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Long-standing issues

• Lack of trust in real-world evidence to guide clinical practice

• Major issues:

– Observational study bias 

• e.g. confounding

– Publication bias

– P-hacking

3



Credibility of observational studies
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• Mistrust varies 
across clinical 
fields

• Particularly 
disparaged in 
cardiology



Residual study bias / systematic error
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Rush et al., 2018



Published observational study results
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Estimates extracted from the 
abstracts of 203,625 observational 
research papers in PubMed.



Published observational study results
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Suspicious cutoff at p=0.05
• Publication bias (leads to false positives)
• P-hacking (leads to false positives)
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• OHDSI’s LEGEND aims to generate reliable evidence by 
following a set of principles that address

– Observational study bias (e.g. confounding)

– Publication bias

– P-hacking
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LEGEND Guiding Principles

1. LEGEND will generate evidence at a large scale.

2. Dissemination of the evidence will not depend on the estimated effects.

3. LEGEND will generate evidence using a prespecified analysis 
design.

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

5. LEGEND will generate evidence using best practices.

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

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

8. LEGEND will not be used to evaluate new methods.

9. LEGEND will generate evidence across a network of multiple 
databases.

10. LEGEND will maintain data confidentiality; patient-level data will 
not be shared between sites in the network. 10
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Best practice for addressing confounding

Large-Scale Propensity Scores (LSPS)

• Construct large generic set of covariates 

– 10,000 < n < 100,000

• Use regularized regression to fit propensity model

• Match or stratify on propensity score
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Achieving balance on 
all 58,285 covariates



Measuring residual systematic error

Control questions: 

– exposure-outcome pairs with known 
effect size

– negative (and positive) controls

Empirical calibration:

– Adjust p-value and confidence interval 
using estimates for controls
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LEGEND Hypertension Study

16

• Comparing all first-line hypertension treatments

– Mono-therapy

– Dual-therapy

• Including 55 outcomes of interest

• Including negative control outcomes

• Confounder adjustment using large-scale PS

• Across a global network of 9 databases
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Distribution of estimates from 
LEGEND  Hypertension 

All published observational research
on hypertension treatments

All published observational research
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Several high-impact LEGEND Hypertension papers



Diagnostics

• Each LEGEND estimate comes with full diagnostics, e.g.

– Statistical power

– Covariate balance

– Systematic error as observed through negative controls

• In each LEGEND paper we decided whether we were satisfied 
with the diagnostics for those results

• Can we make the use of diagnostics more systematic?
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Analysis reliability evaluation

Phenotype development and evaluation

Data quality evaluation

Database 
diagnostics

Cohort 
diagnostics

Study 
diagnostics

Final 
unblinded 

results

Interface for 
exploration

‘System’ required elements:
- Required phenotypes
- Analysis specifications
- Decision thresholds

Research 
question

Cohort 
definitions

Analysis 
design 
choices

Pass

Pass

Pass

Fail

Fail

Fail

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

STOP

STOP

STOP

System characteristics:
• 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

Distributed data network, standardized to common data model

Network coordination



Study diagnostics

• Challenge:  Analyses risk producing misleading estimates due 
to study design and analytical choices and their application to 
data.

• Opportunity:   Provide objective criteria with pre-specified 
decision thresholds for evaluating the reliability of analyses 
with respect to precision, accuracy, and generalizability within 
each database across a network

Analysis reliability evaluation
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Statistical power

• In observational studies, sample size (power) is fixed

– compute minimum detectable risk (MDRR) given power

• More power is better, but low-power studies can still inform

• However, too little power can confuse
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Statistical power

Rule: Minimum Detectable Relative Risk (MDRR) < 10

Reasoning: 

Even low-power estimate (wide CI) could be helpful, but we want 
to avoid misinterpreting grossly underpowered studies

Note: 

In LEGEND Hypertension, we required exposure cohorts > 2,500 
subjects, so already eliminated most underpowered estimates.
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Equipoise

• Randomized clinical trials: each subject has same probability of having 
each intervention 

– Randomization allows for assumption of exchangeability

• Non-interventional studies:  observed (non-random) treatment choices

– Preference = probability of patient choosing target vs. comparator treatment, 
given baseline features

