
Why network studies are necessary to 
improve trust in evidence



What is reliable evidence?
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It's 2025: let's just ask a LLM!
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"Reliable evidence" according to Gemini
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"In medicine, reliable evidence isinformation 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, peer-reviewed 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/Pre-appraised):
Å Systematic reviews and meta-analyses:Considered the strongest evidence, 

these studies use rigorous, systematic methods to identify, appraise, and 
summarize all relevant studies on a specific clinical question. A meta-analysis 
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):
Å Randomized controlled trials (RCTs):Often called the "gold standard" for 

evaluating interventions, RCTs randomly assign participants to an 
experimental group (e.g., receiving a new drug) or a control group (e.g., 
receiving a placebo). Randomization minimizes bias by ensuring the groups 
are comparable at the start of the trial.

Å Cohort studies:In these observational studies, researchers follow a group of 
people over time to see what factors are linked to a specific outcome. They 
are useful for understanding risk factors.
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To be the best, you  got to learn from thebest



! ǿƻǊƪƛƴƎ ŘŜŦƛƴƛǘƛƻƴ ƻŦ ΨǊŜƭƛŀōƭŜ ŜǾƛŘŜƴŎŜΩ 

ÅΨwŜƭƛŀōƭŜ ŜǾƛŘŜƴŎŜΩ Ґ accurate, precise, and consistent estimate 
of average treatment effect of an exposure in the population of 
interest

ïAccurate = low probability and small magnitude of bias 

ïPrecise = high certainty around effect estimate

ïConsistent = little heterogeneity in estimates across network



Why network studies?

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

Å A study protocol is collaboratively developed to define the research question and pre-specify all analytic design 
decisions

o Target Exposure, Comparator(s), Outcome definition(s), Time-at-risk window(s), Statistical modeling parameters, Diagnostics and 
unblinding decision criteria

Å A study package is developed thatimplementsthe study protocol specification using standardized analytics tools

Å Participating sourcesexecute the study package against their standardized patient-level data to generate a 
collection of standardized aggregate summary statistics

Å A study coordinatorcompiles the aggregate summary results centrally from across the distributed data network

Å A meta-analysis is performed to combine results from the network and synthesize the evidence into a more 
precise estimate of the effect

Å The study team collaboratively interprets, summarizes and disseminates the evidence
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Since our OHDSI Eye Care and Vision Research WG is so active, 
today we will run a refraction test...



ÅYou 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 will 
have a description 

(country and data type) 

Each study will have a 
random-effects meta-

analysis

You will be asked to 
compare two studies and 

answer the question:
ά²ƘƛŎƘ ǎǘǳŘȅ Řƻ ȅƻǳ ǘƘƛƴƪ 

provides more reliable 
ŜǾƛŘŜƴŎŜΚέ

Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

1.0 1.1 1.2 1.3 1.4 1.50.1 0.250.5 1 2 4 6810

Hazard Ratio



Which study do you think provides more reliable evidence?

Source

Database A (US claims)

1.0 1.1 1.2 1.3 1.4 1.50.1 0.250.5 1 2 4 6810

Hazard Ratio

Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

1.0 1.1 1.2 1.3 1.4 1.50.1 0.250.5 1 2 4 6810

Hazard Ratio

Study 1 Study 2





Which study do you think provides more reliable evidence?

Source

Database A (US claims)

Database E (US EHR)

Database F (Dutch EHR)

Database G (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Study 2 Study 3



Which study do you think provides more reliable evidence?

Source

Database A (US claims)

Database E (US EHR)

Database F (Dutch EHR)

Database G (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Source

Database H (US claims)

Database I (US EHR)

Database J (Dutch EHR)

Database K (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Study 3 Study 4



Source

Database N (US claims)

Database O (US claims)

Database P (US claims)

Database Q (US claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Which study do you think provides more reliable evidence?

Source

Database L (US claims)

Database M (US claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Identical estimates

Study 5 Study 6



Which study do you think provides more reliable evidence?

Source

Database V (US claims)

Database W (US EHR)

Database Z (Dutch EHR)

Database Y (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Source

Database R (US claims)

Database S (US EHR)

Database T (Dutch EHR)

Database U (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Study 7 Study 8



Which study do you think provides more reliable evidence?
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Source

Database 4 (Korea Claims)

Database 3 (Dutch EHR)

Database 2 (US EHR)

Database 1 (US claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Source

Database 1 (US claims)

Database 2 (US EHR)

Database 3 (Dutch EHR)

Database 4 (Korea Claims)

Bayesian random effects

1.0 1.2 1.4 1.6 0.1 0.250.5 1 2 4 6810

Hazard Ratio

Study 9 Study 10



Value of a network study
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Properties of evidence

ÅAccuracy: Extent to which our estimates are unbiased 
(systematic error) 

ÅPrecision: Magnitude of statistical power (random error, 
expressed as the width of confidence intervals)

ÅConsistency: Level of agreement of estimates across different 
populations (heterogeneity of treatment effects) and designs 
(sensitivity analyses)
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Properties of evidence within and across databases
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We will discuss each property as it applies to a single database, 
and across a network of databases

