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Current knowledge base for hypertension

Head-to-head antihypertensive drug comparisons
Thiazide diuretics (THZ)

ACE inhibitors

Angiotensin Receptor 
Blocker (ARB)

Secondary diuretics:
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Trials: 40
N = 102− [1148]− 33K

Driven primarily by ALLHAT
I just 3 individual drugs

Focus: efficacy� safety
New RCTs too expensive

Can we provide
1. reliable / reproducible –

concordant extant w/ RCTs
2. rich – across “all”

comparators, outcomes
3. relevant – inform practice

evidence?



Observational research estimates in literature

29,982 drug safety estimates
from 11,758 papers

85% have reported p < 0.05
Also note unusual peak along boundary

What is going wrong?

Observational bias
(confounding,
selection,
measurement error)

Publication bias

p-hacking (one
study at a time)

Reproducibility
across populations



A solution?

Large-scale evidence generation
across a network of databases (LEGEND)

Aims to generate reliable evidence on
the effects of medical interventions
using observational healthcare data

10 guiding principles; chief among
these:

I Generate at large-scale
(completeness, empirical
calibration)

I Systematically driven by
best-practices

I Disseminate everything (open
science)

Research questions

Methods

Databases

Evidence generation

Evidence 
base

No one person has all the
necessary skills



Best-practices: systematic design

ACE

THZ
Eligibility criteria:
• Diagnosed with hypertension 

in 1 year prior to index
• No prior antihypertensive drug 

use anytime prior to index

Index: Time zero

Medical history lookback time Follow-up time

Causal contrasts of interest:
• Intent-to-treat effect
• On-treatment effect

randomization

ACE

THZ

Analysis plan:
• Time-to-first-event analysis
• Cox proportional hazards

Treatment strategies:
• Monotherapy with ACE
• Monotherapy with THZ

Outcomes:
• Efficacy:

• Myocardial infarction
• Stroke
• Heart Failure

• Safety: 
• Known or potential 

adverse events, e.g.
• Acute renal failure
• Angioedema
• Cough
• Diarrhea
• Fall
• Gout
• Headache
• Hyperkalemia
• Hyponatremia
• Hypotension



Observ. study for comparing two initial therapies

ACE

THZ
Eligibility criteria:
• Diagnosed with hypertension 

in 1 year prior to index
• No prior antihypertensive drug 

use anytime prior to index

Index: Time zero

Medical history lookback time Follow-up time

Causal contrasts of interest:
• Intent-to-treat effect
• On-treatment effect

randomization

ACE

THZ

Analysis plan:
• Time-to-first-event analysis
• Cox proportional hazards

Treatment strategies:
• Monotherapy with ACE
• Monotherapy with THZ

Outcomes:
• Efficacy:

• Myocardial infarction
• Stroke
• Heart Failure

• Safety: 
• Known or potential 

adverse events, e.g.
• Acute renal failure
• Angioedema
• Cough
• Diarrhea
• Fall
• Gout
• Headache
• Hyperkalemia
• Hyponatremia
• Hypotension

PS adjustment



Comparison of hypertension treatments

39 mono-drugs, 13 mono-classes
58 duo-drugs, 32 duo-classes
10,278 comparisons

Theoretical Observed (n > 2,500)

Single ingredients 58 39

Single ingredient comparisons 58 * 57 = 3,306 1,296

Single drug classes 15 13

Single class comparisons 15 * 14 = 210 156

Dual ingredients 58 * 57 / 2 = 1,653 58

Single vs duo drug comparisons 58 * 1,653 = 95,874 3,810

Dual classes 15 * 14 / 2  = 105 32

Single vs duo class comparisons 15 * 105 = 1,575 832

Duo vs duo drug comparisons 1,653 * 1,652 = 2,730,756 2,784

Duo vs duo class comparisons 105 * 104 = 10,920 992

… … …

Total comparisons 2,843,250 10,278



Best-practices: systematic large-scale PS

>8,000 (regularized) baseline patient characteristics (all dx, rx, tx)
Address observed (and some unobserved – BP control)
confounding (Tian et al, 2019, IJE)



Of course, not all comparisons are valid

Truven Health MarketScan CCAE – Ingredient level

Evaluation of propensity score (PS) distributions and covariate
balance
Here: poor empirical clinical equipoise



Best-practices: 58 expert-crafted outcomes

Effectiveness (10): acute MI, heart failure, stroke
Safety (48): known side-effects

Theoretical Observed (n > 2,500)

Outcomes of interest 58 58

Target-comparator-outcomes 2,843,250 * 58 = 164,908,500 587,020



Calibrate each study (under null)

76 negative outcome controls (not caused by either treatment) help
expose and control residual bias. Example: ingrown toenail

Crude - Uncalibrated

68% have p < 0.05

PS stratified - Uncalibrated

16% have p < 0.05

PS stratified - Calibrated

4% have p < 0.05

p-value empirical calibration models residual bias as exchangeable
and adjusts for a (possibly) non-0 mean. (Schuemie et al, 2018, PNAS)



Network of data sources

Research questions

Methods

Databases

Evidence generation

Ajou University

Columbia University

US insurance databases
I IBM MarketScan CCAE
I IBM MarketScan MDCR
I IBM MarketScan MDCD
I Optum Clinformatics

Japanese insurance database: JMDC
Korean insurance database: NHIS-NSC
US EHR databases

I Optum EHR
I Columbia University Medical Center

German EHR database: IQVIA DA Germany

Account for population/practice heterogeneity (Madigan et al, 2013, AJE)

Improve generalizibility



How does LEGEND perform?