• Potential pre-adjustment design diagnostic: what proportion of the 
population has preference close to 0.5 (0.3-0.7)?
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0 10.5

Preference score

Equipoise = 83%

0 10.5
Preference score

Equipoise = 28%



Equipoise

Rule: Equipoise > 0.5

(Equipoise is percent of population that has 0.3 < preference 
score < 0.7)

Reasoning: 

If equipoise is low, the populations are too incomparable, and we 
probably shouldn’t trust our ability to make them comparable. 
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Covariate balance

• Confounding variables associated with both exposure and outcome can 
bias effect estimates if not properly addressed

• Various strategies (e.g. PS matching) can reduce confounding by balancing 
confounder prevalence in target and comparator cohort

• Potential post-adjustment analytic diagnostic:  are observed baseline 
characteristics sufficiently similar between target and comparator cohorts? 

Exposure Outcome
Effect of interest

RR=???

Confounder



Covariate balance

Rule: Max standardized difference of mean (SDM) < 0.1

(no covariate may have a SDM >= 0.1 after PS adjustment)

Reasoning: 

If covariates are unbalanced there                                                  
may be confounding.
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Generalizability

• Generalizability is the extent to which a study result can be applied to a 
target population of interest

• Strategies employed to reduce confounding (e.g. PS matching) can shift 
the composition of the analytic cohort away from the original target

• Potential post-adjustment analytic 
diagnostic:  are observed baseline 
characteristics sufficiently similar between 
the pre-adjustment target and post-
adjustment analytic cohorts? 



Generalizability

Rule: Max SDM between analytic cohort and target cohort < 
0.25

(target cohort: the cohort we started with (those exposed))

(analytic cohort: the cohort after all adjustments)

Reasoning: 

Estimate may not generalize to our target population if 
differences are too great.
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Residual systematic error

• Design and analysis choices aim to produce unbiased 
estimates, but residual systematic error can still exist due to 
model misspecification inherent to analysis or data

• Bias – expected value of systematic error – can be estimated 
using negative control experiments in which estimates can be 
compared with known truth

• Potential post-adjustment analytic diagnostic:  is the residual 
bias observed from negative controls small enough to accept 
that calibrated effect estimates can be trusted as unbiased? 



Residual systematic error: EASE statistic

• Estimates for negative 
controls outcomes can be 
used to fit a (normal) 
systematic error distribution

• The Expected Absolute 
Systematic Error (EASE) 
summarizes this distribution

• EASE = 0 means all variation 
in negative control estimates 
can be explained by random 
error alone. 
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Mean = 0.48
SD = 0.25
EASE = 0.49

Mean = 0.01
SD = 0.03
EASE = 0.04



Residual systematic error

Rule: Expected Absolute Systematic Error (EASE) < 0.25
(EASE is the expected abs(log(estimated RR) – log(true RR)), based on 
negative control estimates)

Reasoning: 
Even though we can and should empirically calibrate to account for residual 
error, readers may not trust results if calibration shifts the estimates too 
much.

Note: 
Our evaluation uses calibrated estimates, which already incorporates the 
systematic error observed for the original set of negative controls.
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Concluding thoughts

• Diagnostics can provide evidence to build trust in the results of 
our studies, but…

– Post-hoc interpretation allows for investigator bias

– Current decision thresholds are based on asserted expert opinions 
and arbitrary rules of thumb

• How can we develop empirical evidence to set objective 
decision thresholds and allow pre-specification of diagnostics 
to increase trust and improve the reliability of our studies?
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Evaluation of objective diagnostics

Diagnostic with cutoffs Fraction 
failing

Objective 
function: EASE on 

new negative 
controls

Power (MDRR < 10) ? ?

Equipoise (>50%) ? ?

Covariate balance (max SDM < 0.10) ? ?

Generalizability (max SDM < 0.25) ? ?

Systematic error (EASE < 0.25) ? ?
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All diagnostics ? ?



LEGEND estimates where no effect is expected

• Product labels tend to be inclusive for adverse reactions: High sensitivity

• Conservative approach: 

For the list of outcomes in LEGEND

When comparing two drugs, if neither target nor comparator drug has the 
outcome on the label, and no other drug in the same classes have the outcome 
on the label

Then both drugs likely don’t cause the outcome, and the hazard ratio is likely to 
be “close to 1”.
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LEGEND estimates where no effect is expected

• ACE inhibitors like lisinopril have angioedema on their 
label.

