
Using Healthcare Databases To Evaluate The 
Safety And Effectiveness Of Newly Marketed 
Medications 

Sebastian Schneeweiss, MD, ScD
Professor of Medicine and Epidemiology

Division of Pharmacoepidemiology and Pharmacoeconomics, Department of Medicine
Brigham and Women’s Hospital, Harvard Medical School, Boston

March 2018

© 2018 Harvard / Brigham Division of Pharmacoepidemiology1



2 © 2018 Harvard / Brigham Division of Pharmacoepidemiology

Disclosures
 PI, Harvard-Brigham & Women’s Hospital Drug Safety Research Center (FDA)
 Co-Chair, Methods Core of the FDA Sentinel System 
 PI of research grants awarded to BWH by Bayer, Genentech, Boehringer Ingelheim
 Consulting fees from WHISCON, LLC, and Aetion, Inc. (incl. equity)
 Grants/contracts from NIH, AHRQ, PCORI, FDA, IMI, Arnold Foundation

Funding
 This study was funded in part by FDA HHSF223201710186C 
 This study was funded in part by the Division of Pharmacoepidemiology
 In addition, Dr. Schneeweiss was funded by PCORI



21st Century Cures Act and PDUFA VI: The role of RWE
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RWD: Routine data from 
healthcare systems

JAMA 2017;318:703-4

FDA debates the utility 
of Real-World Evidence

NEJM 2016;375:2293-7



Effectiveness Research with Healthcare Databases

4
Franklin J, Schneeweiss S CPT 2017

Research data Transactional data
Data collected PRIMARILY for research Data used SECONDARILY for research

Data specifically for 
study purpose

Data intended for 
other studies

For purpose Other purpose

Clinical 
documentation

Administrative

Other purpose

Ex
am

pl
e  Framingham Study

 Cardiovas Health Study
 Slone Birth Defects Study
Some registries

 Nurses’ Health Study 1
 Some registries

 EHR-based studies
 NDI linkage
 Lab test databases
 Some registries

 Claims data studies
 Geocoding/census

Non-interventional data

90%10%

Database Studies

RCT data



From transactional data to study 
implementation
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Dynamic database that
records an ongoing stream 

of new healthcare records in 
Calendar Time for all enrolled 
patients:

To
da

y1/1/20161/1/20151/1/2014 1/1/2017

A

1/1/2015 1/1/2016

Stabilized data snapshot 
for research purposesB

May 1, 2016 Jul 1 Sept 1 Nov 1 Jan 1

Rx RxLab DxVRx

Individual-patient data has        
arrived in episodes and 

from various sources

C

DxHospital stay

Cohort Entry Date

Follow-up PeriodCAP
WPE,O

Study rules are applied and 
arranged by Event TimeD

Healthcare records are entered as 
they arrive, sorted by service date. 
(Some records arrive with admin delays)



RWE in regulatory decision making: Key use cases
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RWE

Expls: 
Pediatric, other 
endpoints, other 
disease stages

Adaptive 
Pathways

Initial Approval Full Approval

RWE

Expls: 
Biomarker to 
clinical endpoint, 
broader popn

Expls: 
Post-market 
requirements 
(PMR),
rapid regulatory 
response 

Safety (a)

Safety (b)

Approval

RWE

Approval

RWE

Secondary 
indications

1

2

3
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Database Study RCT

BART

followed by

HR = 1.53 (1.06 -2.22)
Risk of death (30d)

HR = 1.78 (1.56 -2.02)
Risk of death (7d)

Safety (b)

3
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Database Study RCT
followed by

Safety (a)

3

ENTRACTE 

HR = 0.85 (0.61-1.19)

Risk of composite CV 
outcome

HR = 1.05 (0.77-1.43)

Risk of composite CV 
outcome

© 2018 Harvard / Brigham Division of Pharmacoepidemiology
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RCT Database Study
followed by

Adaptive 
Pathways

2

9

1 / 2,333  vs. 3 / 2,345 

HR = 2.2 (1.4-3.6)

