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Abstract

Trial results may not be generalizable to target populations treated in clinical practice with
different distributions of baseline characteristics that modify the treatment effect. We used
outcome models developed with trial data to predict treatment effects in Medicare populations.

We used data from the Randomized Evaluation of Long-Term Anticoagulation Therapy trial
(RE-LY), which investigated the effect of dabigatran vs. warfarin on stroke or systemic

embolism (stroke/SE) among patients with atrial fibrillation. We developed outcome models

by fitting proportional hazards models in trial data. Target populations were trial-eligible

Medicare beneficiaries who initiated dabigatran or warfarin in 2010-2011 (‘early’) and 2010-2017
(‘extended’). We predicted 2-year risk ratios (RRs) and risk differences (RDs) for stroke/SE,
major bleeding, and all-cause death in the Medicare populations using the observed baseline
characteristics. The trial and early target populations had similar mean [SD] CHADS scores (2.15
[1.13] vs. 2.15 [0.91]) but different mean ages (71 vs. 79 years). Compared with RE-LY, the early
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Medicare population had similar predicted benefit of dabigatran vs. warfarin for stroke/SE (trial
RR=0.63;95% CI=0.50 to 0.76 and RD=-1.37%;-1.96% to —0.77%, Medicare RR=0.73;0.65

to 0.82 and RD=-0.92%;-1.26% to —0.59%) and risks for major bleeding and all-cause death.

The time-extended target population showed similar results. Outcome model-based prediction
facilitates estimating the average treatment effects of a drug in different target populations when
treatment and outcome data are unreliable or unavailable. The predicted effects may inform
payers’ coverage decisions for patients, especially shortly after a drug’s launch when observational
data are scarce.
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Generalizability; Trial; RCT; Clinical Practice; Medicare; Anticoagulation; Dabigatran; Warfarin;
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INTRODUCTION

Randomized controlled trial (RCT) participants with restrictive eligibility criteria may
not represent the target population of interest that will be treated in clinical practice.
Nonrandomized observational studies could complement the evidence from RCTs with
a better representation of the target population. However, results from trials and
nonrandomized studies may not be directly comparable because of differences in the
distribution of baseline patient characteristics, such as age, sex, or comorbidities, that
modify treatment effects.

Outcome model-based risk prediction has been proposed to generalize average treatment
effects from RCTs to external target populations by standardizing across multiple potential
effect modifiers simultaneously.23 Briefly, this method transports treatment effects from a
trial to target populations by (1) fitting outcome regression models using individual-level
data from the trial; (2) predicting probabilities of the outcome based on the distribution of
baseline characteristics of the target populations; and (3) averaging the model predictions
to generate measures of occurrence (risk or rate) as well as measures of association
(relative risk or risk difference). The result is the expected average treatment effect in a
target population defined by the observed distribution of baseline patient characteristics.
Application of this method could provide valuable insights into the expected benefits and
risks of a drug in different target populations, especially shortly after the drug’s launch when
observational data are scarce.

To illustrate this approach, we developed outcome models leveraging individual-level data
from the Randomized Evaluation of Long-Term Anticoagulation Therapy (RE-LY) trial,
which investigated the effect of dabigatran vs. warfarin on stroke or systemic embolism
among patients with atrial fibrillation (AF).# We then predicted average treatment effects
in US Medicare beneficiaries who met the eligibility criteria of RE-LY and compared the
predicted vs. observed effects.
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Trial—We accessed anonymized data from the RE-LY trial through Vivli (https://
search.vivli.org). Boehringer Ingelheim was not involved in this decision or any of the
conducted analyses. Investigators could request access to the trial data through Vivli’s
standard data request processes. Analyses of the trial data were exclusively conducted in the
Vivli Research Environment, and any results generated from these analyses were subjected
to a rigorous evaluation by Vivli to ensure the preservation of patient privacy and data
ownership prior to export.