• Calcium channel blockers and ARBs are not believed to 
have this side effect, but still list in ‘Postmarketing
experience’.

• None of the direct vasodilators and alpha-1 blockers 
have angioedema on their label.

Hydralazine (vasodilator) vs prazosin (alpha blocker) 
for angioedema is likely null (i.e., hazard ratio being
“close to 1”).
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LEGEND estimates where no effect is expected

• ARBs like losartan have rhabdomyolysis listed 
as an adverse event

• Beta-blockers and loop diuretics do not 

metoprolol (beta-blocker) vs furosemide (loop 
diuretic) for rhabdomyolysis is likely null
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LEGEND estimates where no effect is expected

• 9,752 target-comparator-outcomes are likely null (2 x 4,876)

• A new set of (imperfect) negative controls (null may not be 
true)

• Difference with negative controls used in LEGEND:
– Will use these across all analyses to evaluate overall distribution

– Outcomes being more similar to the outcomes of interest: better 
exchangeability?

– Using full outcome phenotypes instead of ‘occurrence of concept’

• Expected Absolute Systematic Error (EASE) on new set of 
negative controls: 0.38
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Evaluating one diagnostic at a time

Diagnostic Fraction 
failing

EASE on new 
negative controls*

Power (MDRR < 10) 5% 0.38

Equipoise (>50%) 71% 0.02

Covariate balance (max SDM < 0.10) 56% 0.28

Generalizability (max SDM < 0.25) 57% 0.37

Systematic error (EASE < 0.25) 16% 0.35
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* Without filtering by any diagnostic, EASE = 0.38



Evaluating all diagnostic together

Diagnostic Fraction 
failing

EASE on new 
negative controls*

Power (MDRR < 10) 5% 0.38

Equipoise (>50%) 71% 0.02

Covariate balance (max SDM < 0.10) 56% 0.28

Generalizability (max SDM < 0.25) 57% 0.37

Systematic error (EASE < 0.25) 16% 0.35
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All diagnostics 88% 0.00

* Without filtering by any diagnostic, EASE = 0.38



Can we do better?

• Current thresholds are arbitrary

• Can we do any better?
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Rules as an optimization problem

• We have an ‘objective’ optimization criterion:

– Maximize number of remaining estimates

– Under constraint of low residual bias as measured on new negative 
controls (EASE< 0.05)

• What set of thresholds is optimal?
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‘Optimal’ thresholds
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Diagnostic Literature-derived 
threshold

Data-driven 
threshold

Statistical power (MDRR) 10 -

Equipoise 0.50 0.50

Covariate balance (SDM) 0.10 0.50

Generalizability (SDM) 0.25 -

Systematic error (EASE) 0.25 -

Fraction failing 88% 71%

EASE 0.00 0.02
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Wrapping up the evaluation of diagnostics 

• Some of our study diagnostics can help improve the reliability
of the evidence, as measured as systematic error.

• Other diagnostics have different goals, such as improved 
interpretability and generalizability.

• Up to now, diagnostics rules were arbitrary.

• Our empirical evaluation provides evidence for choices of 
thresholds, under various constraints.
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Strong advice: Pre-specify diagnostic rules

• Post-hoc interpretation of 
diagnostics allows for investigator 
bias (p-hacking).

• Diagnostics rules should be pre-
specified, for example in the 
protocol.

48

Khera, et al, BMJ Open, 2022



Avoid investigator bias when interpreting diagnostics

• Diagnostics need to be evaluated prior to looking at the study 
results – 2 approaches:
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1. Protocol can contain 
diagnostics results, or

2. Protocol can contain 
prespecified diagnostics 
rules (so long as they are 
not modified post-hoc)



Pre-specification of a systematic approach
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LEGEND Hypertension:

Define research 
question

Generate 
evidence

Interpret study 
reliability

Interpret study 
results

Ad-hoc, expert-driven

Pre-specified 
systematic approach

Traditional observational study:

Define research 
question

Generate 
evidence

Interpret study 
reliability

Interpret study 
results

New recommendation:

Define research 
question

Generate 
evidence

Interpret study 
reliability

Interpret study 
results

Use study 
evidence