Accuracy Precision Consistency

Within a 
database

Across 
databases



Accuracy within a database
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Accuracy Precision Consistency

Within a 
database

Across 
databases



We have done much to improve accuracy

ÅAdvanced methods to minimize bias

ïLarge-scale propensity scores (LSPS)

ïSelf-controlled case series with spline adjustments

ÅObjective diagnostics to detect and blind biased results
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We have done much to improve accuracy

ÅAdvanced methods to minimize bias

ïLarge-scale propensity scores (LSPS)

ïSelf-controlled case series with spline adjustments

ÅObjective diagnostics to detect and blind biased results

ÅEmpirical calibration to account for residual bias

22



Precision within a database
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Accuracy Precision Consistency

Within a 
database

Across 
databases



Precision in a single database

ÅPrecision is expressed by the width of our confidence intervals

ÅWe also compute the minimum detectable relative risk (MDRR)

Å²Ŝ ŀƎǊŜŜ ǿƛǘƘ IŜǊƴłƴ ǘƘŀǘ ŜǾŜƴ ΨǳƴŘŜǊǇƻǿŜǊŜŘΩ ǎǘǳŘƛŜǎ Ŏŀƴ 
inform on the magnitude of the effect

ÅPrecision is fixed, because our data has already been collected

24



Consistency within a database
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Accuracy Precision Consistency

Within a 
database

Across 
databases



Consistency within a database

ÅConsistency across subgroups 

ïheterogeneity of treatment effects

ÅConsistency across design variants

ïsensitivity analyses (robustness)

26



Evaluating consistency across subgroups

ÅSeveral OHDSI efforts to understand heterogeneity of 
treatment effects

ÅHere, consistency between subgroups is neither good nor bad

27

Dƻ ǎŜŜ Iǎƛƴ ¸ƛ ό/ƛƴŘȅύΩǎ 
Lightning talk in Session 2!



Evaluating consistency across design variants

ÅWe often run multiple design variants to answer the same 
question

ïCohortMethod vs SelfControlledCaseSeries

ïDifferent times at risk

ïEtc.

ÅWe are assured when estimates are consistent

ÅWe become wary when different analysis choices yield 
different estimates

ï¢ƘŜȅ ŎŀƴΩǘ ŀƭƭ ōŜ ǊƛƎƘǘΦ !ǊŜ ǎƻƳŜ ōƛŀǎŜŘΚ

28

Go see {ƘƻǳƴŀƪΩǎ poster! 
(poster 210)



Consistency across databases
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Accuracy Precision Consistency

Within a 
database

Across 
databases



Between-database consistency

Evaluating consistency between databases

ÅProvides new opportunities to test the reliability of our 
evidence

ïObserving the same effect in all databases increases its credibility and 
generalizability

ÅBut results could be inconsistent for different reasons

30



Reasons for between-database inconsistency

1. If populations are different, the treatment effect could be different

ï Example: Comparing MDCD vs MDCR when the effect differs by age

ï 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

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

ï Example: Prescribing behavior may differ between databases, causing different 
confounding by indication

ï /ƻǳƭŘ ƘŀǾŜ ǳƴƪƴƻǿƴ ŎŀǳǎŜǎ ǘƘŀǘ ǿŜ ŘƻƴΩǘ ƻōǎŜǊǾŜ

We often cannot distinguish between these two causes

31

If we know with certainty consistency is high, both reasons must be absent
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Source

Database A (US claims)

Database H (US EHR)

Database I (Dutch EHR)

Database J (Korea Claims)

Bayesian random effects

Ű = 0.60 (0.27 - 1.07)

Hazard Ratio (95% CI)

1.80

2.30

1.01

0.50

1.20

(1.22 - 2.66)

(1.55 - 3.40)

(0.68 - 1.49)

(0.34 - 0.74)

(0.61 - 2.40)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

0.1 0.25 0.5 1 2 4 6810

Hazard ratio

Quantifying between-database consistency using 
random-effects meta-analysis



Network study as a sample of estimates
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Database A

Database D

Database B

Database C

HR = 1.8 (1.2 ς 2.7)

HR = 2.5 (1.3 ς 4.5)

HR = 1.9 (0.7 ς 4.0)

HR = 2.1 (1.5 ς 3.1)

HR 
1.8 
2.5
1.9 
2.1 

Mean  = 2.1
SD  = 0.3 



0.1 0.25 0.5 1 2 4 6810

Hazard ratio

Random effects meta-analysis

ÅAssumes true effects draw from a distribution with 

ïMean ( )

ïStandard deviation ()

ÅInterpretation:

ï  tells us the average effect across databases

ï  informs us on the heterogeneity (the inverse of consistency)

34



Random effects meta-analysis
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Source

Database A (US claims)

Database H (US EHR)

Database I (Dutch EHR)

Database J (Korea Claims)

Bayesian random effects

Ű = 0.60 (0.27 - 1.07)

Hazard Ratio (95% CI)

1.80

2.30

1.01

0.50

1.20

(1.22 - 2.66)

(1.55 - 3.40)

(0.68 - 1.49)

(0.34 - 0.74)

(0.61 - 2.40)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

(I2 is the proportion of total variance explained by 
. I2 will increase as power goes up, so we prefer ) 