Target populations—We used de-identified data derived from fee-for-service Medicare, a
US federal health insurance covering beneficiaries aged =65 and aged <65 with disabilities
or end-stage renal disease. This database contains individual-level, longitudinal information
on demographics, diagnoses and procedures, and outpatient prescription dispensings
recorded during billing of all healthcare encounters. The study was approved by the Mass
General Brigham Institutional Review Board before data analysis, and licensing agreements
were in place. Requests to reproduce findings in our data-analytics environment will be
considered.

Study populations, exposure, and eligibility criteria

Trial—The RE-LY trial recruited participants with AF and at least one of the following
characteristics (Supplement 1 Table S1): aged =75 years with previous stroke or transient
ischemic attack, a left ventricular ejection fraction of less than 40%, New York Heart
Association class 11 or higher heart-failure symptoms; or aged 65 to 74 years with

diabetes, hypertension, or coronary artery disease. Excluded individuals had a severe heart-
valve disorder, a recent stroke, a condition that increased the risk of hemorrhage, renal
insufficiency (a creatinine clearance <30 ml per minute), active liver disease, or pregnancy.®
Between 2005 and 2007, 18,113 participants were enrolled and 1:1:1 randomly assigned
low-dose or high-dose dabigatran (110mg or 150 mg twice daily) or warfarin. We focused
on comparing the dabigatran 150 mg and the warfarin treatment arms.

Target populations—We constructed two target populations of interest (Figure 1), one
in the early post-market period for dabigatran (October 19, 2010-December 31, 2011),

the other encompassing an extended time frame over which there was sufficient accrual

of dabigatran-exposed patients to conduct a comparative real-world evidence (RWE) study
(October 19, 2010-December 31, 2017). This allowed us to 1) compare the estimated effects
of dabigatran vs. warfarin in different target populations over time in clinical practice and
2) compare the predicted effects from generalizing trial results to the observed results in

an RWE study that could only be conducted after sufficient exposure data had accrued in
clinical practice. Specifically, the early post-market target population included all patients
who were eligible for RE-LY and initiated dabigatran or warfarin. The extended time
window target population included all patients who were eligible for the trial and were
matched on a propensity score predicting the probability of initiating dabigatran as opposed
to warfarin. As the observed effects in the RWE study were estimated after matching
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on propensity score to adjust for confounding®, we generalized effects to the matched
population to facilitate comparison of the predicted and observed results in the same
population.

Both target populations of interest included RE-LY trial-eligible patients treated with
dabigatran or warfarin. We identified those who filled a prescription for dabigatran

or warfarin, not simultaneously, with no exposure to warfarin or other DOACs in the
previous 183 days; were aged =65 years; had at least one inpatient or outpatient diagnosis
(Supplement 2) of AF in the previous 365 days; had continuous enrollment in Medicare Part
A, B, and D and no enrollment in a Medicare Advantage plan in the previous 183 days; and
had no missing data on age, sex, race, or geographic region. We then applied other inclusion
and exclusion criteria of RE-LY (Supplement 1 Table S1 for details). The first dispensing
date of the study drugs was defined as cohort entry.

Outcomes and follow-up

Trial—We evaluated three outcomes: stroke or systemic embolism (stroke/SE); major
bleeding; and all-cause death. These outcomes were selected because there were sufficient
events’ for statistical power, and they were measurable in Medicare data. In the RE-LY

trial, these outcomes were adjudicated by two independent investigators masked to treatment
assignment.# The trial participants were followed based on the intention-to-treat principle.

Target populations—We used only baseline information from the target populations

to predict treatment effects. For the RWE study conducted with the extended time

window target population, stroke/SE®:910 and major bleeding!1:12.13 were identified using
validated ICD-9/10-CM diagnosis and procedural code algorithms (Supplement 1 Table S2
and Supplement 2), and all-cause death was ascertained through the Master Beneficiary
summary file.1* We focused on the results from on-treatment analyses because of generally
lower treatment adherence in real-world clinical settings compared with RCTs.1°

Predictors and potential effect modifiers of treatment effects

Trial—The candidate predictors and potential effect measure modifiers of the outcomes
were limited to the variables available in both the trial and Medicare data. Therefore, vital
signs and laboratory data, such as body mass index, systolic and diastolic blood pressures,
hemoglobin, and creatinine clearance, could not be used. Additionally, we did not consider
variables likely to be severely under-ascertained in claims data, such as smoking status
and use of aspirin. Thus, the candidate predictors included age, sex, race, CHADS, risk
stratification scorel®, 10 comorbidities, and 24 concomitant medications (Supplement 1
Table S3 for thelist and coding).

