/ Why network studies are necessary to

. Improve trust in evidence
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"In medicine, reliable evidenceiigormation derived from rigorous scientific
research that minimizes bias and can be reproduced or replicated. The most
trustworthy evidence comes from study types ranked highest on the "hierarchy
of evidence" and published in authoritative, peeriewed medical and

scientific literature.

The hierarchy of evidence

The hierarchy of evidence, often depicted as a pyramid, organizes different study

types based on their methodological rigor. The studies at the top are the most

reliable because they are designed to reduce the risk of bias.

Highest levels of evidence (Filtered/Psagopraised):

A Systematic reviews and metanalysesConsidered the strongest evidence,
these studies use rigorous, systematic methods to identify, appraise, and
summarize all relevant studies on a specific clinical question. A-ametigsis
goes a step further by statistically combining the results of multiple studies
for a more precise estimate of an effect.

High levels of evidence (Primary/Unfiltered):

A Randomized controlled trials (RCT§)ften called the "gold standard" for
evaluating interventions, RCTs randomly assign participants to an
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"Reliable evidence" according to Gemini

Evidence Pyramid

. Synthesized Evidence

Meta- . Experimental Studies

Analysis

. Observational Studies

Systematic
Review

Randomized
Controlled Trials

Cohort Studies
Case Control Studies

Cross-Sectional Studies

%
: - &
expe_rl_mental group (e.g., receiving a new d_rug) ora control group (e.g., N Case Series / Case Reports
receiving a placebo). Randomization minimizes bias by ensuring the groups &
are comparable at the start of the trial. 2
A Cohort studiesin these observational studies, researchers follow a group of © Animal Studies / Laboratory Studies
people over time to see what factors are linked to a specific outcome. They
4 Amount of Information b

are useful for understanding risk factors.
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AWwS Tt Al 0f Sacc8SrgidpRrSaf anh8consistentestimate
of average treatment effect of an exposuretlrre population of
Interest
I Accurate= low probability and small magnitude of bias

= high certainty around effect estimate
I Consistent little heterogeneity in estimates across network



Why network studies?

In OHDSI's populaticievel estimation use case dastributed network study is the application of rigorous,
systematic methods to estimate causal relationship between an exposure and an outcome within a population of
interest:

A A study protocol is collaboratively developed to define the research question anspeefy all analytic design

decisions

o Target Exposure, Comparator(s), Outcome definition{gneat-risk window(s),Statisticamodelingparameters, Diagnostics and
unblinding decision criteria

A study package is developed thatplementsthe study protocol specification using standardized analytics tools
Participating sourcesxecute the study package against their standardized paterdl data to generate a
collection of standardized aggregate summary statistics

A study coordinatocompiles the aggregate summary results centrally from across the distributed data network
A metaanalysis is performed to combine results from the network and synthesize the evidence into a more
precise estimate of the effect

The study team collaboratively interprets, summarizes and disseminates the evidence

o o Do Do I»



r Since our OHDSI Eye Care and Vision Research WG is so active,
today we will run a refraction test...




A You will be presented results from two hypothetical studies,
both conducted to answer the same research question

Each study will have
estimates from one or
more databases, each wi
have a description
(country and data type)

Each study will have a
random-effects meta
HEWSIS
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You will be asked to
compare two studies and
answer the question:
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F Which study do you think provides more reliable evidence?

Study 1 Study 2
Sour ce
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Dat abalWd® a&l)ai —o— Databals €l)a ——i

01 02505 1 2 4 681C
Hazard Rati DatabalBé& ©DIl)a —@—

Bayesian r an <&

01 02505 1 2 4 681C
Hazard Rati



Join by Web PollEv.com/patrickryan800 Join by Text Send patrickryan800 to 22333

Which study do you think provides more reliable evidence?

Study 1 is more reliable than Study 2 (A)
Study 1 Study 2
Source
Source Database A (US claims) ——
Database B (US claims) ——
Database A (US clai . . .
e T ) & Study 1 is equally reliable as Study 2 (B)
01 025 05 1 2 4 6810
Hazard Ratio Database D (US claims) ——
Bayesian random effects >
01 025 05 1 2 4 6810
Hazard Ratio
Study 1is less reliable than Study 2 (C)
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F Which study do you think provides more reliable evidence?

Study 2 Study 3
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F Which study do you think provides more reliable evidence?

Study 3 Study 4
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F Which study do you think provides more reliable evidence?

Study 5
Sour ce
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F Which study do you think provides more reliable evidence?

Study 7 Study 8
Sour ce Sour ce
Dat aba®& ®&I)ai —@— Dat abalWg &l)ai hlq
DatabaWg8 BHR —@—i Databa@We&s WHR —@—
DatabaBet dh ) E —@— Databa(Bet &h ) E @
Databa(Ker da [ —@— DatabalKer ¥a ¢ —@—
Bayesian r and <o Bayesian r and <o

01 02505 1 2 4 68LC 01 02505 1 2 4 68LC

Hazard Rat.I Hazard Rat.I




F Which study do you think provides more reliable evidence?

