


BernTwoFurrowsBugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    # Likelihood. Each flip is Bernoulli. 

    for ( i in 1 : N1 ) { y1[i] ~ dbern( theta1 ) }

    for ( i in 1 : N2 ) { y2[i] ~ dbern( theta2 ) }

    # Prior. Curved scallops!

    x ~ dunif(0,1)

    y ~ dunif(0,1)

    N <- 4

    xt <- sin( 2*3.141593*N * x ) / (2*3.141593*N) + x

    yt <- 3 * y + (1/3)

    xtt <- pow( xt , yt )

    theta1 <- xtt

    theta2 <- y

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

    N1 = 7 ,

    y1 = c( 1,1,1,1,1,0,0 ) ,

    N2 = 7 ,

    y2 = c( 1,1,0,0,0,0,0 )

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAIN.



modelCompile()

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



samplesSet( c( "theta1" , "theta2" ) ) # Keep a record of sampled "theta" values

chainlength = 10000                     # Arbitrary length of chain to generate.

modelUpdate( chainlength )             # Actually generate the chain.



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



theta1Sample = samplesSample( "theta1" ) # Put sampled values in a vector.

theta2Sample = samplesSample( "theta2" ) # Put sampled values in a vector.



source("plotChains.R")

plotChains("theta1")

plotChains("theta2")



# Plot the trajectory of the last sampled values.

windows()

par( pty="s" )

nToPlot=2000

plot( theta1Sample[(chainlength-nToPlot+1):chainlength] ,

      theta2Sample[(chainlength-nToPlot+1):chainlength] , type = "p" ,

      xlim = c(0,1) , xlab = bquote(theta[1]) , ylim = c(0,1) ,

      ylab = bquote(theta[2]) , main="BUGS Result" )

# Display means in plot.

theta1mean = mean(theta1Sample)

theta2mean = mean(theta2Sample)

if (theta1mean > .5) { xpos = 0.0 ; xadj = 0.0

} else { xpos = 1.0 ; xadj = 1.0 }

if (theta2mean > .5) { ypos = 0.0 ; yadj = 0.0

} else { ypos = 1.0 ; yadj = 1.0 }

text( xpos , ypos ,

	bquote(

	"M=" * .(signif(theta1mean,3)) * "," * .(signif(theta2mean,3))

	) ,adj=c(xadj,yadj) ,cex=1.5  )

dev.copy2eps(file="BernTwoFurrowsBugs.eps")






BernTwoGrid.R

# Specify the grid on theta1,theta2 parameter space.

nInt = 501 # arbitrary number of intervals for grid on theta.

theta1 = seq( from=((1/nInt)/2) ,to=(1-((1/nInt)/2)) ,by=(1/nInt) )

theta2 = theta1 



# Specify the prior probability _masses_ on the grid.

priorName = c("Beta","Ripples","Null","Alt")[1] # or define your own.

if ( priorName == "Beta" ) {

	a1 = 3 ; b1 = 3 ; a2 = 3 ; b2 = 3

	prior1 = dbeta( theta1 , a1 , b1 )

	prior2 = dbeta( theta2 , a2 , b2 )

	prior = outer( prior1 , prior2 ) # density

	prior = prior / sum( prior ) # convert to normalized mass

}

if ( priorName == "Ripples" ) {

	rippleAtPoint = function( theta1 , theta2 ) {

		m1 = 0 ; m2 = 1 ; k = 0.75*pi

		sin( (k*(theta1-m1))^2 + (k*(theta2-m2))^2 )^2 }

	prior = outer( theta1 , theta2 , rippleAtPoint )

	prior = prior / sum( prior ) # convert to normalized mass

}

if ( priorName == "Null" ) {

    # 1's at theta1=theta2, 0's everywhere else:

    prior = diag( 1 , nrow=length(theta1) , ncol=length(theta1) )

    prior = prior / sum( prior ) # convert to normalized mass

}

if ( priorName == "Alt" ) {

    # Uniform:

    prior = matrix( 1 , nrow=length(theta1) , ncol=length(theta2) )

    prior = prior / sum( prior ) # convert to normalized mass

}



# Specify likelihood

z1 = 5 ; N1 = 7 ; z2 = 2 ; N2 = 7 # data are specified here

likeAtPoint = function( t1 , t2 ) {

    p = t1^z1 * (1-t1)^(N1-z1) * t2^z2 * (1-t2)^(N2-z2)

    return( p )

}

likelihood = outer( theta1 , theta2 , likeAtPoint )



# Compute posterior from point-by-point multiplication and normalizing:

pData = sum( prior * likelihood )

posterior = ( prior * likelihood ) / pData



# ---------------------------------------------------------------------------

# Display plots.



# Specify the complete filename for saving the plot

plotFileName = paste("BernTwoGrid",priorName,".eps" ,sep="")



# Specify the probability mass for the HDI region

credib = .95



# Specify aspects of perspective and contour plots.

rotate = (-25)

tilt = 25

parallelness = 5.0

shadeval = 0.05

perspcex = 0.7

ncontours = 9

zmax = max( c( max(posterior) , max(prior) ) )



# Specify the indices to be used for plotting. The full arrays would be too

# dense for perspective plots, so we plot only a thinned-out set of them.

nteeth1 = length( theta1 )

thindex1 = seq( 1, nteeth1 , by = round( nteeth1 / 30 ) )

thindex1 = c( thindex1 , nteeth1 ) # makes sure last index is included

thindex2 = thindex1



windows(7,10)

layout( matrix( c( 1,2,3,4,5,6 ) ,nrow=3 ,ncol=2 ,byrow=TRUE ) ) 

par(mar=c(3,3,1,0))          # number of margin lines: bottom,left,top,right

par(mgp=c(2,1,0))            # which margin lines to use for labels

par(mai=c(0.4,0.4,0.2,0.05)) # margin size in inches: bottom,left,top,right

par(pty="s")                 # makes contour plots in square axes.



# prior

persp( theta1[thindex1] , theta2[thindex2] , prior[thindex1,thindex2] ,

       xlab="theta1" , ylab="theta2" , main="Prior" , cex=perspcex , lwd=0.1 ,

       xlim=c(0,1) , ylim=c(0,1) , zlim=c(0,zmax) , zlab="p(t1,t2)" ,

	   theta=rotate , phi=tilt , d=parallelness , shade=shadeval )

contour( theta1[thindex1] , theta2[thindex2] , prior[thindex1,thindex2] ,

         main=bquote(" ") , levels=signif(seq(0,zmax,length=ncontours),3) ,

         drawlabels=FALSE , xlab=bquote(theta[1]) , ylab=bquote(theta[2]) )



# likelihood

persp( theta1[thindex1] , theta2[thindex2] , likelihood[thindex1,thindex2] ,

       xlab="theta1" , ylab="theta2" , main="Likelihood" , lwd=0.1 ,

	   xlim=c(0,1) , ylim=c(0,1) , zlab="p(D|t1,t2)" , cex=perspcex ,

	   theta=rotate , phi=tilt , d=parallelness , shade=shadeval )

contour( theta1[thindex1] , theta2[thindex2] , likelihood[thindex1,thindex2] ,

         main=bquote(" ") , nlevels=(ncontours-1) ,

	     xlab=bquote(theta[1]) , ylab=bquote(theta[2]) , drawlabels=FALSE )

# Include text for data

maxlike = which( likelihood==max(likelihood) , arr.ind=TRUE )

if ( theta1[maxlike[1]] > 0.5 ) { textxpos = 0 ; xadj = 0 

} else { textxpos = 1 ; xadj = 1 }

if ( theta2[maxlike[2]] > 0.5 ) { textypos = 0 ; yadj = 0 

} else { textypos = 1 ; yadj = 1 }

text( textxpos , textypos , cex=1.5 ,

	  bquote( "z1="* .(z1) *",N1="* .(N1) *",z2="* .(z2) *",N2="* .(N2) ) ,

	  adj=c(xadj,yadj) )



# posterior

persp( theta1[thindex1] , theta2[thindex2] , posterior[thindex1,thindex2] ,

        xlab="theta1" , ylab="theta2" , main="Posterior" , cex=perspcex ,

        lwd=0.1	, xlim=c(0,1) , ylim=c(0,1) , zlim=c(0,zmax) ,

        zlab="p(t1,t2|D)" , theta=rotate , phi=tilt , d=parallelness ,

        shade=shadeval )

contour( theta1[thindex1] , theta2[thindex2] , posterior[thindex1,thindex2] ,

         main=bquote(" ") , levels=signif(seq(0,zmax,length=ncontours),3) ,

         drawlabels=FALSE , xlab=bquote(theta[1]) , ylab=bquote(theta[2]) )

# Include text for p(D)

maxpost = which( posterior==max(posterior) , arr.ind=TRUE )

if ( theta1[maxpost[1]] > 0.5 ) { textxpos = 0 ; xadj = 0 

} else { textxpos = 1 ; xadj = 1 }

if ( theta2[maxpost[2]] > 0.5 ) { textypos = 0 ; yadj = 0 

} else { textypos = 1 ; yadj = 1 }

text( textxpos , textypos , cex=1.5 ,

      bquote( "p(D)=" * .(signif(pData,3)) ) , adj=c(xadj,yadj) )



# Mark the highest posterior density region

source("HDIofGrid.R")

HDIheight = HDIofGrid( posterior )$height

par(new=TRUE) # don't erase previous contour

contour( theta1[thindex1] , theta2[thindex2] , posterior[thindex1,thindex2] ,

         main=bquote(.(100*credib)*"% HD region") ,

         levels=signif(HDIheight,3) , lwd=3 , drawlabels=FALSE ,

         xlab=bquote(theta[1]) , ylab=bquote(theta[2]) )



## Change next line if you want to save the graph.

wantSavedGraph = T # TRUE or FALSE

if ( wantSavedGraph ) { dev.copy2eps(file=plotFileName) }






BernTwoMetropolis.R

# Use this program as a template for experimenting with the Metropolis

# algorithm applied to two parameters called theta1,theta2 defined on the 

# domain [0,1]x[0,1].



# Load the MASS package, which defines the mvrnorm function.

# If this "library" command balks, you must intall the MASS package:

#install.packages("MASS")

library(MASS)



# Define the likelihood function.

# The input argument is a vector: theta = c( theta1 , theta2 )

likelihood = function( theta ) {

	# Data are constants, specified here:

	z1 = 5 ; N1 = 7 ; z2 = 2 ; N2 = 7

	likelihood = ( theta[1]^z1 * (1-theta[1])^(N1-z1)

                 * theta[2]^z2 * (1-theta[2])^(N2-z2) )

	return( likelihood )

}



# Define the prior density function.

# The input argument is a vector: theta = c( theta1 , theta2 )

prior = function( theta ) {

	# Here's a beta-beta prior:

	a1 = 3 ; b1 = 3 ; a2 = 3 ; b2 = 3

	prior = dbeta( theta[1] , a1 , b1) * dbeta( theta[2] , a2 , b2) 

	return( prior )

}



# Define the relative probability of the target distribution, as a function 

# of theta.  The input argument is a vector: theta = c( theta1 , theta2 ). 

# For our purposes, the value returned is the UNnormalized posterior prob.

targetRelProb = function( theta ) {

	if ( all( theta >= 0.0 ) & all( theta <= 1.0 ) ) {

		targetRelProbVal =  likelihood( theta ) * prior( theta )

	} else {

		# This part is important so that the Metropolis algorithm

		# never accepts a jump to an invalid parameter value.

		targetRelProbVal = 0.0

	}

	return( targetRelProbVal )

}



# Specify the length of the trajectory, i.e., the number of jumps to try.

trajLength = ceiling( 1000 / .9 ) # arbitrary large number

# Initialize the vector that will store the results.

trajectory = matrix( 0 , nrow=trajLength , ncol=2 )

# Specify where to start the trajectory

trajectory[1,] = c( 0.50 , 0.50 ) # arbitrary start values of the two param's

# Specify the burn-in period.

burnIn = ceiling( .1 * trajLength ) # arbitrary number

# Initialize accepted, rejected counters, just to monitor performance.

nAccepted = 0

nRejected = 0

# Specify the seed, so the trajectory can be reproduced.

set.seed(47405)

# Specify the covariance matrix for multivariate normal proposal distribution.

nDim = 2 ; sd1 = 0.2 ; sd2 = 0.2

covarMat = matrix( c( sd1^2 , 0.00 , 0.00 , sd2^2 ) , nrow=nDim , ncol=nDim )



# Now generate the random walk. stepIdx is the step in the walk.

for ( stepIdx in 1:(trajLength-1) ) {

	currentPosition = trajectory[stepIdx,]

	# Use the proposal distribution to generate a proposed jump.

	# The shape and variance of the proposal distribution can be changed

	# to whatever you think is appropriate for the target distribution.

	proposedJump = mvrnorm( n=1 , mu=rep(0,nDim), Sigma=covarMat )

	# Compute the probability of accepting the proposed jump.

	probAccept = min( 1,

		targetRelProb( currentPosition + proposedJump )

		/ targetRelProb( currentPosition ) )

	# Generate a random uniform value from the interval [0,1] to

	# decide whether or not to accept the proposed jump.

	if ( runif(1) < probAccept ) {

		# accept the proposed jump

		trajectory[ stepIdx+1 , ] = currentPosition + proposedJump

		# increment the accepted counter, just to monitor performance

		if ( stepIdx > burnIn ) { nAccepted = nAccepted + 1 }

	} else {

		# reject the proposed jump, stay at current position

		trajectory[ stepIdx+1 , ] = currentPosition

		# increment the rejected counter, just to monitor performance

		if ( stepIdx > burnIn ) { nRejected = nRejected + 1 }

	}

}



# End of Metropolis algorithm.



#-----------------------------------------------------------------------

# Begin making inferences by using the sample generated by the

# Metropolis algorithm.



# Extract just the post-burnIn portion of the trajectory.

acceptedTraj = trajectory[ (burnIn+1) : dim(trajectory)[1] , ]



# Compute the mean of the accepted points.

meanTraj =  apply( acceptedTraj , 2 , mean )

# Compute the standard deviations of the accepted points.

sdTraj = apply( acceptedTraj , 2 , sd )



# Display the sampled points

par( pty="s" ) # makes plots in square axes.

plot( acceptedTraj , type = "o" , xlim = c(0,1) , xlab = bquote(theta[1]) ,

      ylim = c(0,1) , ylab = bquote(theta[2]) )

# Display means and rejected/accepted ratio in plot.

if ( meanTraj[1] > .5 ) { xpos = 0.0 ; xadj = 0.0

} else { xpos = 1.0 ; xadj = 1.0 }

if ( meanTraj[2] > .5 ) { ypos = 0.0 ; yadj = 0.0

} else { ypos = 1.0 ; yadj = 1.0 }

text( xpos , ypos ,	bquote(

	"M=" * .(signif(meanTraj[1],3)) * "," * .(signif(meanTraj[2],3))

	* "; " * N[pro] * "=" * .(dim(acceptedTraj)[1])

	* ", " * frac(N[acc],N[pro]) * "=" 

	* .(signif(nAccepted/dim(acceptedTraj)[1],3))

	) , adj=c(xadj,yadj) , cex=1.5  )





# Evidence for model, p(D).

# Compute a,b parameters for beta distribution that has the same mean

# and stdev as the sample from the posterior. This is a useful choice

# when the likelihood function is binomial.

a =   meanTraj * ( (meanTraj*(1-meanTraj)/sdTraj^2) - rep(1,nDim) )

b = (1-meanTraj) * ( (meanTraj*(1-meanTraj)/sdTraj^2) - rep(1,nDim) )

# For every theta value in the posterior sample, compute 

# dbeta(theta,a,b) / likelihood(theta)*prior(theta)

# This computation assumes that likelihood and prior are properly normalized,

# i.e., not just relative probabilities. 

wtd_evid = rep( 0 , dim(acceptedTraj)[1] )

for ( idx in 1 : dim(acceptedTraj)[1] ) {

	wtd_evid[idx] = ( dbeta( acceptedTraj[idx,1],a[1],b[1] )

		* dbeta( acceptedTraj[idx,2],a[2],b[2] ) /

		( likelihood(acceptedTraj[idx,]) * prior(acceptedTraj[idx,]) ) )

}

pdata = 1 / mean( wtd_evid )

# Display p(D) in the graph

text( xpos , ypos+(.12*(-1)^(ypos)) , bquote( "p(D) = " * .(signif(pdata,3)) ) ,

	  adj=c(xadj,yadj) , cex=1.5 )



## Change next line if you want to save the graph.

want_saved_graph = F # TRUE or FALSE

if ( want_saved_graph ) { dev.copy2eps(file="BernTwoMetropolis.eps") }



# Estimate highest density region by evaluating posterior at each point.

npts = dim( acceptedTraj )[1] ; postProb = rep( 0 , npts )

for ( ptIdx in 1:npts ) {

    postProb[ptIdx] = targetRelProb( acceptedTraj[ptIdx,] )

}

# Determine the level at which credmass points are above:

credmass = 0.95

waterline = quantile( postProb , probs=c(1-credmass) )

# Display highest density region in new graph

windows()

par( pty="s" ) # makes plots in square axes.

plot( acceptedTraj[ postProb < waterline , ] , type="p" , pch="x" , col="grey" ,

      xlim = c(0,1) , xlab = bquote(theta[1]) ,

      ylim = c(0,1) , ylab = bquote(theta[2]) ,

      main=paste(100*credmass,"% HD region",sep="") )

points( acceptedTraj[ postProb >= waterline , ] ,  pch="o" , col="black" )

## Change next line if you want to save the graph.

want_saved_graph = F # TRUE or FALSE

if ( want_saved_graph ) { dev.copy2eps(file="BernTwoMetropolisHD.eps") }








BetaPosteriorPredictions.R

# Specify known values of prior and actual data.

priorA = 100

priorB = 1

actualDataZ  = 8

actualDataN  = 12

# Compute posterior parameter values.

postA = priorA + actualDataZ

postB = priorB + actualDataN - actualDataZ

# Number of flips in a simulated sample should match the actual sample size:

simSampleSize = actualDataN

# Designate an arbitrarily large number of simulated samples.

nSimSamples = 10000

# Set aside a vector in which to store the simulation results.

simSampleZrecord = vector( length=nSimSamples )

# Now generate samples from the posterior.

for ( sampleIdx in 1:nSimSamples ) {

	# Generate a theta value for the new sample from the posterior.

	sampleTheta = rbeta( 1 , postA , postB )

	# Generate a sample, using sampleTheta.

	sampleData = sample( x=c(0,1) , prob=c( 1-sampleTheta , sampleTheta ) ,

                          size=simSampleSize , replace=TRUE )

	# Store the number of heads in sampleData.

	simSampleZrecord[ sampleIdx ] = sum( sampleData )

}

# Make a histogram of the number of heads in the samples.

hist( simSampleZrecord )

                   # Kruschke, J. K. (2011). Doing Bayesian data analysis: A

                   # Tutorial with R and BUGS. Academic Press / Elsevier.






BinomHierGrid.R

# Grid on 1st-level parameter

b=7 ; nbin = 2*(2*b+1) ; binwidth = 1/nbin

theta = seq( from=binwidth/2 , to=1.0-binwidth/2 , by=binwidth ) 

# Grid on hyperparameter

mu = seq( from=binwidth/2 , to=1.0-binwidth/2 , by=binwidth ) 



#############################################################################

## UNCOMMENT JUST ONE OF THE FOLLOWING SETS OF SPECIFICATIONS



setSpec = c("twoval","betaSmallK","betaLargeK")[3]

if ( setSpec=="twoval" ) {

 # Two-value mu for model-comparison hyperprior

 hypertype = "twoval"

 priorMuN = 12

 datay = 6 ; dataN = 9

}

if ( setSpec=="betaSmallK" ) {

 # Beta hyperprior, low dependence

 hypertype = "beta"

 priorMuN = 6

 hyper_a = 20 ; hyper_b = 20

 datay = 9 ; dataN = 12

}

if ( setSpec=="betaLargeK" ) {

 # Beta hyperprior, high dependence

 hypertype = "beta"

 priorMuN = 100

 hyper_a = 2 ; hyper_b = 2

 datay = 9 ; dataN = 12

}



#############################################################################



# Specify prior

# Prior at 1st level

# Small priorMuN implies low certainty about dependence of theta on mu.

# Large priorMuN implies high certainty about dependence of theta on mu.

pThetaAtMu = function( theta , mu , n=priorMuN ) {

	dbeta(theta ,n*mu ,(1-mu)*n)

}

# Hyperprior

if ( hypertype == "twoval" ) {

	pMu = function( mu ) { 

		valone = .25 ; valtwo = .75 ; slicewidth = .001 

		( abs(mu-valone)<slicewidth ) | ( abs(mu-valtwo)<slicewidth ) 

	}

}

if ( hypertype == "beta" ) {

	# Small values for hyper_a,hyper_b imply low certainty about mu.

	# Large values for hyper_a,hyper_b imply high certainty about mu.

	pMu = function( mu ) { dbeta( mu , hyper_a , hyper_b ) }

}

# Joint prior

pThetaAndMu = function( theta , mu ) { pThetaAtMu(theta,mu) * pMu(mu) }

jointprior = outer( theta , mu , pThetaAndMu )

jointprior = jointprior / sum( jointprior ) # mass at discrete points

jointprior = jointprior / (binwidth^2) # density

# Marginal of joint prior

priorMuMarg = colSums( jointprior ) * binwidth # density

priorThetaMarg = rowSums( jointprior ) * binwidth # density



# Specify likelihood



likeatjointpoint = function( t , m , y=datay , N=dataN ) { 

	t^y * (1-t)^(N-y) # notice this depends only on t, not on m

}

likelihood = outer( theta , mu , likeatjointpoint )



# Determine posterior

pData = sum( jointprior * likelihood )

posterior = ( jointprior * likelihood ) / pData

posterior = posterior / (binwidth^2) # density

# Marginals of joint posterior

postMuMarg = colSums(posterior) * binwidth # density

postThetaMarg = rowSums(posterior) * binwidth # density



#------ plot ----------------------------



ipp = 3 # inches per plot

windows(3.2*ipp,5*ipp)

layout( 

	matrix( c( 	1,1,   2,2,   3,3,

			1,1,   2,2,   3,3,

			4,4,   5,5,   6,6,

			4,4,   5,5,   7,7,

			8,8,   9,9,   10,10,

			8,8,   9,9,   10,10,

			11,11, 12,12, 13,13,

			11,11, 12,12, 13,13,

			14,14, 15,15, 16,16,

			14,14, 15,15, 17,17

			) 

