Statistical Models for Multi-level Data
2005 Summer Epi-Biostat Institute

Participant Homework 

Module I: Statistical Background on Multi-level Models

1. You are a doctor in general practice where it is routine that you test pregnant women for syphilis using the VDRL test. From previous studies you are told that the sensitivity of this test is 0.74, the specificity is 0.99 and you know that the prevalence of syphilis in the general population is 3 in 1000. What is the probability that a woman in your practice with a positive test actually has syphilis?

2. You are a doctor in a venereal disease clinic where it is routine that you test pregnant women for syphilis using the VDRL test. The prevalence of syphilis in the population attending this clinic is around 200 in 1000. What is the probability that a woman in your practice with a positive test actually has syphilis?

3. Describe the relationship between the diagnostic testing problems above and the Bayesian Paradigm. (Hint: describe the parameter of interest, prior, data, likelihood, posterior)

2. 4. Download the winbugs software on your laptop or visit the School computer lab to visit the BUGS website and watch the  movie demo •

3. ugs software from the web site
•http://www.mrc-bsu.cam.ac.uk/bugs/welcome.shtml
•Watch the Winbugs movie at 

•http://www.statslab.cam.ac.uk/~krice/winbugsthemovie.html
Module II: A two-stage model example: The DZAPS study
 Below find a table of maximum likelihood estimates of the log relative risk (percent increase per 10 micrograms per cubic meter) and their statistical standard errors for 6 cities from the hypothetical DZAPS study (note: the data are not real).
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	Total Var (TVc)
	1/TVc 
	wc 
	[image: image8.wmf]c

b

~



	[image: image9.wmf]c

b

~

RR.EB
	se(RR.EB) 

	LA
	0.30
	0.10
	
	
	
	
	
	

	NYC
	0.50
	0.12
	
	
	
	
	
	

	Chi
	0.40
	0.15
	
	
	
	
	
	

	Dal
	0.00
	0.30
	
	
	
	
	
	

	Hou
	1.00
	0.40
	
	
	
	
	
	

	SD
	-0.10
	0.50
	
	
	
	
	
	

	Over-all
	
	
	 
	 
	 
	 
	 
	 


1. Use the estimates above and their standard errors to estimate the natural variance in the true log relative risks across these 6 cities. Follow the calculations made in the lecture for module 2. 

2. Calculate the overall estimate of the log relative risk weighting the individual city estimates by the inverse of their total variances

3. .Calculate the standard error for the overall estimate and make a 95% confidence interval for the true population mean.
4. Now complete the table above producing the empirical-Bayes estimate and standard error for each city

5.
Compare the Empirical-Bayes and maximum likelihood estimates for San Diego (SD). Which estimate do you prefer and why? Comment on whether you think air pollution saves lives?

6. 
Fit the two-stage normal-normal model below in Winbugs to re-analyze the NMMAPS 6 cities data using MCMC. 
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Discussion:
Module III: Applications of Multilevel Models to Profiling of Health Care Providers
1. From the Winbugs help menu, copy the  “Institutional ranking” example (look under the help menu under Vol I examples) 

   Institutional ranking Data

	Hospital
	No of ops
	No of deaths

	A
	47
	0

	B
	148
	18

	C
	119
	8

	D
	810
	46

	E
	211
	8

	F
	196
	13

	G
	148
	9

	H
	215
	31

	I
	207
	14

	J
	97
	8

	K
	256
	29

	L
	360
	24


We assume that the failure rates across hospitals are similar in some way. This is equivalent to specifying a random effects model for the true failure probabilities pi as follows:
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Reproduce the example discussed in class on “Institutional ranking”
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Results:


    Hospital Specific Probabilities of Death (pi.c)
	node
	 mean
	 sd
	2.50%
	median
	97.50%

	pi.c[1]
	
	
	
	
	

	pi.c[2]
	
	
	
	
	

	pi.c[3]
	
	
	
	
	

	pi.c[4]
	
	
	
	
	

	pi.c[5]
	
	
	
	
	

	pi.c[6]
	
	
	
	
	

	pi.c[7]
	
	
	
	
	

	pi.c[8]
	
	
	
	
	

	pi.c[9]
	
	
	
	
	

	pi.c[10]
	
	
	
	
	

	pi.c[11]
	
	
	
	
	

	pi.c[12]
	
	
	
	
	


Boxplot Comparisons of Hospital Specific Probabilities of Death

Caterpillar Comparisons of Hospital Specific Probabilities of Death

Histograms of Rank
Results Discussion:

2. Write an abstract for a scientific journal that summarizes the results of the “Institutional ranking” example. Report statistical uncertainty associated with ranking.

3. From the case study by Normand and et al JASA 1997, which are the three most “aberrant hospitals”? How is the uncertainty in ranking reported?
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Model   


model{


	for( i in 1 : N)


		{


			p.hat[i] <-(1/se[i])*(1/se[i])


			beta.hat[i] ~dnorm(b[i],p.hat[i])


			b[i] <-alpha + u[i]


			u[i] ~dnorm(0,tau)


		}


		tau ~dgamma(0.001,0.001)


		sigma <- 1 / sqrt(tau)


		alpha ~ dnorm(0.0,1.0E-6)


}  


  


Data  list(N=6,beta.hat = c(0.3,0.5,0.4,0.0,1.0,-0.1), se =c(0.10,0.12,0.15,0.30,0.40,0.50))  


Inits    list(alpha =0,tau=1,u=c(0,0,0,0,0,0))  
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Let ri = number of deaths for hospital i 


Let ni = number of operations (surgeries) performed at hospital i 





		Assume the conditional model:


		


				 ri ~ Binomial(ni , pi)


				 logit(pi) = (c + ai


				 ai ~ N(0,( 2)


Where: pi is the hospital specific probability of death
































Model 


model


{


for( i in 1 : N ) {


		r[i] ~ dbin(pi.c[i],n[i])		#number of deaths for hospital i is binomial


		a[i] ~ dnorm(0.0,tau)		#latent effect for hospital i is normal	


		logit( pi.c[i] ) <- alpha0.c + a[i]    #mixed effects logistic reg model for Pr(death)


	}


	alpha0.c ~ dnorm(0.0,1.0E-6)		#prior distribution


	tau ~ dgamma(0.001,0.001)	   	#prior distribution


	sigma <- 1 / sqrt(tau)			# random effect variance


}


Data 


list( 	n = c(47, 148, 119, 810,	211, 196, 148, 215, 207, 97, 256, 360),


r  = c(0, 18, 8, 46, 8, 13, 9, 31, 14, 8, 29, 24),


	N = 12)


Inits 


list( 	a = c(0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1,	0.1, 0.1, 0.1, 0.1), 


	     tau = 1, alpha0.c = 0)
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