Study 9 Study 10
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Value of a network study
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F// Properties of evidence

A Accuracy Extent to which our estimates are unbiased
(systematic error)

A Precision Magnitude of statistical power (random error,
expressed as the width of confidence intervals)

A ConsistencyLevel of agreement of estimates across different
populations (heterogeneity of treatment effects) and designs
(sensitivity analyses)

18



F// Properties of evidence within and across databases

We will discuss each property as it applies to a single database,
and across a network of databases

- Accuracy| Precision | Consistenc

Within a
database

databases

19



- Accuracy| Precision | Consistenc

Within a
database

databases

Accuracy within a database
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We have done much to improve accuracy

/S

A Advanced methods to minimize bias
| Largescale propensity scores (LSPS)
I Seltcontrolled case series with spline adjustments

A Objective diagnostics to detect and blind biased results
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F// We have done much to improve accuracy

A Advanced methods to minimize bias
| Largescale propensity scores (LSPS)
I Seltcontrolled case series with spline adjustments

A Objective diagnostics to detect and blind biased results
A Empirical calibration to account for residual bias

22



| Accuracy| Precision | Consistency
Within a Q
database

databases

Precision within a database
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F// Precision in a single database

A Precision is expressed by the width of our confidence intervals

A We also compute the minimum detectable relative risk (MDRR

A2S T IANBS 6A0K | SNYyty OKIFGO S¢
iInform on the magnitude of the effect

A Precision is fixed, because our data has already been collecte:

Journal of
Clinical
Epidemiology

Journal of Clinical Epidemiology 144 (2022) 203-205

COMMENTARY

Causal analyses of existing databases: no power calculations required
Miguel A. Herndn®"*

2CAUSALab, Harvard T.H. Chan School of Public health, Boston, MA 02115, USA
b Departments of Epidemiology and Bi istics, Harvard T.H. Chan School of Public Health, Boston, MA 02115, USA

ised form 18 August 2021; Accepted 23 August 2021; Available online 27 August 2021
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| Accuracy| Precision | Consistency
Within a Q
database

databases

Consistency within a database
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Consistency within a database

A

A Consistency acrossibgroups
I heterogeneity of treatment effects

A Consistency acrosiesign variants
I sensitivity analyses (robustness)

26



Evaluating consistency across subgroups

A Several OHDSI efforts to understand heterogeneity of
treatment effects

A Here, consistency between subgroups is neither good nor bad

Journal of Diabetes and Its Complications 39 (2025) 109114 np| | digital medicine www.nature.com/npjdigitalmed

Contents lists available at ScienceDirect Al

s
COMPLICATIONS

Journal of Diabetes and Its Complications

ELSEVIER journal homepage: www.elsevier.com/locate/jdiacomp ﬁ

Heterogeneity of treatment effects of glucose-lowering drug classes for type
2 diabetes: LEGEND-T2DM network real-world evidence

D2 4SS | aAy

Lightning talk in Session

David M. Davila-Garcia """, Thomas Falconer ™', Nicole Pratt “*, Karthik Natarajan ™',
George Hripcsak ™’
 Department of Biomedical Informatics, Columbia University Irving Medical Center, New York, NY, United States

" Institute for Informatics, Data Science & Biostatistics, Washington University School of Medicine in Saint Louis, Saint Louis, MO, United States
© Quality Use of Medicines and Pharmacy Research Centre, University of South Australia, Adelaide, Australia

identification of relevant databases; (3) development of a prediction model for the outcome(s) of interest; (4) estimation of relative
and absolute treatment effect within strata of predicted risk, after adjusting for observed confounding; (5) presentation of the
results. We demonstrate our framework by evaluating heterogeneity of the effect of thiazide or thiazide-like diuretics versus
ARTICLE INFO ABSTRACT angiotensin-converting enzyme inhibitors on three efficacy and nine safety outcomes across three observational databases. We 27
provide a publicly available R software package for applying this framework to any database mapped to the Observational Medical

. N N o . N P L Matrenmae Dartnarechin Camman Mata Madal e saer deammanctratian mnatliante ot v vlelr AF ariita munecardial infaretlam racrahsa
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F// Evaluating consistency across design variants

A We often run multiple design variants to answer the same
guestion

I CohortMethodvs SelfControlledCaseSeries
I Different times at risk

i Etc.

A We are assured when estirg

A We become wary when difff SN CToR1=\: M G-I rA L SIS 1OF:
different estimates 4% (poster 210)

i¢KSe OF yQi I f
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- Accuracy| Precision | Consistenc

Within a
database

databases Q

Consistency across databases
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F// Betweendatabase consistency

Evaluating consistency between databases

A Provides new opportunities to test the reliability of our
evidence

I Observing the same effect in all databases increases its credibility ar
generalizability

A But results could be inconsistent for different reasons

30



F// Reasons for betweedatabase inconsistency

1. If populations are different, the treatment effect could be different
I Example: Comparing MDCD vs MDCR when the effect differs by age

I Could be due to unknown effect modifiers that we may not even be able to
observe

2. If data capture processes and health care systems are different, systematic error
could be different

I Example: One database might have more measurement error in the outcome

I Example: Prescribing behavior may differ between databases, causing differen
confounding by indication

