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What is real-world data? 
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The role of RWD/RWE in a drug lifecycle 
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!  Understand disease 
•  Natural history of 

disease 
•  Disease projection 
•  Burden of disease 
•  Unmet need 
•  Co-medications  
•  Co-morbidities 

!  Plan RCTs  
•  Target patients 
•  Study size 
•  Long-term follow-up and 

pragmatic RCTs 
•  Accelerated approval? 

•  MAPP 
•  Adaptive licensing 

 
!  Advanced discovery 

•  Biomarkers association 
studies 

•  Genome-wide 
association studies 

 

!  Understand treatment 
inefficiencies  
•  Competitor 

effectiveness  
•  Competitor safety  
•  Competitor adherence 

!  Plan post-launch studies 
with NDA submission 
•  Registries, database  

studies to understand 
clinical effectiveness 

•  Safety monitoring study 
•  Risk management and 

its evaluation 

!  Prepare economic impact 
model 
•  Local healthcare costs  
•  Local disease 

prevalence 
 

!  Demonstrate medical 
need 
•  Identify level of 

untreated/ undiagnosed 
patients 

!  Monitor drug effects in 
rapid cycles 
•  Effectiveness (incl. HTA) 
•  Safety 
•  Adherence and 

persistence of use 
 
 
!  Innovative contracting 

•  Outcome-based 
payment arrangements 

•  Gain-sharing 
 

!  Demonstrate value 
•  Cost-effectiveness 
•  Reference price 
•  Price negotiations  
•  Local budget impact 

Development Post Launch Pre Launch Launch Post Launch 

!  Understand utilization 
patterns 
•  Show need for change 

in clinical practice 

!  Target treatment 
•  Document safe and 

effective off-label use 
•  Subgroup effects 
•  License extension 

!  Regulatory compliance 
•  Rapid-cycle safety signal 

follow-up 
•  Periodic Benefit-Risk 

Evaluation Report 
•  REM evaluation 

!  Engage payers 
•  Outcome-based 

payment 
•  Gain-sharing 
 

!  Re-affirm economic 
impact 
•  Price re-negotiation 



RWD basics: what are the major types of RWD?  Are they “big 
data”? 

Type Relevance for 
research 
as of Oct 2017 

Approximate order of magnitude of 
n patients* 

Electronic health records (EHRs) ↑↑ and climbing Tens of thousands 

Clinical research databases (eg, CPRD) ↑↑↑ Millions 

Claims and billing (administrative) data ↑↑↑ Hundreds of millions 

Registries ↑↑↑ Thousands 

Patient-generated data such as data from 
devices 

↑ and climbing Varies 

Data gathered from other sources (eg, 
epidemiological studies, vital statistics, financial 
data, marketing data, etc.) 

Varies Varies 
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* Multiply by 10-100 rows per patient for number of rows
  



Two major sources (~90%) of RWD; both are “secondary use” 

•  Electronic health records 
•  Data arising from clinical treatment in hospital, primary care, specialists’ 

offices and other clinical settings. 
•  Pros: high levels of clinical detail 
•  Cons: can contain missing data, often only partially longitudinal, drug 

prescription vs drug dispensing 
•  Administrative claims data 

•  Data arising from billing by providers to insurers (commercial or 
governmental).  “Claims data describe the sociology of health care and its 
recording practice in light of economic interests.” 

•  Pros: big, highly complete for billed services, longitudinal 
•  Cons: lower level of clinical detail, do not support all outcomes 
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Safety and effectiveness research with healthcare databases 
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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 



RWE in regulatory decision making: some key use cases 

8 

Secondary 
indications RWE 

Examples:  
Pediatric, other 
endpoints, other 
stages 

Adaptive 
Pathways 

Initial Approval Full Approval 

RWE 

Examples:  
Biomarker to 
clinical endpoint, 
broader pop’n 

Safety 

b) Rapid 
Response 

Approval 

RWE 

Approval 

RWE 

Examples :  
Post-market 
requirements, 
rapid reg response  

a) PMR 



How can real-world data become real-world evidence? 