Literature LEGEND

Best-practices systematic design, evaluation and empirical
calibration return near nominal performance
Provide a more complete and reliable evidence basis



Unbiased LEGEND dissemination

Open source protocol and end-to-end executable code
http://data.ohdsi.org/LegendBasicViewer
(all result artifacts for each study)

http://data.ohdsi.org/LegendMedCentral (gimmick)

http://data.ohdsi.org/LegendBasicViewer
http://data.ohdsi.org/LegendMedCentral


LEGEND knowledge base for hypertension

Head-to-head HTN drug comparisons
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propranolol

acebutolol
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Trials: 40
N = 102− [1148]− 33K
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First-line agents: comparisons from LEGEND

Efficacy outcome: myocardial infarction, heart failure, stroke
RCTs

AC
EI
s

AR
Bs

cB
Bs

dC
C
Bs

TH
Zs

THZs

dCCBs

cBBs

ARBs

ACEIs

RCT  AMI

LEGEND

AC
EI
s

AR
Bs

cB
Bs

dC
C
Bs

TH
Zs

THZs

dCCBs

cBBs

ARBs

ACEIs

Acute myocardial infarction Meta analysis

Data source: meta-analysis, ∼ 1− 2M total patients per study
Beta blockers underperform alternatives
Unexpected: THZs > ACEs. Reliable?



THZs vs. ACEIs: study diagnostics

Large-scale propensity score model controls for observed confounding

Statistical analysis. We conduct our cohort study using the
open-source OHDSI CohortMethod R package ( Schuemie et al. ,
2018c) , with large-scale analytics achieved through the Cy-
clops R package ( Suchard et al. , 2013 ) . We use propensity
scores (PSs) – estimates of treatment exposure probability
conditional on pre-treatment baseline features in the one year
prior to treatment initiation – to control for potential mea-
sured confoudning and improve balance between the target
(TZDs) and comparator (ACEIs) cohorts ( Rosenbaum and
Rubin , 1983 ) . We use an expansive PS model that includes
all available patient demographics, drug, condition and proce-
dure covariates generated through the FeatureExtraction R
package ( Schuemie et al. , 2018d) instead of a prespecified set
ofinvestigator-selected confounders. We perform PS stratifica-
tion or variable-ratio matching and then estimate comparative
TZDs-vs-ACEIs hazard ratios (HRs) using a Cox proportional
hazards model. Detailed covariate and methods informations
are provided in the Supporting Information . We present PS
and covariate balance metrics to assess successful confounding
control, and provide HR estimates and Kaplan-Meier survival
plots for the outcome of acute myocardial infarction. We addi-
tionally estimate HRs for pre-specified subgroups to evaluate
interactions with the treatment e ffect. For e fficiency reasons,
we fit subgroup Cox models using PS stratification only.

Residual study bias from unmeasured and systematic
sources can exist in observational studies after controlling for
measured confounding ( Schuemie et al. , 2014 , 2016 ) . To esti-
mate such residual bias, we conduct negative control outcome
experiments with 26 5 negative control outcomes identified
through a data-rich algorithm ( Voss et al. , 2017 ). We fit the
negative control estimates to an empirical null distribution
that characterizes the study residual bias and is an important
artifact from which to assess the study design ( Schuemie et al. ,
2018a) . Using the empirical null distribution and synthetic
positive controls ( Schuemie et al. , 2018b) , we additionally
calibrate all HR estimates, their 95% confidence intervals (CIs)
and the p-value to reject the null hypothesis of no di fferential
effect (HR = 1). Empirical calibration serves as an important
diagnostic tool to evaluate if residual systematic error is suf-
ficient to cast doubt on the accuracy of the unknown e ffect
estimate.

Results

Population characteristics. Figure 1 diagrams the inclusion
of study subjects from the CCAE database under the on-
treatment with stratification design. We augment these counts
with cohort sizes we identify for the remaining designs in Table
1. This table also reports total patient follow-up time, numbers
of acute myocardial infarction events these patients experience
and unadjusted incidence rates. Table 2 compares base-line
characteristics between patient cohorts.