4

i / 2dzdZ R KIS dzyly26y OFdzaSa GKFEG 6S R
We often cannot distinguish between these two causes
If we know with certainty consistency is high, both reasons must be ab




r Quantifying betweerdatabase consistency using
randomeffects metaanalysis
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F Network study as a sample of estimates

TR i
SEIYIRY R UL
NALLLRLLY ; %g HR = 1.9 (0.7 4.0)
HR = 1.8 (1.22.7) 1.9 -

QatabaseXr Mean =2.1 TIIIIIL
WL SRLRIEY)

HR = 2.5 (1.84.5) — HR = 2.1 (1.§3.1)



A

A Assumes true effects draw from a distribution with
I Mean ()
| Standard deviation ()

A Interpretation:

I tells us the average effect across databases
I Informs us on the heterogeneity (the inverse of consistency)

Random effects metanalysis

|
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F Random effects metanalysis

Sour ce Hazard (RBCi o
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Here ishigh R (12is the proportion of total variance explained k&

. P will increase as power goes up, so we prefe
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Sour ce

Random effects metanalysis
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F// LEGEND Hypertension 8LEGEND T2DM

Largescale Evidence Generation and Evaluation across a Network o
Databasesl(EGEND ) studies

A Compare all treatments for an indication
A For a large set of safety and effectiveness outcomes

A Across a network of databases
A Following OHDSI best practices

We will use the results of these studies to explore questions around
network studies

37



F// Computing In LEGEND

A LEGEND Hypertension:

I 20,053 targetcomparatoroutcomes (class level)
I 9 databases

A LEGEND T2DM:

I 746 targetcomparatoroutcomes (class level)
I 14 databases

A Remove estimates failing diagnostics

A Restricted to studies with 6 (Hypertension) or 9 (T2DM) databases
nassing diagnhostics

A Perform metaanalysis across databases for each TCO
A Take estimated (posterior) from each metanalysis
A Average acrosss

38



F Heterogeneity ILEGEND

LEGEND Hypertension LEGEND T2DM

5-

Overall, seems to be
low, at around 0.05
(95% of effects are

within £10% from the

w B
1 1
NS
1

mean)

Density
Density

N
1
N
1

Vertical lines are
estimates from
0- | ||| || ” | | 0- | ||| || | | | Cochrane Studies

0.0 0.4 0.8 1.2 0.0 0.4 0.8 1.2
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F* Heterogeneity |r|_EG END For negative controls ther

IS no true effect, so also n
effect heterogeneity. Onl
LEGEND T2DM systematic error can caus
heterogeneity.

LEGEND Hypertension

Negati ve cogut

. Qu.t co
Negati ve cl g tdr%.

To contrast, we select
outcomes of interest whert

the metaanalyses rejects
the null. Here we may
expect a true effect and

true effect heterogeneity

Interestingly, both have
identical distributions,
suggest there is little effe
heterogeneity

0.8
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- Accuracy| Precision | Consistenc

Within a
database

databases Q

Precision across databases
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V Increasing precision

A With a single database precision is fixed

A In a network study we can increase precision by including mor
databases

I Prospectively plan your network study to have sufficient power

42



F// OHDSI Evidence Network

A community effort to facilitate (=3 &S
collaborative research efforts and ensure S e

the quality and integrity of data across Clafms

the OHDSI network #= :@
Resource comprised of summary statistics of T
databases within the OHDSI network EFR

I Held securely at the OHDSI Coordinating &— g
Center &3

EHR

I Used to inform network studies

Patient level data does not |leave T EHR
participating site

Compliance with privacy and IRB regulations
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Data Source Country |type |Level |Count Data Source Country [type |Level Count

Ajou University School of Medicine Korea EHR IP,OPER2.7M Optum ClinFormatics USA Claims IP,OP,ER 99.3M
Clinical Hospital Center Zvezdara Serbia EHR IP,OP,ER618K Optum EHR USA EHR IP,OP,ER114.4M
Columbia University Irving Medical CenUSA EHR IP,OP,ER7M Optum Market Clarity USA EHR IP,OP,ER90M
Emory University USA EHR IP,OP,ER6.5M Papageorgiou General Hospital Greece EHR IPOP 1.4M
GUSTO Singapore Cohort SingaporiRegistnOP 2.6K Penn State Health USA EHR IP,OP,ER8.7TM
HealthPartners Institute USA EHR IP,OP,ER3.2M Premier USA Other IP,OP,ER 300M
IMRD EMIS UK EHR IPOP 5.1M Semmelweis University Hungary EHR IP,OP 1.9M
IQVIA Australia EMR Australia EHR OP 2.7M Seoul National Universiundang