SGLT-2 and risk of DKA

HR = 2.9 (0.4-20.0)

EMPA-REG

Empagliflozin and risk of DKA
26 / 38,045  vs. 55 / 38,045 
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RCT Database Study
followed by

Adaptive 
Pathways

2

1 year

RE-LY

In
ci

de
nc

e 
ra

te
 o

f s
tr

ok
e

1 year

HR = 0.66 (0.53-0.82) HR = 0.77 (0.54-1.09)
Stroke prevention Stroke prevention
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Database Study RCT
followed by Secondary 

indications

1

CANVAS

HR = 0.67 (0.52-0.87)HR = 0.61 (0.47-0.78)

Prevention of heart failure 
hospitalization

Prevention of heart failure 
hospitalization

CanagliflozinCanagliflozin

PlaceboGLP-1 RA

In
ci

de
nc

e 
of

 
HF

 h
os

pi
ta

liz
at

io
n

Months
Weeks
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Database Study RCT
followed by Secondary 

indications

1

CANVAS

HR = 0.67 (0.52-0.87)HR = 0.61 (0.47-0.78)

Prevention of heart failure 
hospitalization

Prevention of heart failure 
hospitalization

CanagliflozinCanagliflozin

PlaceboGLP-1 RA

In
ci

de
nc

e 
of

 
HF

 h
os

pi
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liz
at
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n

Months
Weeks

Why did these database studies come to the 
same causal conclusion?
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Database Study RCT
followed by Secondary 

indications

1

CANVAS

HR = 0.67 (0.52-0.87)HR = 0.61 (0.47-0.78)

Prevention of heart failure 
hospitalization

Prevention of heart failure 
hospitalization

CanagliflozinCanagliflozin

PlaceboGLP-1 RA

In
ci

de
nc

e 
of

 
HF

 h
os

pi
ta

liz
at

io
n

Months
Weeks

How confident are we that the 
next study will get it right?



Re-analysis of Hemkens et al. BMJ 2016 
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Franklin JM, Rothman K, et al.: A Bias in the Evaluation of Bias Comparing Randomized Trials with Non-
experimental Studies. Epidemiology Methods 2017



Re-analysis of Hemkens et al. BMJ 2016 
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Franklin JM, Rothman K, et al.: A Bias in the Evaluation of Bias Comparing Randomized Trials with Non-
experimental Studies. Epidemiology Methods 2017

Such summary statements do not inform us about 
the reasons of failure or success in a given study. 



Confidence in validity of study findings
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Unintended 
effect

Intended 
effect

Beneficial 
effect

Harmful 
effect

RCT RWD RCT

RWD

RWD

RCT

Co
nf

id
en

ce

(discovery) (confirmatory)



Confidence in validity of study findings
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Unintended 
effect

Intended 
effect

Beneficial 
effect

Harmful 
effect

RCT RWD RCT

RWD

RWD

RCT

Co
nf

id
en

ce

 Dabigatran and stroke Canagliflozin and HF

 Aprotinin and death

 Tociluzimab and CVD

 SGLT-2 and DKA

(discovery) (confirmatory)



A spectrum of choices for decision makers
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Strongly 
prefer RCT

RWD 
analysis 
possible

This talk



Reminder: Why we love RCTs
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Randomized Controlled 
Trials

Random treatment 
assignment

Controlled outcome 
measurement

Clear and easy to 
understand 

implementation



20 © 2018 Harvard / Brigham Division of Pharmacoepidemiology

1. Active comparator preferred
2. Outcome, exposure measurable
3. Key confounders measurable

When to do database studies?

St
ud

y 
qu

es
tio

n 
-d

ep
en

de
nt



The universe of study questions validly answerable
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RCTs for 
regulatory 
decision making 
that could be 
replaced?