	,nrow=10,ncol=6,byrow=TRUE ) 

) 



cexfac = (0.75)

par(cex=cexfac,cex.axis=cexfac,cex.lab=cexfac,cex.main=cexfac*1.2,cex.sub=cexfac)

par(mex=0.9*cexfac)

par(mar=c(2.95,2.95,1.0,0)) # number of margin lines: bottom,left,top,right

par(tcl=-0.25) # tick length as proportion of character ht

par(mgp=c(1.35,0.35,0)) # which margin lines title,label,line

par( oma = c( 0.1, 0.1, 0.1, 0.1) ) # outer margin



rotate = (-25)

tilt = 25

parallelness = 5.0

shadeval = 0.05

perspcex = 0.7

ncontours = 9

zmax = max(c(max(posterior),max(jointprior)))

muMargMax = max(c(max(priorMuMarg),max(postMuMarg)))

thetaMargMax = max(c(max(priorThetaMarg),max(postThetaMarg)))



# 1

par(pty="m") 

persp( theta ,mu ,jointprior ,main="Prior" ,cex=perspcex ,zlab="prior"

	,xlim=c(0,1) ,ylim=c(0,1) ,zlim=c(0,zmax) ,lwd=0.1

	,theta=rotate, phi=tilt ,d=parallelness ,shade=shadeval )



#2

par(pty="m") 

contour( theta ,mu ,jointprior ,main=bquote(" ") 

	,levels=signif(seq(0,zmax,length=ncontours),3) ,drawlabels=FALSE

	,xlab=bquote(theta) ,ylab=bquote(mu) )



#3

par(pty="m") 

plot( priorMuMarg ,mu ,type="l"

	,ylab=bquote(mu)

	,xlab=bquote("Marginal p("*mu*")") ,xlim=c(0,muMargMax) )



#4

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 1,.8,"Prior",adj=c(1,-0.1),cex=1.5)

if ( hypertype == "beta" ) {

text( 1,0.8,bquote( list( A[mu]==.(hyper_a) , B[mu]==.(hyper_b) ) ),adj=c(1,1.2),cex=1.0)

}

text( 1,0.8,bquote( list( K==.(priorMuN) ) ),adj=c(1,2.6),cex=1.0)







#5

par(pty="m") 

plot( theta, priorThetaMarg ,type="l"

	,xlab=bquote(theta)

	,ylab=bquote("Marginal p("*theta*")") ,ylim=c(0,thetaMargMax) )



#6

plotmuval=.75

plotmuidx = which.min( abs(mu-plotmuval) )

plotmuval = mu[plotmuidx]

ymax = max( c( max( jointprior[,plotmuidx]/sum(jointprior[,plotmuidx]) ) 

	, max( posterior[,plotmuidx]/sum(posterior[,plotmuidx]) )))*(1/binwidth)

par(pty="m") 

plot( theta , jointprior[,plotmuidx]/sum(jointprior[,plotmuidx])*(1/binwidth)

	, type="l" ,ylim=c(0,ymax) ,xlab=bquote(theta)

	,ylab=bquote("p("*theta*"|"*mu*"=.75)")

	,cex.lab=cexfac*.8 ,cex.axis=cexfac*.8 )



#7

plotmuval=.25

plotmuidx = which.min( abs(mu-plotmuval) )

plotmuval = mu[plotmuidx]

ymax = max( c( max( jointprior[,plotmuidx]/sum(jointprior[,plotmuidx]) ) 

	, max( posterior[,plotmuidx]/sum(posterior[,plotmuidx]) )))*(1/binwidth)

par(pty="m") 

plot( theta , jointprior[,plotmuidx]/sum(jointprior[,plotmuidx])*(1/binwidth)

	, type="l" ,ylim=c(0,ymax) ,xlab=bquote(theta)

	,ylab=bquote("p("*theta*"|"*mu*"=.25)")

	,cex.lab=cexfac*.8 ,cex.axis=cexfac*.8 )



#8

par(pty="m") 

persp( theta,mu, likelihood ,main="Likelihood" ,cex=perspcex ,lwd=0.1

	,theta=rotate, phi=tilt ,d=parallelness ,shade=shadeval )



#9

par(pty="m") 

contour( theta ,mu ,likelihood ,main=bquote(" ") ,nlevels=(ncontours-1)

	,xlab=bquote(theta) ,ylab=bquote(mu) ,drawlabels=FALSE )



#10

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 0.0,0.5,"Likelihood",adj=c(0,-0.2),cex=1.5)

text( 0.0,0.5

	,bquote( "D = " * .(datay) *" heads, "* .(dataN-datay) *" tails" )

	,adj=c(0,1.2),cex=1.0)



#11

par(pty="m") 

persp( theta,mu, posterior ,main="Posterior" ,cex=perspcex

	,xlim=c(0,1) ,ylim=c(0,1) ,zlim=c(0,zmax) ,lwd=0.1

	,theta=rotate, phi=tilt ,d=parallelness ,shade=shadeval )



#12

par(pty="m") 

contour( theta ,mu ,posterior ,main=bquote(" ") 

	,levels=signif(seq(0,zmax,length=ncontours),3) ,drawlabels=FALSE

	,xlab=bquote(theta) ,ylab=bquote(mu) )



#13

par(pty="m") 

plot( postMuMarg ,mu ,type="l"

	,ylab=bquote(mu)

	,xlab=bquote("Marginal p("*mu*"|D)") ,xlim=c(0,muMargMax) )



#14

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 1,.8,"Posterior",adj=c(1,-0.1),cex=1.5)



#15

par(pty="m") 

plot( theta, postThetaMarg ,type="l"

	,xlab=bquote(theta)

	,ylab=bquote("Marginal p("*theta*"|D)") ,ylim=c(0,thetaMargMax) )



#16

plotmuval=.75

plotmuidx = which.min( abs(mu-plotmuval) )

plotmuval = mu[plotmuidx]

ymax = max( c( max( jointprior[,plotmuidx]/sum(jointprior[,plotmuidx]) ) 

	, max( posterior[,plotmuidx]/sum(posterior[,plotmuidx]))))*(1/binwidth)

par(pty="m") 

plot( theta , posterior[,plotmuidx]/sum(posterior[,plotmuidx])*(1/binwidth) 

	, type="l" ,ylim=c(0,ymax) ,xlab=bquote(theta)

	,ylab=bquote("p("*theta*"|"*mu*"=.75,D)")

	,cex.lab=cexfac*.8 ,cex.axis=cexfac*.8 )



#17

plotmuval=.25

plotmuidx = which.min( abs(mu-plotmuval) )

plotmuval = mu[plotmuidx]

ymax = max( c( max( jointprior[,plotmuidx]/sum(jointprior[,plotmuidx]) ) 

	, max( posterior[,plotmuidx]/sum(posterior[,plotmuidx]))))*(1/binwidth)

par(pty="m") 

plot( theta , posterior[,plotmuidx]/sum(posterior[,plotmuidx])*(1/binwidth) 

	, type="l" ,ylim=c(0,ymax) ,xlab=bquote(theta)

	,ylab=bquote("p("*theta*"|"*mu*"=.25,D)") 

	,cex.lab=cexfac*.8 ,cex.axis=cexfac*.8 )



want_eps_file = TRUE

if ( want_eps_file ) {

	if ( hypertype == "beta" ) {

		epsfilename = paste( "BinomHierGrid" 

			,"_",bquote(.(priorMuN))

			,"_",bquote(.(hyper_a))

			,"_",bquote(.(hyper_b))

			,"_",bquote(.(datay))

			,"_",bquote(.(dataN))

			,".eps" ,sep="" ) 

	}

	if ( hypertype == "twoval" ) {

		epsfilename = "BinomHierGridTwoval.eps"

	}

	dev.copy2eps( file = epsfilename )

}






BinomHierTwoCoins.R

graphics.off()



# Grids

b=12 ; nbin = 2*(2*b+1) ; binwidth = 1/nbin

theta1 = seq( from=binwidth/2 , to=1.0-binwidth/2 , by=binwidth ) 

theta2 = seq( from=binwidth/2 , to=1.0-binwidth/2 , by=binwidth ) 

mu = seq( from=binwidth/2 , to=1.0-binwidth/2 , by=binwidth ) 



# Specify prior

n = 75 ; c = 2 ; d = 2

# n = 5 ; c = 2 ; d = 2

pt1t2mu = function( mu , theta1 , theta2 ) {

	pmu = dbeta( mu , c , d )

	pt1gmu = dbeta( theta1 , n*mu , (1-mu)*n )

	pt2gmu = dbeta( theta2 , n*mu , (1-mu)*n )

	pt1t2mu = pmu * pt1gmu * pt2gmu

}

prior = array( 0 , dim = c( length(mu) , length(theta1) , length(theta2 ) ) )

for ( t2 in 1:length(theta2) ) {

	for ( t1 in 1:length(theta1) ) {

		for ( m in 1:length(mu) ) {

			prior[m,t1,t2] = pt1t2mu( mu[m],theta1[t1],theta2[t2] )

		}

	}

}

prior = prior / sum(prior)



# Marginals of joint prior

priorMuMarg = apply( prior , 1 , sum )

priorTheta1Marg = apply( prior , 2 , sum )

priorTheta2Marg = apply( prior , 3 , sum )

priorMuTheta1Marg = apply( prior , c(1,2) , sum )

priorMuTheta2Marg = apply( prior , c(1,3) , sum )



# Specify likelihood

y1 = 3 ; N1 = 15 ; y2 = 4 ; N2 = 5

likelihood = array( 0 , dim = c( length(mu) , length(theta1) , length(theta2 ) ) )

for ( t2 in 1:length(theta2) ) {

	for ( t1 in 1:length(theta1) ) {

		for ( m in 1:length(mu) ) {

			likelihood[m,t1,t2] = (

                theta1[t1]^y1 * (1-theta1[t1])^(N1-y1) *

                theta2[t2]^y2 * (1-theta2[t2])^(N2-y2) )

		}

	}

}

# Marginals of likelihood

likelihoodMuTheta1Marg = apply( likelihood , c(1,2) , sum )

likelihoodMuTheta2Marg = apply( likelihood , c(1,3) , sum )





# Determine posterior

pData = sum( prior * likelihood )

posterior = ( prior * likelihood ) / pData



# Marginals of joint posterior

posteriorMuMarg = apply( posterior , 1 , sum )

posteriorTheta1Marg = apply( posterior , 2 , sum )

posteriorTheta2Marg = apply( posterior , 3 , sum )

posteriorMuTheta1Marg = apply( posterior , c(1,2) , sum )

posteriorMuTheta2Marg = apply( posterior , c(1,3) , sum )



#------ plot ----------------------------



MuThetaMax = max(c(

	max(priorMuTheta1Marg),

	max(priorMuTheta2Marg),

	max(posteriorMuTheta1Marg),

	max(posteriorMuTheta2Marg)))



MargMax = max(c(

	max(priorMuMarg), 

	max(priorTheta1Marg) ,

	max(priorTheta2Marg) ,

	max(posteriorMuMarg), 

	max(posteriorTheta1Marg) ,

	max(posteriorTheta2Marg) ))



windows(4.5,6.5)

layout( matrix( 1:15 ,nrow=5,ncol=3,byrow=TRUE ) ) 



cexfac = (0.75)

par(cex=cexfac,cex.axis=cexfac,cex.lab=cexfac,cex.main=cexfac*1.2,cex.sub=cexfac)

par(mex=0.9*cexfac)

par(mar=c(2.95,2.95,1.0,0)) # number of margin lines: bottom,left,top,right

par(tcl=-0.25) # tick length as proportion of character ht

par(mgp=c(1.35,0.35,0)) # which margin lines title,label,line

par( oma = c( 0.1, 0.1, 0.1, 0.1) ) # outer margin



rotate = (-25)

tilt = 25

parallelness = 5.0

shadeval = 0.05

perspcex = 0.7

ncontours = 9



# 1

par(pty="m") 

contour( theta1 ,mu ,t(priorMuTheta1Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,MuThetaMax,length=ncontours),3)

	,xlab=bquote(theta[1]) ,ylab=bquote(mu) )

text( 0,1,bquote(p(theta[1],mu)),adj=c(0,1),cex=0.75)



#2

par(pty="m") 

contour( theta2 ,mu ,t(priorMuTheta2Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,MuThetaMax,length=ncontours),3)

	,xlab=bquote(theta[2]) ,ylab=bquote(mu) )

text( 0,1,bquote(p(theta[2],mu)),adj=c(0,1),cex=0.75)



#3

par(pty="m") 

plot( priorMuMarg ,mu ,type="l"

	,ylab=bquote(mu)

	,xlab=bquote("p("*mu*")") ,xlim=c(0,MargMax)  )



#4

par(pty="m") 

plot( theta1, priorTheta1Marg ,type="l"

	,xlab=bquote(theta[1]) ,ylim=c(0,MargMax)

	,ylab=bquote("p("*theta[1]*")")  )





#5

par(pty="m") 

plot( theta2, priorTheta2Marg ,type="l"

	,xlab=bquote(theta[2]) ,ylim=c(0,MargMax)

	,ylab=bquote("p("*theta[2]*")")  )



#6

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 0,.8,"Prior",adj=c(0,-0.1),cex=1.5)

text( 0.0,0.8,bquote( list( A[mu]==.(c) , B[mu]==.(d) ) ),adj=c(0,1.2),cex=1.0)

text( 0.0,0.8,bquote( list( K==.(n) ) ),adj=c(0,2.6),cex=1.0)



likelihoodMax = max( c( max(likelihoodMuTheta1Marg) 

			, max(likelihoodMuTheta2Marg) ) )



# 7

par(pty="m") 

contour( theta1 ,mu ,t(likelihoodMuTheta1Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,likelihoodMax,length=ncontours),3)

	,xlab=bquote(theta[1]) ,ylab=bquote(mu) )



#8

par(pty="m") 

contour( theta2 ,mu ,t(likelihoodMuTheta2Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,likelihoodMax,length=ncontours),3)

	,xlab=bquote(theta[2]) ,ylab=bquote(mu) )



#9

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 0.0,0.5,"Likelihood",adj=c(0,-0.2),cex=1.5)

text( 0.0,0.5

	,bquote("D1: "* .(y1) *" heads, "* .(N1-y1) *" tails" )

	,adj=c(0,1.2),cex=1.0)

text( 0.0,0.5

	,bquote("D2: "* .(y2) *" heads, "* .(N2-y2) *" tail" )

	,adj=c(0,2.4),cex=1.0)



#10

par(pty="m") 

contour( theta1 ,mu ,t(posteriorMuTheta1Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,MuThetaMax,length=ncontours),3)

	,xlab=bquote(theta[1]) ,ylab=bquote(mu) )

text( 0,1,bquote(p(theta[1],mu*"|"*D)),adj=c(0,1),cex=0.75)



#11

par(pty="m") 

contour( theta2 ,mu ,t(posteriorMuTheta2Marg) ,main=bquote(" ") 

	,drawlabels=FALSE

	,levels=signif(seq(0,MuThetaMax,length=ncontours),3)

	,xlab=bquote(theta[2]) ,ylab=bquote(mu) )

text( 0,1,bquote(p(theta[2],mu*"|"*D)),adj=c(0,1),cex=0.75)



#12

par(pty="m") 

plot( posteriorMuMarg ,mu ,type="l"

	,ylab=bquote(mu) ,xlim=c(0,MargMax)

	,xlab=bquote("p("*mu*"|D)")  )



#13

par(pty="m") 

plot( theta1, posteriorTheta1Marg ,type="l"

	,xlab=bquote(theta[1]) ,ylim=c(0,MargMax)

	,ylab=bquote("p("*theta[1]*"|D)")  )





#14

par(pty="m") 

plot( theta2, posteriorTheta2Marg ,type="l"

	,xlab=bquote(theta[2]) ,ylim=c(0,MargMax)

	,ylab=bquote("p("*theta[2]*"|D)")  )



#15

plot( c(0,1),c(0,1) ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text( 0,1,"Posterior",adj=c(0,1),cex=1.5)



want_eps_file = TRUE

if ( want_eps_file ) {

	epsfilename = paste( "BinomHierTwoCoins" 

		,"_",bquote(.(n))

		,"_",bquote(.(c))

		,"_",bquote(.(d))

		,"_",bquote(.(y1))

		,"_",bquote(.(N1))

		,"_",bquote(.(y2))

		,"_",bquote(.(N2))

		,".eps" ,sep="" ) 

	dev.copy2eps( file = epsfilename )

}






BinomMCMCdemo.R

# MCMC demo. Simple Metropolis algorithm applied to 1D discrete values, with

# proposal distribution being merely to try one value up or one value down.

graphics.off()



# Specify probability mass in each interval

# Comment out all but one of spec's below

#

relprob = c(0,1,2,3,4,5,6,7,0) # MUST HAVE ZERO AT EACH END!

distribname = "incline"

#

#relprob = c(0,1,2,3,4,5,0) # MUST HAVE ZERO AT EACH END!

#distribname = "shortincline"

#

#relprob = c(0,1,2,3,4,5,1,2,3,4,0) # MUST HAVE ZERO AT EACH END!

#distribname = "sawtooth"



############################################################################

# Part I: Plot the probability of being in each position as a function of 

# update number. This is not an individual trajectory, but a distribution

# of probabilities that the particle is in each possible position.

############################################################################



# pin is the target relative probability distribution with matrix attributes.

pin = matrix( relprob , nrow=1 , ncol=length(relprob) , byrow=TRUE )



# Specify transition matrix, tm. Rows are from, columns are to.

# This assumes that the proposal distribution is either choosing one interval 

# up or one interval down.

pup = .5 # MUST BE <=.5, prob. of choosing interval above current interval

pdown = pup # probability of choosing interval below current interval

tm = matrix( 0 , nrow=length(relprob) , ncol=length(relprob) )

# NEXT STATEMENT RELIES ON ZEROS AT ENDS OF relprob

for ( rowint in (1+1) : (length(relprob)-1) ) { 

	# determine p(rowint-1)

	tm[rowint,rowint-1] = pdown * min( pin[1,rowint-1]/pin[1,rowint] , 1 )

	# determine p(rowint+1)

	tm[rowint,rowint+1] = pup * min( pin[1,rowint+1]/pin[1,rowint] , 1 )

	# determine p(rowint)

	tm[rowint,rowint] = 1 - tm[rowint,rowint-1] - tm[rowint,rowint+1]	

} 



# Specify initial probability vector. Must have length same as relprob.

pvec = matrix( 0 , nrow=1 , ncol=length(relprob) )

pvec[1,ceiling(median(1:length(pvec)))] = 1



# Specify number of updates to execute

nupdate = 99

# Specify graphics window details.

nr = 4  # 3 for shortincline, 5 otherwise

nc = 4

windows(7,7)

layout( matrix(1:nupdate,nrow=nr,ncol=nc,byrow=FALSE) )

par(mar=c(2,2,0,0)) # number of margin lines: bottom,left,top,right

par(mgp=c(1,1,0)) # which margin lines to use for labels

par(mai=c(0.25,0.25,0.05,0.05)) # margin size in inches: bottom,left,top,right



# Plot the updated distributions

for ( t in 1:nupdate ) {

	if ( t <= (nr*nc - 2) ) {

		plot( 1:(length(pvec)-2) , pvec[2:(length(pvec)-1)] 

			, type="h" , lwd=4 , xlab="" , ylab="" 

			,ylim=c(0,max(pvec[2:(length(pvec)-1)])) )

		text( 1,max(pvec),bquote(t==.(t)) ,adj=c(0,1) ,cex=1.5)

	}

	pvec = pvec %*% tm

}



# Plot the final updated distribution

plot( 1:(length(pvec)-2) , pvec[2:(length(pvec)-1)] 

	, type="h" , lwd=4 , xlab="" , ylab="" 

	,ylim=c(0,max(pvec[2:(length(pvec)-1)])) )

text( 1,max(pvec),bquote(t==.(t)) ,adj=c(0,1) ,cex=1.5)



# Plot the target distribution.

prob = relprob 

plot( 1:(length(pvec)-2) , prob[2:(length(prob)-1)] 

		, type="h" , lwd=4 , xlab="" , ylab="" 

		,ylim=c(0,max(prob[2:(length(prob)-1)])) )

text( 1,max(prob),bquote(target) ,adj=c(0,1) ,cex=1.5)



# Save the plot as an EPS file.

filename = paste( "BinomMCMCdemo_", distribname ,".eps",sep="")

dev.copy2eps(file=filename)





############################################################################

# Part II: Plot some individual trajectories.

############################################################################



set.seed(47)



trajlength = 2000

trajectory = rep( 0 , trajlength )



# Start in middle of range

trajectory[1] = ceiling(median(1:length(relprob)))



for ( t in 1:(trajlength-1) ) {

	currentposition = trajectory[t]

	proposedjump = sample( c(-1,1) , 1 )

	probaccept = min( 1, 

		relprob[ currentposition + proposedjump ]

		/ relprob[ currentposition ] )

	if ( runif(1) < probaccept ) {

		trajectory[ t+1 ] = trajectory[t] + proposedjump

	} else {

		trajectory[ t+1 ] = trajectory[t]

	}

}





trajectory = trajectory-1

trajectoryX = 1:(length(relprob)-2)



windows(7,10)

layout( matrix( c( 1,1,1,1, 2,2, 3,3,3,3,3,3, 4,4, 5,5,5,5 )

	, nrow=9 , ncol=2 , byrow=TRUE ) )



# plot 1 is histogram

par(mar=c(2,2,0,0)) # number of margin lines: bottom,left,top,right

par(mgp=c(2,1,0)) # which margin lines to use for labels

par(mai=c(0.4,0.45,0.05,0.05)) # margin size in inches: bottom,left,top,right

burnin=200

hist( trajectory[burnin:length(trajectory)] 

	, breaks = c(0,trajectoryX)+.5

	, xlab=bquote(theta) ,main="" ,cex.lab=1.5 )





# make upward arrow 

# Specify margin measurements for subplot.

par(mai=c(0.0,0.4,0.0,0.0)) # margin size in inches: bottom,left,top,right

plot( 0 , 0 ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text(0,0 ,bquote( " " %dblup% " " ) ,cex=4 )





# plot 3 is trajectory

par(mar=c(3,2,0,0)) # number of margin lines: bottom,left,top,right

par(mgp=c(2,1,0)) # which margin lines to use for labels

par(mai=c(0.4,0.45,0.05,0.05)) # margin size in inches: bottom,left,top,right

yvec = seq( trajlength , 1 , by=(-1) )

plot( trajectory , 1:trajlength , type='o' 

	, xlab=bquote(theta)

	,log='y' , ylab="Time" , main="" ,cex.lab=1.5)



# plot 4 is upward arrow

# Specify margin measurements for subplot.

par(mai=c(0.0,0.4,0.0,0.0)) # margin size in inches: bottom,left,top,right

plot( 0 , 0 ,type="n" ,bty="n" ,xaxt="n" ,yaxt="n" ,xlab="" ,ylab="" )

text(0,0 ,bquote( " " %dblup% " " ) ,cex=4 )



# plot 5 is target relprob

par(mar=c(2,2,0,0)) # number of margin lines: bottom,left,top,right

par(mgp=c(2,1,0)) # which margin lines to use for labels

par(mai=c(0.4,0.45,0.05,0.05)) # margin size in inches: bottom,left,top,right

plot( trajectoryX , relprob[2:(length(relprob)-1)] 

	, type='h' ,lwd=4

      , xlab=bquote(theta)

	, ylim = c(0,max(relprob)) , ylab=expression(P(theta))  ,cex.lab=1.5)



# Save the plot as an EPS file.

filename = paste( "BinomMCMCdemowalk_", distribname ,".eps",sep="")

dev.copy2eps(file=filename)










BinomNHSTpoissonrate.R

z_obs = 30 ; N_obs = 46

nulltheta = .5

tail_prob = 0  # Zero initial value for accumulation over possible N.

for ( N in 1 : (3*N_obs) ) {  # Start at 1 to avoid /0. 3*N_obs is arbitrary.