•  Let’s look at a few examples of RWD-based studies alongside RCTs. 
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RWD Study 

Case 
Study 

Example: RWD CV safety study preceding RCTs, blinded to RCT 
results 

HR for composite CV event 
0.90 (0.60, 1.36) 
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RWD Study RCT 

ENTRACTE  

followed by 

Case 
Study 

Example: RWD CV safety study preceding RCTs, blinded to RCT 
results 

HR for composite CV event 
0.90 (0.60, 1.36) 

HR for non-fatal MI 
0.89 (0.54, 1.49) 
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Database Study 

Example: RWD effectiveness study blinded with respect to RCT findings 

Canagliflozin 

GLP-1 RA 

In
ci

de
nc

e 
of

  
H

F 
ho

sp
ita

liz
at

io
n 

Months 

Prevention of heart failure 
hospitalization 

HR = 0.61 (0.47-0.78) 
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Database Study RCT followed by 

CANVAS 

Canagliflozin Canagliflozin 

Placebo GLP-1 RA 

In
ci

de
nc

e 
of

  
H

F 
ho

sp
ita

liz
at

io
n 

Months 
Weeks 

Example: RWD effectiveness study blinded with respect to RCT findings 

Prevention of heart failure 
hospitalization 

HR = 0.67 (0.52-0.87) 

Prevention of heart failure 
hospitalization 

HR = 0.61 (0.47-0.78) 



1 year 
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RCT 

Example: RWD effectiveness study after RCT findings were released: 

RE-LY 

In
ci

de
nc

e 
ra

te
 o

f s
tro

ke
 

HR = 0.66 (0.53-0.82) 



1 year 
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Database Study RCT followed by 

RE-LY 

In
ci

de
nc

e 
ra

te
 o

f s
tro

ke
 

1 year 

HR = 0.66 (0.53-0.82) HR = 0.77 (0.54-1.09) 

Example: RWD effectiveness study after RCT findings were released: 



Going back: How can real-world data become real-world 
evidence? 

•  Let’s look at a few examples of RWD-based studies alongside RCTs. 

•  Two big questions: 
•  Why did these RWD studies able to come to the same causal conclusion as 

the RCTs? 
•  How can we ensure that next RWD study will continue to get it right? 

•  The remainder of the talk will address these questions. 
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The road to decision-relevant evidence:   
Quality evidence is generated the right way at the right time 
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1)  Meaningful evidence 
2)  Valid evidence 
3)  Expedited evidence 
4)  Transparent evidence 

Schneeweiss et al, CPT 2016 
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1) Meaningful evidence 
2) Valid evidence 
3) Expedited evidence 
4) Transparent evidence 

To be meaningful, evidence must be relevant and decision-focused.  To obtain 
meaningful evidence… 

Data quality Must be fit for purpose 
 

Data appropriateness Must match data type to the 
question 

Meaningful statistics Must employ metrics that matter 

1 

2 

3 



Data quality: fit for purpose 
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• Can you accurately assess exposure? 
• Completeness of repeated uses 
•  Prescribing vs. dispensing vs. use of drugs 

• Can you accurately assess outcome? 
• High specificity of outcome assessment when estimating relative effect 

measures: risk ratio, rate ratio, hazard ratio 
• Reasonable sensitivity to preserve event counts 

• Can you completely measure confounders? 
• Reduced unobserved confounding 
• Measured prior to exposure, to avoid adjusting for intermediates 
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D
ata Layer  

Rules Layer 

Mapping CDM e.g. 
OMOP, EU-ADR 

Organizing CDM 
e.g. FDA Sentinel, i2b2 

Adaptive Rules 
System e.g. Aetion, 
Sentinel PROMPT 

Individual Rules  
Line programming, e.g. 
SAS, Stata, R 

Raw data structure 
e.g. Relational, Hadoop, longitudinal 

Analytics Layer 

Data appropriateness: what data can give accurate measurement? 



21 

D
ata Layer  

Rules Layer 

Mapping CDM e.g. 
OMOP, EU-ADR 

Organizing CDM 
e.g. FDA Sentinel, i2b2 

Adaptive Rules 
System e.g. Aetion, 
Sentinel PROMPT 

Individual Rules  
Line programming, e.g. 
SAS, Stata, R 

Raw data structure 
e.g. Relational, Hadoop, longitudinal 

Analytics Layer 

Data appropriateness: what data can give accurate measurement? 