When to do database studies?
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4. Proceed if
a) Outcome observable with specificity
b) Sufficient outcome surveillance
c) Sufficient patient similarity is reached1)

5. Avoid known design and analytic flaws:
a) Avoid immortal time bias
b) Avoid adjusting for causal intermediates
c) Avoid reverse causation
d) Deal with time-varying hazards

6. Do robustness checks
a) Negative/positive controls
b) Check balance of unmeasured factors

In
ve

st
ig

at
or

-
co

nt
ro

lle
d

D
at

a-
de

pe
nd

en
t

1) Franklin et al. Epidemiology 2014

How to …



The advantages of an active comparator new user design has 
been demonstrated many times: Example Statin and mortality

23 © 2018 Harvard / Brigham Division of Pharmacoepidemiology
23

Schneeweiss et al Med Care 2007

Increasing restriction

HR
 m

or
ta

lit
y 

(u
na

dj
us

te
d)

From any user 
to new users

From non-user 
to active 
comparator

Increasing restriction of a broad RWD 
population leads to a narrow RCT population

The observed effect size is moving to the RCT 
finding with increasing restriction even w/o 

statistical adjustment
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4. Proceed if
a) Outcome observable with specificity
b) Sufficient outcome surveillance
c) Sufficient patient similarity is reached1)

5. Avoid known design and analytic flaws:
a) Avoid immortal time bias
b) Avoid adjusting for causal intermediates
c) Avoid reverse causation
d) Deal with time-varying hazards

6. Do robustness checks
a) Negative/positive controls
b) Check balance of unmeasured factors
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1) Franklin et al. Epidemiology 2014

How to …



Checking balance of unmeasured covariates in EHR-defined 
measures

25 © 2018 Harvard / Brigham Division of Pharmacoepidemiology

Smoking

BMI

DM duration

HbA1C

eGFR

LDL

Patorno et al. Diabetes Obes Metab 2018

Claims-defined
120 variables in 
1:1 PS matching

EHR-defined
6 variables for 
balance checkingLinagliptin vs. pioglitazone and CV endpoints



Checking balance of unmeasured covariates in  EHR-defined 
measures
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Linagliptin Pioglitazone

Never smoking 32.4% 33.9%

Obese 49.4% 46.1%

>3 years DM duration 17.7% 20.1%

HbA1C, % 8.0 (7.1-9.1) 8.2 (7.1-9.9)

eGFR, ml/min/1.73m2 102 (93-116) 104 (96-118)

LDL, mg/dl 97 (73-116) 97 (79-115)

Balance Analysis Sensitivity Analysis



A pathway
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Is setting 
adequate 
for RWD 
analysis?

Is data 
quality fit for 
purpose?

Statistical 
analysis plan

Was balance 
achieved?

Analysis
Yes Yes

RCT

No

Yes Structured 
reporting

(ct.gov; encepp.eu)

Validated RWD analytics platform with audit trails

RCT

No

RCT

No



A pathway with regulatory validation
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Is setting 
adequate 
for RWD 
analysis?

Is data 
quality fit for 
purpose?

Statistical 
analysis plan

Was balance 
achieved?

Analysis
Yes Yes

RCT

No

Yes Structured 
reporting

(ct.gov; encepp.eu)

Validated RWD analytics platform with audit trails

RCT

No

RCT

No

Regulatory 
and HTA 
consideration

Plan for 
additional 
analyses 
and checks



A pathway with regulatory validation
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Is setting 
adequate 
for RWD 
analysis?

Is data 
quality fit for 
purpose?

Statistical 
analysis plan

Was balance 
achieved?

Analysis
Yes Yes

RCT

No

Yes Structured 
reporting

(ct.gov; encepp.eu)

Validated RWD analytics platform with audit trails

RCT

No

RCT

No

Regulatory 
and HTA 
consideration

Plan for 
additional 
analyses 
and checks
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Case study: Telmisartan

Telmisartan is an angiotensin 
receptor blocker (ARB) 

Original indication in 1998: 
• Hypertension

Supplementary indication in 
2009:

• Cardiovascular risk reduction in 
patients ≥55 years 

ONTARGET trial: 
 Telmisartan (ARB) vs. Ramipril (ACE)
 CV death, MI, stroke, heart failure hospitalization 
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Case study: Telmisartan

 Let us say we have healthcare claims data available to us
 Let us say we have claims from commercial US insurer, e.g. 