  # Create vector of z values such that z/N >= z_obs/N_obs

  zvec = (0:N)[ (0:N)/N >= z_obs/N_obs ]

  tail_prob = tail_prob + (

                dpois( N , N_obs ) * sum( dbinom( zvec , N , nulltheta ) ) )

}

show( tail_prob )








BloodDataGenerator.R

# Fictitious blood data. The correlations, means, and SDs used here are

# fabricated for pedagogical purposes and may have no resemblance to real data.

# Kruschke, J. K. (2010). Doing Bayesian data analysis:

# A Tutorial with R and BUGS. Academic Press / Elsevier Science.



# Specify the names of the predictors:

xNames = c("Systolic","Diastolic","Weight","Cholesterol","Height","Age")

nX = length(xNames) # number of predictors

# SPECIFY THE CORRELATIONS BETWEEN PREDICTORS:

if ( T ) { # zero correlations everywhere

rMat = matrix( c(   1 ,  0 ,  0 ,  0 ,  0 ,  0 ,

                    0 ,  1 ,  0 ,  0 ,  0 ,  0 ,

                    0 ,  0 ,  1 ,  0 ,  0 ,  0 ,

                    0 ,  0 ,  0 ,  1 ,  0 ,  0 ,

                    0 ,  0 ,  0 ,  0 ,  1 ,  0 ,

                    0 ,  0 ,  0 ,  0 ,  0 ,  1  ) , ncol=nX ) }

if ( F ) { # first two predictors strongly correlated

rMat = matrix( c(   1 , .95,  0 ,  0 ,  0 ,  0 ,

                   .95,  1 ,  0 ,  0 ,  0 ,  0 ,

                    0 ,  0 ,  1 ,  0 ,  0 ,  0 ,

                    0 ,  0 ,  0 ,  1 ,  0 ,  0 ,

                    0 ,  0 ,  0 ,  0 ,  1 ,  0 ,

                    0 ,  0 ,  0 ,  0 ,  0 ,  1  ) , ncol=nX ) }

if ( F ) { # first two uncorrelated, but other predictors correlated

rMat = matrix( c(  1  ,  0  , .6 , .2 , .1 , .1 ,

                   0  ,  1  , .6 , .2 , .1 , .1 ,

                  .6  , .6  ,  1 , .4 , .2 , .2 ,

                  .2  , .2  , .4 ,  1 ,  0 , .3 ,

                  .1  , .1  , .2 ,  0 ,  1 ,  0 ,

                  .1  , .1  , .2 , .3 ,  0 ,  1 ) , ncol=nX ) }

if ( F ) { # first two strongly correlated with others also correlated

rMat = matrix( c(  1  , .95 , .6 , .2 , .1 , .1 ,

                  .95 ,  1  , .6 , .2 , .1 , .1 ,

                  .6  , .6  ,  1 , .4 , .2 , .2 ,

                  .2  , .2  , .4 ,  1 ,  0 , .3 ,

                  .1  , .1  , .2 ,  0 ,  1 ,  0 ,

                  .1  , .1  , .2 , .3 ,  0 ,  1 ) , ncol=nX ) }

# SPECIFY THE NUMBER OF DATA POINTS:

nSubj = 200

mVec = rep(0,nX) # means of predictors

require(MASS) # package needed for mvrnorm() function in next line

set.seed(47405)

xMat = mvrnorm( n=nSubj , mu=mVec , Sigma=rMat ) #

# SPECIFY THE REGRESSION COEFFICIENTS:

betaVec = c( 0 , 2 , 2 , 1 , 0 , 0.5 )

# SPECIFY THE PROPORTION OF PREDICTED VALUES THAT ARE 1's, WHICH IN TURN

# DETERMINES THE THRESHOLD (i.e., negative intercept). THIS IS ACCURATE ONLY

# FOR LARGE REGRESSION COEFFICIENTS; OTHERWISE SPECIFY MORE EXTREME PROPORTION:

proportionOnes = 0.5  # e.g., about .05 for actual .10

heartAttackLinear = xMat %*% betaVec

threshold = quantile( heartAttackLinear , 1-proportionOnes )

heartAttackProb = 1 / ( 1 + exp( -1 * ( heartAttackLinear - threshold ) ) )

y = 0*heartAttackProb

for ( sIdx in 1:nSubj ) {

    y[sIdx] = sample( x=c(0,1) , size=1 , 

                   prob=c( 1-heartAttackProb[sIdx] , heartAttackProb[sIdx] ) )

}

cat("Generated proportion of 1's in data: ",mean(y),"\n")

# Convert to "real world" scale values (multiply by SD, add mean):

xMat[,1] = xMat[,1] * 17 + 125 # systolic

xMat[,2] = xMat[,2] * 11 + 80  # diastolic

xMat[,3] = xMat[,3] * 30 + 150 # weight

xMat[,4] = xMat[,4] * 30 + 130 # cholest

xMat[,5] = xMat[,5] * 3 + 65 # height

xMat[,6] = xMat[,6] * 15 + 50 # age

xMat = round( xMat )

# Assemble the values into a matrix:

dataMat = cbind( y , xMat )

colnames(dataMat) = c( "HeartAttack" , xNames )

# Write the matrix to a table to be loaded by other programs:

write.table( dataMat , file="BloodDataGeneratorOutput.txt" , row.names=F , col.names=T )
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graphics.off()

rm(list=ls(all=TRUE))

fileNameRoot="FilconBrugs" # for constructing output filenames

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( subjIdx in 1:nSubj ) {

      # Likelihood:

      z[subjIdx] ~ dbin( theta[subjIdx] , N[subjIdx] )

      # Prior on theta: Notice nested indexing.

      theta[subjIdx] ~ dbeta( a[cond[subjIdx]] , b[cond[subjIdx]] )I(0.001,0.999)

   }

   for ( condIdx in 1:nCond ) {

      a[condIdx] <- mu[condIdx] * kappa[condIdx]

      b[condIdx] <- (1-mu[condIdx]) * kappa[condIdx]

      # Hyperprior on mu and kappa:

      mu[condIdx] ~ dbeta( Amu , Bmu )

      kappa[condIdx] ~ dgamma( Skappa , Rkappa )

   }

   # Constants for hyperprior:

   Amu <- 1

   Bmu <- 1

   Skappa <- pow(meanGamma,2)/pow(sdGamma,2)

   Rkappa <- meanGamma/pow(sdGamma,2)

   meanGamma <- 10

   sdGamma <- 10

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

writeLines(modelstring,con="model.txt")

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# For each subject, specify the condition s/he was in,

# the number of trials s/he experienced, and the number correct.

# (These lines intentionally exceed the margins so that they don't take up

# excessive space on the printed page.)

cond = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

N = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

z = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

nSubj = length(cond)

nCond = length(unique(cond))



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

 nCond = nCond ,

 nSubj = nSubj ,

 cond = cond ,

 N = N ,

 z = z

)



# Get the data into BRugs:

# Function bugsData stores the data file (default filename is data.txt).

# Function modelData loads data file into BRugs (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains=nChain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  genInitList <- function() {

    sqzData = .01+.98*datalist$z/datalist$N

    mu = aggregate( sqzData , list(datalist$cond) , "mean" )[,"x"]

    sd = aggregate( sqzData , list(datalist$cond) , "sd" )[,"x"]

    kappa = mu*(1-mu)/sd^2 - 1

    return(

      list(

        theta = sqzData ,

        mu = mu ,

        kappa = kappa

      )

    )

  }

  for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 2000

modelUpdate( burninSteps )

samplesSet( c("mu","kappa","theta","a","b") )

nPerChain = ceiling(5000/nChain)

modelUpdate( nPerChain , thin=10 )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



# Check for convergence, mixing and autocorrelation:

source("plotChains.R")

sumInfo = plotChains( "mu" , saveplots=T , fileNameRoot )

sumInfo = plotChains( "kappa" , saveplots=F )

sumInfo = plotChains( "theta[1]" , saveplots=F )



# Extract parameter values and save them.

mu = NULL

kappa = NULL

for ( condIdx in 1:nCond ) {

   mu = rbind( mu , samplesSample( paste("mu[",condIdx,"]",sep="") ) )

   kappa = rbind( kappa , samplesSample( paste("kappa[",condIdx,"]",sep="") ) )

}

save( mu , kappa , file=paste(fileNameRoot,"MuKappa.Rdata",sep="") )

chainLength = NCOL(mu)



# Histograms of mu differences:

windows(10,2.75)

layout( matrix(1:3,nrow=1) )

source("plotPost.R")

plotPost( mu[1,]-mu[2,] , xlab=expression(mu[1]-mu[2]) , main="" ,

          breaks=20 , compVal=0 )

plotPost( mu[3,]-mu[4,] , xlab=expression(mu[3]-mu[4]) , main="" ,

          breaks=20 , compVal=0 )

plotPost( (mu[1,]+mu[2,])/2 - (mu[3,]+mu[4,])/2 ,

          xlab=expression( (mu[1]+mu[2])/2 - (mu[3]+mu[4])/2 ) ,

          main="" , breaks=20 , compVal=0 )

dev.copy2eps(file=paste(fileNameRoot,"MuDiffs.eps",sep=""))



# Scatterplot of mu,kappa in each condition:

windows()

muLim = c(.60,1) ; kappaLim = c( 4.0 , 40 ) ; mainLab="Posterior"

thindex = round( seq( 1 , chainLength , len=300 ) )

plot( mu[1,thindex] , kappa[1,thindex] , main=mainLab ,

      xlab=expression(mu[c]) , ylab=expression(kappa[c]) , cex.lab=1.75 ,

      xlim=muLim , ylim=kappaLim , log="y" , col="red" , pch="1" )

points( mu[2,thindex] , kappa[2,thindex] , col="blue" , pch="2" )

points( mu[3,thindex] , kappa[3,thindex] , col="green" , pch="3" )

points( mu[4,thindex] , kappa[4,thindex] , col="black" , pch="4" )

dev.copy2eps(file=paste(fileNameRoot,"Scatter.eps",sep=""))
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graphics.off()

rm(list=ls(all=TRUE))





GoalAchievedForSample = function( datalist , plotResults=F ,

                                  fileNameRoot="DeleteMe" ) {



library(BRugs)        # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                      # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( subjIdx in 1:nSubj ) {

      # Likelihood:

      z[subjIdx] ~ dbin( theta[subjIdx] , N[subjIdx] )

      # Prior on theta: Notice nested indexing.

      theta[subjIdx] ~ dbeta( a[cond[subjIdx]] , b[cond[subjIdx]] )I(0.001,0.999)

   }

   for ( condIdx in 1:nCond ) {

      a[condIdx] <- mu[condIdx] * kappa[condIdx]

      b[condIdx] <- (1-mu[condIdx]) * kappa[condIdx]

      # Hyperprior on mu and kappa:

      mu[condIdx] ~ dbeta( Amu , Bmu )

      kappa[condIdx] ~ dgamma( Skappa , Rkappa )

   }

   # Constants for hyperprior:

   Amu <- 1

   Bmu <- 1

   Skappa <- pow(meanGamma,2)/pow(sdGamma,2)

   Rkappa <- meanGamma/pow(sdGamma,2)

   meanGamma <- 10

   sdGamma <- 10

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

writeLines(modelstring,con="model.txt")

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# datalist supplied from outside the function.

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains=nChain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  genInitList <- function() {

    sqzData = .01+.98*datalist$z/datalist$N

    mu = aggregate( sqzData , list(datalist$cond) , mean )[,"x"]

    sd = aggregate( sqzData , list(datalist$cond) , sd )[,"x"]

    kappa = mu*(1-mu)/sd^2 - 1

    return(

      list(

        theta = sqzData ,

        mu = mu ,

        kappa = kappa

      )

    )

  }

  for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 1000

modelUpdate( burninSteps )

cat("Got through burn in...");flush.console()

samplesSet( c("mu","kappa","theta","a","b") )

nPerChain = ceiling(3000/nChain)

modelUpdate( nPerChain , thin=5 )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



# Extract chain values from BUGS:

mu = NULL

kappa = NULL

for ( condIdx in 1:nCond ) {

    nodeName = paste( "mu[" , condIdx , "]" , sep="" )

    mu = rbind( mu , samplesSample( nodeName ) )

    nodeName = paste( "kappa[" , condIdx , "]" , sep="" )

    kappa = rbind( kappa , samplesSample( nodeName ) )

}

chainLength = NCOL(mu)



# Display results if desired:

if ( plotResults ) {

  # Histograms of condition (i.e. group) mu differences:

  windows(12,4)

  layout( matrix(1:3,nrow=1) )

  source("plotPost.R")

  histInfo = plotPost( mu[1,]-mu[2,] , xlab=expression(mu[1]-mu[2]) ,

                       compVal=0.0 , breaks=30 , main="" )

  histInfo = plotPost( mu[3,]-mu[4,] , xlab=expression(mu[3]-mu[4]) ,

                       breaks=30 , main="" )

  HDIlim = HDIofMCMC( mu[3,]-mu[4,] )

  text( mean(HDIlim) , .25*max(histInfo$density) , adj=c(.5,0) , cex=1.25 ,

        bquote( "HDI width = " * .(signif(HDIlim[2]-HDIlim[1],3)) ) )

  nSubjPerCond = round( datalist$nSubj / datalist$nCond )

  histInfo = plotPost( (mu[1,]+mu[2,])/2 - (mu[3,]+mu[4,])/2 , compVal=0.0 ,

                       xlab=expression((mu[1]+mu[2])/2 - (mu[3]+mu[4])/2) ,

                       breaks=30 , main="" )

  dev.copy2eps( file = paste( fileNameRoot,"N",nSubjPerCond,"_",expIdx,".eps" ,

                              sep="" ) )

  # Scatterplot of mu, kappa:

  windows()

  muLim = c(.60,1) ; kappaLim = c( 2.0 , 50 ) ; mainLab="Posterior"

  thindex = round( seq( 1 , chainLength , len=300 ) )

  plot( mu[1,thindex] , kappa[1,thindex] , main=mainLab ,

      xlab=expression(mu[c]) , ylab=expression(kappa[c]) , cex.lab=1.75 ,

      xlim=muLim , ylim=kappaLim , log="y" , col="red" , pch="1" )

  points( mu[2,thindex] , kappa[2,thindex] , col="blue" , pch="2" )

  points( mu[3,thindex] , kappa[3,thindex] , col="green" , pch="3" )

  points( mu[4,thindex] , kappa[4,thindex] , col="black" , pch="4" )

} # end if plotResults



# Specify goals and check whether they are achieved:

source("HDIofMCMC.R")

# Goal is filtration vs condensation 95% HDI exceeds zero:

goal1Ach = ( HDIofMCMC( (mu[1,]+mu[2,])/2 - (mu[3,]+mu[4,])/2 )[1] > 0.0 )

# Goal is filtration1 vs filtration2 95% HDI exceeds zero:

goal2Ach = ( HDIofMCMC( mu[1,]-mu[2,] )[1] > 0.0 )

# Goal is condensation1 vs condensation2 95% HDI has width less than 0.2:

HDIlim = HDIofMCMC( mu[3,]-mu[4,] )

HDIwidth = HDIlim[2] - HDIlim[1]

goal3Ach = ( HDIwidth < 0.2 )

goalAchieved = c( goal1Ach , goal2Ach , goal3Ach )



return( goalAchieved )

} # end of function GoalAchievedForSample



#==============================================================================

# Now call the function defined above, using simulated data.



analysisType = c("Retro","Repli")[1] # specify [1] or [2]

fileNameRoot = paste("FilconBrugsPower",analysisType,sep="")



# Load original data, for use in replication probability analysis:

# (These lines intentionally exceed the margins so that they don't take up

# excessive space on the printed page.)

CondOfSubjOrig = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

nTrlOfSubjOrig = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

nCorrOfSubjOrig = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

nSubjOrig = length(CondOfSubjOrig)

nCondOrig = length(unique(CondOfSubjOrig))



# Load previously computed posterior mu[cond,step], kappa[cond,step] chains.

load( file="FilconBrugsMuKappa.Rdata" )

chainLength = NCOL(mu)

nCond = NROW(mu) # should be 4, of course



# SPECIFY NUMBER OF SUBJECTS PER GROUP FOR SIMULATED DATA:

nSubjPerCond = 17



# Specify number of simulated experiments:

nSimExperiments = min(200,chainLength)

nSubj = nSubjPerCond * nCond # Number of subjects total.

nTrlPerSubj = 64 # Number of trials per subject; fixed by design at 64.

nGoal=3 # Determined in function above.



# If previous record of power estimation exists, load it and continue the runs.

filelist = dir( pattern=paste(fileNameRoot,"N",nSubjPerCond,"Result.Rdata",sep="") )

if ( length( filelist ) > 0 ) { # if the file already exists...

   # load  previous expIdx, nSuccess

   load(paste(fileNameRoot,"N",nSubjPerCond,"Result.Rdata",sep=""))

   prevExpIdx = expIdx

   # Use just some of the MCMC steps, distributed among the whole chain:

   chainIdxVec = round(seq(1,chainLength,len=(prevExpIdx+nSimExperiments)))

} else { # ... otherwise, start a new record

  prevExpIdx = 0

  nSuccess = rep(0,nGoal) # Initialize success counter.

  chainIdxVec = round(seq(1,chainLength,len=nSimExperiments))

}



# Simulated experiment loop begins here:

for ( expIdx in (1+prevExpIdx):(nSimExperiments+prevExpIdx) ) {



    # Generate random data from posterior parameters

    chainIdx=chainIdxVec[expIdx]

    CondOfSubj = sort( rep( 1:nCond , nSubjPerCond ) )

    nTrlOfSubj = rep( nTrlPerSubj , nSubj )

    nCorrOfSubj = rep( 0 , nSubj )

    for ( condIdx in 1:nCond ) {

        m = mu[condIdx,chainIdx]

        k = kappa[condIdx,chainIdx]

        a = m*k

        b = (1-m)*k

        # Generate random theta and z values for simulated subjects:

        thetaVec = rbeta( nSubjPerCond , a , b )

        zVec = rbinom( n=nSubjPerCond , size=nTrlPerSubj , prob=thetaVec )

        nCorrOfSubj[ CondOfSubj==condIdx ] = zVec

    }

    

    # Put data into list for BUGS program

    if ( analysisType == "Retro" ) { # retrospective power

       datalist = list(

             nCond = nCond ,

             nSubj = nSubj ,

             cond = CondOfSubj ,

             N = nTrlOfSubj ,

             z = nCorrOfSubj

             )

    }

    if ( analysisType == "Repli" ) { # replication probability

       datalist = list(

             nCond = nCond ,

             nSubj = nSubj + nSubjOrig ,

             cond = c( CondOfSubj , CondOfSubjOrig ) ,

             N = c( nTrlOfSubj , nTrlOfSubjOrig ) ,

             z = c( nCorrOfSubj , nCorrOfSubjOrig )

             )

    }



    # Make plots for first 10 simulated experiments:

    if ( expIdx <= 10 ) { plotRes = T } else { plotRes = F }

    

    # Call BUGS program and tally number of successes:

    nSuccess = nSuccess + GoalAchievedForSample( datalist ,

                                                 plotRes , fileNameRoot )

    estPower = nSuccess / expIdx

    cat( "\n*** nSubjPerCond:",nSubjPerCond, ", nSimExp:",expIdx,

      " , nSuccess:",nSuccess, ", estPower:",round(estPower,2), "\n\n" )

    flush.console()

    save( nSuccess , expIdx , estPower ,

          file=paste(fileNameRoot,"N",nSubjPerCond,"Result.Rdata",sep="") )



} # end of simulated experiment loop.
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graphics.off()

rm(list=ls(all=TRUE))

fileNameRoot="FilconCoKappaBrugs" # for constructing output filenames

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( subjIdx in 1:nSubj ) {

      # Likelihood:

      z[subjIdx] ~ dbin( theta[subjIdx] , N[subjIdx] )

      # Prior on theta: Notice nested indexing.

      theta[subjIdx] ~ dbeta( a[cond[subjIdx]] , b[cond[subjIdx]] )I(0.001,0.999)

   }

   for ( condIdx in 1:nCond ) {

      a[condIdx] <- mu[condIdx] * kappa[condIdx]

      b[condIdx] <- (1-mu[condIdx]) * kappa[condIdx]

      # Hyperprior on mu and kappa:

      mu[condIdx] ~ dbeta( Amu , Bmu )

      kappa[condIdx] ~ dgamma( Skappa , Rkappa )

   }

   # Constants for hyperprior:

   Amu <- 1

   Bmu <- 1

   Skappa <- pow(meanGamma,2)/pow(sdGamma,2)