Target populations—Variables analogous to the candidate predictors available in the
RE-LY trial data were defined algorithms based on ICD-9/10-CM procedural and diagnosis
codes (Supplement 1 Table S3 and Supplement 2) and prescription dispensing records
during the 183 days before or on cohort entry.
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STATISTICAL ANALYSIS

Missing data

We excluded one trial participant with multiple variables missing. The RE-LY trial did not
provide the exact age of the participants over 89 for privacy reasons. We coded those over
89 years old as 90 to make the age variable continuous. There was no other missing data for
candidate predictors considered for outcome models.

Model derivation and validation

In the RE-LY trial data, we fitted Cox proportional hazards models’ separately within
each treatment arm for each outcome (hereafter referred to as ‘dabigatran model’ and
‘warfarin model”) (see Supplement 1 for a stepwise summary and detailed explanation

of the model derivation and validation). We selected a Cox proportional hazards model

to make the implementation of the outcome model-based risk prediction approach simple
and efficient using available R software packages for the relaxed LASSO (least absolute
shrinkage and selection operator). The relaxed LASSO method performs variable selection
and regularization to reduce the selection of noise variables while maintaining predictive
accuracy.1819 This method allowed us to identify the most important predictors of our
outcomes while avoiding overfitting the models. We included the CHADS, score and age
regardless of LASSO selection in each of the models as these are important predictors

of the outcomes. For each model, we chose a penalization parameter through 10-fold
cross-validation that minimized the model deviance.2021 We evaluated two main domains
of model performance?: discrimination was assessed using Harrell’s C-index ranging from
0.5 (random prediction) to 1 (perfect prediction); and calibration was assessed using a
calibration slope (<1 is indicative of overfitting of the model) and a plot comparing

the observed Kaplan-Meier estimates against predicted probabilities in different quantiles
of the predicted values.23 Both performance measures were estimated with correction

for optimism (hereafter referred to as ‘optimism-corrected’) using bootstrap resampling
with 300 iterations?42%, with each being sampled with replacement from the trial data.28
Optimism was calculated by subtracting the mean of bootstrap sample values from the
apparent values when the model was fitted to all observations.

Predicting effects of dabigatran vs. warfarin by applying outcome models to generalize
results of the RE-LY trial to target populations

We applied the dabigatran and warfarin models to each target population to predict the
2-year probabilities of each of the three outcomes, equivalent to counterfactual probabilities
of the outcomes had they been exposed to dabigatran or warfarin. Predicted probabilities
were calculated using the cumulative baseline hazard function derived from the Breslow
estimator at two years.2’ We obtained risks by averaging the predicted probabilities of the
outcomes over the covariate distribution for each treatment (Riskganigatran and RisKyarfarin)-
We then calculated risk ratios (RRs = RisKgabigatran™RiSKwarfarin) @nd risk differences (RDs =
RisKgabigatran—RiSKwarfarin). These predicted RRs and RDs respectively quantified the relative
and absolute risk differences of dabigatran vs. warfarin had the RE-LY trial been conducted
in the target populations. We generalized the intention-to-treat effect estimand for the RE-LY
trial, a population that maintained high adherence over study follow-up. Inference was based
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on the nonparametric bootstrap resampling.28 We fitted outcome risk prediction models with
the LASSO selected predictors in 10,000 bootstrap samples, then applied these models to
the target populations to obtain mean RRs and RDs with percentile-based 95% confidence
intervals.