Patient characteristics balance. Figure 2 plots the preference
score distributions, re-scalings of PS estimates to adjust for
differential treatment prevalences, for patients treated with
TZDs and ACEIs. We assess characteristics balance achieved
through PS adjustment by comparing all characteristics’ stan-
dardized di fference (StdDi ff) between treatment group means
before and after PS trimming and stratification (Table 2).
Figure ?? plots StdDi ff for all 886 3 base-line patient features
that serve as input for the PS model. Before stratification, 59
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Y

Y

Y

N

N

N

N

N

N

Exposed
TZDs: n = 9801694
ACEIs: n = 10173421

Mono therapy new users

Having indication

Restricted to common period

Restricting duplicate
subjects to first cohort

No prior outcome

Have at least 1 days at risk

Study population:
TZDs: n = 303982
ACEIs: n = 773286

TZDs: n = 9204499
ACEIs: n = 8883713

TZDs: n = 291454
ACEIs: n = 510667

TZDs: n = 0
ACEIs: n = 0

TZDs: n = 0
ACEIs: n = 0

TZDs: n = 335
ACEIs: n = 2529

TZDs: n = 1424
ACEIs: n = 3226

Fig. 1. Attrition diagram for selecting new-users of TZDs and ACEIs from the
CCAE database.

0.0
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Fig. 2. Preference score distribution for TZDs and ACEIs new-users. The pref-
erence score is a transformation of the propensity score that adjusts for prevalence
differences between populations. A higher overlap indicates that subjects in the two
populations are more similar in terms of their predicted probability of receiving one
treatment over the other.

2 | Schuemie et al.

Cohort stratification / balance:
Achieved across all 10,868
baseline characteristics
(CCAE)
Blood pressure (pop. means in
mmHg) (Panther)

THZs ACEIs |∆|
before 145/89 145/87 0.13

after 145/88 145/87 0.02

No BP measurements used in PS model,
but still balanced after stratification



THZs vs. ACEIs: study outcomes

Calibration returns near nominal HR estimate coverage

Table 5. Subgroup analyses. We report HR estimates, their 95% CIs and uncalibrated and calibrated (cal) p-values to reject the null hypothesis
of no difference in five pre-specified patient subgroups.

Subjects On-treatment Intent-to-treat

Subgroup T C HR (95% CI) p cal-p HR (95% CI) p cal-p

74 estimates
73.0% of CIs include 1

74 estimates
94.6% of CIs include 1

59 estimates
47.5% of CIs include 1.5

59 estimates
93.2% of CIs include 1.5

59 estimates
42.4% of CIs include 2

59 estimates
91.5% of CIs include 2

59 estimates
35.6% of CIs include 4

59 estimates
91.5% of CIs include 4

True hazard ratio = 1 True hazard ratio = 1.5 True hazard ratio = 2 True hazard ratio = 4

U
ncalibrated

C
alibrated
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Fig. 5. Evaluation of effect estimation between TZs and ACEIs new-users. The top plots HRs and their corresponding standard errors before calibration for each negative
and synthetic positive control. The bottom plots the same estimates after calibration.

• No mention of the drug-condition pair on a US product
label in the “Adverse Drug Reactions” or “Postmarketing”
section (Duke et al., 2013),

• No US spontaneous reports suggesting that the pair is in
an adverse event relationship (Evans et al., 2001; Banda
et al., 2016),

• OMOP vocabulary does not suggest that the drug is
indicated for the condition,

• Vocabulary conditional concepts are usable (i.e., not too
broad, not suggestive of an adverse event relationship, no
pregnancy related), and

• Exact condition concept itself is used in patient level data.

We optimize remaining condition concepts, such that parent
concepts remove children as defined by the OMOP vocabulary
and perform manual review to exclude any pairs that may still
be in a causal relationship or too similar to the study outcome.
For hypertension, this process led to a candidate list of 76
negative controls for which table can be found in study protocol
(https://github.com/OHDSI/Legend/tree/master/Documents). In
the comparison of TZs and ACEIs in the Optum database, 74
negative controls had su�cient outcomes to return estimable
HRs. We list these conditions in Table 6

Covariate sets.

• Demographics (age in 5-year bands, gender, index year,
index month)

• Conditions (condition occurrence in lookback window)
– in 365 days prior to index date
– in 30 days prior to index date

• Condition aggregation
– SMOMED

• Drugs (drug occurrence in lookback window)
– in 365 days prior to index date
– in 30 days prior to index date

• Drug aggregation

– Ingredient
– ATC class

• Risk Scores (Charlson comorbidity index)

We exclude all covariates that occur in fewer than 0.1% of
patients within the target and comparator cohorts prior to
model fitting for computational e�ciency.
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Good diagnostics→ comparable cohorts (observed and
unobserved); calibration→ controls for residual systematic bias
THZs are more effective than ACEIs in preventing MI



Ideal positioning for COVID-19

Over 1.1 million
antihypertensive users

Active comparator,
prevalent-users

Executed within new
EHR data partners

I SIDIAP (universal
primary care in
Catalonia)

I US VA

End-to-end (almost)
transparency
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