® [hErMit(z%sT (Comparative Cohort Design)
o EXRMERZELEEAHA > BE 2
WATE T AEGEFHIIHEAL > AfEA
ACEi vs ARB IR ERF A °
o (ERHEAE BT (new-
user cohort design) » 7 1% DAfHE|H]
T R ET A E A T ERER

New-user cohort design

Target cohort

Comparator
cohort

PE
o CEERs(E AR RS - 40
AMI -

o [EIEROITRE AR B SET -

(B2 M B 9T FE 2 E AU RTE Immortal time
ﬁ{ﬁﬁﬁﬁﬁﬁﬁélﬂ% ’ E‘%Béj\{%j ’ Hj r Outcome lookback window and cohort clean window

I clean window » 75t & 1T AP ERHFH] e
i R BT outcome » FEIFF =
ZH1Y immortal time bias o FZE & FEZR e s
i —Eop SR T BEFET (BRI A e

At least remove anyone who has the outcome during clean window prior ta index

TERHAVEZE T - B T RERE .

T
Alternatively:

FEC ) MRS RIE IR RS TER,  renmemmesneicostonsamne e

BN ARIERRLG - BRI EIERG

BEREIAR I - Rt > R ednatiims - M a B2 AR stest - iva
FRAH AT IR H A BT E RIS ARG (index date)5i4n » BCHESE BEERIRA: - HEbRH
¥ immortal time bias HY{#E 2 -

11, 3t — B PR MR A R BB ORISR (Prediction)

& T R i — R AR A AR - /2Ty e At B b e
RS - 51t A BB profile s AIMBITAZRIN M AFTA IR &
BRI A SRS T T ARARIRE - 0 AR B 2 M ? B R B

outcome [/ 9

F A caricature of the patient journey F Questions asked across the patient journey

Which treatment did
patients choose after
diagnosis?

5 ] H o
! |

b ; ’ I y Which patients chose Does one treatment

= ) &= < — which treatments? cause the outcome more
rocedures H Pr —i)_'—' than an alternative?

= —
(oa) 3 Was ) ;
Measurements < AV \V Measuren How many patients _i'@—
1 experienced the outcome i Does treatment cause
Person I time after treatment? Person Itime | gutcome?

- T v
Baseline time o Follow-up time What is the probability 1 will | o | What is the probability | will
experience the outcome?




{E A AN Z FERIMERTSE - A E— M EEARE (T) F o T FEHIR L ALE—
(EFFERF R (=0) 1& > GAE " JEaIHHE (Time-at-risk) | AEEAFFEGER (0) - FrA

TR (50 YR e TR 2 i T A AR V&GN -

Observation Window

9

W

C
A4

t=0

{EEEIEERTFE T - BRI PRI R A A A

I o

Disease onset and
progression

Treatment choice

Treatment
response

Treatment safety

Treatment
adherence

Amongst patients who are newly diagnosed with <insert your
favorite disease>, which patients will go on to have <another
disease or related complication> within <time horizon from
diagnosis>?

Amongst patients with <indicated disease> who are treated
with either <treatment 1> or <treatment 2>, which patients
were treated with <treatment 1> (on day 0)?

Amongst patients who are new users of <insert your favorite
chronically-used drug>, which patients will <insert desired
effect>in <time window>?

Amongst patients who are new users of <insert your favorite
drug>, which patients will experience <insert your favorite
known adverse event from the drug profile> within <time
horizon following exposure start>?

Amongst patients who are new users of <insert your favorite

chronically-used drug>, which patients will achieve <adherence

metric threshold> at <time horizon>?

Time-at-risk

outcome

Among newly diagnosed AFib patients, which
will go onto to have ischemic stroke in next 3
years?

Among Hypertension patients who took either
ACE inhibitor or ARB, which patients got
ACE? (as defined for propensity score model)

Among new users of lisinopril, which patients
will have acute myocardial infarctionin 1 year?

Among new users of lisinopril, which patients
will have angioedema in 1 year?

Which patients with T2DM who start on
metformin achieve >=80% proportion of days
covered at 1 year?

