
Advanced Methods for
Addressing Selection Bias

in Real-World Effectiveness
and Cost-Effectiveness

Studies

Pre-conference workshop, June 19, 
2018

1



Acknowledgements

• Noemi Kreif (York)
• Jasjeet Sekhon (UC Berkeley)
• Rosalba Radice (Birkbeck)
• Zia Sadique (LSHTM)
• Roland Ramsahai

Funding
• Economic and Social Research Council (Grant no RES-061-25-0434)
• National Institute for Health Research (Senior Research Fellowship, Dr Richard 

Grieve, SRF-2013-06-016)
• Medical Research Council (Early Career Fellowship in the Economics of Health, 

Dr Noemi Kreif MR/L012332/1).



Learning Outcomes:

By the end of this session participants should be able to :

• Recognise opportunities for using RWE in effectiveness and 
cost-effectiveness research

• Consider the fundamental problem of confounding
• Understand the importance of study design
• Be aware of how RWE can be incorporated into decision 

models



Timetable
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Session content

1. RWE in HTA
2. RWE with and without RCTs
3. RWE and decision-making
4. Key Concern: selection bias due to confounding
5. The importance of design
6. The current state of play



Introduction

Comparative effectiveness, cost-effectiveness analysis (CEA)
US Panel (Sanders et al, 2016); NICE (2013); CADTH (2006), PBAC (2008)

• Aim: report relative effectiveness, costs and cost-effectiveness

• Emphasis of Methodological guidelines

– Relevant comparators

– Target populations, sub populations interest

– Appropriate perspective, time horizon

– Use of appropriate sources of evidence in decision model

• Traditionally published studies reliant on RCTs, relative effectiveness

• No longer the case….which raises new, important issues…
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RWE in HTA
What is RWE?

• Disease registries

• Clinical databases

• Administrative databases

• Electronic medical records

• Cost databases

• Evidence that is not from phase III RCTs



HTA that use observational data 
i) to complement RCTs 

Parameter Form of 
observational data

Example

Transition 
probabilities

Aggregate Risk equations for 
cardiovascular disease (CVD)
CEA of statins

Costs Individual patient data
(IPD)

Incremental costs for setting 
of interest (UK)
CEA of xigris severe sepsis

Mortality IPD Vertebroplasty and 
kyphoplasty for treating 
osteoporotic vertebral 
fractures

8



RCTs nested within large registries



Framework combining RCTs with 
observational data



RWE to estimate population effects from RCTs

Trial nested within large clinical database 
1. Effectiveness within RCT, Sample average treatment effects (SATT)
2. Develop model for trial inclusion to reweight the SATT
3. Reweight to report Population average Treatment effects (PATT)



PATT versus SATT
Incremental net benefits 

Pulmonary Artery Catheterization (PAC) vs No PAC
£20,000 per QALY
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Observational data when RCTs unavailable..

• To estimate treatment effects

• Effect on mean costs, mean QALYs, time to event

• Traditionally for non-drug interventions

• Health service, health financing, public health interventions

• New medical devices, forms of surgery

• Orphan drugs

• But the floodgates are opening..



Opportunities in observational data initiatives



Drug regulation and reimbursement  initiatives 

• EMA, Adaptive Pathways. Pilot project on adaptive licensing.
http://www.ema.europa.eu/docs/en_GB/document_library/Other/2014/03/WC5
00163409.pdf

• International committee on Harmonisation (ICH, E9 appendum (august 2017)
http://www.ema.europa.eu/ema/doc_index.jsp?curl=pages/includes/document/
document_detail.jsp?webContentId=WC500233916&murl=menus/document_libr
ary/document_library.jsp&mid=0b01ac058009a3dc

• Accelerated Access Review
https://www.gov.uk/government/publications/accelerated-access-pathways-for-
medical-technologies

• Cancer Drugs Fund (Grieve et al, 2016)
http://www.bmj.com/content/354/bmj.i5090
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Real-world evidence and the FDA

While, RWE can 

“inform therapeutic development, outcomes research, patient 
care, research on health care systems, quality improvement, 
safety surveillance, and well-controlled effectiveness studies…
…
“the confluence of large data sets of uncertain quality and 
provenance, the facile analytics tools that can be used by 
nonexperts, and a shortage of researchers with adequate 
methodologic savvy... could result in poorly conceived study 
and designs that generate incorrect or unreliable conclusions.”

Rob Califf, ex-FDA commissioner, May, 2017
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Challenges in CEA use observational data...

Evaluation Analytical method Reference

PTCA vs. CABG for Angina Regression Griffin et al (2007)

Surgery bladder cancer Propensity score (PS) methods Mitra and Indurkhya
(2005)

Xigris for severe sepsis PS matching, Genetic Matching Sadique et al al (2011)

Alternative types of hip prosthesis regression, Genetic Matching Pennington et al (2013)

Alternative surgery for breast cancer IV methods Polsky and Basu (2006)

Treatments for psoriasis Matching-adjusted indirect compar Signorotvitch et al (2010)

Bosutinib Chronic Myeloid 
Leukaemia

Naïve comparison NICE 2015, TA 413



Reformed NICE cancer drugs 
fund (CDF), decision 1

Bosutinib for chronic myeloid leukaemia
• Previously rejected by NICE and only available through the Cancer Drugs 

Fund (CDF) (ICERs: 50K to 150K)
• NICE reappraising drugs currently in the CDF.
• Bosutinib appraisal no RCT evidence
• new drug was compared to a small sample of patients who received an 

alternative drug some years previously. 
• The evidence submitted to NICE on whether Bosutinib is effective, did not 

allow for differences between patients who took the new versus the old 
drug.