Here  is high



Random effects meta-analysis

Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

Ű = 0.12 (0.00 - 0.44)

Hazard Ratio (95% CI)

1.80

2.30

2.00

1.85

1.97

(1.22 - 2.66)

(1.55 - 3.40)

(1.35 - 2.96)

(1.25 - 2.74)

(1.50 - 2.64)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

36

Higher consistency, so lower  



LEGEND Hypertension & LEGEND T2DM

Large-scale Evidence Generation and Evaluation across a Network of 
Databases (LEGEND ) studies 

ÅCompare all treatments for an indication

ÅFor a large set of safety and effectiveness outcomes

ÅAcross a network of databases

ÅFollowing OHDSI best practices

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

37



Computing  in LEGEND   

ÅLEGEND Hypertension: 
ï20,053 target-comparator-outcomes (class level)
ï9 databases

ÅLEGEND T2DM: 
ï746 target-comparator-outcomes (class level)
ï14 databases

ÅRemove estimates failing diagnostics
ÅRestricted to studies with 6 (Hypertension) or 9 (T2DM) databases 

passing diagnostics
ÅPerform meta-analysis across databases for each TCO
ÅTake estimated  (posterior) from each meta-analysis
ÅAverage across s

38



Heterogeneity in LEGEND

LEGEND  T2DMLEGEND Hypertension Overall,  seems to be 
low, at around 0.05 
(95% of effects are 

within ±10% from the 
mean)

Vertical lines are  
estimates from 

Cochrane studies
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Heterogeneity in LEGEND

LEGEND  T2DMLEGEND Hypertension

For negative controls there 
is no true effect, so also no 
effect heterogeneity. Only 
systematic error can cause 

heterogeneity.

To contrast, we select 
outcomes of interest where 
the meta-analyses rejects 

the null. Here we may 
expect a true effect and 
true effect heterogeneity

Interestingly, both have 
identical  distributions, 

suggest there is little effect 
heterogeneity
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Precision across databases

41

Accuracy Precision Consistency

Within a 
database

Across 
databases



Increasing precision

ÅWith a single database precision is fixed

ÅIn a network study we can increase precision by including more 
databases

ïProspectively plan your network study to have sufficient power

42



OHDSI Evidence Network

A community effort to facilitate 
collaborative research efforts and ensure 
the quality and integrity of data across 
the OHDSI network

Resource comprised of summary statistics of 
databases within the OHDSI network
ïHeld securely at the OHDSI Coordinating 

Center
ïUsed to inform network studies

Patient level data does not leave 
participating site 

Compliance with privacy and IRB regulations

43

OHDSI
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EHR
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EHR
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EHR
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Claims

EHR

EHR



OHDSI Evidence Network

Data Source Country
Data 
type

Care 
Level

Patient 
Count

Ajou University School of Medicine Korea EHR IP,OP,ER2.7M
Clinical Hospital Center Zvezdara Serbia EHR IP,OP,ER618K
Columbia University Irving Medical CenterUSA EHR IP,OP,ER7M
Emory University USA EHR IP,OP,ER6.5M
GUSTO Singapore Cohort SingaporeRegistryOP 2.6K
HealthPartners Institute USA EHR IP,OP,ER3.2M
IMRD EMIS UK EHR IP,OP 5.1M
IQVIA Australia EMR Australia EHR OP 2.7M
IQVIA Belgium LPD Belgium EHR OP 1.1M
IQVIA France DA France EHR OP 6.2M
IQVIA France LPD France EHR OP 17.4M
IQVIA Germany DA GermanyEHR OP 40.8M
IQVIA LPD Spain Spain EHR OP 2.7M
IQVIA PharMetrics Plus USA Claims IP,OP,ER170.2M
IQVIA US Hospital USA EHR IP,OP,ER113.1M
IQVIA US Open Claims USA EHR IP,OP,ER330M
JMDC Japan Claims IP,OP 17.6M
Johns Hopkins University USA EHR IP,OP,ER2.2M
Lancashire Teaching Hospitals NHS TrustUK EHR IP,OP,ER1.5M
Merative CCAE USA Claims IP,OP,ER172.2M
Merative MDCD USA Claims IP,OP,ER36.1M
Merative MDCR USA Claims IP,OP,ER11.3M

Data Source Country
Data 
type

Care 
Level

Patient 
Count

Optum ClinFormatics USA Claims IP,OP,ER99.3M
Optum EHR USA EHR IP,OP,ER114.4M
Optum Market Clarity USA EHR IP,OP,ER90M
Papageorgiou General Hospital Greece EHR IP,OP 1.4M
Penn State Health USA EHR IP,OP,ER8.7M
Premier USA Other IP,OP,ER300M
Semmelweis University Hungary EHR IP,OP 1.9M
Seoul National University Bundang 
Hospital Korea EHR IP,OP,ER2.1M
Seoul National University Hospital Korea EHR IP,OP,ER2.1M
SMG-SNU Boramae Medical Center Korea EHR IP,OP,ER1M
Stanford University USA EHR IP,OP,ER3.8M
SUS Nexus Precision Data Brazil EHR IP,OP 8.7M
Taipei Medical University USA EHR IP,OP,ER3.6M
Tufts University USA EHR IP,OP,ER3.9M
University of Colorado Anschutz MC USA EHR IP,OP,ER4.8M
University of Massachusetts Chan MC USA EHR IP,OP,ER3.4M
University of Texas Southwestern USA EHR IP,OP,ER5.5M
USC Keck Medical USA EHR IP,OP,ER883K
Veteran's Affairs USA EHR IP,OP,ER26.5M
Yonsei University Hospital Korea EHR IP,OP,ER6.4M