(component |escrgtion ———————————Jpample |

Target
population
(T):
Qutcome (0): What are you predicting?

Time-at-risk
(TAR):

When are you predicting?
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Who do you want to do the prediction for?

New users of ACE
inhibitors

Acute myocardial
infarction

1 day to 365 days after
ACE inhibitor initiation



$1¥ ACE inhibitors [T ERSEYE T (5 1 HERREE (T) > FM8Y H S TR

EeiR AR K ACE

Observation Window

Time-at-risk

fHE (=0) » GER

9

SIHER 15365 X 0 @ ¢ 0 s
v U

@

RIS 2 S 0L o

fEZE (O) - Fra T
TR {E {5 P a% p FET RERT]
TR ) NHRE

2oy
Hal\ °

Fi

outcome
Acute
myocardial
t=0 infarction
rst ACE

A (E R 22 M (R IR R T OB 95 T - "I DA R T HYZERE - T34k

BRI E -

/ Define Prediction
« Target population

~

OHDSI . Qutcome
network e Time-at-risk Learn model on Evaluate model: Evaluate model
¢ each dataset internal validation external validation
Data 1 > a3 | ——»| Labeled data: {(x;)} » TainData1 [r=»| TestData1 | __.{=emalDama
ol P = .
w © o R
Data2 H-=—»{ 038 [ S_f |abeied data: (05, y) > TrainData2 he=p| Testpataz | EXemalData
[[Z"|com2|" @ 2
o & 8 ———
) g et
= =
o = 0 5
Dod %
Data N » Data > Labeled data: {(x;y)} Train DataN [<»| Testpatan | [EXtemalData
CDMN N
Heterogeneous  Homogeneous Same extraction process and The same code is applied to
structure raw structure raw variable creation - code
data data shared across network

each dataset making the
model development efficient /

Figure 1. lllustration of how the homogeneous structure of the OMOP common data model enables sharing of model development code.

Data Source: Reps JM et al. (2018). Design and implementation of a standardized framework to generate and

evaluate patient-level prediction models using observational healthcare data. JAMIA, 25(8), 969-975.
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(FSVEIZRMERISEHT phenotype S RESIEYAL
OHDSI i 3 M AR5 (COM)IRER (5 Y (i B B (T A (AR 447 Bl
& » BITETRE(LAI ST - W51 -

¢ Common data model can enable standardized analytics
} across a distributed data network

Source 1 raw data

i

Electronic health
records

]

Open-source
analysis code

Source 2 raw data

oEr

Administrative claims

Source 3 raw data

Open
evidence

Transformation to common data model

— Clinical data

AT — (R e e th A TR REie T - A REERAPER - taEH
CDM FEE(BIRHVER] - JFREERWANTEHIE « (RET e e REb ot TR
LT MEEE B AR EIWES - /£ OHDSI BRI 28280 T - A 2&(H
ERRE

BRE(LRAE - B AR E R -

B thEGHRAEfAER S EE R —2ERVR 2R EETE > HAE

BRI Fe s SR S R — 2V HHAS R -

R R E R T B R A A P BB 4SS - HZ BB S5

a0 HA A EREEHV BT E SR -

HETRUEEE - BT AR ENZBRTARERE -

AREH R RERE -

)

)

)

)

)
r¢ Engineering open science systems that build trust into the
/ real-world evidence generation and dissemination process

Distributed data network, standardized to common data model

— N N N N B N R R R N N |

S

Cohort
definitions

Cohort
diagnostics

Analysis reliability evaluation

System characteristics: L’@

* Standardized procedures with defined inputs and outputs

* Analysis packages implementing scientific best practices
consistently applied across all data partners, generating consistent
output for network synthesis

¢ Reproducible outputs generated by open-source analysis libraries
developed and validated with verifiable unit-test coverage

* Pre-specified and objective decision thresholds for go/no go criteria

* Measurable operating characteristics of system performance

Final
unblinded
results

Interface for
exploration




NEE > OHDSI S — S VIR LIRIY Z 4T » (RETFE EREEAIRGS - SOE RIS IR PS4 I
FRETR e AR NI AT B - 8.2 Ry " phenotype | - 3l H1 OHDSI Fr 3 feg i Bh T
HAFEETFTHY phenotype MHETTEFli © OHDSI FraffEEryiE) TH - B2 ATLAS »
CapR ~ KEEPER ~ CohortDiagnostics ©