Estimating observed effects of dabigatran vs. warfarin in an RWE study among a trial-
eligible Medicare population

RESULTS

In the extended time window target population, where there was a sufficient sample size

to conduct a comparative RWE study, we used propensity score (PS) matching to adjust

for confounding in the estimation of drug effects.® The PS for receiving dabigatran as
opposed to warfarin was estimated using a logistic regression model as a function of all
prespecified baseline covariates (Supplement 1 Table S4 for the PS model). We matched
warfarin initiators to dabigatran initiators using 1:1 nearest-neighbor matching without
replacement with a caliper of 1% of the PS.29:30.31 \We compared clinical characteristics
between the dabigatran-treated and warfarin-treated groups (Supplement 1 Table S5). A
standardized difference <0.1 in baseline covariate distribution between dabigatran and
warfarin was considered adequate balance.32:33 In the matched cohort, we estimated the
2-year cumulative incidence of outcomes of interest by assuming that the observed rate of
events while on treatment would remain constant over two years of follow up (# events«ns2
years/total person-years on treatment), and then estimated RRs and RDs with 95% Cls. The
estimand of this study was an on-treatment estimate, with a grace period of 10 days between
prescription refills, among those receiving dabigatran or warfarin who were well balanced
on all measured potential confounders (Supplement 1 Table S1).

We compared predicted results from the RE-LY trial to the predicted results in the early
post-market and the extended time window target populations. \We also compared the
predicted vs. observed results in the extended time window target population. The magnitude
of the differences was quantified through standardized differences (SDrg and SDgrp),

the difference between treatment effect estimates (hatural logarithm for RRs) divided

by the standard deviation of the difference.3* Meaningful differences were defined as |
standardized difference| >1.96, corresponding to a type 1 error rate of 0.05, which suggests
the significance of these differences because only 5% of the repetitions would mistakenly
reject the null hypothesis if the study were repeated many times.

All analyses were performed using R version 4.0.2 (http://www.R-project.org3®; software
packages: rms30 and glmnet37) or the Aetion Evidence Platform v4.10 (including R, version
3.4.2 [R Foundation for Statistical Computing]), previously validated.38:394041 R source
code for model derivation and validation, and prediction of outcome risks are available in the
Supplement.

Prediction models

The predictive performance of the outcome models are shown in Figure 2 (Supplement 1
Table S6 for predictorsand coefficients). Optimism-corrected C-indexes for discrimination
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were 0.64 (dabigatran) and 0.65 (warfarin) for stroke/SE, 0.70 and 0.62 for major bleeding,
and 0.69 and 0.66 for all-cause death. Optimism-corrected calibration slopes were 0.93
(dabigatran) and 0.94 (warfarin) for stroke/SE, 0.89 and 0.88 for major bleeding, and 0.95
and 0.91 for all-cause death. CHADS, score, particularly the combined category of 5 and 6,
strongly predicted stroke/SE as expected.42

Demographics

The early post-market target population in clinical practice had a similar CHADS,

score with smaller estimated variance compared with the RE-LY participants (target
population mean=2.15 [standard deviation=0.91] vs. RE-LY mean=2.15 [1.13]) (Table 1
and Supplement 1 Table S7 for the complete list). Although older and more likely to be
female and white than the RE-LY participants (mean age: target=79 vs. RE-LY=71 years),
the early target population had lower prevalence of stroke or transient ischemic attack (5%
vs. 20%) and heart failure (13% vs. 32%) and a higher prevalence of cancer (25% vs. 11%).
Compared with the early target population, the target population over an extended time
frame had overall similar baseline characteristics except for lower prior digoxin use.

Precited results in RE-LY trial participants compared to predicted results in the early
post-market and extended time window target populations in clinical practice

The predicted results for stroke/SE were highly overlapping for the early post-market target
and RE-LY populations, indicating similar benefits of dabigatran vs. warfarin in both
populations (SDrr=0.88, SDrp=0.78) (Table 2). However, the modest reductions in risk
of major bleeding and all-cause death outcomes observed in RE-LY were not predicted

for the early target population in clinical practice, although standardized differences were
less than 1.96 for both RR and RD for both major bleeding (SDrr=1.26, SDrp=1.15) and
all-cause death (SDrr=1.62, SDrp=1.72). The predicted results in the early and extended
target populations were similar.