Quantifying power in the OHDSI Evidence Network

Å4,911 ingredient concepts (across all indications) appear in at 
least two databases

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

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

ïGiven the prevalence of the outcome

ïAssuming we have a comparator of equal size

45



Computing minimum detectable relative risk

Patients MDRR

Database 21 4,730 6.18

Database 30 15,580 2.73

Entire network 2,617,400 1.08

46

Patients MDRR

Database 21 21,600 2.35

Database 30 102,190 1.48

Entire network 10,295,190 1.04

Tirzepatide Empagliflozin

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

Computed this for all drugs and all databases



Distribution of MDRRs in a medium-sized database
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Distribution of MDRRs in a medium-sized database
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6.0% 83.2%
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MDRR < 2: can probably show clinically relevant effects
MDRR > 10: likely not informative



Distribution of MDRRs in a medium-sized database
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Combining evidence across the network
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1.7% 94.6%

2.4% 90.0%

2.1% 96.2%

3.6% 89.8%

3.2% 95.2%

6.9% 83.0%

6.7% 86.7%

8.3% 83.8%

9.8% 80.4%

9.5% 80.8%

9.0% 84.8%

8.7% 87.0%

10.6% 81.2%

10.9% 78.3%

13.0% 75.6%

13.0% 76.6%

13.8% 74.5%

13.2% 80.0%

15.4% 75.5%

16.1% 75.3%

16.5% 71.7%

16.4% 72.6%

16.0% 77.6%

17.7% 73.1%

18.6% 67.5%

17.7% 70.1%

18.8% 69.0%

19.6% 68.7%

19.4% 72.4%

19.1% 70.8%

22.0% 67.7%

22.6% 68.2%

19.6% 77.4%

25.9% 65.8%

26.5% 61.8%

26.6% 63.7%

27.6% 62.8%

26.9% 63.4%

32.7% 58.0%

35.9% 54.3%

37.0% 54.5%

73.3% 9.1%

0.1% 98.2%

0.0% 97.4%

0.4% 97.8%

0.5% 96.2%

1.1% 96.6%

0.9% 92.8%

1.5% 93.1%

1.9% 91.3%

1.2% 89.8%

2.2% 90.0%

3.0% 90.7%

3.8% 91.1%

2.3% 88.9%

3.1% 88.6%

4.3% 86.6%

5.2% 86.8%

5.1% 86.0%

5.6% 86.5%

5.0% 84.1%

6.1% 83.4%

6.0% 83.2%

6.1% 83.0%

6.9% 83.7%

5.9% 81.9%

6.4% 80.8%

7.4% 81.6%

8.9% 80.7%

9.6% 80.0%

10.3% 80.2%

11.3% 80.5%

12.5% 77.6%

12.9% 77.0%

16.0% 80.2%

16.5% 73.8%

16.0% 73.1%

17.7% 73.1%

17.9% 72.1%

18.7% 72.6%

22.2% 66.9%

24.6% 63.7%

27.9% 62.4%

51.8% 25.9%

0.0% 99.9%

0.0% 99.9%

0.0% 99.6%

0.0% 99.5%

0.0% 98.8%

0.0% 98.9%

0.0% 98.3%

0.0% 98.0%

0.0% 98.7%

0.0% 97.6%

0.2% 96.8%

0.2% 96.1%

0.0% 97.5%

0.0% 96.7%

0.3% 95.2%

0.4% 94.5%

0.4% 94.7%

1.0% 94.1%

0.2% 94.7%

0.3% 93.3%

0.3% 93.5%

0.7% 93.5%

1.1% 92.6%

0.3% 93.6%

0.4% 93.1%

1.2% 92.2%

1.7% 90.8%

2.0% 90.0%

2.3% 89.5%

3.9% 88.6%

5.2% 87.0%

5.6% 86.7%

9.5% 83.7%

6.0% 83.1%

6.6% 83.5%

8.5% 81.9%

9.0% 81.5%

9.2% 81.0%

11.4% 77.3%

13.6% 75.0%

17.5% 71.3%

29.2% 47.1%

Uncommon (1/100) Rare (1/1,000) Very rare (1/10,000)

Database 1

Database 2
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Entire network
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1.7% 94.6%

37.0% 54.5%

73.3% 9.1%

0.1% 98.2%

27.9% 62.4%

51.8% 25.9%

0.0% 99.9%

17.5% 71.3%

29.2% 47.1%

Uncommon (1/100) Rare (1/1,000) Very rare (1/10,000)

Database 1

Database 41

Entire network

1 2 5 10 Ð 1 2 5 10 Ð 1 2 5 10 Ð

Minimum detectable relative risk

D
r
u
g
 
c
o
u
n
t

Single databaseMeta-analysis

MDRR in the smallest and largest 
database

Most database 
cannot study most 
drugs on their own, 

even when the 
outcome occurs 

1/100  
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MDRR in the smallest and largest 
database

When combining 
evidence, many more 
drugs can be studied

52

We also have high 
power for more drugs
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MDRR in the smallest and largest 
database

If the outcome is very 
rare, even the entire 
network is not enough 
to study many drugs

53

We need a bigger 
network!