' Phenotype development and evaluation workflow ? OHDSI open-source community tools to support
o phenotype development and evaluation process
Phenotype definition tools:
Q .« ATLAS
@ — Concept se

~ Cohort Def
Profiles — to review in,

@ + CapR - cohort definitio rogr
consistent with CIRCE JSON specifications

e «  APHRODITE -to develop a probabilistic phenotype by training a prediction model using noisy
labels

Cohort diagnosties

with recommendations from PHOEBE2.0
ign a rule-based cohort definition

amming in R, to design rule-based cohort definitions

Phenotype evaluation tools:

@ KEEPER — to review individual cases
“%+ CohortDiagnostics —to evaluate phenotype algorithms using population-level characterization to
identify sensitivity/specificity errors and index date misspecification
Q * PheValuator - to evaluate a phenotype algorithm (estimate sensitivity/specificity/PPV) by
raining a prediction model and creating a probabilistic reference standard

Q Phenotype Library

£ OHDSI £t » —{#lffF2HY phenotype HYaFAL > H HIEE Rl %
phenotype FTHEETHISE IR - Bl B HE @AY —202E » WA BBEVE
(Sensitivity) ~ FFFEE (Specificity) ~ [ PEFENIE (Positive Predictive Value) 5z & FEH
fH (Negative Predictive Value) S5 AIEHIEERE 5 WHIBTHZ2HY phenotype & 75
CHIERH R A2 eZ I 9EHY phenotype FTa EHVERHEF » WHFTAVAIERZ 250/ » DL
BN EFE TSR NEEEE AT E) -

SERCGEEE ST phenotype » B DUE AN — HHEEHET /3T BB TSR
P&EE » W PIREHIFEREE - BT AFEERAR - E—28 0T -

()= OHDSI 2258 A\ Bl £ 48481 5%

TE—{E%5 A\ OHDSI 4t » W5 iR aa{EE EfHEE A # CDM FEE{LaYaHER+
AT AR R 2 i P HoAth B A7 iz 42 HYBH ST phenotype » BV R HET TAHEIRYBHST 04T - [EIH
Rl Ry FHARBRAVIHZT RS - We(EAH SRR I Fe4s S8 BA = Al bhletE: - Rt aT 2L
RE G PRV 22 A48 9T - BRI B AHARHVE R E » & BRIB& —HIWTSE
phenotype > #1731 » P S EBALIHRAE RE S - EREg48 5T -

AEEE A a7 4 OHDSI 284 » BT —THE 2 4948158 - OHDSI 22
TR IR LRRIT > SRR A2 T FEAY B 55 (reliable evidence) - OHDSI standardization fZ:£
{EREFEE

+ 15 L5F %(Standardized vocabularies) : f&FAK H T 5LE 3 Bl 580 1E 21— {7

%G
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+  Common data model : fH[E]Y schema > G -&FH[E A EE 2

+ Cohort generation : {F/Kf [ 4G EIHE E EIRE S I DAY 28 52

+ Common study design approach @ FjA ARFRELLERAYIHFEEEE T HE 5 K 7R 2R 1]
FEARE

+  Common diagnostic approach : H=Z A FIREE

« Library of analytic functions : {58 FAH[E]HY 17 R ELE -

UL OHDSI ZEfEHEr T4 4 ZUT e 2 B nT SE B R RIS R AR

{58 FHASEEA B Ay i Y B M B R 5 B

HEWIFERIT A

RGN B R H A e B

BB FHE S T DL By Eat — a4 R S L R BRI Thise
RAER RPN A 2 R BERRRA

Strategus Z2f#%

1. E%Eﬂ%%ﬁ%‘f%ﬁfﬁ ’ jﬁ@é\ r Strategus framework for executing studies reliably

?EE E/\j ?E%_Q{E%IE ° - l.‘.,‘...fimwe.”