IQVIA Belgium LPD Belgium EHR OP 1.1M Hospital Korea EHR IPOPER2.1M
IQVIA France DA France EHR OP 6.2M Seoul National University Hospital Korea EHR IP,OPER2.1M
IQVIA France LPD France EHR OP 17.4M SMGSNU Boramae Medical Center Korea EHR IP,OP,ER1M
IQVIA Germany DA GermanyEHR OP 40.8M Stanford University USA EHR IP,OP,ER3.8M
IQVIA LPD Spain Spain EHR OP 2.7M SUS Nexus Precision Data Brazii EHR IPOP 8.7M
IQVIA PharMetrics Plus USA Claims IP,OP,ER170.2M Taipei Medical University USA EHR IP,OP,ER3.6M
IQVIA US Hospital USA EHR IP,OPER113.1M Tufts University USA EHR IP,OP,ER3.9M
IQVIA US Open Claims USA EHR [IP,OP,ER330M University of Colorado Anschutz MC  USA EHR IP,OP,ER4.8M
JMDC Japan Claims IPOP 17.6M University of Massachusetts Chan MC USA EHR IP,OP,ER3.4M
Johns Hopkins University USA EHR IP,OPER2.2M University of Texas Southwestern USA EHR IP,OP,ER5.5M
Lancashire Teaching Hospitals NHS TrlUK EHR IP,OP,ER1.5M USC Keck Medical USA EHR IP,OP,ER883K
Merative CCAE USA Claims IP,OP,ER172.2M Veteran's Affairs USA EHR IP,OP,ER26.5M
Merative MDCD USA Claims IP,OP,ER36.1M Yonsei University Hospital Korea EHR IP,OP,ER6.4M
Merative MDCR USA Claims IP,OP,EF11.3M



F// Quantifying power in the OHDSI Evidence Network

A 4,911 ingredient concepts (across all indications) appear in at
least two databases

A For each database, we know the number of patients exposed
to each drug.

A From this we can approximate the minimum detectable
relative risk (MDRR) at power = 80% and alpha = 0.05

I Given the prevalence of the outcome
I Assuming we have a comparator of equal size
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F Computing minimum detectable relative risk

Tirzepatide Empagliflozin

| Patients MDRR _
Database 2 4730 6.18 Database 2 21600 2.35

15580 2.73 102,190 1.8
2,617,400 1.08 10,295,19C 1.04

Assuming the outcome is rare (1/1,000)

Computed this for all drugs and all databases
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F// Distribution of MDRRs in a mediusized database
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F‘ Distribution of MDRRS In a mediusized database
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MDRR < 2: can probably show clinically relevant effects

MDRR > 10: likely not informative




Distribution of MDRRSs In a mediustized database
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Comb

INing evidence across the network
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count

Dr ug

MDRR In the smallest and largest
database
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Entire 2 D% 2 D% 4 1% power for more drug
Lo

5 10 D 1 2 5 10 D
Mi ni mum detectable rel a-




count

Dr ug

MDRR In the smallest and largest
database

Single dat Medammeal ysi s

If the outcome Is very
Un ¢ o0 mnidg1n0)0 Ra r(¥1,0 0)0 Ver y (IWlia(® @)0O .
- o rare, even the entire
Dat abla ¢ 1.7% 9 450/>—| 0.1% o 82%  0.0% Xyl network is not enoug
to study many drugs

Dat a bdals 3 0% 5 H% 2 P% 624°/ﬂ 1 5% 7 13%
[ |
Entire 7 3% 9.1% 5 18% 2 D% We need a blgger
Nl C ommal 1 | | | network!

1 2 5 10 P 1 2 5 10 D
Mi ni mum detectable rel a-




Two types of precision

025 05 4 6810 0. 025 05 4 6810
Hazard rati o Hazard rati o

A Both metaanalytic estimate (the estimate of the effect) and
(the estimate of consistency) will have uncertainty

I Uncertainty around is essentially determined by the total number
of people in the study

I Uncertainty around is mostly driven by the number of databases
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F Uncertainty when sample is small

T T
Tearannt B ~—
NALLLRLLY ;%-g HR = 1.9 (0.7 4.0)
HR = 1.8 (1.22.7) 1.9 -

Qatabase) Mean =2.1 Iy

144 SD =03 #4444 44

How certain are we about the mean and standard deviation when

only have a sample of 4? (Also, each has uncertainty of itself)



F Random effects metanalysis

Sour ce Hazard (RBCi o

DatabaWd® &l)ai m&80(1.22266 —@—
Dat aba®®8 HHR 230(155340 ——
Dat abdbsuet cch)) EHR.01((068149 —@—
Databalker da Cl| &b h&@.340.713 —@—
Bayesian random &G062240¢ -l
U= 0.6 00.2 7;1.07 4

01 025 05 1 2 4 6810
Hazar d Ratio

Uncertainty around and are expressed as credible interva
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V Integrating and and their uncertainty:

the predicti

on Interval

At KS USNY WLINBRAOUGAZY AYUSNDI
to predict the possible underlying effect in a new studlyat is

similar to the studies in the me:

analysis.*

A Simplistically, it is centered onandhas3 $ / YO 0
A Includes the uncertainty around (number of persons) and

(number of databases)

* Cochrane handbook
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F Prediction interval examples

Sour ce Hazard (RBCi) o

Databad®e @&l)ai md80(1.22-26 6 —@—i
DatabalW8 8l)ai m830(1.55340 —@—
Databa(Bl& C€l)ai m300(1.3529%9 —@—
Databa(W8& ©Ol)ai m$85(1.252.714 —@—
Bayesian randobo (5 @263 <P
U=0.1 200.0 0-0.4 4