Two types of precision

ÅBoth meta-analytic estimate  (the estimate of the effect) and 
 (the estimate of consistency) will have uncertainty

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

ïUncertainty around  is mostly driven by the number of databases
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Uncertainty when sample is small
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Database A

Database D

Database B

Database C

HR = 1.8 (1.2 ς 2.7)

HR = 2.5 (1.3 ς 4.5)

HR = 1.9 (0.7 ς 4.0)

HR = 2.1 (1.5 ς 3.1)

HR 
1.8 
2.5
1.9 
2.1 

Mean  = 2.1
SD  = 0.3 

How certain are we about the mean and standard deviation when we 
only have a sample of 4? (Also, each has uncertainty of itself)



Random effects meta-analysis

56

Source

Database A (US claims)

Database H (US EHR)

Database I (Dutch EHR)

Database J (Korea Claims)

Bayesian random effects

Ű = 0.60 (0.27 - 1.07)

Hazard Ratio (95% CI)

1.80

2.30

1.01

0.50

1.20

(1.22 - 2.66)

(1.55 - 3.40)

(0.68 - 1.49)

(0.34 - 0.74)

(0.61 - 2.40)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

Uncertainty around  and  are expressed as credible intervals



Integrating  and  and their uncertainty:
the prediction interval 

Å¢ƘŜ ǘŜǊƳ ΨǇǊŜŘƛŎǘƛƻƴ ƛƴǘŜǊǾŀƭΩ ǊŜƭŀǘŜǎ ǘƻ ǘƘŜ ǳǎŜ ƻŦ ǘƘƛǎ ƛƴǘŜǊǾŀƭ 
to predict the possible underlying effect in a new study that is 
similar to the studies in the meta-analysis.* 

ÅSimplistically, it is centered on  and has 3$ ὛὉύ

ÅIncludes the uncertainty around  (number of persons) and  
(number of databases)
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* Cochrane handbook



Prediction interval examples
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High consistency, high precision, so narrow prediction interval

Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

Ű = 0.12 (0.00 - 0.44)

Prediction interval

Hazard Ratio (95% CI)

1.80

2.30

2.00

1.85

1.97

(1.22 - 2.66)

(1.55 - 3.40)

(1.35 - 2.96)

(1.25 - 2.74)

(1.50 - 2.64)

(1.17 - 3.32)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio



Prediction interval examples
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Source

Database A (US claims)

Database B (US claims)

Database C (US claims)

Database D (US claims)

Bayesian random effects

Ű = 0.12 (0.00 - 0.44)

Prediction interval

Hazard Ratio (95% CI)

1.80

2.30

2.00

1.85

1.97

(1.22 - 2.66)

(1.55 - 3.40)

(1.35 - 2.96)

(1.25 - 2.74)

(1.50 - 2.64)

(1.17 - 3.32)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

Both the prediction interval and meta-analytic estimate agree there is 
an effect, meaning a future study is predicted to agree.



Prediction interval examples
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Low consistency so wide prediction interval

Source

Database H (US claims)

Database I (US EHR)

Database J (Dutch EHR)

Database K (Korea Claims)

Bayesian random effects

Ű = 0.84 (0.47 - 1.30)

Prediction interval

Hazard Ratio (95% CI)

4.50

7.00

2.50

0.50

2.51

(3.70 - 5.47)

(5.75 - 8.52)

(2.06 - 3.04)

(0.28 - 0.90)

(1.03 - 5.98)

(0.33 - 18.45)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio



Prediction interval examples
Source

Database H (US claims)

Database I (US EHR)

Database J (Dutch EHR)

Database K (Korea Claims)

Bayesian random effects

Ű = 0.84 (0.47 - 1.30)

Prediction interval

Hazard Ratio (95% CI)

4.50

7.00

2.50

0.50

2.51

(3.70 - 5.47)

(5.75 - 8.52)

(2.06 - 3.04)

(0.28 - 0.90)

(1.03 - 5.98)

(0.33 - 18.45)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio
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The meta-analytic estimate shows an increased risk, but the 
ǇǊŜŘƛŎǘƛƻƴ ƛƴǘŜǊǾŀƭ ǎǳƎƎŜǎǘǎ ǿŜΩǊŜ ǳƴŎŜǊǘŀƛƴ ǿƘŀǘ ŀ ƴŜȄǘ ǎǘǳŘȅ 

might show, which could even be a decreased risk!