=
2. —THEFTEERVRAE [
TEHTHHBIE A - =3
3. WHMPHRELRE  FH
WEMIRPRSTER - [,

4. HEEREAEELRR ®

= E SRV ERS (declarative
specification of study design) » AR AEH [FI{E A& /M I AR B FE R T B S ARG

OHDSI HY Strategus j2—{EfE2% (framework) » £RAHBHIF T HEERE(LREZR - HIV(E
AISERMS T ARHUE RV 22T - H 2 SR R B &R TR A il m] SERSHEHY
AE HEN LA - Rl Rt BB - BB R LR BB R
FEHISAER -

Strategus BREEAH FCELEIE =\

o FE(LMIKELGET | RAERE KRR ST S C SR v 2 - B
HE e —EBEAENFTALZETH » FIIAFEHA (cohorts » BIEZERE) -
FEsER (outcomes) KM% IE (analysis settings)HYE s ©

® 4L R B

BEAEZRFIA OHDSI HEFZENSEEM R ES5EH & -

CohortMethod : A liEt AR EE IR E 45 AT 2 - . (H FH A [ 7 B

( propensity score matching ) =k 57f& (stratification) ZE57E -

PatientLevelPrediction : FjABHZEFIEREEIEAY » DATEURME A £ & 045 RAVEM -

CohortCharacterization * A ZICHILERE B & BFAHAVRHBHI =N -

SelfControlledCaseSeries : —7f& S [T AW 700 B 52 88 R HZ BV RHIR T AN E -
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® HEHMERIT - —EWIFEERETESR » Strategus FFHEMEREDITHE - EE€H
Hibtseakat - SITEERN R EBORETON  IRFER - EEEEHMERERT
MREE T AR RV ERIE BT - B FENA - R T —B
R -

o TWHRY : BERBENEERE—EEE({CHT JSON RRAMEET - WHEHMEDY
PTBFE > Strategus (EHZEAVER NS HM A RO ERGIEE RS - LR
troERvERIE H E]{EEE -

LA > Strategus BA THI{ESS -

* INERFERT - EEAEEYF (declarative) MBI ETHLRE - Wpe R ETH(E -

IR FER A AR AHIAT T -

* WA AZER] - Strategus 5 BB REAGHATERI MR - HEORATA BT FEAVEARRRAS

_A@'Z °

* HEPROTZE AT SENE © EMECRIAZE ATAY — 22 ~ RIEEIRME - WSROI - DA

WGSBS — BT A BB

£ Strategus 241 N HETTHELEIT TR AE BN SERY B EEHY 8 (E2D BR K AT IERVEAG 2L R
scripts -
1. Generate cohorts e.g. in ATLAS
DownloadCohorts.R — pick the cohorts
CreateStrategusAnalysisSpecificationTcis.R - ...
StrategusCodeToRun.R — pick the database
CreateResultsDataModel.R
UploadResults.R
EvidenceSynthesis.R

O N o gk D

. app.R

JEE T 4HERE I S B

Strategus AR FEE TR R HAEPEBR - FEHFE R FAG Iy AL i E A FE 45 SR 38T

1. Apkiftzett{CEfEe (Generate Cohorts) :
£ ATLAS 5 CapR % T B EFLHFEATRRIVIAFE I UERES (cohorts) » 4l HEEET
G ~ CLECERC IS ETEG - E FREC S — IR FALE AV - HIEAR &%
JE R 4 — BB AT e (A Y B & -

2. T#EEFEEES (Download Cohorts) :
{1 DownloadCohorts. R F2 AR EEFENG N EAT S5 — FERAVEAS - BRI ER
S AR ZERY inst BRI -

3. 7#77 Strategus 43R &L (Create Strategus Analysis Specification) :
{# ] CreateStrategusAnalysisSpecificationTcis.R f2 XK EFHZHITHI 2 - B2
—(ERAFETER - AR Strategus FREEHY JSON A FARHEME R » FINERE &8
T3HT o BT ERERE ¢