Predicted vs. observed results in the extended time window target population

Compared with the predicted results from generalizing trial data to a target Medicare
population in clinical practice identified over an extended time window, the observed results
from the RWE study in the same population showed a similar benefit of dabigatran vs.
warfarin for stroke/SE (SDrgr=0.67, SDrp=0.34) (Table 2), and greater benefits for major
bleeding (SDrr=3.03, SDrp=1.94) and all-cause death (SDrr=2.21, SDrp=1.68).

DISCUSSION

Generalization of findings from RCTs to target populations can be problematic in the
presence of heterogeneity of treatment effects. We developed outcome models in trial data
to demonstrate how to predict the treatment effects of an intervention in target populations
treated in clinical practice, accounting for differences in patient characteristics. For the
trial-eligible Medicare population in the early post-market period, dabigatran vs. warfarin
was predicted to confer a similar benefit for stroke/SE but greater risks for major bleeding
and all-cause death compared with the RE-LY trial participants. The predicted benefits and
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risks of dabigatran vs. warfarin remained similar in the extended time window Medicare
population.

RE-LY trial participants vs. the early post-market target population in clinical practice

The characteristics of the early post-market target population were considerably different
from those of RE-LY despite applying the same eligibility criteria to the extent possible

in claims data. Notably, the target population was older and more likely to be female and
white, with a lower prevalence of risk factors for stroke compared with the trial participants.
Nevertheless, the mean CHADS, scores were similar in the trial and target populations due
to the older population and lower prevalence of CHADS, score components (prior stroke

or transient ischemic attack and heart failure) offset each other. Consequently, the predicted
RRs and RDs for stroke/SE were similar between the trial and target populations because
the CHADS, score strongly predicted stroke/SE. For major bleeding and all-cause death, the
target population was also expected to experience similar risks of dabigatran vs. warfarin,
although the point estimates were numerically higher, compared with the trial participants
that may be explained by different patient characteristics.

Early post-market vs. extended time window target populations

Compared with 2010-2011, the characteristics of the RE-LY trial-eligible Medicare
beneficiaries did not change much over time through 2017 except for lower use of

digoxin. Changes in treatment guidelines for AF43 might have influenced medication use.
Nevertheless, the predicted benefits and risks of dabigatran vs. warfarin remained similar

in the Medicare beneficiaries eligible for RE-LY in 2010-2017. The potential influence of
differences in the distributions of effect modifiers between the two target populations on the
predicted treatment effects might be modest in magnitude.

Predicted vs. observed treatment effects in the extended time window population

Observed risks were lower than the predicted risks. This may have been because of
differences in how the outcome was measured in the trial compared to the RWE study,
where in the latter, the outcome algorithms were chosen to have high positive predictive
value to minimize bias in the estimation of the RR, sacrificing some sensitivity. While

this would tend to reduce bias in the RR, it downwardly biases the magnitude of the RD
estimate. The predicted RRs indicated that compared with the RE-LY trial participants,

the trial-eligible target population in clinical practice from 2010-2017 was expected to
experience a similar benefit for stroke/SE and risks for major bleeding and all-cause death
when treated by dabigatran vs. warfarin. Compared with the predicted RRs, the observed
ones showed a similar benefit of dabigatran vs. warfarin for stroke/SE but greater benefits
for major bleeding and all-cause death. We acknowledge that several factors could contribute
to the discrepancies between the predicted and observed results in the extended time window
population. These factors may include residual confounding, different methods of outcome
ascertainment, and misspecification of the outcome models, the effects of which are
challenging to differentiate. Additionally, the comparison between the predicted (intention-
to-treat) and observed (on-treatment) results involves different estimands. However, we
deemed it a more appropriate comparison compared to comparing the predicted intention-to-
treat effect from the trial with the observed intention-to-treat effect in the database study.
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These estimates would be expected to differ due to high adherence in trial participants and
low adherence in clinical practice.