   Rkappa <- meanGamma/pow(sdGamma,2)

   meanGamma ~ dunif( 0.01 , 30 )

   sdGamma ~ dunif( 0.01 , 30 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

writeLines(modelstring,con="model.txt")

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# For each subject, specify the condition s/he was in,

# the number of trials s/he experienced, and the number correct.

# (These lines intentionally exceed the margins so that they don't take up

# excessive space on the printed page.)

cond = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

N = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

z = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

nSubj = length(cond)

nCond = length(unique(cond))



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

 nCond = nCond ,

 nSubj = nSubj ,

 cond = cond ,

 N = N ,

 z = z

)



# Get the data into BRugs:

# Function bugsData stores the data file (default filename is data.txt).

# Function modelData loads data file into BRugs (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains=nChain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  genInitList <- function() {

    sqzData = .01+.98*datalist$z/datalist$N

    mu = aggregate( sqzData , list(datalist$cond) , mean )[,"x"]

    sd = aggregate( sqzData , list(datalist$cond) , sd )[,"x"]

    kappa = mu*(1-mu)/sd^2 - 1

    return(

      list(

        theta = sqzData ,

        mu = mu ,

        kappa = kappa ,

        meanGamma = mean( kappa ),

        sdGamma = sd( kappa )

      )

    )

  }

  for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 2000

modelUpdate( burninSteps )

samplesSet( c("mu","kappa","theta","meanGamma","sdGamma") )

nPerChain = ceiling(5000/nChain)

modelUpdate( nPerChain , thin=10 )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



# Check for convergence, mixing and autocorrelation:

source("plotChains.R")

sumInfo = plotChains( "mu" , saveplots=T , fileNameRoot )

sumInfo = plotChains( "kappa" , saveplots=F )

sumInfo = plotChains( "theta[1]" , saveplots=F )



# Extract parameter values and save them.

mu = NULL

kappa = NULL

for ( condIdx in 1:nCond ) {

   mu = rbind( mu , samplesSample( paste("mu[",condIdx,"]",sep="") ) )

   kappa = rbind( kappa , samplesSample( paste("kappa[",condIdx,"]",sep="") ) )

}

save( mu , kappa , file=paste(fileNameRoot,"MuKappa.Rdata",sep="") )

chainLength = NCOL(mu)



# Histograms of mu differences:

windows(10,2.75)

layout( matrix(1:3,nrow=1) )

source("plotPost.R")

plotPost( mu[1,]-mu[2,] , xlab=expression(mu[1]-mu[2]) , main="" ,

          breaks=20 , compVal=0 )

plotPost( mu[3,]-mu[4,] , xlab=expression(mu[3]-mu[4]) , main="" ,

          breaks=20 , compVal=0 )

plotPost( (mu[1,]+mu[2,])/2 - (mu[3,]+mu[4,])/2 ,

          xlab=expression( (mu[1]+mu[2])/2 - (mu[3]+mu[4])/2 ) ,

          main="" , breaks=20 , compVal=0 )

dev.copy2eps(file=paste(fileNameRoot,"MuDiffs.eps",sep=""))



# Scatterplot of mu,kappa in each condition:

windows()

muLim = c(.60,1) ; kappaLim = c( 4.0 , 40 ) ; mainLab="Posterior"

thindex = round( seq( 1 , chainLength , len=300 ) )

plot( mu[1,thindex] , kappa[1,thindex] , main=mainLab ,

      xlab=expression(mu[c]) , ylab=expression(kappa[c]) , cex.lab=1.75 ,

      xlim=muLim , ylim=kappaLim , log="y" , col="red" , pch="1" )

points( mu[2,thindex] , kappa[2,thindex] , col="blue" , pch="2" )

points( mu[3,thindex] , kappa[3,thindex] , col="green" , pch="3" )

points( mu[4,thindex] , kappa[4,thindex] , col="black" , pch="4" )

dev.copy2eps(file=paste(fileNameRoot,"Scatter.eps",sep=""))






FilconModelCompBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( i in 1:nSubj ) {

      # Likelihood:

      nCorrOfSubj[i] ~ dbin( theta[i] , nTrlOfSubj[i] )

      # Prior on theta: Notice nested indexing.

      theta[i] ~ dbeta( aBeta[ CondOfSubj[i] ] ,

                        bBeta[ CondOfSubj[i] ] )I(0.0001,0.9999)

   }

   # Hyperprior on mu and kappa:

   kappa0 ~ dgamma( shapeGamma , rateGamma )

   for ( j in 1:nCond ) {

      mu[j] ~ dbeta( aHyperbeta , bHyperbeta )

      kappa[j] ~ dgamma( shapeGamma , rateGamma )

   }

   for ( j in 1:nCond ) {

      aBeta[j] <- mu[j]     * ((kappa[j]*(2-mdlIdx))+(kappa0*(mdlIdx-1)))

      bBeta[j] <- (1-mu[j]) * ((kappa[j]*(2-mdlIdx))+(kappa0*(mdlIdx-1)))

      # BUGS equals(,) won't work here, for no apparent reason.

      # Took me hours to isolate this problem (argh!). So, DO NOT use:

      # aBeta[j] <- mu[j]     * (kappa[j]*equals(mdlIdx,1)+kappa0*equals(mdlIdx,2))

      # bBeta[j] <- (1-mu[j]) * (kappa[j]*equals(mdlIdx,1)+kappa0*equals(mdlIdx,2))

   }

   # Constants for hyperprior:

   aHyperbeta <- 1

   bHyperbeta <- 1

   shapeGamma <- 1.0

   rateGamma <- 0.1

   # Hyperprior on model index:

   mdlIdx ~ dcat( modelProb[] )

   modelProb[1] <- .5

   modelProb[2] <- .5

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# For each subject, specify the condition s/he was in,

# the number of trials s/he experienced, and the number correct.

# (These lines intentionally exceed the margins so that they don't take up

# excessive space on the printed page.)

CondOfSubj = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

nTrlOfSubj = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

nCorrOfSubj = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

nSubj = length(CondOfSubj)

nCond = length(unique(CondOfSubj))



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

 nCond = nCond ,

 nSubj = nSubj ,

 CondOfSubj = CondOfSubj ,

 nTrlOfSubj = nTrlOfSubj ,

 nCorrOfSubj = nCorrOfSubj

)



# Get the data into BRugs:

# Function bugsData stores the data file (default filename is data.txt).

# Function modelData loads data file into BRugs (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 1

modelCompile( numChains=nchain )

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 1000

modelUpdate( burninSteps )

samplesSet( c("mu","kappa","kappa0","theta","mdlIdx") )

nPerChain = 10000

modelUpdate( nPerChain , thin=1 ) # takes nPerChain * thin steps



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



filenamebase = "FilconModelCompBrugs"



modelIdxSample = samplesSample( "mdlIdx" )

pM1 = sum( modelIdxSample == 1 ) / length( modelIdxSample )

pM2 = 1 - pM1

string1 =paste("p(M1|D)=",round(pM1,3),sep="")

string2 =paste("p(M2|D)=",round(pM2,3),sep="")

windows(10,4)

plot( 1:length(modelIdxSample) , modelIdxSample , type="l" ,

      xlab="Step in Markov chain" , ylab="Model Index (1, 2)" ,

      main=paste(string1,", ",string2,sep="") )

dev.copy2eps(file=paste(filenamebase,"_mdlIdx",".eps",sep=""))



kappa0sampleM1 = samplesSample( "kappa0" )[ modelIdxSample == 1 ]

kappa0sampleM2 = samplesSample( "kappa0" )[ modelIdxSample == 2 ]

windows()

layout( matrix(1:2,nrow=2) )

hist( kappa0sampleM1 , main="Post. kappa0 for M = 1" ,

      xlab=expression(kappa[0]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa0sampleM2 , main="Post. kappa0 for M = 2"  ,

      xlab=expression(kappa[0]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

dev.copy2eps(file=paste(filenamebase,"_k0",".eps",sep=""))



kappa1sampleM1 = samplesSample( "kappa[1]" )[ modelIdxSample == 1 ]

kappa2sampleM1 = samplesSample( "kappa[2]" )[ modelIdxSample == 1 ]

kappa3sampleM1 = samplesSample( "kappa[3]" )[ modelIdxSample == 1 ]

kappa4sampleM1 = samplesSample( "kappa[4]" )[ modelIdxSample == 1 ]

kappa1sampleM2 = samplesSample( "kappa[1]" )[ modelIdxSample == 2 ]

kappa2sampleM2 = samplesSample( "kappa[2]" )[ modelIdxSample == 2 ]

kappa3sampleM2 = samplesSample( "kappa[3]" )[ modelIdxSample == 2 ]

kappa4sampleM2 = samplesSample( "kappa[4]" )[ modelIdxSample == 2 ]

windows(10,5)

layout( matrix(1:8,nrow=2,byrow=T) )

hist( kappa1sampleM1 , main="Post. kappa[1] for M = 1" ,

      xlab=expression(kappa[1]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa2sampleM1 , main="Post. kappa[2] for M = 1" ,

      xlab=expression(kappa[2]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa3sampleM1 , main="Post. kappa[3] for M = 1" ,

      xlab=expression(kappa[3]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa4sampleM1 , main="Post. kappa[4] for M = 1" ,

      xlab=expression(kappa[4]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa1sampleM2 , main="Post. kappa[1] for M = 2" ,

      xlab=expression(kappa[1]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa2sampleM2 , main="Post. kappa[2] for M = 2" ,

      xlab=expression(kappa[2]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa3sampleM2 , main="Post. kappa[3] for M = 2" ,

      xlab=expression(kappa[3]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa4sampleM2 , main="Post. kappa[4] for M = 2" ,

      xlab=expression(kappa[4]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

dev.copy2eps(file=paste(filenamebase,"_kcond",".eps",sep=""))






FilconModelCompPseudoPriorBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( i in 1:nSubj ) {

      # Likelihood:

      nCorrOfSubj[i] ~ dbin( theta[i] , nTrlOfSubj[i] )

      # Prior on theta: Notice nested indexing.

      theta[i] ~ dbeta( aBeta[ CondOfSubj[i] ] ,

                        bBeta[ CondOfSubj[i] ] )I(0.0001,0.9999)

   }

   # Hyperprior on mu and kappa:

   kappa0 ~ dgamma( shk0[mdlIdx] , rak0[mdlIdx] )

   for ( j in 1:nCond ) {

      mu[j] ~ dbeta( aHyperbeta , bHyperbeta )

      kappa[j] ~ dgamma( shk[j,mdlIdx] , rak[j,mdlIdx] )

   }

   for ( j in 1:nCond ) {

      aBeta[j] <- mu[j]     * ((kappa[j]*(2-mdlIdx))+(kappa0*(mdlIdx-1)))

      bBeta[j] <- (1-mu[j]) * ((kappa[j]*(2-mdlIdx))+(kappa0*(mdlIdx-1)))

      # BUGS equals(,) won't work here, for no apparent reason.

      # Took me hours to isolate this problem (argh!). So, DO NOT use:

      # aBeta[j] <- mu[j]     * (kappa[j]*equals(mdlIdx,1)+kappa0*equals(mdlIdx,2))

      # bBeta[j] <- (1-mu[j]) * (kappa[j]*equals(mdlIdx,1)+kappa0*equals(mdlIdx,2))

   }

   # Constants for hyperprior:

   aHyperbeta <- 1

   bHyperbeta <- 1

   

   # Actual priors:

   shP <- 1.0 # shape for prior

   raP <- 0.1 # rate for prior

   # shape, rate kappa0[ model ]

   shk0[2] <- shP

   rak0[2] <- raP

   # shape kappa[ condition , model ]

   shk[1,1] <- shP

   shk[2,1] <- shP

   shk[3,1] <- shP

   shk[4,1] <- shP

   # rate kappa[ condition , model ]

   rak[1,1] <- raP

   rak[2,1] <- raP

   rak[3,1] <- raP

   rak[4,1] <- raP



   # Pseudo priors:

   # shape, rate kappa0[ model ]

   shk0[1] <- 54.0

   rak0[1] <- 4.35

   # shape kappa[ condition , model ]

   shk[1,2] <- 11.8

   shk[2,2] <- 11.9

   shk[3,2] <- 13.6

   shk[4,2] <- 12.6

   # rate kappa[ condition , model ]

   rak[1,2] <- 1.34

   rak[2,2] <- 1.11

   rak[3,2] <- 0.903

   rak[4,2] <- 0.748



   # Hyperprior on model index:

   mdlIdx ~ dcat( modelProb[] )

   modelProb[1] <- .5

   modelProb[2] <- .5

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# For each subject, specify the condition s/he was in,

# the number of trials s/he experienced, and the number correct.

# (These lines intentionally exceed the margins so that they don't take up

# excessive space on the printed page.)

CondOfSubj = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

nTrlOfSubj = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

nCorrOfSubj = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

nSubj = length(CondOfSubj)

nCond = length(unique(CondOfSubj))



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

 nCond = nCond ,

 nSubj = nSubj ,

 CondOfSubj = CondOfSubj ,

 nTrlOfSubj = nTrlOfSubj ,

 nCorrOfSubj = nCorrOfSubj

)



# Get the data into BRugs:

# Function bugsData stores the data file (default filename is data.txt).

# Function modelData loads data file into BRugs (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 1

modelCompile( numChains=nchain )

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 1000

modelUpdate( burninSteps )

samplesSet( c("mu","kappa","kappa0","theta","mdlIdx") )

nPerChain = 10000

modelUpdate( nPerChain , thin=1 ) # takes nPerChain * thin steps



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



filenamebase = "FilconModelCompPseudoPriorBrugs"



modelIdxSample = samplesSample( "mdlIdx" )

pM1 = sum( modelIdxSample == 1 ) / length( modelIdxSample )

pM2 = 1 - pM1

string1 =paste("p(M1|D)=",round(pM1,3),sep="")

string2 =paste("p(M2|D)=",round(pM2,3),sep="")

windows(10,4)

plot( 1:length(modelIdxSample) , modelIdxSample , type="l" ,

      xlab="Step in Markov chain" , ylab="Model Index (1, 2)" ,

      main=paste(string1,", ",string2,sep="") )

dev.copy2eps(file=paste(filenamebase,"_mdlIdx",".eps",sep=""))



kappa0sampleM1 = samplesSample( "kappa0" )[ modelIdxSample == 1 ]

kappa0sampleM2 = samplesSample( "kappa0" )[ modelIdxSample == 2 ]

windows()

layout( matrix(1:2,nrow=2) )

hist( kappa0sampleM1 , main="Post. kappa0 for M = 1" ,

      xlab=expression(kappa[0]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa0sampleM2 , main="Post. kappa0 for M = 2"  ,

      xlab=expression(kappa[0]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

dev.copy2eps(file=paste(filenamebase,"_k0",".eps",sep=""))



kappa1sampleM1 = samplesSample( "kappa[1]" )[ modelIdxSample == 1 ]

kappa2sampleM1 = samplesSample( "kappa[2]" )[ modelIdxSample == 1 ]

kappa3sampleM1 = samplesSample( "kappa[3]" )[ modelIdxSample == 1 ]

kappa4sampleM1 = samplesSample( "kappa[4]" )[ modelIdxSample == 1 ]

kappa1sampleM2 = samplesSample( "kappa[1]" )[ modelIdxSample == 2 ]

kappa2sampleM2 = samplesSample( "kappa[2]" )[ modelIdxSample == 2 ]

kappa3sampleM2 = samplesSample( "kappa[3]" )[ modelIdxSample == 2 ]

kappa4sampleM2 = samplesSample( "kappa[4]" )[ modelIdxSample == 2 ]

windows(10,5)

layout( matrix(1:8,nrow=2,byrow=T) )

hist( kappa1sampleM1 , main="Post. kappa[1] for M = 1" ,

      xlab=expression(kappa[1]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa2sampleM1 , main="Post. kappa[2] for M = 1" ,

      xlab=expression(kappa[2]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa3sampleM1 , main="Post. kappa[3] for M = 1" ,

      xlab=expression(kappa[3]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa4sampleM1 , main="Post. kappa[4] for M = 1" ,

      xlab=expression(kappa[4]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

hist( kappa1sampleM2 , main="Post. kappa[1] for M = 2" ,

      xlab=expression(kappa[1]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa2sampleM2 , main="Post. kappa[2] for M = 2" ,

      xlab=expression(kappa[2]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa3sampleM2 , main="Post. kappa[3] for M = 2" ,

      xlab=expression(kappa[3]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

hist( kappa4sampleM2 , main="Post. kappa[4] for M = 2" ,

      xlab=expression(kappa[4]) , xlim=c(0,30) , freq=F , ylab="" ,

      col="grey" , border="white" , cex.lab=1.75 , breaks=c(seq(0,30,len=19),10000) )

lines( seq(0,30,.1) , dgamma( seq(0,30,.1) , 1 , .1 ) )

dev.copy2eps(file=paste(filenamebase,"_kcond",".eps",sep=""))



source("plotPost.R")

windows(10,5)

layout( matrix(1:6,nrow=2,byrow=T) )

histInfo = plotPost( kappa1sampleM1 - kappa2sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[1]        -kappa[2]) , compVal=0 , breaks=20 )

histInfo = plotPost( kappa1sampleM1 - kappa3sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[1]        -kappa[3]) , compVal=0 , breaks=20 )

histInfo = plotPost( kappa1sampleM1 - kappa4sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[1]        -kappa[4]) , compVal=0 , breaks=20 )

histInfo = plotPost( kappa2sampleM1 - kappa3sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[2]        -kappa[3]) , compVal=0 , breaks=20 )

histInfo = plotPost( kappa2sampleM1 - kappa4sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[2]        -kappa[4]) , compVal=0 , breaks=20 )

histInfo = plotPost( kappa3sampleM1 - kappa4sampleM1 , cex.lab=2 ,

        xlab=bquote(kappa[3]        -kappa[4]) , compVal=0 , breaks=20 )

dev.copy2eps(file=paste(filenamebase,"_kdiff",".eps",sep=""))








Guber1999data.txt

#     1 - 16     Name of state (in quotation marks)
#    18 - 22     Current expenditure per pupil in average daily attendance
#                in public elementary and secondary schools, 1994-95
#                (in thousands of dollars)
#    24 - 27     Average pupil/teacher ratio in public elementary and
#                secondary schools, Fall 1994
#    29 - 34     Estimated average annual salary of teachers in public
#                elementary and secondary schools, 1994-95 (in thousands of
#                dollars)
#    36 - 37     Percentage of all eligible students taking the SAT, 1994-95
#    39 - 41     Average verbal SAT score, 1994-95
#    43 - 45     Average math SAT score, 1994-95
#    47 - 50     Average total score on the SAT, 1994-95
"Alabama"        4.405 17.2 31.144  8 491 538 1029
"Alaska"         8.963 17.6 47.951 47 445 489  934
"Arizona"        4.778 19.3 32.175 27 448 496  944
"Arkansas"       4.459 17.1 28.934  6 482 523 1005
"California"     4.992 24.0 41.078 45 417 485  902
"Colorado"       5.443 18.4 34.571 29 462 518  980
"Connecticut"    8.817 14.4 50.045 81 431 477  908
"Delaware"       7.030 16.6 39.076 68 429 468  897
"Florida"        5.718 19.1 32.588 48 420 469  889
"Georgia"        5.193 16.3 32.291 65 406 448  854
"Hawaii"         6.078 17.9 38.518 57 407 482  889
"Idaho"          4.210 19.1 29.783 15 468 511  979
"Illinois"       6.136 17.3 39.431 13 488 560 1048
"Indiana"        5.826 17.5 36.785 58 415 467  882
"Iowa"           5.483 15.8 31.511  5 516 583 1099
"Kansas"         5.817 15.1 34.652  9 503 557 1060
"Kentucky"       5.217 17.0 32.257 11 477 522  999
"Louisiana"      4.761 16.8 26.461  9 486 535 1021
"Maine"          6.428 13.8 31.972 68 427 469  896
"Maryland"       7.245 17.0 40.661 64 430 479  909
"Massachusetts"  7.287 14.8 40.795 80 430 477  907
"Michigan"       6.994 20.1 41.895 11 484 549 1033
"Minnesota"      6.000 17.5 35.948  9 506 579 1085
"Mississippi"    4.080 17.5 26.818  4 496 540 1036
"Missouri"       5.383 15.5 31.189  9 495 550 1045
"Montana"        5.692 16.3 28.785 21 473 536 1009
"Nebraska"       5.935 14.5 30.922  9 494 556 1050
"Nevada"         5.160 18.7 34.836 30 434 483  917
"New Hampshire"  5.859 15.6 34.720 70 444 491  935
"New Jersey"     9.774 13.8 46.087 70 420 478  898
"New Mexico"     4.586 17.2 28.493 11 485 530 1015
"New York"       9.623 15.2 47.612 74 419 473  892
"North Carolina" 5.077 16.2 30.793 60 411 454  865
"North Dakota"   4.775 15.3 26.327  5 515 592 1107
"Ohio"           6.162 16.6 36.802 23 460 515  975
"Oklahoma"       4.845 15.5 28.172  9 491 536 1027
"Oregon"         6.436 19.9 38.555 51 448 499  947
"Pennsylvania"   7.109 17.1 44.510 70 419 461  880
"Rhode Island"   7.469 14.7 40.729 70 425 463  888
"South Carolina" 4.797 16.4 30.279 58 401 443  844
"South Dakota"   4.775 14.4 25.994  5 505 563 1068
"Tennessee"      4.388 18.6 32.477 12 497 543 1040
"Texas"          5.222 15.7 31.223 47 419 474  893
"Utah"           3.656 24.3 29.082  4 513 563 1076
"Vermont"        6.750 13.8 35.406 68 429 472  901
"Virginia"       5.327 14.6 33.987 65 428 468  896
"Washington"     5.906 20.2 36.151 48 443 494  937
"West Virginia"  6.107 14.8 31.944 17 448 484  932
"Wisconsin"      6.930 15.9 37.746  9 501 572 1073
"Wyoming"        6.160 14.9 31.285 10 476 525 1001






HDIofGrid.R

HDIofGrid = function( probMassVec , credMass=0.95 ) {

   # Arguments:

   #   probMassVec is a vector of probability masses at each grid point.

   #   credMass is the desired mass of the HDI region.

   # Return value:

   #   A list with components:

   #   indices is a vector of indices that are in the HDI

   #   mass is the total mass of the included indices

   #   height is the smallest component probability mass in the HDI

   # Example of use: For determining HDI of a beta(30,12) distribution

   #   approximated on a grid:

   #   > probDensityVec = dbeta( seq(0,1,length=201) , 30 , 12 )

   #   > probMassVec = probDensityVec / sum( probDensityVec )

   #   > HDIinfo = HDIofGrid( probMassVec )

   #   > show( HDIinfo )

   sortedProbMass = sort( probMassVec , decreasing=T )