« EE - PLEELEEEREEY (Target-Comparator-Indications, TCIs) : 7 ZE [ L&)
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S ASE EAEAH DR B ELERAH - DAK MF?UHE%JT“
» GE BB ERRES (Outcomes and Clean Windows) & 18 5 B ELERA R S 2221
SR 0 A EFRRE (clean window) - U\EFF?f ﬁﬁjuﬁ'ﬁﬁé?ﬁuéki HIGE R B B
AFIE] (Immortal Time) BCEE & E(FHY A
- E@HF TR (Time-at-Risk, TAR) * 1 ¢ SEY) 2 B Bl dG 2145 R34 AYRF ]
HE o Fla " IAEEEAR] (On treatment) T30 K | B¢ T ZEE[)A (Intention to treat) | -
 HERS Ay LB S; ID (Excluded Covariate Concept IDs) : 7F{t [A] 4> Sfs A rHERS:
B GRS AR R BB Y o/ S E A SRRy -
« B e EIELE B2 EE  (Negative Control Outcome Concept Set) @ FI 4K b 1 =
(GENSWEET S
- BFFEIRE (Study Period) : Ti%ﬁﬁ%ﬂﬁﬂ%ﬁﬂﬂ@%lﬂaﬁ%ﬁ@ °
= IR 7T EECESEEBT (PS Match Ratio) © 5% 7€ A 73 BBECEAYELST - filan 1 ¥ 1
Ao B B LL BIECE -
* T-EFAH M (Subgroup Analysis) * E e 75 2 AL & FRF4H (CAOAFERAHA)
LT
4. T Strategus s3 A2z (Strategus Code to Run) :
(e F StrategusCodeToRunREfﬁET TEZEAEWHEEHEE_E3/TT93#T © Strategus &
ok RilE ZEH AT R #fE Y Ay OMOP CDM ER}E -
5. EIT4ERERIERI (Create Results Data Model) :
#{T CreateResultsDataModel.R 2= » XEF A GEF AT 4E RV ERHERY -
6. {HZER (Upload Results) :
{1 UploadResults.R A2 =REAH AR BRAVIR Z247 R 45 5 (S — (& th o 45 S T
J&E - OHDSI %ﬁﬁﬁﬁiﬁ;ﬂfﬁﬁﬂ WEERER A A FERRREHERE - 5
TR AaTaE R s
7. 1B &R (Evidence Synthesis) :
#1{T EvidenceSynthesis.R F2H K EE &K H A [FEERHENGER - BITE8BEGHK 0 E
EEFETEREER -
8. ##H{T Shiny FEFFE={ (Run Shiny App) :
H1% n 7544 app R F2 =R — (8 & #)=(aY Shiny FERIFE=C > LS N ERE - £1
R4S R - BRI A HEN ~ A8 B 241
AR A

Strategus i A Eidifigr
« g A © Strategus HY 12 A EITAE(LHY OMOP CDM & DL R G R4 o3 A R
EREILL CSV B JSON fEXEMPUER TR EE « JIVAMSE -
gt c RS o B AR R E B ERIGE R ERE o I A& Shiny
JE AR ZCGETT IR LTI T - DIRESRHSERY el 58 - BInshay ~ sk ~ e -
BB ~ 2% MEERZER] Kaplan-Meier &5 2Er&
753 Strategus fEZE > OHDSI HR |55 HEML - rJEHR HAHNEFHFEE
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AR - KARGeT T TR MW SR I A (B 1 -

Strategus Z2f 1 HY ATLAS T H

ATLAS JE OHDSI +HEFH#HV R ~ A5f H DASEH R AU B EG HE F R
= H H A SRR o M a s T B T - DUER B Bk R
HE MRS -

ATLAS Z—{EBFIERER & A28 REBINED » DA —(E =2 (E AR
#(bk T OMOP #EFHERMER] VS (OMOP Common Data Model V5 ) | HYEIZZ &}
JEEHETT I3 HT o 3% F G B R (e 4B OHDSI 11 £ AR F AR [E] Bl R A AR B T EL Ay LA
HEATHA T T ELET
ATLAS = HEE4gHE  https://atlas-demo.ohdsi.org/#/home