Statistics meaningful to the audience: start with the basics; stick 
with the known 
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"  Counts of users  
"  Duration of use 

"  Population at risk  
"  Incidence rates of events 

"  MV-adjusted OR 
"  PS-matched HR 

BASICS, for example KNOWN, for example 



23 
Case 
Study 

Meaningful statistics: what’s basic?  Example of prevalence 
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1) Meaningful evidence 
2) Valid evidence 
3) Expedited evidence 
4) Transparent evidence 

Valid evidence ensures quality and interpretability.  To obtain valid evidence… 
 

Avoid design flaws Design with a hypothetical trial in 
mind 

Approach confounding in 
context 

Let the question and data dictate 
approach 

Reduce potential for error Employ structured approaches 

1 

2 

3 



Avoiding design flaws: think like a trial 
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1)  Temporality 
2)  Baseline status (confounders) 
3)  Exposure state 
4)  Outcome(s) 

Baseline Status 

Exposure 

Outcomes 

Claims data 
(hosp. for MI via 
ICD-9 codes) 

EHR data 
(Functional status 
via nat. language 
processing) 

Registry data 
(PRO) 

Claims data 
(drug dispensing) 

EHR data 
(prescrib. details) 

Registry data 
(Device id#) 

Claims data 
(In+ outpatient Dx) 

EHR data 
(clinical parms, 
lifestyle, QoL) 

Registry data 
(PRO) 

Time 
Major Design Elements 

Incl/Excl 



Intrinsic Study Characteristics 
#  Internal validity (bias) 
#  External validity (generalizability, transportability) 
#  Precision 
#  Heterogeneity in risk or benefit (personalized evidence) 
#  Ethical consideration (equipoise) 
External Study Characteristics 
#  Timeliness (rapidly changing technology, policy needs) 
#  Logistical constraints (study size, complexity, cost) 
#  Data availability, quality, completeness 

Does decision-relevant 
evidence require 
randomization in this 
case? 

Schneeweiss et al. CP&T 2016 

Avoiding design flaws: 
pick the right design 
from a known set 



Intrinsic Study Characteristics 
#  Internal validity (bias) 
#  External validity (generalizability, transportability) 
#  Precision 
#  Heterogeneity in risk or benefit (personalized evidence) 
#  Ethical consideration (equipoise) 
External Study Characteristics 
#  Timeliness (rapidly changing technology, policy needs) 
#  Logistical constraints (study size, complexity, cost) 
#  Data availability, quality, completeness 

Does decision-relevant 
evidence require 
randomization in this 
case? 

Schneeweiss et al. CP&T 2016 



Handling confounding: good design + new approaches 

28 Schneeweiss, PDS 2006 

Confounding 

Unmeasured 
Confounders 

Measured 
Confounders 

Design 

• Restriction 

• Matching 

Analysis 

• Standardization 

• Stratification 

• Regression 

Unmeasured, but 
measurable in 

substudy 

• Sampling 

• Ext. adjustment 

• Imputation 

Unmeasurable 

Design Analysis 

• Cross-over 

• Active 
comparator 
(restriction)  

• Instrumental 
variable 

• Proxy 
analysis 

• Sensitivity 
analysis 

Propensity scores 

• Marginal 
Structural Models 

Research focus has yielded huge 
improvements over past 20 years 



Avoiding error: a “model-based approach” 
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Example implementation: the Aetion platform for real-world 
evidence 
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Select patients in transparent and 
reproducible ways 

Select risk adjustment Select follow-up model 

Select comparison group  



Telmisartan (Micardis) is an 
angiotensin receptor blocker (ARB)  

•  was approved as an antihypertensive 
in 1998  

•  Original indication: Hypertension 

Supplementary indication in 2009: 
•  for cardiovascular risk reduction in 

patients ≥55 years  
•  ONTARGET (Ongoing Telmisartan 

Alone and in Combination with 
Ramipril Global End-point Trial), was 
published in April, 2008  

•  Primary endpoint: CV death, MI, 
stroke, hospitalization for heart failure 

ONTARGET trial:  
!  Telmisartan vs. ramipril 
!  CV death, MI, stroke, 

hospitalization for heart failure  

Case study of applying valid evidence: telmisartan 



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 (110 million lives covered) 
•  What could we do to study the question of a possible label extension? 



New user, active comparator, PS-matched cohort study 

Case study: telmisartan 



Balancing patient characteristics with propensity scores 
Case study: telmisartan 



Comparing RWE vs. RCT results 

Case study: telmisartan 



Case study: telmisartan 



Checking: Confirm known causal relationships 

Case study: telmisartan 
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1) Meaningful evidence 
2) Valid evidence 
3) Expedited evidence 
4) Transparent evidence 

To be decision-ready, evidence must be obtained at a relevant time, which is 
faster than the “usual” study.  To obtain this expedited evidence… 

Closeness to data Speed via being embedded in the 
data stream 

Data standards Speed through data models or 
adaptive rules 

Robust analytic tools Speed without compromise in 
science 

1 

2 

3 



Just how expedited can evidence be?  Availability of data 
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Analysis 

Hartzema et al. Utilizing Medicare claims data for real-time drug safety evaluations: is it feasible? PDS 2013 