Prediction interv(l7-332 —

01 02505 1 2 4 6810
Hazar d Ratio

High consistency, high precision, so narrow prediction inter




F Prediction interval examples

Sour ce Hazard (RBCi) o

Databad®e @&l)ai md80(1.22-26 6 —@—i
DatabalW8 8l)ai m830(1.55340 —@—
Databa(Bl& C€l)ai m300(1.3529%9 —@—
Databa(W8& ©Ol)ai m$85(1.252.714 —@—
Bayesian randobo (5 @263 <P
U=0.1 200.0 0-0.4 4

Prediction interv(l7-332 —

01 02505 1 2 4 6810
Hazar d Ratio

Both the prediction interval and metanalytic estimate agree there

an effect, meaning a future study Is predicted to agree.




F Prediction interval examples

Sour ce Hazard (RBCi o

Dat aba(l8& ¢&l)ai mé50 (370547 H@H
Dat abdbkS HHR 700 (5.7585 2 @
Dat abaBwet dh ) EHR50 (2.06 3.04 @

Dat abalKKer &a €I 85 0n®.2 8090 ——

Bayesian rando®s el 253% —l
U=0.8 40.4 7-1.3 0

Prediction interv@3831835)5

01 02505 1 2 4 6 810
Hazard Ratio

Low consistency so wide prediction interval
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P

Prediction interval examples

Sour ce Hazard (RBCi o

Dat aba(l8& ¢&l)ai mé50 (370547 H@H
Dat abdbkS HHR 700 (5.7585 2 @
Dat abaBwet dh ) EHR50 (2.06 3.04 @

Dat abalKKer &a €I 85 0n®.2 8090 ——

Bayesian rando®s el 253% —l
U=0.8 40.4 7-1.3 0

Prediction interv@3831835)5

01 02505 1 2 4 6 810
Hazard Ratio

The metaanalytic estimate shows an increased risk, but th

LINBRAOGAZ2Y AYUSNWIt &adza3sSa
might show, which could even be a decreased risk!
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F// The value of the prediction interval

A When we have a tight prediction interval, we expect that any
conclusion we draw from the prediction interval would not be change
by the next study. In other words: we expdutjh replicability

A When the prediction interval is wide, we may have learned somethin
but are less confident the result can be replicated

A You can get a tight prediction interval by having high precision of
(many patients), high precision oflmany databases), and low
(consistency)

A If there is inconsistency that mostly stems from residual systematic
error, simulations show the prediction interval has better coverage
than the confidence interval

A We should always report the prediction interval
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- Accuracy| Precision | Consistenc

Within a
database

databases

Accuracy across databases
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F// Ensuring accuracy across databases

A OHDSI best practices aim to reduce bias within each database
as much as possible

A When estimates are consistent across databases, it is unlikely
there are databasapecific residual biases

A This evidence becomes stronger when the databases are mor
diverse

I Observing consistency across US claims databases is less informati
than observing consistency across claims, EHRs, and different
countries
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Diversity across the OHDSI Evidence Network

Ajou University School of Medicine Korea EHR IP,OPER2.7M Optum ClinFormatics USA Claims IP,OP,ER 99.3M
Clinical Hospital Center Zvezdara Serbia EHR IP,OP,EFR618K Optum EHR USA EHR IPOPER114.4M
Columbia University Irving Medical CenUSA EHR IP,OPEF7M Optum Market Clarity USA EHR IP,OP,ER90M
Emory University USA EHR |IP,OP,ER6.5M Papageorgiou General Hospital Greece EHR IPOP 1.4M
GUSTO Singapore Cohort SingaporiRegistnOP 2.6K Penn State Health USA EHR IP,OP.ER8.7TM
HealthPartners Institute USA EHR IP,OP,ER3.2M Premier USA Billing IP,OP,ER 300M
IMRD EMIS UK EHR IPOP 5.1M Semmelweis University Hungary EHR IP,OP 1.9M
IQVIA Australia EMR Australia EHR OP 2.7M Seoul National Universiundang

IQVIA Belgium LPD Belgium EHR OP 1.1M Hospital Korea EHR IPOPER2.1M
IQVIA France DA France EHR OP 6.2M Seoul National University Hospital Korea EHR IPOPER2.1M
IQVIA France LPD France EHR OP 17.4M SMGSNU Boramae Medical Center Korea EHR |IP,OPER1M
IQVIA Germany DA GermanyEHR OP 40.8M Stanford University USA EHR IP,OPER3.8M
IQVIA LPD Spain Spain EHR OP 2.7M SUS Nexus Precision Data Brazii EHR IPOP 8.7M
IQVIA PharMetrics Plus USA Claims IP,OP,EF170.2M Taipei Medical University USA EHR IP,OPER3.6M
IQVIA US Hospital USA EHR IPOPER113.1M Tufts University USA EHR IP,OPER3.9M
IQVIA US Open Claims USA EHR IP,OP,ER330M University of Colorado Anschutz MC  USA EHR IP,OP.ER4.8M
JMDC Japan Claims IPOP 17.6M University of Massachusetts Chan MC USA EHR IP,OP,ER3.4M
Johns Hopkins University USA EHR IP,OPEFR2.2M University of Texas Southwestern USA EHR IP,OP,ER5.5M
Lancashire Teaching Hospitals NHS TrlUK EHR |IP,OPEF1.5M USC Keck Medical USA EHR IP,OP,ER 883K
Merative CCAE USA Claims IP,OP,EF172.2M Veteran's Affairs USA EHR IP,OP,ER26.5M
Merative MDCD USA Claims IP,OP,ER36.1M Yonsei University Hospital Korea EHR |IPOPER6.4M
Merative MDCR USA Claims IP,OP,EF11.3M