% | w AT | DMZ Study | Microsoft © X @) ATLAS: Homa x ) Home CHDSIAHaswiki G x| +

¢ ¢ % atlas-demo.chdsiorg/#fhome B §

B @ T G omal @ WRiei P @ rieiIRMEWRA. @ THEHEWIRAS How to learm Ras. B nroduction o R . G Welcome tw STAT. @ 5T | Wl @ TARPES @ 71 dplyr kR

s IR - R

prowided by
F OHDSI

journay

Concept sets * BEHZETIIZE & H CHVZ U E B > DUEAFRERE L - &
A AR LR B R N K A 9T B BRI — 4B A0 EE - IR EFIREE TR o dEAERT
Bt hEEHA -

Cohort Definitions : SE#7EIAST & T —4H E R ER RN T & —THEEE AR AT AR
A - Bt BRER TTE R FTA R E S ITHI RS A < SR > RIF5EEG
FT¥aE 2 Hitg » o] DLELE case 4HEAX ~ control 4H (X + outcome ZHtHAX, ~ indication 41
A -

Characterizations(E&PRHEFA AT ST) © (ERAZEE 0] DUEBLIIAE » ST —(EEZH(EH E
EHIVHAERE » TR S il 4845 15 Loy FE B RS AR -

Cohort Pathways : {SEFFTE 0] LU R — (8 25628 (E AR RE th 28 A VB PR B 751 -
Incidence Rates : 9% % 0] DUhE HASEERE th 1A EUERAVAS SRV AR

Profiles : IH5E EHIR R TSN EHVRIEHHEZ M ER - DGR EEis 5 FIEE
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SEHVENE - BERIN RAT o DUMERSFRAI 0550 ERERAREIAREFAE
- BElI2HE - kg - Tt - ehateEsiEREESM, -

Estimation : BF52& Al A8 ELThRE T TEER I ACEE T AT TRERG T R I IR SRS (i 5 T
B5E > R AT DASTHE — 2 IHVEERIA H - T —(E 2 (E H AR QS R U Y
Ebs -

Prediction : Bf5EE ] DUE B IELLIAE i A i 8 B2 B R A A T BB SR PRI 3 A - 48
BESHEHEATTEE ZFFE H PR EE - ZRFAIHAER -

Jobs * fR{LEEFE T AF HATRS EIEAER S TAVIER? - 0 AT 48 SEOW 4 S R 5t
FLEHIH TREPHENE

Configuration : #1523 1] LUBMBILTHRE T AL EAEN 24T ECEAVERIE -

o WIRGRZ2HT 0 AMBIR(Negative controls)agat
A (Negative Controls) Z—FE{FEHZLMEIATT T - BFAEHENHERT
(confounders) i P2 HIAIFE IE fm 72 (bias)Y5RK T B - EAVEESHKBE R E=R
2 BT —EERIVE RS EY  HEE SEREZEE - /SA MBI
o S E(EAHRIRVAE SR IERE T THIHEYE ~ SRR EGERE » Su AR STaE e
TN R RE AR IR -
B e R oy Ry WA A
1. & ¥EiasEEE (Negative Control Exposure, NCE)
o JEF —{EEAE IE R REEE (exposure) BAMAYEERAENIR - HEAA
SR EAR IR B -
o IRAEWFT I - E(E A [ E IR AE R MR RN - AR Al RE
FEARER TR B HA AR -
o (AN« (e A T HAE R B T B B e R i s BT - B0 T FOR(EEE
TF  EEARNETHER FH R4 RS - A U2 GERIGE R
TE R & RIRAE R - N R Bk MNEZ G2 G bR » AREREEIR
s e Bz (G e 2 A RN - ERay iR T FEARNETER T 400
SR E RN AREI TS > e EEEYE -
2. A4S (Negative Control Outcome, NCO)
o TEFREEEEREBAEREAHOIVEERENR - O GmeEn
OB B
o WIRAEIHITF I - FREREEELE (& R ISR IR - R
Featat B TR -
o BB EREAT T REAE T SR AL LR S F RV BT IO A RHIEHYTHER
+ o BRI DU HRERE T E & &R R - RRHa A~ EZ g Z e S
PravEEde o MR EIEEAISE I Frat B PR S 4T~ A RN - Eias HZ A
HRE > IR ERNE FER I E -