The outcome models developed in trial data provide estimated measures of effect and
association based on measured baseline characteristics in a target population. Therefore,
residual confounding, different outcome measurement, and shorter duration of follow-

up typical in RWE studies are not concerning. Additionally, the outcome model-based
prediction requires only one-time model development in a trial, and the same model can be
used in any target population that overlaps with the trial population.

The application of outcome model-based prediction has several limitations. First, we did
not pursue fitting prediction models for rare outcomes, such as intracranial hemorrhage,
because the performance of outcome models is greatly affected by the number of events in
the trial data.# For rare outcomes, re-weighting®#4°, a method generalizing RCT findings
to target populations by modeling the probabilities of trial participation, could be used.
Another challenge in applying this method was the limited use of covariate information
from the trial because only covariates available both in the trial and target populations

in the same type, e.g., binary, could be considered candidate predictors. Nevertheless, the
calibration of the outcome risk prediction models was decent. Third, the outcome models
cannot extrapolate estimates to populations with characteristics explicitly excluded from
the trial if these characteristics are deemed potentially crucial to the treatment effect. The
RE-LY trial excluded individuals with heart valve disorders or active liver disease potentially
associated with the increased risk of stroke or bleeding. Therefore, applying the developed
outcome risk prediction models to trial-ineligible target populations warrants caution
because the performance of our outcome risk prediction models cannot be guaranteed. Last,
predicted treatment effects are affected by measurement errors in the baseline characteristics
of the target populations. Under-ascertainment of baseline comorbidities* in our target
populations is likely to result in underestimated predicted risks, particularly if the affected
variables serve as predictors of the outcomes. Assuming a positive correlation between age
and the prevalence of risk factors for stroke, we would have observed higher predicted risks
in the target populations.

Conclusions

Outcome model-based prediction facilitates estimating the average treatment effects of a
drug in different target populations when treatment and outcome data are unreliable or
unavailable. Therefore, the predicted effects may inform payers and health technology
assessment agencies’ coverage decisions for their patient populations, especially shortly
after a drug’s launch when observational data are scarce.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Study Highlights
What isthe current knowledge on thetopic?

Trial results may not be generalizable to a target population treated in clinical practice
with a different distribution of baseline characteristics, such as age or comorbidities, that
may modify the treatment effect.

What question did this study address?

We leveraged individual-level RE-LY trial data to predict average treatment effects in
older and frail Medicare populations treated in clinical practice.

What doesthis study add to our knowledge?

Medicare populations who met the eligibility criteria of RE-LY were predicted to
experience similar benefits for stroke or systemic embolism, major bleeding, and
all-cause death when treated with dabigatran vs. warfarin compared with RE-LY
participants.

How might this change drug discovery, development, and/or therapeutics?

Predicted treatment effects in a target population provide valuable insights into the
expected benefits and risks, especially shortly after a drug’s launch when observational
data are scarce. These predicted effects could be informative for payers to make coverage
decisions for patients.
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RE-LY trial participants RE-LY trial-eligible Medicare populations

RE-LY participants
(n=18,113)

Incomplete case (n=1)
Dabigatran 110mg (n=6,014)

RE-LY participants

(n=12,098)
Dabigatran 150mg Warfarin
(n=6,076) (n=6,022)
' “Dabigatran model” “Warfarin model” “Early post-market “Extended time window
target population” target population”
: developed : developed : predicted treatment : predicted treatment
outcome risk outcome risk effects based on baseline effects based on baseline
prediction model in prediction model in information. information.
the dabigatran arm. the warfarin arm. : conducted a

comparative RWE study.

Figure 1. Study | mplementation
No legend
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Figure 2. Prediction model performance
Note: discrimination and calibration slope were optimism-corrected values through

bootstrap resampling.

Gray diagonal line: ideal line for a slope of 1.
Black dot: in-sample calibration accuracy.
Blue x: bootstrap estimates corrected for overfitting.
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Demographics, n (%) unless otherwise specified.