F// Measuring diversity in the OHDSI evidence network

A Computing average similarity based on aggregate statistics:
I demographics: age/sex
I longitudinality(observation period length)
I Visit composition (inpatient/outpatient/emergency room)
I condition prevalence
I drug era prevalence

A This can be computed from data collected for Database
Diagnostics

A These were collected for all databases in @idDSI Evidence
Network
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Database similarity in the OHDSI Evidence Network
m ———————— | [ [T—r
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F Measure bias similarity by comparing unadjusted estimates

rati o Mer ati v

Hazard

0.5-

025

0.2 5

LEGEND T2DM

Standar e« eQd4r or

0.5
Hazard

1

2 4
rati o Mer a

Target: DPPA4
Comparator: SU
Outcome: Ingrowing nail

Merative CCAE: HR =1.02 (0.93.13)
Merative MDCR: HR =0.98 (0.8%.13)

Unadjusted estimates, so reflecting

biases In each database
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F Measure bias similarity by comparing unadjusted estimates

LEGEND T2DM

i Standar ¢ ed4r or

i Target: GLP1RA

= ° Comparator; SU

c e Outcome: Melena

oo Merative CCAE: HR = 2.00 (1.59.51)

s Merative MDCR: HR = 2.35 (1.28.39)
. Unadjusted estimates, so reflecting

025 05 1 2 ! biases in each database

Hazard rati o Mer a
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F Measure bias similarity by comparing unadjusted estimates

LEGEND T2DM

Standar e e104 07

4- Target: GLP1RA
Comparator: SGLT2I
2 Outcome: Nicotine dependence

rati o Mer ati v

o Merative CCAE: HR =0.89 (0.#4.006)
Merative MDCR: HR = 2.38 (1.08.406)

0.5-

Hazard

025 Unadjusted estimates, so reflecting
025 05 1 2 ; biases In each database

Hazard rati o Mer a
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F Computing bias correlation

We can compute the

LEGEND T2DM correlation between
unadjusted estimates to

i Standar < ed4r r>=04 ) ) o i
- estimate bias similarity
= 4 Correla9ion
= : We use a correlation
° WS, measure that accounts fo
- PCR A the uncertainty (standard
m .~." o. [ .
- e SRt o error) of each estimate
© RS L
@ el Here we see high
N 05 “ . -
° ' correlation between two U
e -
claims databases
025
025 05 1 2 4

Hazard rati o Mer a




Understanding heterogeneity

LEGEND T2DM

S Standar e« eQédr r>=0.4
g- 4- |ICorrel-a88 on
We see slightly lower
o -
- " e correlation between a US
l'é e v claims and a US EHR
) database
ge) 1-
o N
;1 0.5- . .
T 1 ’,‘.
025 o
025 0.5 1 2 4

Hazard rati o Mer a




F Understanding heterogeneity

LEGEND T2DM

<

a Standar ¢ ex4r r>=04

<

S 4- [Correkation

@

o 2- . ]

= .o. .ﬁ.. L

] .o.o..i-.:

—_ 1 .. ..":.

.o:":.oﬁ“

s

o 2 °
Y

| - @ ( ]

© 05- -

N

©

T

025

025 0.5 1 2 4
Hazard rati o Mer a

We see even lower
correlation between a US
claims and a German EH

database

It seems databases with
similar characteristics hav
more similar effect
estimates



Computing a bias similarity matrix

X

Correlation unad)]

R - G0 0 0, % % % e,

: ; R, T Ay Vi Vi, Vi s, Ry,

= ] 7 e, © © 1)

C g’ D 7 ’%OOO NS

T ® % Y’:S\

D250'25 o5 1 2 4 '

Hazar rati o er a 04 1_US Ope n Cl ai ms

. 050-1 QVI A DA Ger manyv

E Standar - e@r =04 CO rr e I

g-bon 0.6 O-I QVI A MRD l 1.0

. 061-Mer ati ve M| 0.9

° v “ . 0.8

- -Mer ati ve M

205- .:“, 07

o Lal. -Mer ati ve Ci 06
049-Optum Cl i nft 0.5

. 058-Optum EHR

O 0.410500.6 00.6 -Vet erans Affairs
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Comparing characteristic similarity to
effect estimate similarity