   HDIheightIdx = min( which( cumsum( sortedProbMass ) >= credMass ) )

   HDIheight = sortedProbMass[ HDIheightIdx ]

   HDImass = sum( probMassVec[ probMassVec >= HDIheight ] )

   return( list( indices = which( probMassVec >= HDIheight ) ,

                 mass = HDImass , height = HDIheight ) )

}






HDIofICDF.R

HDIofICDF = function( ICDFname , credMass=0.95 , tol=1e-8 , ... ) {

   # Arguments:

   #   ICDFname is R's name for the inverse cumulative density function

   #     of the distribution.

   #   credMass is the desired mass of the HDI region.

   #   tol is passed to R's optimize function.

   # Return value:

   #   Highest density iterval (HDI) limits in a vector.

   # Example of use: For determining HDI of a beta(30,12) distribution, type

   #   HDIofICDF( qbeta , shape1 = 30 , shape2 = 12 )

   #   Notice that the parameters of the ICDFname must be explicitly named;

   #   e.g., HDIofICDF( qbeta , 30 , 12 ) does not work.

   # Adapted and corrected from Greg Snow's TeachingDemos package.

   incredMass =  1.0 - credMass

   intervalWidth = function( lowTailPr , ICDFname , credMass , ... ) {

      ICDFname( credMass + lowTailPr , ... ) - ICDFname( lowTailPr , ... )

   }

   optInfo = optimize( intervalWidth , c( 0 , incredMass ) , ICDFname=ICDFname ,

                        credMass=credMass , tol=tol , ... )

   HDIlowTailPr = optInfo$minimum

   return( c( ICDFname( HDIlowTailPr , ... ) ,

	            ICDFname( credMass + HDIlowTailPr , ... ) ) )

}






HDIofMCMC.R

HDIofMCMC = function( sampleVec , credMass=0.95 ) {

    # Computes highest density interval from a sample of representative values,

    #   estimated as shortest credible interval.

    # Arguments:

    #   sampleVec

    #     is a vector of representative values from a probability distribution.

    #   credMass

    #     is a scalar between 0 and 1, indicating the mass within the credible

    #     interval that is to be estimated.

    # Value:

    #   HDIlim is a vector containing the limits of the HDI

    sortedPts = sort( sampleVec )

    ciIdxInc = floor( credMass * length( sortedPts ) )

    nCIs = length( sortedPts ) - ciIdxInc

    ciWidth = rep( 0 , nCIs )

    for ( i in 1:nCIs ) {

        ciWidth[ i ] = sortedPts[ i + ciIdxInc ] - sortedPts[ i ]

    }

    HDImin = sortedPts[ which.min( ciWidth ) ]

    HDImax = sortedPts[ which.min( ciWidth ) + ciIdxInc ]

    HDIlim = c( HDImin , HDImax )

    return( HDIlim )

}






HtWtDataGenerator.R

HtWtDataGenerator = function( nSubj , rndsd=NULL ) {

# Random height, weight generator for males and females. Uses parameters from

# Brainard, J. & Burmaster, D. E. (1992). Bivariate distributions for height and

# weight of men and women in the United States. Risk Analysis, 12(2), 267-275.

# Kruschke, J. K. (2010). Doing Bayesian data analysis:

# A Tutorial with R and BUGS. Academic Press / Elsevier.



require(MASS)



# Specify parameters of multivariate normal (MVN) distributions.

# Men:

HtMmu = 69.18

HtMsd = 2.87

lnWtMmu = 5.14

lnWtMsd = 0.17

Mrho = 0.42

Mmean = c( HtMmu , lnWtMmu )

Msigma = matrix( c( HtMsd^2 , Mrho * HtMsd * lnWtMsd ,

                     Mrho * HtMsd * lnWtMsd , lnWtMsd^2 ) , nrow=2 )

# Women cluster 1:

HtFmu1 = 63.11

HtFsd1 = 2.76

lnWtFmu1 = 5.06

lnWtFsd1 = 0.24

Frho1 = 0.41

prop1 = 0.46

Fmean1 = c( HtFmu1 , lnWtFmu1 )

Fsigma1 = matrix( c( HtFsd1^2 , Frho1 * HtFsd1 * lnWtFsd1 ,

                     Frho1 * HtFsd1 * lnWtFsd1 , lnWtFsd1^2 ) , nrow=2 )

# Women cluster 2:

HtFmu2 = 64.36

HtFsd2 = 2.49

lnWtFmu2 = 4.86

lnWtFsd2 = 0.14

Frho2 = 0.44

prop2 = 1 - prop1

Fmean2 = c( HtFmu2 , lnWtFmu2 )

Fsigma2 = matrix( c( HtFsd2^2 , Frho2 * HtFsd2 * lnWtFsd2 ,

                     Frho2 * HtFsd2 * lnWtFsd2 , lnWtFsd2^2 ) , nrow=2 )



# Randomly generate data values from those MVN distributions.

if ( !is.null( rndsd ) ) { set.seed( rndsd ) }

datamatrix = matrix( 0 , nrow=nSubj , ncol=3 )

colnames(datamatrix) = c( "male" , "height" , "weight" )

maleval = 1 ; femaleval = 0 # arbitrary coding values

for ( i in 1:nSubj ) {

   # Flip coin to decide sex

   sex = sample( c(maleval,femaleval) , size=1 , replace=TRUE , prob=c(.5,.5) )

   if ( sex == maleval ) { datum = mvrnorm(n = 1, mu=Mmean, Sigma=Msigma ) }

   if ( sex == femaleval ) {

      Fclust = sample( c(1,2) , size=1 , replace=TRUE , prob=c(prop1,prop2) )

      if ( Fclust == 1 ) { datum = mvrnorm(n = 1, mu=Fmean1, Sigma=Fsigma1 ) }

      if ( Fclust == 2 ) { datum = mvrnorm(n = 1, mu=Fmean2, Sigma=Fsigma2 ) }

   }

   datamatrix[ i , ] = c( sex , round( c( datum[1] , exp( datum[2] ) ) , 1 ) )

}



return( datamatrix )

} # end function






IncomeFamilySizeState.csv

			# http://www.census.gov/hhes/www/income/statemedfaminc.html Dec.06			2009


			Income			FamSize			State


			48075			2			Alabama


			55631			3			Alabama


			65311			4			Alabama


			62431			5			Alabama


			57482			6			Alabama


			49656			7			Alabama


			74073			2			Alaska


			77544			3			Alaska


			85422			4			Alaska


			89221			5			Alaska


			94893			6			Alaska


			81200			7			Alaska


			56894			2			Arizona


			62066			3			Arizona


			69452			4			Arizona


			63472			5			Arizona


			57657			6			Arizona


			56663			7			Arizona


			44415			2			Arkansas


			48721			3			Arkansas


			57905			4			Arkansas


			49443			5			Arkansas


			51465			6			Arkansas


			44501			7			Arkansas


			64878			2			California


			70890			3			California


			79477			4			California


			68073			5			California


			67499			6			California


			74290			7			California


			64985			2			Colorado


			69977			3			Colorado


			81644			4			Colorado


			73105			5			Colorado


			74100			6			Colorado


			74289			7			Colorado


									


									


									


			72586			2			Connecticut


			86643			3			Connecticut


			102124			4			Connecticut


			108055			5			Connecticut


			89435			6			Connecticut


			89260			7			Connecticut


									


									


									


			60953			2			Delaware


			70075			3			Delaware


			88725			4			Delaware


			78364			5			Delaware


			86105			6			Delaware


			69190			7			Delaware


									


									


									


			68892			2			District of Columbia


			69294			3			District of Columbia


			60418			4			District of Columbia


			82458			5			District of Columbia


			30253			6			District of Columbia


			51720			7			District of Columbia


									


									


									


			52259			2			Florida


			58574			3			Florida


			69009			4			Florida


			66248			5			Florida


			63759			6			Florida


			66941			7			Florida


									


									


									


			55258			2			Georgia


			61104			3			Georgia


			68502			4			Georgia


			63364			5			Georgia


			64654			6			Georgia


			59212			7			Georgia


									


									


									


			67199			2			Hawaii


			77539			3			Hawaii


			91483			4			Hawaii


			86463			5			Hawaii


			89544			6			Hawaii


			117593			7			Hawaii


									


									


									


			51474			2			Idaho


			52765			3			Idaho


			62051			4			Idaho


			58400			5			Idaho


			57479			6			Idaho


			61398			7			Idaho


									


									


									


			60052			2			Illinois


			71329			3			Illinois


			81465			4			Illinois


			76898			5			Illinois


			70010			6			Illinois


			76118			7			Illinois


									


									


									


			52554			2			Indiana


			59650			3			Indiana


			70873			4			Indiana


			69530			5			Indiana


			65006			6			Indiana


			64880			7			Indiana


									


									


									


			55284			2			Iowa


			64372			3			Iowa


			72961			4			Iowa


			71070			5			Iowa


			64788			6			Iowa


			55270			7			Iowa


									


									


									


			57767			2			Kansas


			63438			3			Kansas


			72610			4			Kansas


			70213			5			Kansas


			60738			6			Kansas


			62020			7			Kansas


									


									


									


			45653			2			Kentucky


			54683			3			Kentucky


			64459			4			Kentucky


			57596			5			Kentucky


			60480			6			Kentucky


			60663			7			Kentucky


									


									


									


			48287			2			Louisiana


			53461			3			Louisiana


			66256			4			Louisiana


			62991			5			Louisiana


			59281			6			Louisiana


			54074			7			Louisiana


									


									


									


			50912			2			Maine


			62076			3			Maine


			70374			4			Maine


			66259			5			Maine


			72620			6			Maine


			62269			7			Maine


									


									


									


			73061			2			Maryland


			85455			3			Maryland


			101803			4			Maryland


			94750			5			Maryland


			95544			6			Maryland


			97272			7			Maryland


									


									


									


			69451			2			Massachusetts


			82591			3			Massachusetts


			99648			4			Massachusetts


			96141			5			Massachusetts


			104012			6			Massachusetts


			106985			7			Massachusetts


									


									


									


			52620			2			Michigan


			61737			3			Michigan


			74824			4			Michigan


			73576			5			Michigan


			64639			6			Michigan


			57733			7			Michigan


									


									


									


			62384			2			Minnesota


			75073			3			Minnesota


			86637			4			Minnesota


			83506			5			Minnesota


			84013			6			Minnesota


			66475			7			Minnesota


									


									


									


			42758			2			Mississippi


			46685			3			Mississippi


			58518			4			Mississippi


			51038			5			Mississippi


			44196			6			Mississippi


			44760			7			Mississippi


									


									


									


			51568			2			Missouri


			60371			3			Missouri


			71059			4			Missouri


			67664			5			Missouri


			67079			6			Missouri


			62052			7			Missouri


									


									


									


			52497			2			Montana


			58636			3			Montana


			65827			4			Montana


			63701			5			Montana


			63582			6			Montana


			59479			7			Montana


									


									


									


			56861			2			Nebraska


			63702			3			Nebraska


			72542			4			Nebraska


			70402			5			Nebraska


			70199			6			Nebraska


			65345			7			Nebraska


									


									


									


			60449			2			Nevada


			67052			3			Nevada


			71104			4			Nevada


			70660			5			Nevada


			61087			6			Nevada


			81426			7			Nevada


									


									


									


			64204			2			New Hampshire


			79668			3			New Hampshire


			93926			4			New Hampshire


			91560			5			New Hampshire


			97314			6			New Hampshire


			90152			7			New Hampshire


									


									


									


			72000			2			New Jersey


			86070			3			New Jersey


			103261			4			New Jersey


			100126			5			New Jersey


			100992			6			New Jersey


			98415			7			New Jersey


									


									


									


			50637			2			New Mexico


			50630			3			New Mexico


			55561			4			New Mexico


			60951			5			New Mexico


			56930			6			New Mexico


			61156			7			New Mexico


									


									


									


			58109			2			New York


			69421			3			New York


			82457			4			New York


			80515			5			New York


			77393			6			New York


			78728			7			New York


									


									


									


			52194			2			North Carolina


			56930			3			North Carolina


			67295			4			North Carolina


			62396			5			North Carolina


			57644			6			North Carolina


			51448			7			North Carolina


									


									


									


			54662			2			North Dakota


			62635			3			North Dakota


			75140			4			North Dakota


			73505			5			North Dakota


			63750			6			North Dakota


			49328			7			North Dakota


									


									


									


			52216			2			Ohio


			61772			3			Ohio


			73301			4			Ohio


			71930			5			Ohio


			69136			6			Ohio


			68978			7			Ohio


									


									


									


			50891			2			Oklahoma


			54522			3			Oklahoma


			62037			4			Oklahoma


			58603			5			Oklahoma


			55680			6			Oklahoma


			50884			7			Oklahoma


									


									


									


			56019			2			Oregon


			62832			3			Oregon


			72667			4			Oregon


			67164			5			Oregon


			62927			6			Oregon


			69807			7			Oregon


									


									


									


			53763			2			Pennsylvania


			67757			3			Pennsylvania


			77867			4			Pennsylvania


			76179			5			Pennsylvania


			71453			6			Pennsylvania


			67571			7			Pennsylvania


									


									


									


			62806			2			Rhode Island


			76846			3			Rhode Island


			87002			4			Rhode Island


			77853			5			Rhode Island


			84644			6			Rhode Island


			74797			7			Rhode Island


									


									


									


			51374			2			South Carolina


			55296			3			South Carolina


			65655			4			South Carolina


			64046			5			South Carolina


			60504			6			South Carolina


			54201			7			South Carolina


									


									


									


			54331			2			South Dakota


			63153			3			South Dakota


			70182			4			South Dakota


			66960			5			South Dakota


			60732			6			South Dakota


			59306			7			South Dakota


									


									


									


			49110			2			Tennessee


			54014			3			Tennessee


			64228			4			Tennessee


			63052			5			Tennessee


			55590			6			Tennessee


			56194			7			Tennessee


									


									


									


			55859			2			Texas


			59222			3			Texas


			66381			4			Texas


			58607			5			Texas


			54391			6			Texas


			55052			7			Texas


									


									


									


			56932			2			Utah


			61905			3			Utah


			69990			4			Utah


			71190			5			Utah


			80574			6			Utah


			79855			7			Utah


									


									


									


			56858			2			Vermont


			65326			3			Vermont


			74163			4			Vermont


			73579			5			Vermont


			77288			6			Vermont


			51141			7			Vermont


									


									


									


			65122			2			Virginia


			74151			3			Virginia


			85939			4			Virginia


			85590			5			Virginia


			75200			6			Virginia


			86963			7			Virginia


									


									


									


			64158			2			Washington


			72533			3			Washington


			82716			4			Washington


			73804			5			Washington


			67489			6			Washington


			72990			7			Washington


									


									


									


			43224			2			West Virginia


			51836			3			West Virginia


			58479			4			West Virginia


			60418			5			West Virginia


			58353			6			West Virginia


			45281			7			West Virginia


									


									


									


			57405			2			Wisconsin


			68123			3			Wisconsin


			80530			4			Wisconsin


			76261			5			Wisconsin


			68438			6			Wisconsin


			61223			7			Wisconsin


									


									


									


			59830			2			Wyoming


			65820			3			Wyoming


			76964			4			Wyoming


			82446			5			Wyoming


			68660			6			Wyoming


			86135			7			Wyoming


									


									


									


			17550			2			Puerto Rico


			23196			3			Puerto Rico


			27532			4			Puerto Rico


			26896			5			Puerto Rico


			27753			6			Puerto Rico


			23454			7			Puerto Rico









IntegralOfDensity.R

# Graph of normal probability density function, with comb of intervals.

meanval = 0.0             # Specify mean of distribution.

sdval = 0.2               # Specify standard deviation of distribution.

xlow  = meanval - 3*sdval # Specify low end of x-axis.

xhigh = meanval + 3*sdval # Specify high end of x-axis.

dx = 0.02                 # Specify interval width on x-axis

# Specify comb points along the x axis:

x = seq( from = xlow , to = xhigh , by = dx )

# Compute y values, i.e., probability density at each value of x:

y = ( 1/(sdval*sqrt(2*pi)) ) * exp( -.5 * ((x-meanval)/sdval)^2 )

# Plot the function. "plot" draws the intervals. "lines" draws the bell curve.

plot( x , y , type="h" , lwd=1 , cex.axis=1.5

	, xlab="x" , ylab="p(x)" , cex.lab=1.5

	, main="Normal Probability Density" , cex.main=1.5 )

lines( x , y )

# Approximate the integral as the sum of width * height for each interval.

area = sum( dx * y )

# Display info in the graph.

text( -sdval , .9*max(y) , bquote( paste(mu ," = " ,.(meanval)) )

      , adj=c(1,.5) )

text( -sdval , .8*max(y) , bquote( paste(sigma ," = " ,.(sdval)) )

      , adj=c(1,.5) )

text( sdval , .9*max(y) , bquote( paste(Delta , "x = " ,.(dx)) )

      , adj=c(0,.5) )

text( sdval , .8*max(y) ,

      bquote(

        paste( sum(,x,) , " " , Delta , "x p(x) = " , .(signif(area,3)) )

      ) , adj=c(0,.5) )

# Save the plot to an EPS file.

dev.copy2eps( file = "IntegralOfDensity.eps" )






