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•  The process of comparing “units” on an outcome 
measure with relative or normative standards 
–  Quality of care, use of services, cost 
–  Educational quality 
–  Disease rates in small areas 
–  Gene expression 
–  “Best of breed” livestock 

•  Developing and implementing performance indices to 
compare physicians, hospitals, schools, teachers, 
genes, ........ 
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Need to trade-off the  
estimates and uncertainties 
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Ranks/percentiles, of: 
•  Direct estimates (MLEs) 
•  Shrunken estimates (BLUPs, Posterior Means) 
•  Z-scores testing H0 that a unit is just like others 
•  Optimal (best) ranks or percentiles 
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MLE ESTIMATED SMRs & CIs 
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SE 

MLE 

PM 
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Constant variance: ranks the same for all methods 

Sampling Variances are a geometric series with rls = Largest/Smallest 
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X = (Posterior Mean-Based Ranks) – (Optimal Ranks) 
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Bayesian ranking outperforms Z-score based ranks

(K = 2 example)

Data: (θ̂1, σ
2

1
), (θ̂2, σ

2

2
)

Z-score: Zk = θ̂k/σk

Bayes: [θk | θ̂k , σk ] ∼ N(θ̂k , σ
2

k
)

• Compute, pr(θ1 > θ2 | data)
• R1 = 2 ⇐⇒ this probability is > 1

2

• Distance from 1

2
measures degree of separation



Z-score Performance

Z1 > Z2 ⇐⇒ σ2θ̂1 − σ1θ̂2 > 0

• If θ̂1 = θ̂2, ⇐⇒ σ2 > σ1

• Can have θ̂1 << θ̂2, but Z1 > Z2

• “Pre-posterior”

pr(Z1 > Z2 | θ1, σ1; θ2, σ2) = Φ

(

σ2θ1 − σ1θ2

σ1σ2

√
2

)

• If θ1 = θ2 = θ,
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Bayes Ranks

pr(θ1 > θ2 | data) = Φ

(

θ̂1 − θ̂2

(σ2

1
+ σ2

2
)

1
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)

E{pr(θ1 > θ2 | data)} = Φ

(

θ1 − θ2

(σ2

1
+ σ2

2
)

1

2

)

• Each equals 1/2, if the (hat) θs are equal

• Each is > 1/2, if (hat) θ1 > θ2



Extreme case: σ1 <<< σ2 & θ̂s > 0

• The Z-score approach will produce R1 = 2
unless θ̂2 >>>> θ̂1

• The Bayesian approach will produce R1 = 2
⇐⇒ θ̂1 > θ̂2

• And also will provide the degree of separation
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OC(γ) = pr(Pk < γ | Pk
est > γ , Y)/(1 - γ) = “FDR”/(1 - γ)  
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•  Relates percentiles to a substantive scale 

•  Far easier to compute than  

•  Shows that the Normand et al. (JASA 1997) 
approach is loss function based 
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B = σ2/(σ2 + τ2)  
Data are more informative for smaller B 

OC(γ) = pr(Pk < γ | Pk
est > γ , Y)/(1 - γ) = “FDR”/(1 - γ)  
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Replace Gbar by median G 
Also do percentile bands 

Can also do median quantiles (easier) 
and percentile bands on the quantiles 

Compare with Gbar 
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The Bayesian formalism facilitates goal orientation 
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model 
{ 
for k in 1:K { 
b[k]~dnorm(0, prec) 
r[k]~dbin(p[k], n[k]) 
logit(p[k]) <- mu + b[k] 
} 
pop.mean<-exp(mu + bb)/(1+exp(mu + bb)) 
mu~dnorm(0, 1E-6) 
prec~dgamma(.0001,.0001) 
tausq<-1/prec 
add~dnorm(0, prec) 
bb<- mu + add 
} 

   Monitor the p[k] and ask for ranks 
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