• Bosutinib approved for patients failed previous treatments
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Challenges in use of RWE for decision-making 

• Beta Interferon for Multiple sclerosis (McCabe et al, 2010)
• Initial RCT reported small levels of clinical effectiveness
• NHS funded drug, conditional on real world evidence of relative effectiveness
• Pharmaceutical company return drug costs if not effective and cost-effective
• Independent, NRS reported smaller effect than original RCT
• Company disputed the findings as based on NRS..
• Key challenge: address the confounding…



Survey by US payers on RWE for comparative effectiveness

Prospective 
Non-experimental Studies

Pragmatic Trials

Randomized 
Controlled Trials

Retrospective Analyses

Systematic Reviews

Modeling

1          2          3          4          5          6         7
Least valuable Most valuable

“Prospective non-experimental studies are the closest to what 
happens in the practice setting. The biggest challenge are 
pharma sponsored registries due to biases, so their utility is 
diminished. If registries are not biased then they would be 
helpful..” – National pharmacy director on effectiveness in 
competitive mature markets

“Retrospective analysis is sometimes the best we can do. Data 
of this nature is sometimes published in really good journals, so 
there’s a lot of variation.” – National medical director on 
effectiveness in competitive mature markets

“We will manage oncology products to label even if the drug is 
much more expensive. It’s a political time bomb to manage 
pricing and utilization.” – Regional medical director on 
effectiveness for oncology

Value Assessment for Effectiveness (average ratings)

Prospective 
Non-experimental Studies

Pragmatic Trials

Randomized 
Controlled Trials

Retrospective Analyses

Systematic Reviews

Modeling

1          2          3          4          5          6         7
Least valuable Most valuable

Prospective 
Non-experimental Studies

Pragmatic Trials

Randomized 
Controlled Trials

Retrospective Analyses

Systematic Reviews

Modeling

1          2          3          4          5          6         7
Least valuable Most valuable
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Key Concern: Confounding

Hormone Replacement Study a Shock to the Medical System
By GINA KOLATA with MELODY PETERSEN
Published: Wednesday, July 10, 2002

“The announcement yesterday that a hormone replacement regimen taken by 
six million American women did more harm than good was met with 
puzzlement and disbelief by women and their doctors across the country.”

“A rigorous study found that the drugs, a combination of oestrogen and 
progestin, caused small increases in breast cancer, heart attacks, strokes and 
blood clots. Those risks outweighed the drugs' benefits: a small decrease in 
hip fractures and a decrease in colorectal cancer. Many of the 16,000 women 
in the study, supported by the National Institutes of Health, opened letters 
yesterday telling them to stop the drugs..”



Treatment      Outcome

X

1. X associated with treatment assignment
- Not a consequence of treatment

2. X associated with outcome
- Independently of treatment (not an intermediary)

i.e the variable is a common cause 

What is confounding?



Treatment CVD mortality   

Post treatment 
cholesterol

Want to avoid adjusting for variables that are on the causal pathway

Adjusting for confounding



HRT CVD Mortality

Age

Example of an observed and an unobserved confounding variable

If ignored can lead to selection bias

- Bias from imbalance on unobservables: hidden bias

- Bias from imbalance on observables: overt bias

Lifestyle 
factors

Selection bias from
measured and unmeasured confounders



Statistical Methods for addressing confounding 

• Assume no unobserved confounding
– Regression adjustment
– Matching methods

• Propensity score matching
• Genetic Matching

• Allow for observed and unobserved confounding:
– Instrumental variable estimation - Assumes we have a valid 

instrument!
– Regression discontinuity design
– Alternative: sensitivity analysis for unobserved confounding



Instrumental variables (IV) 

Criteria for IV, often termed Z
1. Correlated with treatment receipt [testable]
2. Independent of unobserved confounder (U) [untestable]
3. Independent of outcome, conditional on U [untestable]

Can effectively randomise between treatment arms
- Both X’s and U’s equally distributed across treatment arms
- Estimate treatment effects without overt and hidden bias
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Treatment      Outcome

U

Criteria for IV

instrument
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1. Correlated with treatment receipt
2. Independent of U
3. Independent of outcome, conditional on U



Example of IV 
Polsky and Basu, 2006

• Breast conserving surgery (BCS) versus mastectomy (M) for 
breast cancer

• BCS group anticipated to be healthier
• IV- distance to hospital
• Report ATE, mean (SD) incremental costs 

– Unadjusted: $8,593 ($1,522)
– Regression adjusted: $10,944 ($1,540)
– IV: $15,417($5,110)
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IV: Big challenge

• “The use of instrumental variables replaces the unverifiable 
assumption of no unmeasured confounding with other 
unverifiable assumptions. ..Hence the reliance on 
assumptions that cannot be empirically verified is not solved 
but shifted to another realm”

• Hernan and Robins, Epidemiology 2006, 17:360-372.