Lock1993data.txt

Make Model Type MinPrice MidPrice MaxPrice CityMPG HiMPG AirBag Drive Cyl EngSz HP RPM RPMile Manual TankCap Pass Length Wheel Width Uturn Rseat Lugg Weight Domestic
Acura Integra Small 12.9 15.9 18.8 25 31 0 1 4 1.8 140 6300 2890 1 13.2 5 177 102 68 37 26.5 11 2705 0
Acura Legend Midsize 29.2 33.9 38.7 18 25 2 1 6 3.2 200 5500 2335 1 18.0 5 195 115 71 38 30.0 15 3560 0
Audi 90 Compact 25.9 29.1 32.3 20 26 1 1 6 2.8 172 5500 2280 1 16.9 5 180 102 67 37 28.0 14 3375 0
Audi 100 Midsize 30.8 37.7 44.6 19 26 2 1 6 2.8 172 5500 2535 1 21.1 6 193 106 70 37 31.0 17 3405 0
BMW 535i Midsize 23.7 30.0 36.2 22 30 1 0 4 3.5 208 5700 2545 1 21.1 4 186 109 69 39 27.0 13 3640 0
Buick Century Midsize 14.2 15.7 17.3 22 31 1 1 4 2.2 110 5200 2565 0 16.4 6 189 105 69 41 28.0 16 2880 1
Buick LeSabre Large 19.9 20.8 21.7 19 28 1 1 6 3.8 170 4800 1570 0 18.0 6 200 111 74 42 30.5 17 3470 1
Buick Roadmaster Large 22.6 23.7 24.9 16 25 1 0 6 5.7 180 4000 1320 0 23.0 6 216 116 78 45 30.5 21 4105 1
Buick Riviera Midsize 26.3 26.3 26.3 19 27 1 1 6 3.8 170 4800 1690 0 18.8 5 198 108 73 41 26.5 14 3495 1
Cadillac DeVille Large 33.0 34.7 36.3 16 25 1 1 8 4.9 200 4100 1510 0 18.0 6 206 114 73 43 35.0 18 3620 1
Cadillac Seville Midsize 37.5 40.1 42.7 16 25 2 1 8 4.6 295 6000 1985 0 20.0 5 204 111 74 44 31.0 14 3935 1
Chevrolet Cavalier Compact 8.5 13.4 18.3 25 36 0 1 4 2.2 110 5200 2380 1 15.2 5 182 101 66 38 25.0 13 2490 1
Chevrolet Corsica Compact 11.4 11.4 11.4 25 34 1 1 4 2.2 110 5200 2665 1 15.6 5 184 103 68 39 26.0 14 2785 1
Chevrolet Camaro Sporty 13.4 15.1 16.8 19 28 2 0 6 3.4 160 4600 1805 1 15.5 4 193 101 74 43 25.0 13 3240 1
Chevrolet Lumina Midsize 13.4 15.9 18.4 21 29 0 1 4 2.2 110 5200 2595 0 16.5 6 198 108 71 40 28.5 16 3195 1
Chevrolet Lumina_APV Van 14.7 16.3 18.0 18 23 0 1 6 3.8 170 4800 1690 0 20.0 7 178 110 74 44 30.5 * 3715 1
Chevrolet Astro Van 14.7 16.6 18.6 15 20 0 2 6 4.3 165 4000 1790 0 27.0 8 194 111 78 42 33.5 * 4025 1
Chevrolet Caprice Large 18.0 18.8 19.6 17 26 1 0 8 5.0 170 4200 1350 0 23.0 6 214 116 77 42 29.5 20 3910 1
Chevrolet Corvette Sporty 34.6 38.0 41.5 17 25 1 0 8 5.7 300 5000 1450 1 20.0 2 179 96 74 43 * * 3380 1
Chrylser Concorde Large 18.4 18.4 18.4 20 28 2 1 6 3.3 153 5300 1990 0 18.0 6 203 113 74 40 31.0 15 3515 1
Chrysler LeBaron Compact 14.5 15.8 17.1 23 28 2 1 4 3.0 141 5000 2090 0 16.0 6 183 104 68 41 30.5 14 3085 1
Chrysler Imperial Large 29.5 29.5 29.5 20 26 1 1 6 3.3 147 4800 1785 0 16.0 6 203 110 69 44 36.0 17 3570 1
Dodge Colt Small 7.9 9.2 10.6 29 33 0 1 4 1.5 92 6000 3285 1 13.2 5 174 98 66 32 26.5 11 2270 1
Dodge Shadow Small 8.4 11.3 14.2 23 29 1 1 4 2.2 93 4800 2595 1 14.0 5 172 97 67 38 26.5 13 2670 1
Dodge Spirit Compact 11.9 13.3 14.7 22 27 1 1 4 2.5 100 4800 2535 1 16.0 6 181 104 68 39 30.5 14 2970 1
Dodge Caravan Van 13.6 19.0 24.4 17 21 1 2 6 3.0 142 5000 1970 0 20.0 7 175 112 72 42 26.5 * 3705 1
Dodge Dynasty Midsize 14.8 15.6 16.4 21 27 1 1 4 2.5 100 4800 2465 0 16.0 6 192 105 69 42 30.5 16 3080 1
Dodge Stealth Sporty 18.5 25.8 33.1 18 24 1 2 6 3.0 300 6000 2120 1 19.8 4 180 97 72 40 20.0 11 3805 1
Eagle Summit Small 7.9 12.2 16.5 29 33 0 1 4 1.5 92 6000 2505 1 13.2 5 174 98 66 36 26.5 11 2295 1
Eagle Vision Large 17.5 19.3 21.2 20 28 2 1 6 3.5 214 5800 1980 0 18.0 6 202 113 74 40 30.0 15 3490 1
Ford Festiva Small 6.9 7.4 7.9 31 33 0 1 4 1.3 63 5000 3150 1 10.0 4 141 90 63 33 26.0 12 1845 1
Ford Escort Small 8.4 10.1 11.9 23 30 0 1 4 1.8 127 6500 2410 1 13.2 5 171 98 67 36 28.0 12 2530 1
Ford Tempo Compact 10.4 11.3 12.2 22 27 0 1 4 2.3 96 4200 2805 1 15.9 5 177 100 68 39 27.5 13 2690 1
Ford Mustang Sporty 10.8 15.9 21.0 22 29 1 0 4 2.3 105 4600 2285 1 15.4 4 180 101 68 40 24.0 12 2850 1
Ford Probe Sporty 12.8 14.0 15.2 24 30 1 1 4 2.0 115 5500 2340 1 15.5 4 179 103 70 38 23.0 18 2710 1
Ford Aerostar Van 14.5 19.9 25.3 15 20 1 2 6 3.0 145 4800 2080 1 21.0 7 176 119 72 45 30.0 * 3735 1
Ford Taurus Midsize 15.6 20.2 24.8 21 30 1 1 6 3.0 140 4800 1885 0 16.0 5 192 106 71 40 27.5 18 3325 1
Ford Crown_Victoria Large 20.1 20.9 21.7 18 26 1 0 8 4.6 190 4200 1415 0 20.0 6 212 114 78 43 30.0 21 3950 1
Geo Metro Small 6.7 8.4 10.0 46 50 0 1 3 1.0 55 5700 3755 1 10.6 4 151 93 63 34 27.5 10 1695 0
Geo Storm Sporty 11.5 12.5 13.5 30 36 1 1 4 1.6 90 5400 3250 1 12.4 4 164 97 67 37 24.5 11 2475 0
Honda Prelude Sporty 17.0 19.8 22.7 24 31 2 1 4 2.3 160 5800 2855 1 15.9 4 175 100 70 39 23.5 8 2865 0
Honda Civic Small 8.4 12.1 15.8 42 46 1 1 4 1.5 102 5900 2650 1 11.9 4 173 103 67 36 28.0 12 2350 0
Honda Accord Compact 13.8 17.5 21.2 24 31 2 1 4 2.2 140 5600 2610 1 17.0 4 185 107 67 41 28.0 14 3040 0
Hyundai Excel Small 6.8 8.0 9.2 29 33 0 1 4 1.5 81 5500 2710 1 11.9 5 168 94 63 35 26.0 11 2345 0
Hyundai Elantra Small 9.0 10.0 11.0 22 29 0 1 4 1.8 124 6000 2745 1 13.7 5 172 98 66 36 28.0 12 2620 0
Hyundai Scoupe Sporty 9.1 10.0 11.0 26 34 0 1 4 1.5 92 5550 2540 1 11.9 4 166 94 64 34 23.5 9 2285 0
Hyundai Sonata Midsize 12.4 13.9 15.3 20 27 0 1 4 2.0 128 6000 2335 1 17.2 5 184 104 69 41 31.0 14 2885 0
Infiniti Q45 Midsize 45.4 47.9 50.4 17 22 1 0 8 4.5 278 6000 1955 0 22.5 5 200 113 72 42 29.0 15 4000 0
Lexus ES300 Midsize 27.5 28.0 28.4 18 24 1 1 6 3.0 185 5200 2325 1 18.5 5 188 103 70 40 27.5 14 3510 0
Lexus SC300 Midsize 34.7 35.2 35.6 18 23 2 0 6 3.0 225 6000 2510 1 20.6 4 191 106 71 39 25.0 9 3515 0
Lincoln Continental Midsize 33.3 34.3 35.3 17 26 2 1 6 3.8 160 4400 1835 0 18.4 6 205 109 73 42 30.0 19 3695 1
Lincoln Town_Car Large 34.4 36.1 37.8 18 26 2 0 8 4.6 210 4600 1840 0 20.0 6 219 117 77 45 31.5 22 4055 1
Mazda 323 Small 7.4 8.3 9.1 29 37 0 1 4 1.6 82 5000 2370 1 13.2 4 164 97 66 34 27.0 16 2325 0
Mazda Protege Small 10.9 11.6 12.3 28 36 0 1 4 1.8 103 5500 2220 1 14.5 5 172 98 66 36 26.5 13 2440 0
Mazda 626 Compact 14.3 16.5 18.7 26 34 1 1 4 2.5 164 5600 2505 1 15.5 5 184 103 69 40 29.5 14 2970 0
Mazda MPV Van 16.6 19.1 21.7 18 24 0 2 6 3.0 155 5000 2240 0 19.6 7 190 110 72 39 27.5 * 3735 0
Mazda RX-7 Sporty 32.5 32.5 32.5 17 25 1 0 * 1.3 255 6500 2325 1 20.0 2 169 96 69 37 * * 2895 0
Mercedes-Benz 190E Compact 29.0 31.9 34.9 20 29 1 0 4 2.3 130 5100 2425 1 14.5 5 175 105 67 34 26.0 12 2920 0
Mercedes-Benz 300E Midsize 43.8 61.9 80.0 19 25 2 0 6 3.2 217 5500 2220 0 18.5 5 187 110 69 37 27.0 15 3525 0
Mercury Capri Sporty 13.3 14.1 15.0 23 26 1 1 4 1.6 100 5750 2475 1 11.1 4 166 95 65 36 19.0 6 2450 1
Mercury Cougar Midsize 14.9 14.9 14.9 19 26 0 0 6 3.8 140 3800 1730 0 18.0 5 199 113 73 38 28.0 15 3610 1
Mitsubishi Mirage Small 7.7 10.3 12.9 29 33 0 1 4 1.5 92 6000 2505 1 13.2 5 172 98 67 36 26.0 11 2295 0
Mitsubishi Diamante Midsize 22.4 26.1 29.9 18 24 1 1 6 3.0 202 6000 2210 0 19.0 5 190 107 70 43 27.5 14 3730 0
Nissan Sentra Small 8.7 11.8 14.9 29 33 1 1 4 1.6 110 6000 2435 1 13.2 5 170 96 66 33 26.0 12 2545 0
Nissan Altima Compact 13.0 15.7 18.3 24 30 1 1 4 2.4 150 5600 2130 1 15.9 5 181 103 67 40 28.5 14 3050 0
Nissan Quest Van 16.7 19.1 21.5 17 23 0 1 6 3.0 151 4800 2065 0 20.0 7 190 112 74 41 27.0 * 4100 0
Nissan Maxima Midsize 21.0 21.5 22.0 21 26 1 1 6 3.0 160 5200 2045 0 18.5 5 188 104 69 41 28.5 14 3200 0
Oldsmobile Achieva Compact 13.0 13.5 14.0 24 31 0 1 4 2.3 155 6000 2380 0 15.2 5 188 103 67 39 28.0 14 2910 1
Oldsmobile Cutlass_Ciera Midsize 14.2 16.3 18.4 23 31 1 1 4 2.2 110 5200 2565 0 16.5 5 190 105 70 42 28.0 16 2890 1
Oldsmobile Silhouette Van 19.5 19.5 19.5 18 23 0 1 6 3.8 170 4800 1690 0 20.0 7 194 110 74 44 30.5 * 3715 1
Oldsmobile Eighty-Eight Large 19.5 20.7 21.9 19 28 1 1 6 3.8 170 4800 1570 0 18.0 6 201 111 74 42 31.5 17 3470 1
Plymouth Laser Sporty 11.4 14.4 17.4 23 30 0 2 4 1.8 92 5000 2360 1 15.9 4 173 97 67 39 24.5 8 2640 1
Pontiac LeMans Small 8.2 9.0 9.9 31 41 0 1 4 1.6 74 5600 3130 1 13.2 4 177 99 66 35 25.5 17 2350 1
Pontiac Sunbird Compact 9.4 11.1 12.8 23 31 0 1 4 2.0 110 5200 2665 1 15.2 5 181 101 66 39 25.0 13 2575 1
Pontiac Firebird Sporty 14.0 17.7 21.4 19 28 2 0 6 3.4 160 4600 1805 1 15.5 4 196 101 75 43 25.0 13 3240 1
Pontiac Grand_Prix Midsize 15.4 18.5 21.6 19 27 0 1 6 3.4 200 5000 1890 1 16.5 5 195 108 72 41 28.5 16 3450 1
Pontiac Bonneville Large 19.4 24.4 29.4 19 28 2 1 6 3.8 170 4800 1565 0 18.0 6 177 111 74 43 30.5 18 3495 1
Saab 900 Compact 20.3 28.7 37.1 20 26 1 1 4 2.1 140 6000 2910 1 18.0 5 184 99 67 37 26.5 14 2775 0
Saturn SL Small 9.2 11.1 12.9 28 38 1 1 4 1.9 85 5000 2145 1 12.8 5 176 102 68 40 26.5 12 2495 1
Subaru Justy Small 7.3 8.4 9.5 33 37 0 2 3 1.2 73 5600 2875 1 9.2 4 146 90 60 32 23.5 10 2045 0
Subaru Loyale Small 10.5 10.9 11.3 25 30 0 2 4 1.8 90 5200 3375 1 15.9 5 175 97 65 35 27.5 15 2490 0
Subaru Legacy Compact 16.3 19.5 22.7 23 30 1 2 4 2.2 130 5600 2330 1 15.9 5 179 102 67 37 27.0 14 3085 0
Suzuki Swift Small 7.3 8.6 10.0 39 43 0 1 3 1.3 70 6000 3360 1 10.6 4 161 93 63 34 27.5 10 1965 0
Toyota Tercel Small 7.8 9.8 11.8 32 37 1 1 4 1.5 82 5200 3505 1 11.9 5 162 94 65 36 24.0 11 2055 0
Toyota Celica Sporty 14.2 18.4 22.6 25 32 1 1 4 2.2 135 5400 2405 1 15.9 4 174 99 69 39 23.0 13 2950 0
Toyota Camry Midsize 15.2 18.2 21.2 22 29 1 1 4 2.2 130 5400 2340 1 18.5 5 188 103 70 38 28.5 15 3030 0
Toyota Previa Van 18.9 22.7 26.6 18 22 1 2 4 2.4 138 5000 2515 1 19.8 7 187 113 71 41 35.0 * 3785 0
Volkswagen Fox Small 8.7 9.1 9.5 25 33 0 1 4 1.8 81 5500 2550 1 12.4 4 163 93 63 34 26.0 10 2240 0
Volkswagen Eurovan Van 16.6 19.7 22.7 17 21 0 1 5 2.5 109 4500 2915 1 21.1 7 187 115 72 38 34.0 * 3960 0
Volkswagen Passat Compact 17.6 20.0 22.4 21 30 0 1 4 2.0 134 5800 2685 1 18.5 5 180 103 67 35 31.5 14 2985 0
Volkswagen Corrado Sporty 22.9 23.3 23.7 18 25 0 1 6 2.8 178 5800 2385 1 18.5 4 159 97 66 36 26.0 15 2810 0
Volvo 240 Compact 21.8 22.7 23.5 21 28 1 0 4 2.3 114 5400 2215 1 15.8 5 190 104 67 37 29.5 14 2985 0
Volvo 850 Midsize 24.8 26.7 28.5 20 28 2 1 5 2.4 168 6200 2310 1 19.3 5 184 105 69 38 30.0 15 3245 0







LogisticOnewayAnovaBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "LogisticOnewayAnovaBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    z[i] ~ dbin( theta[i] , n[i] )  

    theta[i] ~ dbeta( aBeta[x[i]] , bBeta[x[i]] )I(0.001,0.999)

  }

  for ( j in 1:NxLvl ) {

    aBeta[j] <- mu[j] * k

    bBeta[j] <- (1-mu[j]) * k

    mu[j] <- 1 / ( 1 + exp( -( a0 + a[j] ) ) )

    a[j] ~ dnorm( 0.0 , atau )

  }

  k ~ dgamma( 1.0 , 0.01 )

  a0 ~ dnorm( 0 , 0.001 )

  atau <- 1 / pow( aSD , 2 )

  aSD <- abs( aSDunabs ) + .1

  aSDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify data source:

dataSource = c( "Filcon" , "Relshift" , "Random" )[1]

# Load the data:



sigmoid = function( x ) { return( 1 / ( 1 + exp( -x ) ) ) }

logit = function( y ) { return( log( y / (1-y) ) ) }



if ( dataSource == "Filcon" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  x = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

  n = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

  z = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

  Ntotal = length(z)

  xnames = c("FiltLR","FiltHt","Condns1","Condns2")

  NxLvl = length(unique(x))

  contrastList = list( FiltLRvFiltHt = c(1,-1,0,0) ,

                       Cond1vCond2 = c(0,0,1,-1) ,

                       FiltvCond = c(1/2,1/2,-1/2,-1/2) )

}



if ( dataSource == "Relshift" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #source( "Kruschke1996CSdata.R" ) # if it has not yet been run

  load("Kruschke1996CSdatsum.Rdata") # loads CondOfSubj, nCorrOfSubj, nTrlOfSubj

  x = CondOfSubj

  n = nTrlOfSubj

  z = nCorrOfSubj

  Ntotal = length(z)

  xnames = c("Rev","Rel","Irr","Cmp")

  NxLvl = length(unique(x))

  contrastList = list( REVvREL = c(1,-1,0,0) , RELvIRR = c(0,1,-1,0) ,

                       IRRvCMP = c(0,0,1,-1) , CMPvOneRel = c(0,-1/2,-1/2,1) ,

                       FourExvEightEx = c(-1,1/3,1/3,1/3) ,

                       OneRelvTwoRel = c(-1/2,1/2,1/2,-1/2) )

}



if ( dataSource == "Random" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #set.seed(47405)

  a0true = -0.5

  atrue = c( 0.8 , -0.3 , -0.5 ) # sum to zero

  ktrue = 100

  subjPerCell = 50

  nPerSubj = 100

  datarecord = matrix( 0, ncol=3 , nrow=length(atrue)*subjPerCell )

  colnames(datarecord) = c("x","z","n")

  rowidx = 0

  for ( xidx in 1:length(atrue) ) {

    for ( subjidx in 1:subjPerCell ) {

      rowidx = rowidx + 1

      datarecord[rowidx,"x"] = xidx

      mu = sigmoid(a0true+atrue[xidx])

      theta = rbeta( 1 , mu*ktrue , (1-mu)*ktrue )

      datarecord[rowidx,"z"] = rbinom( 1 , prob=theta , size=nPerSubj )

      datarecord[rowidx,"n"] = nPerSubj                                       

    }

  }

  datarecord = data.frame( x=as.factor(datarecord[,"x"]) , z=datarecord[,"z"] , 

                           n=datarecord[,"n"] )

  z = as.numeric(datarecord$z)

  Ntotal = length(z)

  n = as.numeric(datarecord$n)

  x = as.numeric(datarecord$x)

  xnames = levels(datarecord$x)

  NxLvl = length(unique(x))

  # Construct list of all pairwise comparisons, to compare with NHST TukeyHSD:

  contrastList = NULL

  for ( g1idx in 1:(NxLvl-1) ) {

    for ( g2idx in (g1idx+1):NxLvl ) {

      cmpVec = rep(0,NxLvl)

      cmpVec[g1idx] = -1

      cmpVec[g2idx] = 1

      contrastList = c( contrastList , list( cmpVec ) )

    }

  }

}



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

  z = z ,

  n = n ,

  x = x ,

  Ntotal = Ntotal ,

  NxLvl = NxLvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains.

nchain = 10

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( pr=.01+.98*datalist$z/datalist$n , 

                        x=factor(x,labels=xnames) )

  a0 = mean( logit(theData$pr) )

  a = aggregate( logit(theData$pr) , list( theData$x ) , mean )[,2] - a0

  mGrp = aggregate( theData$pr , list( theData$x ) , mean )[,2]

  sdGrp = aggregate( theData$pr , list( theData$x ) , sd )[,2]

  kGrp = mGrp*(1-mGrp)/sdGrp^2 - 1

  k = mean(kGrp)

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a = a ,

            aSDunabs = sd(a) ,

            theta = theData$pr ,

            k = k

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 10000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a" , "aSD" , "k" ) )

stepsPerChain = ceiling(2000/nchain)

thinStep = 750 

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = T

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "aSD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "k" , saveplots=F , filenameroot=fnroot )

}



# Extract and plot the SDs:

aSDSample = samplesSample("aSD")

windows()

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( aSDSample , xlab="aSD" , main="a SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

aSample = array( 0 , dim=c( datalist$NxLvl , chainLength ) )

for ( xidx in 1:datalist$NxLvl ) {

   aSample[xidx,] = samplesSample( paste("a[",xidx,"]",sep="") )

}



# Convert to zero-centered b values:

mSample = array( 0, dim=c( datalist$NxLvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    mSample[,stepIdx ] = ( a0Sample[stepIdx] + aSample[,stepIdx] )

}

b0Sample = apply( mSample , 2 , mean )

bSample = mSample - matrix(rep( b0Sample ,NxLvl),nrow=NxLvl,byrow=T)



# Plot b values:

windows(datalist$NxLvl*2.75,2.5)

layout( matrix( 1:datalist$NxLvl , nrow=1 ) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

for ( xidx in 1:datalist$NxLvl ) {

    plotPost( bSample[xidx,] , breaks=30 ,

              xlab=bquote(beta[.(xidx)]) ,

              main=paste(xnames[xidx])  )

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Consider parameter correlations:

kSample = samplesSample("k")

windows()

pairs( cbind( b0Sample , t(bSample) , kSample ) , labels=c("b0",xnames,"k") )



# Display contrast analyses

nContrasts = length( contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% bSample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , xnames[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.5 ,

                main=paste( "Contrast:", names(contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"xContrasts.eps",sep=""))

}



#==============================================================================

# Do NHST ANOVA:



theData = data.frame( y=z/n , x=factor(x,labels=xnames) )

aovresult = aov( y ~ x , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( summary( aovresult ) )

cat("\n------------------------------------------------------------------\n\n")

print( model.tables( aovresult , "means" ) , digits=4 )

windows()

boxplot( y ~ x , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( TukeyHSD( aovresult , "x" , ordered = FALSE ) )

windows()

plot( TukeyHSD( aovresult , "x" ) )

if ( F ) {

  for ( xIdx1 in 1:(NxLvls-1) ) {

    for ( xIdx2 in (xIdx1+1):NxLvls ) {

      cat("\n----------------------------------------------------------\n\n")

      cat( "xIdx1 = " , xIdx1 , ", xIdx2 = " , xIdx2 ,

           ", M2-M1 = " , mean(score[x==xIdx2])-mean(score[x==xIdx1]) ,

           "\n" )

      print( t.test( score[ x == xIdx2 ] , score[ x == xIdx1 ] ) )

    }

  }

}

cat("\n------------------------------------------------------------------\n\n")



#==============================================================================








LogisticOnewayAnovaHeteroVarBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "LogisticOnewayAnovaHeteroVarBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    z[i] ~ dbin( theta[i] , n[i] )  

    theta[i] ~ dbeta( aBeta[x[i]] , bBeta[x[i]] )I(0.001,0.999)

  }

  for ( j in 1:NxLvl ) {

    aBeta[j] <- mu[j] * k[j]

    bBeta[j] <- (1-mu[j]) * k[j]

    mu[j] <- 1 / ( 1 + exp( -( a0 + a[j] ) ) )

    a[j] ~ dnorm( 0.0 , atau )

    k[j] ~ dgamma( skappa , rkappa )

  }

  a0 ~ dnorm( 0 , 0.001 )

  atau <- 1 / pow( aSD , 2 )

  aSD <- abs( aSDunabs ) + .1

  aSDunabs ~ dt( 0 , 0.001 , 2 )

  skappa <- pow(mg,2)/pow(sg,2)

  rkappa <- mg/pow(sg,2)

  mg ~ dunif(0,50)

  sg ~ dunif(0,30)

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify data source:

dataSource = c( "Filcon" , "Relshift" , "Random" )[1]

# Load the data:



sigmoid = function( x ) { return( 1 / ( 1 + exp( -x ) ) ) }

logit = function( y ) { return( log( y / (1-y) ) ) }



if ( dataSource == "Filcon" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  x = c(1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,1,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,2,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,3,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4,4)

  n = c(64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64,64)

  z = c(45,63,58,64,58,63,51,60,59,47,63,61,60,51,59,45,61,59,60,58,63,56,63,64,64,60,64,62,49,64,64,58,64,52,64,64,64,62,64,61,59,59,55,62,51,58,55,54,59,57,58,60,54,42,59,57,59,53,53,42,59,57,29,36,51,64,60,54,54,38,61,60,61,60,62,55,38,43,58,60,44,44,32,56,43,36,38,48,32,40,40,34,45,42,41,32,48,36,29,37,53,55,50,47,46,44,50,56,58,42,58,54,57,54,51,49,52,51,49,51,46,46,42,49,46,56,42,53,55,51,55,49,53,55,40,46,56,47,54,54,42,34,35,41,48,46,39,55,30,49,27,51,41,36,45,41,53,32,43,33)

  Ntotal = length(z)

  xnames = c("FiltLR","FiltHt","Condns1","Condns2")

  NxLvl = length(unique(x))

  contrastList = list( FiltLRvFiltHt = c(1,-1,0,0) ,

                       Cond1vCond2 = c(0,0,1,-1) ,

                       FiltvCond = c(1/2,1/2,-1/2,-1/2) )

}



if ( dataSource == "Relshift" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #source( "Kruschke1996CSdata.R" ) # if it has not yet been run

  load("Kruschke1996CSdatsum.Rdata") # loads CondOfSubj, nCorrOfSubj, nTrlOfSubj

  x = CondOfSubj

  n = nTrlOfSubj

  z = nCorrOfSubj

  Ntotal = length(z)

  xnames = c("Rev","Rel","Irr","Cmp")