The value of the prediction interval

ÅWhen we have a tight prediction interval, we expect that any 
conclusion we draw from the prediction interval would not be changed 
by the next study. In other words: we expect high replicability
ÅWhen the prediction interval is wide, we may have learned something, 

but are less confident the result can be replicated
ÅYou can get a tight prediction interval by having high precision of  

(many patients), high precision of  (many databases), and low  
(consistency)
ÅIf there is inconsistency that mostly stems from residual systematic 

error, simulations show the prediction interval has better coverage 
than the confidence interval
ÅWe should always report the prediction interval
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Accuracy across databases

63

Accuracy Precision Consistency

Within a 
database

Across 
databases



Ensuring accuracy across databases

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

ÅWhen estimates are consistent across databases, it is unlikely 
there are database-specific residual biases

ÅThis evidence becomes stronger when the databases are more 
diverse

ïObserving consistency across US claims databases is less informative 
than observing consistency across claims, EHRs, and different 
countries
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Diversity across the OHDSI Evidence Network

Data Source Country
Data 
type

Care 
Level

Patient 
Count

Ajou University School of Medicine Korea EHR IP,OP,ER2.7M
Clinical Hospital Center Zvezdara Serbia EHR IP,OP,ER618K
Columbia University Irving Medical CenterUSA EHR IP,OP,ER7M
Emory University USA EHR IP,OP,ER6.5M
GUSTO Singapore Cohort SingaporeRegistryOP 2.6K
HealthPartners Institute USA EHR IP,OP,ER3.2M
IMRD EMIS UK EHR IP,OP 5.1M
IQVIA Australia EMR Australia EHR OP 2.7M
IQVIA Belgium LPD Belgium EHR OP 1.1M
IQVIA France DA France EHR OP 6.2M
IQVIA France LPD France EHR OP 17.4M
IQVIA Germany DA GermanyEHR OP 40.8M
IQVIA LPD Spain Spain EHR OP 2.7M
IQVIA PharMetrics Plus USA Claims IP,OP,ER170.2M
IQVIA US Hospital USA EHR IP,OP,ER113.1M
IQVIA US Open Claims USA EHR IP,OP,ER330M
JMDC Japan Claims IP,OP 17.6M
Johns Hopkins University USA EHR IP,OP,ER2.2M
Lancashire Teaching Hospitals NHS TrustUK EHR IP,OP,ER1.5M
Merative CCAE USA Claims IP,OP,ER172.2M
Merative MDCD USA Claims IP,OP,ER36.1M
Merative MDCR USA Claims IP,OP,ER11.3M

Data Source Country
Data 
type

Care 
Level

Patient 
Count

Optum ClinFormatics USA Claims IP,OP,ER99.3M
Optum EHR USA EHR IP,OP,ER114.4M
Optum Market Clarity USA EHR IP,OP,ER90M
Papageorgiou General Hospital Greece EHR IP,OP 1.4M
Penn State Health USA EHR IP,OP,ER8.7M
Premier USA Billing IP,OP,ER300M
Semmelweis University Hungary EHR IP,OP 1.9M
Seoul National University Bundang 
Hospital Korea EHR IP,OP,ER2.1M
Seoul National University Hospital Korea EHR IP,OP,ER2.1M
SMG-SNU Boramae Medical Center Korea EHR IP,OP,ER1M
Stanford University USA EHR IP,OP,ER3.8M
SUS Nexus Precision Data Brazil EHR IP,OP 8.7M
Taipei Medical University USA EHR IP,OP,ER3.6M
Tufts University USA EHR IP,OP,ER3.9M
University of Colorado Anschutz MC USA EHR IP,OP,ER4.8M
University of Massachusetts Chan MC USA EHR IP,OP,ER3.4M
University of Texas Southwestern USA EHR IP,OP,ER5.5M
USC Keck Medical USA EHR IP,OP,ER883K
Veteran's Affairs USA EHR IP,OP,ER26.5M
Yonsei University Hospital Korea EHR IP,OP,ER6.4M



Measuring diversity in the OHDSI evidence network

ÅComputing average similarity based on aggregate statistics:
ïdemographics: age/sex

ïlongitudinality (observation period length)

ïvisit composition (inpatient/outpatient/emergency room) 

ïcondition prevalence

ïdrug era prevalence

ÅThis can be computed from data collected for Database 
Diagnostics

ÅThese were collected for all databases in the OHDSI Evidence 
Network
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Database similarity in the OHDSI Evidence Network

Does this similarity 
correspond to similar 

biases?



Measure bias similarity by comparing unadjusted estimates
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Target: DPP4I
Comparator: SU
Outcome: Ingrowing nail

Merative CCAE: HR = 1.02 (0.93-1.13)
Merative MDCR: HR = 0.98 (0.85-1.13)

LEGEND  T2DM

Unadjusted estimates, so reflecting 
biases in each database 



Measure bias similarity by comparing unadjusted estimates
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Target: GLP1RA
Comparator: SU
Outcome: Melena

Merative CCAE: HR = 2.00 (1.59-2.51)
Merative MDCR: HR = 2.35 (1.26-4.39)
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Unadjusted estimates, so reflecting 
biases in each database 



Measure bias similarity by comparing unadjusted estimates
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Target: GLP1RA
Comparator: SGLT2I
Outcome: Nicotine dependence