Characteristics Correlation unad)|
% @) % Q
© yo) © yo)
Co % Co b %
®O (70 ©b %» %» ‘%» O)Q %Y‘ Q ’(VO ’Ob%» O %» O)Q. %Yé)
R, T Ay, iy Vi i e By R, T Ty i, Vi, Wi g Ry A
» Q. e, o, ke %, b QY e, e, ke B, Ry, Vs
CQ % ﬁb N7 Cb % ’3 3 Q@’% ﬁb’@ 7 Cb’%%2X‘ﬂ%.
% % G G R He % ’xw %%%‘%O@oﬁw%%

05105305205

Simil a Correl
1.0 0.6 0- | QV| A MRD L 1.0
061-Mer ati ve MI 0.9
0.8 0
-Mer ati ve MI '
0.6 0.7
-Mer ati ve C( 06
0.4 _
049-Optum CIl inf 0.5 C

058-Optum EHR

0.4 10.5 00.6 00.6 -Vet erans Affairs

Pearson correlation between measures: 0.46
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How diverse waEEGEND T2DM?

LEGEND T2DM

051053052
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Sour ce

Trust the network
GLP1RA vs SU for Hypotension

Hazard (RBCIi) o

Optum EHR

1.71(1.28229

e

01 025 05 1 2

Haz ar d

4 6810
Rati o

s



P

Trust the network
GLP1RA vs SU for Hypotension

Sour ce Hazard (RBCIi o

Optum EHR 1.71 (128229
Optum Clinfor maq5 (©6.85120

Bayesian randoh2e&e®D5 221k
U=0.4 200.0 509 3

Prediction interv(@3834890

01

025 05 1 2
Hazard

4 6 810
Rati o
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Trust the network
GLP1RA vs SU for Hypotension

Sour ce Hazard (RBCi) o

Optum EHR 171128229 —@—
Optum Clinfor m@&ad5 0.851.20 @
Mer ati ve MDCD 122(0.732013 ——
Mer ati ve MDCR 111 (065189 —i—
US Open Cl ai msl1l00(093109 ®
Bayesian randoml 208 &ta&} o
U=0.2 40.0 3057

Prediction i nterv@b723§

01

025 05 1 2
Hazard

4 6 810
Rati o
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Studies Results
S — LI X
@ — L) X
&% — p<.05
S — LI X
e — LJ X
a@ — p<.05
S — LI X
e — LJ X
o — p<.05
E_I_;—>LJ X

Meta-analysis of literature

Actions Papers Meta-analysis
B _:
Prp— I{= -
72— 66% of significant meta
- analysis estimates become
o (@ e
= _.@,)\ non-significant when
N adjusting for publication
I@ ~ R bias*
-2
- (B
LN *Yang, Y. Sanch@pjat | ®3 he@d. BubliEation Bi&s inpacts
= on effect size, statistical power, and magnitude (Type M) and sign (
N L2 S) errors in ecology and evolutionary bioldgiC BioR1, 71 (2023).

https://doi.org/10.1186/s12915022-01485y
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Meta-analysis of a network study

Studies Results Meta-analysis

S — L) x PAp

e — L) K PAPp

&% . P05 — A network study is more likel

Sm L) X b p to mco_rpqrgte null findings
from individual database

@ — LJ X -GP-F_p..@

a@ — p<.05 —

oA N L This suggests a more unbias

a@ — LI x ©Ap (accurate) estimate

o — p<.05 —
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LEGEND T2DM

Trust the network

[AII databases nerﬂ
significant

databases with opposite
significant effects

[>: 1 databases significa}wt [

Based on 191 of 746 TCOs that have >

databases passing diagnostics
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LEGEND T2DM

Trust the network

[

Meta-analysis ]
non-significant

Meta-analysis }
significant

Based on 191 of 746 TCOs that have >

databases passing diagnostics
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LEGEND T2DM

Trust the network

[ Prediction interva“
non-significant

Prediction intervaq
significant

Based on 191 of 746 TCOs that have >

databases passing diagnostics

84



LEGEND T2DM

Based on 191 of 746 TCOs that have >
databases passing diagnostics

Trust the network

LEGEND Hypertension

Based on 2,231 of 20,053 TCOs that ha
>= 2 databases passing diagnostics
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- Accuracy| Precision | Consistenc

Within a
database

databases

Summary
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V Summary

Network studies add value in 3 dimensions:

A Consistency
I We can quantify consistency aswhich comprises effect heterogeneity and
differential systematic error

I A consistent estimate is oftemore reliable

A Precision
I To increase precision aroundand we need more patients and more databases

I The prediction interval can summarizeand and their uncertainties

A Accuracy
I Observing consistency in a more diverse database network strengthens our belief
that the result is accurate
I Often a single database will disagree with the matalysis, so we should focus on
the metaanalysis .
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What It takes to do cancer
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Bvidencefor the treatment of metastatic bladder cancer
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How do we treat ..

Stages of Bladder Cancer

Stage O
Precancerous lesions
on inner lining

Stage I
Cancerous tumor have spread
into connective tissue layer

Stage 11
Tumors have spread
into muscular wail

Stage II1

Cancer has storted to spread

into local or regional organs,
or into pelvic lymph nodes

Stage IV
Cancer has spread
to major organs




European Association of Urology
2023 Guideline

Treated in the last 12 months?