Analysis 2 



Just how expedited can evidence be?  Availability of data 
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Analysis 

Hartzema et al. Utilizing Medicare claims data for real-time drug safety evaluations: is it feasible? PDS 2013 

Analysis 2 

Be ready to go when the 
data are ready to go: 
•  Be in the data stream 
•  Have measures built 
•  Avoid line 

programming with an 
analytic system 



Sequential cohort design:  
known design, expedited, good handling of confounders, “buildable”* 

Example: building evidence in near real-time 

41 Schneeweiss et al. CPT 2011 

1 

2 

3 

* Evidence builds cumulatively 



PS-match 

Be
ne

fit
 + 

- 

7 per 1,000 person-
year benefit of the 
new drug 

Example: building evidence in near real-time 

1 



PS-match 

PS-match 

  

Be
ne

fit
 + 

- 

9 per 1,000 person-
year benefit of the 
new drug 

1 

2 



PS-match 

PS-match 

PS-match 

Be
ne

fit
 + 

- 

13 per 1,000 person-
year benefit of the 
new drug 

1 

2 

3 



PS-match 

PS-match 

PS-match 

  

? 
Be
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fit

 + 

- 

1 

2 

3 
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2 
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 
Lower 95% confidence interval -6.00 -2.00 -4.50 -0.80 -1.00 -0.50 -0.50 -0.20 0.00 0.50 0.60 0.60 

Cumulative rate difference 0.00 2.40 -1.20 2.30 1.50 2.50 2.00 2.30 2.20 2.50 2.40 2.00 

Upper 95% confidence interval 6.00 6.80 2.10 5.40 4.00 5.50 4.50 4.80 4.40 4.50 4.20 3.40 

Cumulative AMIs: prasugrel 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Cumulative AMIs: clopidogrel 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Cumulative person-years: prasugrel 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

Cumulative person-years: clopidogrel 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

-7.0 
-6.0 
-5.0 
-4.0 
-3.0 
-2.0 
-1.0 
0.0 
1.0 
2.0 
3.0 
4.0 
5.0 
6.0 
7.0 

Questionable Promising Superior? 

be
tte

r 
w

or
se

 

Promising: 
-  Continue program 
-  Continue 

evaluation 
-  Moderately expand 

program 

Superior: 
-  Widely disseminate 

Questionable: 
-  Investigate 

subgroup effects 
-  Continue 

evaluation 
Schneeweiss, Shrank, Ruhl, Maclure, IJTAHC 2015 

Decision making at speed and scale 
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1) Meaningful evidence 
2) Valid evidence 
3) Expedited evidence 
4) Transparent evidence 

To obtain transparent, accepted evidence… 
 

Aim for reproducibility Reproducible research is only 
possible with true transparency 

Aim for auditability Retain details for full auditability 

Use accepted statistics New can be good, but trusted is 
better 

1 

2 

3 



Traditional line programming is not reproducible and thus not 
compatible with true transparency 
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Line programming against line programming (double programming, same protocol):  
 In 20 of 20 cases, different programmers obtained different findings! 
 Line programming masks interpretations that programmers have made 

 
Line programming against analytics platform:  

 More than 50 validation activities in >20 organizations  
 One organization: in 38 of 38 cases there were errors in line programming 
  70% misinterpretation or alternative assumption 
  30% coding errors (time related, definitions) 
 Upon inspection, analytics platform result was correct in all cases because of 
 clearly-expressed assumptions and study QA in natural language 

⇒  Line programming for RWD analytics is   
1) inherently error prone,  
2) non-transparent (non-auditable),  
3) not reproducible at scale, and 
4) not validateable 



Analytic platforms are built for transparency 

•  Description of methods and 
measurements in natural language 

•  Full reporting 
•  Standardized documentation templates 
•  Accepted statistics with references 
•  Long-term auditability 
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International Society for 
Pharmacoeconomics and Outcomes 
Research  

Standards for transparency are rapidly emerging 



Creating decision-relevant evidence from big, real-world data 
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Transparent Expedited 

Meaningful Valid 

•  Aim for reproducibility 
•  Aim for auditability 
•  Use accepted statistics 

•  Closeness to data 
•  Data standards 
•  Meaningful analytic tools 

•  Avoid design flaws 
•  Approach confounding in 

context 
•  Reduce potential for error 

•  Data quality 
•  Data appropriateness 
•  Meaningful statistics 



Thank you 

•  Jeremy A. Rassen, Sc.D. 
President and Chief Scientific Officer 
Aetion, Inc. 
New York, NY USA 
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