Table 1.

Page 17

RE-LY trial Medicare
Baseline characteristics dabigatra(r:}:__tignagsg warfarin Farly pﬁﬂ?:ﬂ'éﬁt o Extmded;ci]rgll:algiiggow o
' (n=20,552) (n=30,626)
Demogr aphics
Age; mean (sd) 71.4 (8.6) 78.6 (6.4) 77.6 (6.23)
<65 1983 (16.4) 0(0.0) 0(0.0)
>=65-<75 5226 (43.2) 4,874 (23.7) 8,366 (27.3)
>=75 4889 (40.4) 15678 (76.3) 22260 (72.7)
Sex (Female) 4449 (36.8) 9948 (48.4) 13772 (45.0)
Race (White) 8471 (70.0) 19526 (95.0) 29013 (94.7)
Risk stratification score for AF
CHADS?2 score; mean (sd) 2.15(1.13) 2.15(0.91) 2.11(0.91)
Oor1l 3823 (31.6) 4282 (20.8) 6809 (22.2)
2 4365 (36.1) 10465 (50.9) 15667 (51.2)
3 2420 (20.0) 4298 (20.9) 5964 (19.5)
4 1071 (8.9) 1201 (5.8) 1769 (5.8)
50r6 419 (3.5) 306 (1.5) 417 (1.4)
Comorbidities
Stroke or TIA 2428 (20.1) 999 (4.9) 1949 (6.4)
Myocardial infarction 1997 (16.5) 898 (4.4) 1824 (6.0)
Heart failure 3856 (31.9) 2587 (12.6) 3466 (11.3)
Diabetes 2812 (23.2) 5587 (27.2) 8190 (26.7)
Coronary artery disease 3373(27.9) 6174 (30.0) 9254 (30.2)
Hypertension 9545 (78.9) 17062 (83.0) 25529 (83.4)
Cancer 1272 (10.5) 5169 (25.2) 7468 (24.4)
Medicationsin use at baseline
ACE Inhibitor 5424 (44.8) 7787 (37.9) 11184 (36.5)
ARB 2888 (23.9) 4193 (20.4) 6962 (22.7)
Amiodarone 1329 (11.0) 1521 (7.4) 2399 (7.8)
Beta blocker 7609 (62.9) 13352 (65.0) 20428 (66.7)
Clopidogrel 682 (5.6) 2047 (10.0) 3430 (11.2)
Digoxin 3509 (29.0) 3564 (17.3) 3218 (10.5)
Diltiazem 1120 (9.3) 3356 (16.3) 5060 (16.5)
Diuretic 6189 (51.2) 5230 (25.4) 6317 (20.6)
H,-receptor antagonist 519 (4.3) 719 (3.5) 1234 (4.0)
Oral Hypoglycemic 2004 (16.6) 4195 (20.4) 6332 (20.7)
Other NSAID 613 (5.1) 2116 (10.3) 3866 (12.6)
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RE-LY trial

Medicare

dabigatran 150mg + warfarin

Early post-market target

Extended time window tar get

Baseline characteristics (n=12,098) ?r?fgéa;?zr)l ?r?fg(ljaélz%r;
Other antiarrhythmic 981 (8.1) 3105 (15.1) 4619 (15.1)
Parenteral anticoagulant 642 (5.3) 456 (2.2) 676 (2.2)

Proton-pump inhibitors 1720 (14.2) 3329 (16.2) 5544 (18.1)
Statin 5355 (44.3) 11159 (54.3) 17049 (55.7)
Any antithromobotic treatment 5378 (44.5) 2595 (12.6) 4219 (13.8)

Abbreviations: ACE, angiotensin-converting enzyme; ARB, angiotensin Il receptor blocker; COX, cyclooxygenase; H2-receptor: histamine type-2
receptor; NSAID, nonsteroidal anti-inflammatory drug; RE-LY, Randomized Evaluation of Long-Term Anticoagulation Therapy; sd, standard

deviation; TIA, transient ischemic attack; VKA, vitamin K antagonist.
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