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Some examples of Bayesian thinking 
in policy analysis 

(with an emphasis on applications in 
health)

Alan M. Zaslavsky
Harvard Medical School
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Bayes for evidence synthesis

• “… Bayesian inference readily offers a 
formal process for synthesizing data from 
multiple sources, in keeping with the 
principles of evidence-based medicine”
(McMahon et al. 2006)



Research Designs - Alan Zaslavsky 2

3

Meta-analysis

• Multiple studies give estimates of a 
treatment effect
– Sampling variation within each study
– Possibly: variation across studies

• “Random effects meta-analysis”: 
hierarchical modeling to estimate:
– Mean and variation of treatment effects
– Inference about treatment effect in each study
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Bayesian profiling in health care
• Measures of “quality” in a number of units

– Hospitals, doctors, health plans, etc.
– Measures subject to sampling error

• Posit an exchangable distribution of “true” quality
– Or: exchangeable errors from regression on covariates

• Inferences for “units” as probabilities of 
comparisons, orderings, exceeding thresholds, etc.

• Biggest payoff with unequal information for 
different units
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Bayesian model for lung cancer 
mortality and competing risks

• Data sources:
– NHIS: demographics, smoking history, cause of death;   

modest sample size, undercoverage of deaths
– Vital stats: demographics, cause of death;  population 

coverage

• Regression model with piecewise (by age range) 
constant hazards

• Objective: synthesize to obtain estimates of hazards of 
death from various causes, by smoking status
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Lung cancer model: results

• Obtain posterior inferences about mortality 
models

• Vary assumptions about prior information, 
etc.
(McMahon et al. 2006)
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Synthesizing data sources: imputing 
underreported adjuvant therapy for 

cancer
• QOCC=“Quality of Cancer Care” study
• California Cancer Registry data 

– Stage/site appropriate for adjuvant therapy
– 13,878 incident cases in 1994-1998
– Indicators for adjuvant chemotherapy

• Physician followback survey
– Check medical record for adjuvant therapies 
– 1449 survey responses obtained
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Reporting of chemotherapy
• 82% of adjuvant therapy was reported to Registry 

(among “respondents”)
– Substantial underestimation if Registry alone used
– More complete in teaching hospitals, HMO affiliates, 

high volume hospitals, younger and rectal patients
Cress et al., Medical Care 2003
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Adjuvant chemotherapy: 
“Naïve” survey analyses

• Analysis based only on “gold standard”
survey + Registry data

• Strong variation by patient characteristics
• Substantial unexplained hospital variation

Ayanian et al., J Clinical Oncology 2003
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Limitations of “naïve” analyses
• Survey respondents alone:

– Small portion of available California data (1449 / 
13,878)

– Unrepresentative due to survey nonresponse, 
limited scope

– Confounding of survey response, reporting, 
treatment variation

• Registry data alone:
– Underreporting of chemotherapy
– Reporting is nonuniform (by patient/hospital)
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Combining Registry 
and survey data

• Combine 
– power of large Registry data 
– correction for underreporting based on survey

• Simple correction based on:
P(reported chemo) = 

P(chemo) × P(report | chemo)
Therefore: P(chemo) = 

P(reported chemo) / P(report | chemo)
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Model-based methodology
(Yucel and Zaslavsky, JASA 2005)

• Disaggregated model
– Take into account individual effects on both 

chemotherapy and reporting
– Take into account hospital variation in both 

chemotherapy and reporting
• Imputation of chemo for individual cases

– Allow fitting of any desired models
– Multiple imputation to obtain proper measures 

of uncertainty with imputed data
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Basic modeling approach
• Data consists of:

– Y(O)= true outcome (therapy given)
• Observed for survey cases

– Y(R)= reported outcome (from Registry)
– X = covariates

• Factor into outcome and reporting models

),,|(),|(),|,( )()()()()()()( ROROORO XYYPXYPXYYP θθθ ⋅=

Each represents distinct scientific process; can build in 
different assumptions about predictors, 
“transportability” across areas and times, etc.
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Models for reporting and therapy

• Logit or Probit regression for therapy (outcome)
– Patient p has characteristics xhp
– Hospital h has characteristics zh
– Random effect γh for hospital h

logit P(chemohp) = βxhp + λzh + γh
• Similar model for reporting given therapy
• Fully Bayesian specification and model fitting
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Direct interpretation of fitted model
• Probability of chemo given covariates
• Covariate effects broadly similar to those in 

survey-only analyses.
– Hospital volume effects substantially different 

• Substantial hospital random effects in both 
reporting and therapy rates
– Indication of substantial unexplained variation – a 

problem (from health services standpoint)!
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Application: MI analysis of effect of 
chemotherapy on survival

• Fit underreporting model including 2-year survival as 
predictor of chemotherapy

• Multiple imputation = device for representing a joint 
predictive distribution

• Using imputed corrected chemotherapy, fit model with 
chemotherapy (and other variables) as predictor of 
survival
– Correct variances with multiple imputation
– Missing info ≈70% for chemo, 1-4% for other variables

• Significant positive effect (OR=1.26) of chemo on 
survival
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Bayesian approach to 
characterizing uncertainty in a 
policy microsimulation model

• Focus here on synthesizing information about 
uncertainty
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Conclusions on microsimulation error
• Only from a (subjective) Bayesian perspective 

can we combine/compare these different types 
of error.

• Similar principles apply any time we try to 
make policy projections based on data and 
models
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“You don’t have 
to be Jewish to 
love Levy’s 
real Jewish 
Rye”
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You don’t have to be a Bayesian to love …

• Bayes’s theorem
• Hierarchical modeling
• Exchangeable distributions
• Coherent inference based on probability 

distributions
• Consistent computational approaches
• Consistent framework for all types of uncertainty
• Good frequency properties
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Models or Bayes?

• More important decision might be whether to 
use models, not whether to use priors

• Subjective probability statements might better 
correspond to ordinary discourse about 
uncertainty
– More comprehensible to policymakers
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The iron discipline of Bayes

• Once models are fully specified, inferences 
flow “automatically”
– Little room for kluges
– If there is a problem, you have to fix the model

• Model everything?
• Statistical judgement – what is important?
• Still jobs for skilled and wise analysts!