No Yes —
Cisplatin eligible?
— Yes No _l
Carboplatin eligible?
Yes /™ No — PDL1 eligible?
I I 1
Yes No

A 4 * + |
AGemcitabinecisplatin APembrolizumab ABest supportive care
ANivolumabgemcitabine AGemcitabinecarboplatin AAtezolizumab

cisplatin ArAvelumab maintenance

AMVAC

ADDMVAC with growth factor
ApAvelumab maintenance




European Association of Urology
2023Guideline

Treatment
recommendations are
based on decades of RCT
research

AJ Clin Oncol 1992

AJ Clin Oncol 1990

AJ Clin Oncol 2000

AJ Clin Oncol 2001

AJ Clin Oncol 2004

ACancer 2004 AJ Clin Oncol 2009 ALancet 2017

AJ Clin Oncol 2005 AN Engl J Me#020 ALancetOnc2017

APembrolizumab
AGemcitabinecarboplatin AAtezolizumab
ArAvelumab maintenance

AGemcitabinecisplatin

ANivolumabgemcitabine
cisplatin

AMVAC

ADDMVAC with growth factor

ApAvelumab maintenance




ORIGINAL ARTICLE

Pivotal Study for New Regimen

The NEW ENGLAND
JOURNAL of MEDICINE

Enfortumab Vedotin and Pembrolizumab in
Untreated Advanced Urothelial Cancer

Published March 6, 2024

-

Patient population

* Previously untreated
la/mUC

+ Eligible for platinum,
EV, and P

*» PD-(L)1 inhibitor
naive

* GFR 230 mL/min’

« ECOG PS <2t

-

N=886

EV + Pembrolizumab

No maximum treatment cycles for EV,
maximum 35 cycles for P

Treatment until disease progression per
BICR, clinical progression, unacceptable
toxicity, or completion of maximum cycles

Chemotherapy?#
(Cisplatin or carboplatin + gemcitabine)
Maximum 6 cycles

Progression-free Survival
1004,

90
80
70-
60
50
40
30
20
10+

0

Percentage of Patients

Enfortumab vedotin—
pembrolizumab

~ Chemotherapy

0

Overall Survival
100,

Percentage of Patients

90
80
70+
60
50+
40
30+
20
104

T T T T : T T T T T T T 1
10 12 14 16 18 20 22 24 26 28 30 32 3¢

Months
L.~ _69 Enfortumab vedotin—
1k pembrolizumab

! [ B G
) [ i 1Y TR
oy ' v !

Chemo;tli'{;éigm‘ww

0
0

1 i I I ; I I I 1 1 I I
10 12 14 16 18 20 22 24 26 28 30 32
Months

T
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S {idzNYy S
Metastaticbladdercancer

Treated in the last 12 months?

— Yes

y

AGemcitabinecisplatin
ANivolumabgemcitabine

cisplatin
AMVAC

ADDMVAC with growth factor

ApAvelumab maintenance

ArAvelumab maintenance

No Yes —
Cisplatin eligible?
No _l
Carboplatin eligible?
Yes /™ No — PDL1 eligible?
I I 1
Yes No
v 4
APembrolizumab ABest supportive care
AGemcitabinecarboplatin AAtezolizumab




¥ European Association of Urology
40 |2024|Guideline

Treated in the last 12 months?

NE}N. armin Combination therapy eligible? No Yes
decision tree. [
Yes
v
Enfortumab eligible?
——— Yes ' No —
Cisplatin eligible?
Carboplatin eligible?
PDL1 eligible?
AEnfortumab : :
vedotin AGemcitabinecisplatin - _ APembrolizumab ABest supportive care
_ ANivol b itabi AGemcitabinecarboplatin AAtezolizumab
cisplatin pAvelumab maintenance
AMVAC

ADDMVAC with growth factor
ApAvelumab maintenance




But that is not enough:

Metastaticbladdercancer

Treated in the last 12 months?

Combination therapy eligible? No
Yes |
v
Enfortumab eligible?
Yes |
72 First-line systemic therapy for metastatic disease

In general, patients with untreated metastatic UC can be divided into two broad categories: eligible for
combination therapies or ineligible for combination therapies. The distinction between the two groups is
currently based on the eligibility criteria for the pivotal trial EV-302/KEYNOTE 39A and is likely to undergo
changes in the near future based on results from real-world evidence investigations.

Association
AEnfortumab © European Association of Urology 2024 of Urology

vedotin
pembrolizumab




What are the questions?

A

Dr. Elizabeth Heath, Mayo Clinic:
Ga¢KAa Aa UAYSEée 0SSOl
FN2Y AU | YR &K?2d

EAU Guideline office
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___ The guideline asks for evidence from
| §id RWE to refine the treatment
decision.

We shouldbe answering!




Population size in the RCT treatment

Metastaticbladdercancer

arm used to generate evidence |

Treated in the last 12 months?

No

Combination therapy eligible?

Yes |

v

Enfortumab eligible?

Yes

/x e NEW ENGLAND
! <

%)) JOURNAL of MEDICINE )
Enfortumab Vedotin and Pembrolizumab in P atients
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