MarketScan, from 2003 through 2009 (130 million lives covered).
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Case study: Telmisartan

New user, active comparator, PS-matched cohort study
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Case study: Telmisartan

Balanced patient characteristics after PS-matching
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Case study: Telmisartan

Comparing RWE vs. RCT results
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Case study: Telmisartan

Comparing RWE vs. RCT results
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Randomized Controlled 
Trials

Random treatment 
assignment

Controlled outcome 
measurement

Clear and easy to 
understand 

implementation

Non-interventional 
Database Studies

Non-standardized 
observations

Complex study design and 
analytic methods

Transparent, structured 
reporting of complex 
methodology clarifies 
study validity for decision 
makers

Controlled study 
environment and self-
evident methodology 
provides confidence in 
decision making 

Study design choices 
balance patient 
characteristics

Transparency to increase confidence in RWD analyses
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1) Franklin et al. Epidemiology 2014

How to …

7. Use validated RWE software platform 1)

a) Avoids design flaws
b) Increased transparency
c) Stores audit trails
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Select patients in transparent and reproducible ways

Select risk adjustment Select follow-up model

Select comparison group

Structured user interfaces guide the user through the process 
collecting all study parameters
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Analytic tools are build for 100% transparency

Tabular format (FDA Sentinel) Text and tabular format
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Line programming against line programming (double programming, same protocol): 
 10+ examples at BWH
 In 100% get different findings! 

Line programming against FDA Sentinel tools: 
 3 examples at BWH
 In 100% there were errors in line programming

Line programming against Aetion platform: 
 More than 50 validation activities in >20 organizations 
 In 100% of activities there were errors in line programming

70% misinterpretation or alternative assumption
30% coding errors (time related, definitions)

⇒ Line programming for healthcare database analytics is 
1) Inherently error prone
2) Not validatable at scale

One 0ff Line programming in RWD analyses (SAS, Stata, R etc.)
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⇒ Line programming for healthcare database analytics 
3) Lacks transparency
4) Lacks reproducibility against intended protocol

Sharing programming code is not helpful…
… as it does not clarify whether the indented study was implemented accurately
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Lack of reporting details make RWD studies non-reproducible

100

18

32
Wang et al. CP&T 2016
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Systematic search using 
Google Scholar

Include descriptive or comparative 
safety/effectiveness cohort studies

Consider all publically available 
information 

Replicate studies
(blind to original results)

Contact original authors to under-
stand assumptions, differences

CONSORT style diagram
• Exclude if data source mismatch 

or PDF unavailable

Top h-5 clinical, epidemiology journals
• Published after Jan 1, 2011
• “cohort” + “claims” + database name 

Metrics to quantify reproducibility 
Frequency insufficient reporting, Std. Diff,  etc.

Randomly sample           250 studies

• Standardized extraction form

Quantify the current state of reproducibility of database studies
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International Society for 
Pharmacoeconomics and 
Outcomes Research 



45 © 2018 Harvard / Brigham Division of Pharmacoepidemiology

How well can RWD analyses reproduce RCT findings?
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MVET framework for 
RWE that is fit for DM

When and how to 
augment RCTs with RWE

CP&T 2016;100:633-46

ISPE/ISPOR consensus 
paper on reproducibility

Pharmacoepi Drug Saf 2017;9:1018-32

CP&T 2017;102:924-33

RWE fit for Decision Making in Healthcare



A pathway
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Is setting 
adequate 
for RWD 
analysis?

Is data 
quality fit for 
purpose?

Statistical 
analysis plan

Was balance 
achieved?

Analysis
Yes Yes

RCT

No

Yes Structured 
reporting

(ct.gov; encepp.eu)

Validated RWD analytics platform with audit trails

RCT

No

RCT

No

Regulatory 
and HTA 
consideration

Plan for 
additional 
analyses 
and checks
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