  NxLvl = length(unique(x))

  contrastList = list( REVvREL = c(1,-1,0,0) , RELvIRR = c(0,1,-1,0) ,

                       IRRvCMP = c(0,0,1,-1) , CMPvOneRel = c(0,-1/2,-1/2,1) ,

                       FourExvEightEx = c(-1,1/3,1/3,1/3) ,

                       OneRelvTwoRel = c(-1/2,1/2,1/2,-1/2) )

}



if ( dataSource == "Random" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #set.seed(47405)

  a0true = -0.5

  atrue = c( 0.8 , -0.3 , -0.5 ) # sum to zero

  ktrue = 100

  subjPerCell = 50

  nPerSubj = 100

  datarecord = matrix( 0, ncol=3 , nrow=length(atrue)*subjPerCell )

  colnames(datarecord) = c("x","z","n")

  rowidx = 0

  for ( xidx in 1:length(atrue) ) {

    for ( subjidx in 1:subjPerCell ) {

      rowidx = rowidx + 1

      datarecord[rowidx,"x"] = xidx

      mu = sigmoid(a0true+atrue[xidx])

      theta = rbeta( 1 , mu*ktrue , (1-mu)*ktrue )

      datarecord[rowidx,"z"] = rbinom( 1 , prob=theta , size=nPerSubj )

      datarecord[rowidx,"n"] = nPerSubj                                       

    }

  }

  datarecord = data.frame( x=as.factor(datarecord[,"x"]) , z=datarecord[,"z"] , 

                           n=datarecord[,"n"] )

  z = as.numeric(datarecord$z)

  Ntotal = length(z)

  n = as.numeric(datarecord$n)

  x = as.numeric(datarecord$x)

  xnames = levels(datarecord$x)

  NxLvl = length(unique(x))

  # Construct list of all pairwise comparisons, to compare with NHST TukeyHSD:

  contrastList = NULL

  for ( g1idx in 1:(NxLvl-1) ) {

    for ( g2idx in (g1idx+1):NxLvl ) {

      cmpVec = rep(0,NxLvl)

      cmpVec[g1idx] = -1

      cmpVec[g2idx] = 1

      contrastList = c( contrastList , list( cmpVec ) )

    }

  }

}



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

  z = z ,

  n = n ,

  x = x ,

  Ntotal = Ntotal ,

  NxLvl = NxLvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains.

nchain = 3

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( pr=.01+.98*datalist$z/datalist$n , 

                        x=factor(x,labels=xnames) )

  a0 = mean( logit(theData$pr) )

  a = aggregate( logit(theData$pr) , list( theData$x ) , mean )[,2] - a0

  mGrp = aggregate( theData$pr , list( theData$x ) , mean )[,2]

  sdGrp = aggregate( theData$pr , list( theData$x ) , sd )[,2]

  kGrp = mGrp*(1-mGrp)/sdGrp^2 - 1

  k = mean(kGrp)

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a = a ,

            aSDunabs = sd(a) ,

            theta = theData$pr ,

            k = kGrp ,

            mg = 10 ,

            sg = 10

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 5000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a" , "aSD" , "k" , "mg" , "sg" ) )

stepsPerChain = ceiling(2000/nchain)

thinStep = 500 # 750

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = T

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "aSD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "k" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "mg" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "sg" , saveplots=F , filenameroot=fnroot )

}



###### NEEDS MODIFICATION BELOW THIS POINT! #########################



# Extract and plot the SDs:

aSDSample = samplesSample("aSD")

windows()

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( aSDSample , xlab="aSD" , main="a SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

aSample = array( 0 , dim=c( datalist$NxLvl , chainLength ) )

for ( xidx in 1:datalist$NxLvl ) {

   aSample[xidx,] = samplesSample( paste("a[",xidx,"]",sep="") )

}



# Convert to zero-centered b values:

mSample = array( 0, dim=c( datalist$NxLvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    mSample[,stepIdx ] = ( a0Sample[stepIdx] + aSample[,stepIdx] )

}

b0Sample = apply( mSample , 2 , mean )

bSample = mSample - matrix(rep( b0Sample ,NxLvl),nrow=NxLvl,byrow=T)



# Plot b values:

windows(datalist$NxLvl*2.75,2.5)

layout( matrix( 1:datalist$NxLvl , nrow=1 ) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

for ( xidx in 1:datalist$NxLvl ) {

    plotPost( bSample[xidx,] , breaks=30 ,

              xlab=bquote(beta[.(xidx)]) ,

              main=paste(xnames[xidx])  )

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Consider parameter correlations:

kSample = samplesSample("k")

windows()

pairs( cbind( b0Sample , t(bSample) , kSample ) , labels=c("b0",xnames,"k") )



# Display contrast analyses

nContrasts = length( contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% bSample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , xnames[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.5 ,

                main=paste( "Contrast:", names(contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"xContrasts.eps",sep=""))

}



#==============================================================================

# Do NHST ANOVA:



theData = data.frame( y=z/n , x=factor(x,labels=xnames) )

aovresult = aov( y ~ x , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( summary( aovresult ) )

cat("\n------------------------------------------------------------------\n\n")

print( model.tables( aovresult , "means" ) , digits=4 )

windows()

boxplot( y ~ x , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( TukeyHSD( aovresult , "x" , ordered = FALSE ) )

windows()

plot( TukeyHSD( aovresult , "x" ) )

if ( F ) {

  for ( xIdx1 in 1:(NxLvls-1) ) {

    for ( xIdx2 in (xIdx1+1):NxLvls ) {

      cat("\n----------------------------------------------------------\n\n")

      cat( "xIdx1 = " , xIdx1 , ", xIdx2 = " , xIdx2 ,

           ", M2-M1 = " , mean(score[x==xIdx2])-mean(score[x==xIdx1]) ,

           "\n" )

      print( t.test( score[ x == xIdx2 ] , score[ x == xIdx1 ] ) )

    }

  }

}

cat("\n------------------------------------------------------------------\n\n")



#==============================================================================








McDonaldSK1991data.txt

# From http://udel.edu/~mcdonald/statanovasig.html

# "Here are some data on a shell measurement (the length of the anterior 

# adductor muscle scar, standardized by dividing by length) in the mussel 

# Mytilus trossulus from five locations: Tillamook, Oregon; Newport, Oregon;

# Petersburg, Alaska; Magadan, Russia; and Tvarminne, Finland, 

# taken from a much larger data set used in McDonald et al. (1991)." 

#

# McDonald, J. H., R. Seed and R. K. Koehn. 1991. 

# Allozymes and morphometric characters of three species of Mytilus

# in the Northern and Southern Hemispheres. 

# Mar. Biol. 111:323-333.

#

# Group code: 

# 1=Tillamook,Oregon  

# 2=Newport,Oregon  

# 3=Petersburg,Alaska  

# 4=Magadan,Russia  

# 5=Tvarminne,Finland

Group Size

1 0.0571                 

1 0.0813                 

1 0.0831                 

1 0.0976                 

1 0.0817                 

1 0.0859                 

1 0.0735                 

1 0.0659                 

1 0.0923    

1 0.0836     

2 0.0873

2 0.0662

2 0.0672

2 0.0819

2 0.0749

2 0.0649

2 0.0835

2 0.0725

3 0.0974

3 0.1352

3 0.0817

3 0.1016

3 0.0968

3 0.1064

3 0.1050

4 0.1033

4 0.0915

4 0.0781

4 0.0685

4 0.0677

4 0.0697

4 0.0764

4 0.0689

5 0.0703

5 0.1026

5 0.0956

5 0.0973

5 0.1039

5 0.1045

#

#    http://udel.edu/~mcdonald/statanovaunplanned.html

#    shows that Tukey-Kramer method of unplanned comparisons

#    groups 

#    Newport/Magadan/Tillamook (2/4/1), 

#    Magadan/Tillamook/Tvarminne (4/1/5), 

#    and Tvarminne/Petersburg (5/3).

#    

#    From http://udel.edu/~mcdonald/statanovaplanned.html:

#    Really important note about planned comparisons

#      Planned comparisons must be planned before you look at the data. If you 

#    look at some data, pick out an interesting comparison, then analyze it as 

#    if it were a planned comparison, you will be committing scientific fraud. 

#    For example, if you look at the mean arch heights for the nine sports, see 

#    that cross-country has the lowest mean and swimming has the highest mean, 

#    then compare just those two means, your P-value will be much too low. This 

#    is because there are 36 possible pairwise comparisons in a set of 9 means. 

#    You expect 5 percent, or 1 out of 20, tests to be "significant" at the 

#    P<0.05 level, even if all the data really fit the null hypothesis, so 

#    there's a good chance that the most extreme comparison in a set of 36 

#    will have a P-value less than 0.05.

#      It would be acceptable to run a pilot experiment and plan your planned 

#    comparisons based on the results of the pilot experiment. However, if you 

#    do this you could not include the data from the pilot experiment in the 

#    analysis; you would have to limit your anova to the new data.






McIntyre1994data.csv

			Brand			Tar			Nic			Wt			CO


			Alpine			14.1			0.86			0.9853			13.6


			BensonAndHedges			16.0			1.06			1.0938			16.6


			BullDurham			29.8			2.03			1.1650			23.5


			CamelLights			8.0			0.67			0.9280			10.2


			Carlton			4.1			0.40			0.9462			5.4


			Chesterfield			15.0			1.04			0.8885			15.0


			GoldenLights			8.8			0.76			1.0267			9.0


			Kent			12.4			0.95			0.9225			12.3


			Kool			16.6			1.12			0.9372			16.3


			LandM			14.9			1.02			0.8858			15.4


			LarkLights			13.7			1.01			0.9643			13.0


			Marlboro			15.1			0.90			0.9316			14.4


			Merit			7.8			0.57			0.9705			10.0


			MultiFilter			11.4			0.78			1.1240			10.2


			NewportLights			9.0			0.74			0.8517			9.5


			Now			1.0			0.13			0.7851			1.5


			OldGold			17.0			1.26			0.9186			18.5


			PallMallLight			12.8			1.08			1.0395			12.6


			Raleigh			15.8			0.96			0.9573			17.5


			SalemUltra			4.5			0.42			0.9106			4.9


			Tareyton			14.5			1.01			1.0070			15.9


			True			7.3			0.61			0.9806			8.5


			ViceroyRichLight			8.6			0.69			0.9693			10.6


			VirginiaSlims			15.2			1.02			0.9496			13.9


			WinstonLights			12.0			0.82			1.1184			14.9









minNforHDIpower.R

minNforHDIpower = function( genPriorMean , genPriorN ,

                     HDImaxwid=NULL , nullVal=NULL , ROPE=c(nullVal,nullVal) ,

                     desiredPower=0.8 , audPriorMean=0.5 , audPriorN=2 ,

                     HDImass=0.95 , initSampSize=20 , verbose=T ) {

   if ( is.null(HDImaxwid) + is.null(nullVal) != 1 ) {

      stop("One and only one of HDImaxwid and nullVal must be specified.")

   }

   # Convert prior mean and N to a,b parameter values of beta distribution.

   genPriorA = genPriorMean * genPriorN

   genPriorB = ( 1.0 - genPriorMean ) * genPriorN

   audPriorA = audPriorMean * audPriorN

   audPriorB = ( 1.0 - audPriorMean ) * audPriorN

   # Initialize loop for incrementing sampleSize

   sampleSize = initSampSize

   notPowerfulEnough = TRUE

   # Increment sampleSize until desired power is achieved.

   while( notPowerfulEnough ) {

      zvec = 0:sampleSize # All possible z values for N flips.

      # Compute probability of each z value for data-generating prior.

      pzvec = exp( lchoose( sampleSize , zvec )

                   + lbeta( zvec + genPriorA , sampleSize-zvec + genPriorB )

                   - lbeta( genPriorA , genPriorB ) )

      # For each z value, compute HDI. hdiMat is min, max of HDI for each z.

      hdiMat = matrix( 0 , nrow=length(zvec) , ncol=2 )

      for ( zIdx in 1:length(zvec) ) {

         z = zvec[zIdx]

         hdiMat[zIdx,] = HDIofICDF( qbeta , shape1 = z + audPriorA ,

                                      shape2 = sampleSize - z + audPriorB )

      }

      hdiWid = hdiMat[,2] - hdiMat[,1]

      if ( !is.null( HDImaxwid ) ) {

         powerHDI = sum( pzvec[ hdiWid < HDImaxwid ] )

      }

      if ( !is.null( nullVal ) ) {

         powerHDI = sum( pzvec[ hdiMat[,1] > ROPE[2] | hdiMat[,2] < ROPE[1] ] )

      }

      if ( verbose ) {

         cat( " For sample size = ", sampleSize , ", power = " , powerHDI ,

              "\n" , sep="" ) ; flush.console()

      }

      if ( powerHDI > desiredPower ) {

         notPowerfulEnough = FALSE 

      } else {

         sampleSize = sampleSize + 1

      }

   } # End while( notPowerfulEnough )    

   # Return the minimal sample size that achieved the desired power.

   return( sampleSize )

} # end of function






Moore2006data.txt

Title                               Year  Length  Cast  Rating      Description

A_Ticklish_Affair                   1963  89      5     2.0         7 

Action_in_the_North_Atlantic        1943  127     7     3.0         9 

And_the_Ship_Sails_On               1984  138     7     3.0         15 

Autumn_Sonata                       1978  97      5     3.0         11 

Bachelor_Apartment                  1931  77      6     2.5         7 

Benson_Murder_Case                  1930  69      8     2.5         10 

Black_Hand                          1950  93      5     3.0         8 

Blaze                               1989  119     8     2.5         15 

Blondie_Has_Servant_Trouble         1940  70      9     2.5         8 

Blondie_in_the_Dough                1947  69      9     2.0         8 

Brewster_McCloud                    1970  101     9     3.0         11 

Calling_Philo_Vance                 1940  62      6     2.0         10 

Car_Wash                            1976  97      10    2.5         12 

City_Lights                         1985  85      10    1.0         13 

Come_Out_Fighting                   1945  62      9     1.5         9 

Conflict                            1945  86      6     2.5         7 

Conquest                            1937  112     10    3.0         10 

Dakota                              1988  97      6     2.0         11 

Deadhead_Miles                      1972  93      12    2.5         11 

Divided_Heart                       1954  89      7     3.0         8 

Evergreen                           1934  90      5     3.0         9 

Falcon_Strikes_Back                 1943  66      9     2.5         9 

Find_the_Lady                       1976  79      6     1.5         13 

Five_Golden_Hours                   1961  90      7     2.0         9 

Flash_and_the_Firecat               1975  84      6     1.5         7 

Flight                              1929  116     6     2.5         7 

Four_Jills_in_a_Jeep                1944  89      12    2.5         12 

Galileo                             1973  145     11    3.0         13 

Hambone_and_Hillie                  1984  89      8     2.5         8 

Hitler--Dead_or_Alive               1943  70      7     2.0         6 

Hold_Back_Tomorrow                  1955  75      5     1.5         6 

House_Party_3                       1994  94      8     1.5         12 

It_Came_from_Outer_Space            1953  81      6     3.0         12 

Jason's_Lyric                       1994  119     9     2.0         16 

Jessica                             1962  112     6     2.5         7 

Kit_Carson                          1940  97      7     3.0         8 

Kronos                              1957  78      5     2.5         11 

Lady_Dracula                        1973  80      4     1.0         8 

Last_Plane_Out                      1983  92      6     1.5         12 

Mad_Love                            1995  95      12    1.5         13 

Manhunter                           1986  119     7     3.0         21 

Memories_of_Me                      1988  105     8     2.0         13 

Murder_by_Television                1935  60      5     1.5         8 

Night_of_the_Dark_Shadows           1971  97      6     1.0         11 

Okinawa                             1952  67      6     2.0         6 

Once_a_Thief                        1965  107     7     2.0         7 

One_Crazy_Summer                    1986  93      8     2.0         12 

Our_Man_in_Havana                   1960  107     7     2.5         8 

Secret_World                        1969  94      5     2.0         7 

Secrets                             1971  86      6     1.5         10 

Seminole_Uprising                   1955  74      4     1.5         5 

She_Demons                          1958  80      5     1.0         9 

Sherlock_Jr.                        1924  45      6     4.0         13 

Shout_at_the_Devil                  1976  119     5     2.5         10 

Single_Room_Furnished               1968  93      7     1.5         10 

Sleep_My_Love                       1948  97      8     3.0         9 

Smash_Up:_The_Story_of_a_Woman      1947  103     6     3.0         14 

Spare_the_Rod                       1961  93      6     2.5         7 

Station_West                        1948  92      10    3.0         12 

Telefon                             1977  102     7     3.0         11 

The_Abominable_Dr._Phibes           1971  94      5     3.0         9 

The_Amazing_Transparent_Man         1960  58      4     1.0         10 

The_Boogens                         1981  95      6     1.0         8 

The_Boy_Who_Cried_Bitch             1991  101     10    3.0         12 

The_Chocolate_War                   1988  103     7     3.0         13 

The_Cockeyed_Miracle                1946  81      5     2.0         7 

The_Competition                     1980  129     8     3.0         10 

The_Curse_of_Bigfoot                1972  87      3     1.0         5 

The_Great_Waldo_Pepper              1975  107     8     3.0         11 

The_Hatter's_Ghost                  1982  120     4     1.5         9 

The_Judge_and_the_Assassin          1975  130     5     3.5         9 

The_Last_Valley                     1970  128     6     2.0         9 

The_Marriage_of_a_Young_Stockbroker 1971  95      6     2.5         14 

The_Miracle_Worker                  1962  107     7     3.5         14 

The_Mutineers                       1949  60      4     1.5         5 

The_Raven                           1963  86      6     3.0         9 

The_Ravine                          1969  97      6     2.0         7 

The_Revolt_of_Job                   1983  97      6     3.5         9 

The_Romantic_Age                    1949  86      6     2.0         7 

The_Siege_at_Red_River              1954  81      5     2.5         5 

The_Stone_Boy                       1984  93      8     3.5         12 

The_Strip                           1951  85      4     2.0         9 

The_Surrogate                       1984  95      7     2.5         13 

The_Twinkle_in_God's_Eye            1955  73      5     2.0         7 

The_Ultimate_Warrior                1975  94      6     2.5         10 

The_Unholy_Three                    1930  72      6     2.5         9 

The_Well                            1951  85      7     3.0         8 

Tom_Dick_and_Harry                  1941  86      7     3.5         11 

Triumph_of_the_Spirit               1989  121     7     3.0         12 

Uncle_Moses                         1932  87      7     2.5         16 

Unsane                              1982  100     6     2.0         12 

Valley_of_Gwangi                    1969  95      5     2.5         11 

Valley_of_the_Dragons               1961  79      5     1.5         8 

Vicki                               1953  85      7     2.5         9 

Volere_Volare                       1991  92      7     2.5         17 

Warning_Shot                        1967  100     13    3.5         12 

Whispering_Smith_vs._Scot._Yard     1951  77      5     2.0         9 

Windows                             1980  96      4     1.0         9 

Windwalker                          1980  108     5     2.5         11 

You_Only_Live_Twice                 1967  116     9     2.5         14 






MultiLinRegressHyperBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fname = "MultiLinRegressHyper"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : nData ) {

        y[i] ~ dnorm( mu[i] , tau )

        mu[i] <- b0 + inprod( b[] , x[i,] )

    }

    tau ~ dgamma(.01,.01)

    b0 ~ dnorm(0,1.0E-12) 

    for ( j in 1:nPredictors ) {

        b[j] ~ dt( muB , tauB , tdfB )

    }

    muB ~ dnorm( 0 , .100 )

    tauB ~ dgamma(.01,.01)

    udfB ~ dunif(0,1)

    tdfB <- 1 + tdfBgain * ( -log( 1 - udfB ) )

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



tdfBgain = 1



dataSource = c("Guber1999","McIntyre1994","random")[3]



if ( dataSource=="Guber1999" ) {

   fname = paste("Guber1999Brugs","tdf",tdfBgain,sep="")

   dataMat = read.table( file="Guber1999data.txt" ,

                         col.names = c( "State","Spend","StuTchRat","Salary",

                                        "PrcntTake","SATV","SATM","SATT") )

   # Specify variables to be used in BUGS analysis:

   predictedName = "SATT"

   predictorNames = c( "Spend" , "PrcntTake" )

   #predictorNames = c( "Spend" , "PrcntTake" , "Salary" , "StuTchRat" )

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   nPredictors = NCOL( x )

}



if ( dataSource=="McIntyre1994Hyper" ) {

   fname = paste("McIntyre1994Brugs","tdf",tdfBgain,sep="")

   dataMat = read.csv(file="McIntyre1994data.csv")

   predictedName = "CO"

   predictorNames = c("Tar","Nic","Wt")

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   nPredictors = NCOL( x )

}



if ( dataSource=="random" ) {

   fname = paste("RandomHyper","tdf",tdfBgain,sep="")

   # Generate random data.

   # True parameter values:

   betaTrue = c( 100 , 1 , 2 , rep(0,21) ) # beta0 is first component

   nPredictors = length( betaTrue ) - 1

   sdTrue = 2

   tauTrue = 1/sdTrue^2

   # Random X values:

   set.seed(47405)

   xM = 5 ; xSD = 2

   nData = 100

   x = matrix( rnorm( nPredictors*nData , xM , xSD ) , nrow=nData )

   predictorNames = colnames(x) = paste("X",1:nPredictors,sep="")

   # Random Y values generated from linear model with true parameter values:

   y = x %*% matrix(betaTrue[-1],ncol=1) + betaTrue[1] + rnorm(nData,0,sdTrue)

   predictedName = "Y"

   # Select which predictors to include

   includeOnly = 1:nPredictors # default is to include all

   #includeOnly = 1:6 # subset of predictors overwrites default

   x = x[,includeOnly]

   predictorNames = predictorNames[includeOnly]

   nPredictors = NCOL(x)

}



# Prepare data for BUGS:

# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

standardizeCols = function( dataMat ) {

    zDataMat = dataMat

    for ( colIdx in 1:NCOL( dataMat ) ) {

        mCol = mean( dataMat[,colIdx] )

        sdCol = sd( dataMat[,colIdx] )

        zDataMat[,colIdx] = ( dataMat[,colIdx] - mCol ) / sdCol

    }

    return( zDataMat )