Merative CCAE: HR = 0.89 (0.74-1.06)
Merative MDCR: HR = 2.38 (1.04-5.46)
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Unadjusted estimates, so reflecting 
biases in each database 



Computing bias correlation
We can compute the 
correlation between 

unadjusted estimates to 
estimate bias similarity

We use a correlation 
measure that accounts for 
the uncertainty (standard 
error) of each estimate

Here we see high 
correlation between two US 

claims databases
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LEGEND  T2DM

Correlation = 0.91
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Understanding heterogeneity

We see slightly lower 
correlation between a US 

claims and a US EHR 
database
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Correlation = 0.83
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Understanding heterogeneity

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

database

It seems databases with 
similar characteristics have 

more similar effect 
estimates
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Correlation = 0.71
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Computing a bias similarity matrix
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Comparing characteristic similarity to 
effect estimate similarity
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How diverse was LEGEND  T2DM?
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Trust the network

Source

Optum EHR

Hazard Ratio (95% CI)

1.71(1.28 - 2.29)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio
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GLP1RA vs SU for Hypotension



Trust the network

Source

Optum EHR

Optum Clinformatics

Bayesian random effects

Ű = 0.42 (0.05 - 0.94)

Prediction interval

Hazard Ratio (95% CI)

1.71

0.95

1.26

(1.28 - 2.29)

(0.75 - 1.20)

(0.57 - 2.71)

(0.33 - 4.80)
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GLP1RA vs SU for Hypotension



Trust the network

Source

Optum EHR

Optum Clinformatics

Merative MDCD

Merative MDCR

US Open Claims

Bayesian random effects

Ű = 0.24 (0.03 - 0.57)

Prediction interval

Hazard Ratio (95% CI)

1.71

0.95

1.22

1.11

1.00

1.15

(1.28 - 2.29)

(0.75 - 1.20)

(0.73 - 2.04)

(0.65 - 1.89)

(0.93 - 1.09)

(0.86 - 1.61)

(0.57 - 2.38)

1.0 1.5 2.0 2.5 0.1 0.25 0.5 1 2 4 6810

Hazard Ratio

79

GLP1RA vs SU for Hypotension



Meta-analysis of literature
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Studies Results

p < .05

Papers

p < .05

p < .05

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Actions Meta-analysis

* Yang, Y., Sánchez-TójarΣ !ΦΣ hΩ5ŜŀΣ wΦ9Φet al.Publication bias impacts 
on effect size, statistical power, and magnitude (Type M) and sign (Type 
S) errors in ecology and evolutionary biology.BMC Biol21, 71 (2023). 
https:// doi.org/10.1186/s12915-022-01485-y

66% of significant meta-
analysis estimates become 

non-significant when 
adjusting for publication 

bias*



Meta-analysis of a network study
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Studies Results

p < .05

p < .05

p < .05

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Ǉ җ Φлр

Meta-analysis

A network study is more likely 
to incorporate null findings 
from individual database

This suggests a more unbiased 
(accurate) estimate



Trust the network

29.8%

4.2%66.0%
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LEGEND  T2DM

>= 1 databases significant

All databases non-
significant

databases with opposite 
significant effects

Based on 191 of 746 TCOs that have >= 2 
databases passing diagnostics



Trust the network
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LEGEND  T2DM

29.8%

29.8%

4.2%

4.2%

33.0%

33.0%

66.0%

Meta-analysis 
non-significant

Meta-analysis 
significant

Based on 191 of 746 TCOs that have >= 2 
databases passing diagnostics



Trust the network
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LEGEND  T2DM
Prediction interval 

non-significant

Prediction interval 
significant

Based on 191 of 746 TCOs that have >= 2 
databases passing diagnostics



Trust the network
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LEGEND  T2DM

52.1%52.1%52.1%

2.1%

2.1%

2.1%

2.5%

9.6%

12.1%

33.4%

33.4%

45.5%

LEGEND  Hypertension

Based on 191 of 746 TCOs that have >= 2 
databases passing diagnostics

Based on 2,231 of 20,053 TCOs that have 
>= 2 databases passing diagnostics



Summary
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Accuracy Precision Consistency

Within a 
database

Across 
databases



Summary

Network studies add value in 3 dimensions:

ÅConsistency

ïWe can quantify consistency as , which comprises effect heterogeneity and 
differential systematic error

ïA consistent estimate is often more reliable

ÅPrecision

ïTo increase precision around  and  we need more patients and more databases

ïThe prediction interval can summarize  and  and their uncertainties

ÅAccuracy

ïObserving consistency in a more diverse database network strengthens our belief 
that the result is accurate

ïOften a single database will disagree with the meta-analysis, so we should focus on 
the meta-analysis
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What it takes to do cancer 
RWE

Evidence for the treatment of metastatic bladder cancer

Asieh Golozar
Nemesis Health



How do we treat ..



ÅPembrolizumab
ÅAtezolizumab

Cisplatin eligible?

ÅGemcitabine-cisplatin
ÅNivolumab-gemcitabine-

cisplatin
ÅMVAC
ÅDDMVAC with growth factor
ÅҕAvelumab maintenance

NoYes

ÅGemcitabine-carboplatin
ÅҕAvelumab maintenance

Yes

Carboplatin eligible?