HEBIRA AR E#EE L RE - TEARENREZEGEE - EtE—E
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r

TanEfRE ) TH o BIREES iR B (NEER MR HER T Z AL -
R A FBIRAVE RO THIARCE TR - EE I RER A EENEL - K
Z o MR T IR - AT R ENE GIFEEE T 7k > Dakd w2 AR
AHEFTELE -

J&& N LUE B E (Depression) ¥ [ 1] FH Y negative control outcomes {5
&Y — 250 E Ry m) S BR A S A0 -

Acariasis Ingrowing nail
Amyloidosis Iridocyclitis

Ankylosing spondylitis Irritable bowel syndrome
Aseptic necrosis of bone Lesion of cervix
Astigmatism Lyme disease

Bell's palsy Malignant neoplasm of endocrine gland
Benign epithelial neaplasm of skin Manoneuropathy
Chalazion Onychomycosis
Chondromalacia Osteochondropathy
Crohn's disease Paraplegia

Croup Polyp of intestine
Diabetic oculopathy Presbyopia
Endocarditis Pulmonary tuberculosis
Endometrial hyperplasia Rectal mass
Enthesopathy Sarcoidosis
Epicondylitis Scar

Epstein-Barr virus disease Seborrheic keratosis
Fracture of upper limb Septic shock

Gallstone Sjogren's syndrome
Genital herpes simplex Tietze's disease
Hemangioma Tonsillitis

Hodgkin's disease Toxic goiter

Human papilloma virus infection Ulcerative colitis
Hypoglycemic coma Viral conjunctivitis
Hypopituitarism Viral hepatitis

Impetigo Visceroptosis

o1 L [ P4 SR AN A BRI AT - WERAE ERYSUER (G HE 2 ER B+ -
JEE N 2R WITEE A (G P EIHVAE R o 7o 2 AT S AUR A 1 7 B B R+
HYESR » HEE S e[ LB crude effect HYfEEHE - BEEHIEARE - HERKHE
% null hypothesis BJ]l HR=1 - ifi H 57126 & 2545 LAY effect EL p-value<0.05 ; fHiE
2 2 A SRR G 7] 7 BRSO E - HE R HISE R - HEE o ] DU & 12 8Y
B F RIS effect f » H p-value KZ>0.05 » fRZff/NEH S F7 HR=1 [ffi1 - 2
WGRIE E BB E EFAE R - ARHE R e RGeS A RFIIRETERT - It
Gh o A HMAHEN THERFFE - Al DUE B L4 F A -

All negative controls - crude F All negative controls - adjusted
We would expect 5% of negative controls to have p < 0.05 IWhEﬂ using the propensity score, 16% have p < 0.05 1
T ™ T (i e
Instead, 68% has p < 0.05!
We found crude estimates to be uninformative. Do not use for decision _10
making! £
T T H
g r 5
0s “os
p *Loag
9 -
Nt . s * R
s NSt . <3
o Tt 00
00 P
025 05 1 2 4 6 810
025 0s 1 2 4 5 810 Hazard retia
zard rabo

Schuemie OHDSI 2016
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Comprehensive comparative effectiveness and safety of first-line antihypertensive drug
classes: a systematic, multinational, large-scale analysis.( Suchard et al., 2019) °

S

Boae - BN S MRS EE—RL - BAME AN HEE M - BRITERRH SRS 1
REIIREAEL T ERRHE S — SRR R 206K » G5 - BEREEIH
IS £ FR 75 (thiazide or thiazide-like diuretics) ~ [ 55 ] Z5#E B ]I (angiotensin-
converting enzyme inhibitors) ~ 1% 5 /1 2 2 A4 HE7%(angiotensin receptor blockers)
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Comparative First-Line Effectiveness and Safety of ACE (Angiotensin-Converting Enzyme)
Inhibitors and Angiotensin Receptor Blockers: A Multinational Cohort Study.(Chen et al.,
2021)
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