• IV assumptions tenable in some settings e.g. for handling non-
compliance in RCTs (see guest lecture) 
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How good are we at addressing confounding 
in RWE studies?

Systematic review economic evaluation (2000-2011) by Kreif et al (2012)

79 studies

Almost all studies assumed “no unobserved confounding” 

Failed to justify this key assumption

Regression

Matching on
Pscore
Matching on
covariates
Instrumental
variables



How good are we at addressing confounding 
in observational studies?

• Faria et al. (2015) NICE 

– Technology assessments use matching or regression when 

using IPD

– Analysis and reporting not satisfactory

– Further training in relevant statistical methods essential



Careful design is essential
(Rubin 2008)

• Careful definition of intervention and control (counterfactual)

• Measure as many of relevant confounders as possible

• Standard approach assume all relevant confounders observed

• Justify that assumption

• test in sensitivity analyses



Pennington et al (2013 BMJ)
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Large linked observational data for decision-
making: example of hip prosthesis

Pennington et al (2013)

Administrative 
database 

Hospital Episode 
Statistics

Outcomes 
database
Patient 

reported 
outcomes 
measures

Clinical 
database

National Joint 
registry
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Some key design principles 
(e.g. Pennington et al, 2013)

Goal
• Careful definition of 

treatments 
• Pre-specification population 
• Pre-specification estimand
• Covariate measurement
• Good overlap
• Exploit large, linked datasets
• Relevant outcomes
• Sensitivity analysis
• Careful analysis and 

interpretation 

Example
• Alternative hip prostheses
• Osteoarthritis, in linked data
• Average treatment effect, by 

subgroup
• Baseline QoL etc
• Yes
• Yes
• Partial, QoL at 6 months
• Partial
• Partial



Future directions

Better 
decisions?

Large scale 
observational data

Regulatory and 
reimbursement 
requirements

Methods 
for causal 
inference



Summary

• Observational data here to stay, and its improving
• No substitute for RCT
• Addressing confounding is key 
• Careful design is necessary first step



Key References

• Faria, R at al (2015): NICE DSU technical support document 17: The use of observational data to 
inform estimates of treatment effectiveness in technology appraisal: Methods for comparative 
individual patient data report by the decision support unit 
http://scharr.dept.shef.ac.uk/nicedsu/wp-content/uploads/sites/7/2016/03/TSD17-DSU-
Observational-data-FINAL.pdf

• Grieve R, et al. (2016) Cancer Drugs Fund requires further reform: Reliance on “real world” 
observational data undermines evidence base for clinical practice. BMJ 2016;354:i5090

• Pennington et al (2013). Cemented, cementless, and hybrid prostheses for total hip replacement: 
cost effectiveness analysis. BMJ Feb 27;346:f1026.

• Rubin DB (2008). For objective causal inference, design trumps analysis. The Annals of Applied 
Statistics. 2008 Sep 1:808-40.

• Sherman RE, Anderson SA, Dal Pan GJ, et al. Real-world evidence — what is it and what can it tell 
us? N Engl J Med 2016;375:2293-2297

http://scharr.dept.shef.ac.uk/nicedsu/wp-content/uploads/sites/7/2016/03/TSD17-DSU-Observational-data-FINAL.pdf

	Advanced Methods for�Addressing Selection Bias�in Real-World Effectiveness�and Cost-Effectiveness�Studies
	Acknowledgements
	Learning Outcomes:
	Timetable
	Session content
	Introduction
	RWE in HTA�What is RWE?
	HTA that use observational data �i) to complement RCTs 
	Slide Number 9
	Framework combining RCTs with observational data
	RWE to estimate population effects from RCTs
	PATT versus SATT�Incremental net benefits �Pulmonary Artery Catheterization (PAC) vs No PAC� £20,000 per QALY
	Observational data when RCTs unavailable..�
	Slide Number 14
	Drug regulation and reimbursement  initiatives 
	Real-world evidence and the FDA
	Challenges in CEA use observational data...��
	Reformed NICE cancer drugs fund (CDF), decision 1
	Challenges in use of RWE for decision-making 
	Survey by US payers on RWE for comparative effectiveness
	Key Concern: Confounding
	What is confounding?
	Slide Number 23
	Selection bias from �measured and unmeasured confounders
	Statistical Methods for addressing confounding 
	Instrumental variables (IV) 
	Slide Number 27
	Example of IV �Polsky and Basu, 2006
	IV: Big challenge
	How good are we at addressing confounding �in RWE studies?
	How good are we at addressing confounding �in observational studies?
	Careful design is essential�(Rubin 2008)
	Pennington et al (2013 BMJ)
	Large linked observational data for decision-making: example of hip prosthesis�Pennington et al (2013)
	Some key design principles �(e.g. Pennington et al, 2013)
	Future directions
	Summary
	Key References