No

ÅBest supportive care

Treated in the last 12 months?

No Yes

PD-L1 eligible?No

Metastatic bladder cancer

Yes

European Association of Urology 
2023 Guideline



ÅPembrolizumab
ÅAtezolizumab

ÅGemcitabine-cisplatin
ÅNivolumab-gemcitabine-

cisplatin
ÅMVAC
ÅDDMVAC with growth factor
ÅҕAvelumab maintenance

European Association of Urology 
2023 Guideline

ÅJ Clin Oncol 1992
ÅJ Clin Oncol 1990
ÅJ Clin Oncol 2000
ÅJ Clin Oncol 2001
ÅJ Clin Oncol 2004
ÅCancer 2004
ÅJ Clin Oncol 2005

ÅJ Clin Oncol 2009
ÅN Engl J Med2020

ÅLancet 2017
ÅLancet Onc 2017

Treatment 
recommendations are 

based on decades of RCT 
research

ÅGemcitabine-carboplatin
ÅҕAvelumab maintenance



Pivotal Study for New Regimen



ÅPembrolizumab
ÅAtezolizumab

Cisplatin eligible?

ÅGemcitabine-cisplatin
ÅNivolumab-gemcitabine-

cisplatin
ÅMVAC
ÅDDMVAC with growth factor
ÅҕAvelumab maintenance

NoYes

Yes

Carboplatin eligible?

No

ÅBest supportive care

Treated in the last 12 months?

No Yes

PD-L1 eligible?No

Metastatic bladder cancer

Yes

¢ƘŜ нлно DǳƛŘŜƭƛƴŜ ǘǳǊƴŜŘ ƛƴǘƻ Χ

ÅGemcitabine-carboplatin
ÅҕAvelumab maintenance



ÅEnfortumab 
vedotin-
pembrolizumab

ÅPembrolizumab
ÅAtezolizumab

Cisplatin eligible?

ÅGemcitabine-cisplatin
ÅNivolumab-gemcitabine-

cisplatin
ÅMVAC
ÅDDMVAC with growth factor
ÅҕAvelumab maintenance

No

Yes

NoYes

NoYes

ÅGemcitabine-carboplatin, 
avelumab maintenance
ÅGemcitabine-paclitaxel

Yes

Carboplatin eligible?

No

ÅBest supportive care

PD-L1 eligible?

Combination therapy eligible?

Enfortumab eligible?

No

Yes

European Association of Urology 
2024  Guideline

Treated in the last 12 months?

No Yes

Metastatic bladder cancer

New arm in 
decision tree.

ÅGemcitabine-carboplatin
ÅҕAvelumab maintenance



ÅEnfortumab 
vedotin-
pembrolizumab

Yes

Yes

Combination therapy eligible?

Enfortumab eligible?

No

But that is not enough:

Treated in the last 12 months?

No

Metastatic bladder cancer



What are the questions?

Dr. Elizabeth Heath, Mayo Clinic:

ά¢Ƙƛǎ ƛǎ ǘƛƳŜƭȅ ōŜŎŀǳǎŜ ǘƘŜ ŎƻƳōƛƴŀǘƛƻƴ ƛǎ ƴŜǿΣ ŀƴŘ ǿŜ ŘƻƴΩǘ ƪƴƻǿ ǿƘƻ ōŜƴŜŦƛǘǎ 
ŦǊƻƳ ƛǘ ŀƴŘ ǎƘƻǳƭŘ ǊŜŎŜƛǾŜ ƛǘΦέ

EAU Guideline office 

ά²Ŝ ƘŀǾŜ ƭƛǘǘƭŜ ƛƴŦƻǊƳŀǘƛƻƴ ƻƴ ǘƘŜ ŜƭƛƎƛōƛƭƛǘȅ ŎǊƛǘŜǊƛŀ ŀƴŘ ǘǊŜŀǘƳŜƴǘ ǎŜǉǳŜƴŎƛƴƎ 
ŀŦǘŜǊ ǇǊƻƎǊŜǎǎƛƻƴΦέ



The guideline asks for evidence from 
RWE to refine the treatment 

decision.

We should be answering!



ÅEnfortumab 
vedotin-
pembrolizumab

Yes

Yes

Combination therapy eligible?

Enfortumab eligible?

Population size in the RCT treatment 
arm used to generate evidence

Treated in the last 12 months?

No

Metastatic bladder cancer

patients420



ÅEnfortumab 
vedotin-
pembrolizumab

Yes

Yes

Combination therapy eligible?

Enfortumab eligible?

¢ȅǇƛŎŀƭ ¦{ /ŀƴŎŜǊ /ŜƴǘŜǊΩǎ 
population size

Treated in the last 12 months?

No

Metastatic bladder cancer

100 200 300 400 5000

patients420

Site 1, Tertiary EHR 20



ÅEnfortumab 
vedotin-
pembrolizumab

Yes

Yes

Combination therapy eligible?

Enfortumab eligible?

Population size in various 
institutions

Treated in the last 12 months?

No

Metastatic bladder cancer

20

patients420

100 200 300 400 5000