}

zx = standardizeCols( x )

zy = standardizeCols( y )



# Get the data into BUGS:

datalist = list(

           x = zx ,

           y = as.vector( zy ) , # BUGS does not treat 1-column mat as vector

           nPredictors = nPredictors ,

           nData = nData ,

           tdfBgain = tdfBgain

)

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains = nChain )



genInitList <- function(nPred=nPredictors) {

    lmInfo = lm( y ~ x ) # R function returns least-squares (normal MLE) fit.

    bInit = lmInfo$coef[-1] * apply(x,2,sd) / sd(y)

    tauInit = (length(y)*sd(y)^2)/sum(lmInfo$res^2)

    list(

        b0 = 0 ,

        b = bInit ,

        tau = tauInit ,

        muB =  mean( bInit ) ,

        tauB = 1 / sd( bInit )^2 ,

        udfB = 0.95 # tdfB = 4

    )

}

for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 100

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b0" , "b" , "tau" , "muB" , "tauB" , "tdfB" ) )

stepsPerChain = ceiling(10000/nChain)

thinStep = 2

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

  b0Sum  = plotChains( "b0"  , saveplots=F , filenameroot=fname )

  bSum   = plotChains( "b"   , saveplots=F , filenameroot=fname )

  tauSum = plotChains( "tau" , saveplots=F , filenameroot=fname )

  muBSum = plotChains( "muB" , saveplots=F , filenameroot=fname )

  tauBSum = plotChains( "tauB" , saveplots=F , filenameroot=fname )

  tdfBSum = plotChains( "tdfB" , saveplots=F , filenameroot=fname )

}



# Extract chain values:

zb0Samp = matrix( samplesSample( "b0" ) )

zbSamp = NULL

for ( j in 1:nPredictors ) {

   zbSamp = cbind( zbSamp , samplesSample( paste("b[",j,"]",sep="") ) )

}

zTauSamp = matrix( samplesSample( "tau" ) )

zSigmaSamp = 1 / sqrt( zTauSamp ) # Convert precision to SD

chainLength = length(zTauSamp)



# Convert to original scale:

bSamp = zbSamp * matrix( sd(y)/apply(x,2,sd) , byrow=TRUE ,

                     ncol=nPredictors , nrow=NROW(zbSamp) )

b0Samp = ( zb0Samp * sd(y)

          + mean(y)

          - rowSums( zbSamp

          * matrix( sd(y)/apply(x,2,sd) , byrow=TRUE ,

                    ncol=nPredictors , nrow=NROW(zbSamp) )

          * matrix( apply(x,2,mean) , byrow=TRUE ,

                    ncol=nPredictors , nrow=NROW(zbSamp) ) ) )

sigmaSamp = zSigmaSamp * sd(y)



# Scatter plots of parameter values, pairwise:

if ( nPredictors <= 6 ) { # don't display if too many predictors

    windows()

    thinIdx = round(seq(1,length(zb0Samp),length=200))

    pairs( cbind( zSigmaSamp[thinIdx] , zb0Samp[thinIdx] , zbSamp[thinIdx,] )  ,

      labels=c("Sigma zy","zIntercept",paste("zSlope",predictorNames,sep="")))

    windows()

    thinIdx = seq(1,length(b0Samp),length=700)

    pairs( cbind( sigmaSamp[thinIdx] , b0Samp[thinIdx] , bSamp[thinIdx,] ) ,

      labels=c( "Sigma y" , "Intercept", paste("Slope",predictorNames,sep="")))

    dev.copy2eps(file=paste(fname,"PostPairs.eps",sep=""))

}

# Show correlation matrix on console:

cat("\nCorrlations of posterior sigma, b0, and bs:\n")

show( cor( cbind( sigmaSamp , b0Samp , bSamp ) ) )



# Display the posterior:

nPlotPerRow = 5

nPlotRow = ceiling((2+nPredictors)/nPlotPerRow)

nPlotCol = ceiling((2+nPredictors)/nPlotRow)

windows(3.5*nPlotCol,2.25*nPlotRow)

layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

par( mar=c(4,3,2.5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( sigmaSamp , xlab="Sigma Value" , compVal=NULL ,

                     breaks=30 , main=bquote(sigma[y]) ,

                     cex.main=1.67 , cex.lab=1.33 )

histInfo = plotPost( b0Samp , xlab="Intercept Value" , compVal=NULL ,

                     breaks=30 , main=bquote(.(predictedName) *" at "* x==0) ,

                     cex.main=1.67 , cex.lab=1.33 )

for ( sIdx in 1:nPredictors ) {

histInfo = plotPost( bSamp[,sIdx] , xlab="Slope Value" , compVal=0.0 ,

                     breaks=30 ,

                     main=bquote( Delta * .(predictedName) /

                                  Delta * .(predictorNames[sIdx]) ) ,

                     cex.main=1.67 , cex.lab=1.33 )

}

dev.copy2eps(file=paste(fname,"PostHist.eps",sep=""))



# Posterior prediction:

# Specify x values for which predicted y's are needed.

# xPostPred is a matrix such that ncol=nPredictors and nrow=nPostPredPts.

xPostPred = rbind(

    apply(x,2,mean)-3*apply(x,2,sd) , # mean of data x minus thrice SD of data x

    apply(x,2,mean)                 , # mean of data x

    apply(x,2,mean)+3*apply(x,2,sd)   # mean of data x plus thrice SD of data x

)

# Define matrix for recording posterior predicted y values for each xPostPred.

# One row per xPostPred value, with each row holding random predicted y values.

postSampSize = chainLength

yPostPred = matrix( 0 , nrow=NROW(xPostPred) , ncol=postSampSize )

# Define matrix for recording HDI limits of posterior predicted y values:

yHDIlim = matrix( 0 , nrow=NROW(xPostPred) , ncol=2 )

# Generate posterior predicted y values.

# This gets only one y value, at each x, for each step in the chain.

for ( chainIdx in 1:chainLength ) {

    yPostPred[,chainIdx] = rnorm( NROW(xPostPred) ,

                           mean = b0Samp[chainIdx]

                                  + xPostPred %*% cbind(bSamp[chainIdx,]) ,

                           sd = rep( sigmaSamp[chainIdx] , NROW(xPostPred) ) )

}

source("HDIofMCMC.R")

for ( xIdx in 1:NROW(xPostPred) ) {

    yHDIlim[xIdx,] = HDIofMCMC( yPostPred[xIdx,] )

}

cat( "\nPosterior predicted y for selected x:\n" )

show( cbind( xPostPred , yPostPredMean=rowMeans(yPostPred) , yHDIlim ) )



#------------------------------------------------------------------------------






MultiLinRegressInterBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fname = "MultiLinRegressInterBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : nData ) {

        y[i] ~ dnorm( mu[i] , tau )

        mu[i] <- b0  +  b1 * x[i,1]  +  b2 * x[i,2]  +  b12 * x[i,1] * x[i,2]

    }

    tau ~ dgamma(.001,.001)       

    b0  ~ dnorm(0,1.0E-12)

    b1  ~ dnorm(0,1.0E-12)

    b2  ~ dnorm(0,1.0E-12)

    b12 ~ dnorm(0,1.0E-12)

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



dataSource = c("Guber1999","McIntyre1994","random")[1]



if ( dataSource=="Guber1999" ) {

   fname = paste(fname,"Guber1999Brugs",sep="") # file name for saved graphs

   dataMat = read.table( file="Guber1999data.txt" ,

                         col.names = c( "State","Spend","StuTchRat","Salary",

                                        "PrcntTake","SATV","SATM","SATT") )

   # Specify variables to be used in BUGS analysis:

   predictedName = "SATT"

   predictorNames = c( "Spend" , "PrcntTake" ) # only two predictors allowed

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   #nPredictors = NCOL( x )

}



if ( dataSource=="McIntyre1994" ) {

   fname = paste(fname,"McIntyre1994Brugs",sep="") # file name for saved graphs

   dataMat = read.csv(file="McIntyre1994data.csv")

   predictedName = "CO"

   predictorNames = c("Tar","Nic") # only two predictors allowed

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   #nPredictors = NCOL( x )

}



if ( dataSource=="random" ) {

   fname = paste(fname,"Random",sep="")  # file name for saved graphs

   # Generate random data.

   # True parameter values:

   betaTrue = c( 100 , 1 , 1 , -1 )       # b0,b1,b2,b12

   nPredictors = 2

   sdTrue = 1

   tauTrue = 1/sdTrue^2

   # Random X values:

   set.seed(47405)

   xM = 5 ; xSD = 4*sdTrue

   nData = 100

   x = matrix( rnorm( nPredictors*nData , xM , xSD ) , nrow=nData )

   predictorNames = colnames(x) = paste("X",1:nPredictors,sep="")

   # Random Y values generated from linear model with true parameter values:

   y = cbind( betaTrue[1]

              + betaTrue[2] * x[,1]

              + betaTrue[3] * x[,2]

              + betaTrue[4] * x[,1]*x[,2]

              + rnorm(nData,0,sdTrue) )

   predictedName = "Y"

}



# Prepare data for BUGS:

# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

standardizeCols = function( dataMat ) {

    zDataMat = dataMat

    for ( colIdx in 1:NCOL( dataMat ) ) {

        mCol = mean( dataMat[,colIdx] )

        sdCol = sd( dataMat[,colIdx] )

        zDataMat[,colIdx] = ( dataMat[,colIdx] - mCol ) / sdCol

    }

    return( zDataMat )

}

zx = standardizeCols( x )

zy = standardizeCols( y )



# Get the data into BUGS:

datalist = list(

           x = zx ,

           y = as.vector( zy ) , # BUGS does not treat 1-column mat as vector

           nData = nData

)

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains = nChain )



genInitList <- function(nPred=nPredictors) {

    lmInfo = lm( y ~ x ) # R function returns least-squares (normal MLE) fit.

    bInit = lmInfo$coef[-1] * apply(x,2,sd) / sd(y)

    tauInit = (length(y)*sd(y)^2)/sum(lmInfo$res^2)

    list(

        b0 = 0 ,

        b1 = bInit[1] ,

        b2 = bInit[2] ,

        b12 = 0 ,

        tau = tauInit

    )

}

for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 100

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b0" , "b1" , "b2" , "b12" , "tau" ) )

stepsPerChain = ceiling(50000/nChain)

thinStep = 2

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

  b0Sum  = plotChains( "b0"  , saveplots=F , filenameroot=fname )

  b1Sum  = plotChains( "b1"  , saveplots=F , filenameroot=fname )

  b2Sum  = plotChains( "b2"  , saveplots=F , filenameroot=fname )

  b12Sum = plotChains( "b12" , saveplots=F , filenameroot=fname )

  tauSum = plotChains( "tau" , saveplots=F , filenameroot=fname )

}



# Extract chain values:

zb0Samp = matrix( samplesSample( "b0" ) )

zb1Samp = matrix( samplesSample( "b1" ) )

zb2Samp = matrix( samplesSample( "b2" ) )

zb12Samp = matrix( samplesSample( "b12" ) )

zTauSamp = matrix( samplesSample( "tau" ) )

zSigmaSamp = 1 / sqrt( zTauSamp ) # Convert precision to SD



# Convert to original scale:

chainLength = length( zb0Samp )

My = mean(y)          # y is original-scale data

SDy = sd(y)

Mx = apply(x,2,mean)  # x is original-scale data

SDx = apply(x,2,sd)

b0Samp = 0 * zb0Samp

b1Samp = 0 * zb1Samp

b2Samp = 0 * zb2Samp

b12Samp = 0 * zb12Samp

for ( stepIdx in 1:chainLength ) {

    b0Samp[stepIdx] = ( My + SDy * zb0Samp[stepIdx]

                       - SDy * (Mx[1]/SDx[1]) * zb1Samp[stepIdx]

                       - SDy * (Mx[2]/SDx[2]) * zb2Samp[stepIdx]

                       + SDy * (Mx[1]/SDx[1]) * (Mx[2]/SDx[2]) * zb12Samp[stepIdx] )

    b1Samp[stepIdx] = ( zb1Samp[stepIdx] * SDy / SDx[1]

                       - zb12Samp[stepIdx] * SDy * (Mx[1]/SDx[1]) * (1/SDx[2]) )

    b2Samp[stepIdx] = ( zb2Samp[stepIdx] * SDy / SDx[2]

                       - zb12Samp[stepIdx] * SDy * (1/SDx[1]) * (Mx[2]/SDx[2]) )

    b12Samp[stepIdx] = zb12Samp[stepIdx] * SDy * (1/SDx[1]) * (1/SDx[2])

}

sigmaSamp = zSigmaSamp * SDy



save( b0Samp , b1Samp , b2Samp , b12Samp , sigmaSamp ,

      file=paste(fname,".Rdata",sep="") )



# Scatter plots of parameter values, pairwise:

windows()

thinIdx = seq(1,length(b0Samp),length=200)

pairs( cbind( sigmaSamp[thinIdx] , b0Samp[thinIdx] , b1Samp[thinIdx,] ,

                  b2Samp[thinIdx,] , b12Samp[thinIdx,] ) ,

       labels=c( "Sigma y" , "Intercept" ,

                 paste("Beta",predictorNames[1],sep="") ,

                 paste("Beta",predictorNames[2],sep="") ,

                 "Interaction" ) )

dev.copy2eps(file=paste(fname,"PostPairs.eps",sep=""))



# Display the posterior:

windows(3.5*5,2.75)

layout( matrix(1:5,nrow=1) )

par( mar=c(4,3,5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( sigmaSamp , xlab="Sigma Value" , compVal=NULL ,

                     breaks=30 , main=bquote(sigma[y]) ,

                     cex.main=1.67 , cex.lab=1.33 )

histInfo = plotPost( b0Samp , xlab="Intercept Value" , compVal=NULL ,

                     breaks=30 , main=bquote(.(predictedName) *" at all "* x==0) ,

                     cex.main=1.67 , cex.lab=1.33 )

histInfo = plotPost( b1Samp , xlab="Beta Value" , compVal=NULL ,

                     breaks=30 , cex.main=1.5 , cex.lab=1.33 ,

                     main=bquote( atop( Delta * .(predictedName) /

                                  Delta * .(predictorNames[1])  ,

                                  " at "* .(predictorNames[2])==0 ) ) )

histInfo = plotPost( b2Samp , xlab="Beta Value" , compVal=NULL ,

                     breaks=30 , cex.main=1.5 , cex.lab=1.33 ,

                     main=bquote( atop( Delta * .(predictedName) /

                                  Delta * .(predictorNames[2])  ,

                                  " at "* .(predictorNames[1])==0 ) ) )

histInfo = plotPost( b12Samp , xlab="Interaction Value" , compVal=NULL ,

                     breaks=30 , cex.main=1.67 , cex.lab=1.33 ,

                     main=paste( predictorNames[1],"x",predictorNames[2] ) )

dev.copy2eps(file=paste(fname,"PostHist.eps",sep=""))



# Credible slopes as function of value of other predictor:

source("HDIofMCMC.R")

#

windows(7,5)

par( mar=c(4,4,3,0) , mgp=c(2,0.7,0) )

x2low = max( min(x[,2]) - 0.1 * ( max(x[,2]) - min(x[,2]) ) , 0 )

x2high = max(x[,2]) + 0.1 * ( max(x[,2]) - min(x[,2]) )

x2comb = seq( x2low , x2high , length=20 )

beta1HDI = matrix( 0 , nrow=3 , ncol=length(x2comb) )

for ( x2idx in 1:length(x2comb) ) {

    slope1Samp = b1Samp + b12Samp * x2comb[x2idx]

    HDIlim = HDIofMCMC( slope1Samp )

    beta1HDI[,x2idx] = c( HDIlim[1] , mean(slope1Samp) , HDIlim[2] )

}

plot( x2comb , beta1HDI[2,] , type="o" , pch="+" , cex=2 , col="grey" ,

      ylim=c(min(beta1HDI),max(beta1HDI)) ,

      xlab=bquote("Value of "*.(predictorNames[2])) ,

      ylab=bquote("Slope along "*.(predictorNames[1])) ,

      main="Posterior mean and 95% HDI of slope" ,

      cex.lab=1.5 )

abline( h=0 , lty="dashed" )

segments( x2comb , beta1HDI[1,] , x2comb , beta1HDI[3,] , lwd=4 , col="grey" )

dev.copy2eps(file=paste(fname,"PostSlope1.eps",sep=""))

#

windows(7,5)

par( mar=c(4,4,3,0) , mgp=c(2,0.7,0) )

# x1low = max( min(x[,1]) - 0.1 * ( max(x[,1]) - min(x[,2]) ) , 0 )

# x1high = max(x[,1]) + 0.1 * ( max(x[,1]) - min(x[,1]) )

x1low = 0 ; x1high = 50

x1comb = seq( x1low , x1high , length=20 )

beta2HDI = matrix( 0 , nrow=3 , ncol=length(x1comb) )

for ( x1idx in 1:length(x1comb) ) {

    slope2Samp = b2Samp + b12Samp * x1comb[x1idx]

    HDIlim = HDIofMCMC( slope2Samp )

    beta2HDI[,x1idx] = c( HDIlim[1] , mean(slope2Samp) , HDIlim[2] )

}

plot( x1comb , beta2HDI[2,] , type="o" , pch="+" , cex=2 , col="grey" ,

      ylim=c(min(beta2HDI),max(beta2HDI)) ,

      xlab=bquote("Value of "*.(predictorNames[1])) ,

      ylab=bquote("Slope along "*.(predictorNames[2])) ,

      main="Posterior mean and 95% HDI of slope" ,

      cex.lab=1.5 )

abline( h=0 , lty="dashed" )

segments( x1comb , beta2HDI[1,] , x1comb , beta2HDI[3,] , lwd=4 , col="grey" )

dev.copy2eps(file=paste(fname,"PostSlope2.eps",sep=""))



#------------------------------------------------------------------------------






MultipleLinearRegressionBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fname = "MultipleLinearRegressionBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : nData ) {

        y[i] ~ dnorm( mu[i] , tau )

        mu[i] <- b0 + inprod( b[] , x[i,] )

    }

    tau ~ dgamma(.01,.01)

    b0 ~ dnorm(0,1.0E-12) 

    for ( j in 1:nPredictors ) {

        b[j] ~ dnorm(0,1.0E-12)

    }

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



dataSource = c("Guber1999","McIntyre1994","random")[1]



if ( dataSource=="Guber1999" ) {

   fname = "Guber1999" # file name for saved graphs

   dataMat = read.table( file="Guber1999data.txt" ,

                         col.names = c( "State","Spend","StuTchRat","Salary",

                                        "PrcntTake","SATV","SATM","SATT") )

   # Specify variables to be used in BUGS analysis:

   predictedName = "SATT"

   predictorNames = c( "Spend" , "PrcntTake" )

   #predictorNames = c( "Spend" , "PrcntTake" , "Salary" , "StuTchRat" )

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   nPredictors = NCOL( x )

}



if ( dataSource=="McIntyre1994" ) {

   fname = "McIntyre1994" # file name for saved graphs

   dataMat = read.csv(file="McIntyre1994data.csv")

   predictedName = "CO"

   predictorNames = c("Tar","Nic","Wt")

   nData = NROW( dataMat )

   y = as.matrix( dataMat[,predictedName] )

   x = as.matrix( dataMat[,predictorNames] )

   nPredictors = NCOL( x )

}



if ( dataSource=="random" ) {

   fname = "Random"  # file name for saved graphs

   # Generate random data.

   # True parameter values:

   betaTrue = c( 100 , 1 , 2 , rep(0,21) ) # beta0 is first component

   nPredictors = length( betaTrue ) - 1

   sdTrue = 2

   tauTrue = 1/sdTrue^2

   # Random X values:

   set.seed(47405)

   xM = 5 ; xSD = 2

   nData = 100

   x = matrix( rnorm( nPredictors*nData , xM , xSD ) , nrow=nData )

   predictorNames = colnames(x) = paste("X",1:nPredictors,sep="")

   # Random Y values generated from linear model with true parameter values:

   y = x %*% matrix(betaTrue[-1],ncol=1) + betaTrue[1] + rnorm(nData,0,sdTrue)

   predictedName = "Y"

   # Select which predictors to include

   includeOnly = 1:nPredictors # default is to include all

   #includeOnly = 1:10 # subset of predictors overwrites default

   x = x[,includeOnly]

   predictorNames = predictorNames[includeOnly]

   nPredictors = NCOL(x)

}



# Prepare data for BUGS:

# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make prior specification easier.

standardizeCols = function( dataMat ) {

    zDataMat = dataMat

    for ( colIdx in 1:NCOL( dataMat ) ) {

        mCol = mean( dataMat[,colIdx] )

        sdCol = sd( dataMat[,colIdx] )

        zDataMat[,colIdx] = ( dataMat[,colIdx] - mCol ) / sdCol

    }

    return( zDataMat )

}

zx = standardizeCols( x )

zy = standardizeCols( y )



# Get the data into BUGS:

datalist = list(

           x = zx ,

           y = as.vector( zy ) , # BUGS does not treat 1-column mat as vector

           nPredictors = nPredictors ,

           nData = nData

)

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains = nChain )



genInitList <- function(nPred=nPredictors) {

    lmInfo = lm( datalist$y ~ datalist$x ) # R function returns MLE

    bInit = lmInfo$coef[-1]

    tauInit = length(datalist$y) / sum(lmInfo$res^2)

    list(

        b0 = 0 ,

        b = bInit ,

        tau = tauInit

    )

}

for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 100

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b0" , "b" , "tau" ) )

stepsPerChain = ceiling(10000/nChain)

thinStep = 2

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

  b0Sum  = plotChains( "b0"  , saveplots=F , filenameroot=fname )

  bSum   = plotChains( "b"   , saveplots=F , filenameroot=fname )

  tauSum = plotChains( "tau" , saveplots=F , filenameroot=fname )

}



# Extract chain values:

zb0Samp = matrix( samplesSample( "b0" ) )

zbSamp = NULL

for ( j in 1:nPredictors ) {

   zbSamp = cbind( zbSamp , samplesSample( paste("b[",j,"]",sep="") ) )

}

zTauSamp = matrix( samplesSample( "tau" ) )

zSigmaSamp = 1 / sqrt( zTauSamp ) # Convert precision to SD

chainLength = length(zTauSamp)



# Convert to original scale:

bSamp = zbSamp * matrix( sd(y)/apply(x,2,sd) , byrow=TRUE ,

                     ncol=nPredictors , nrow=NROW(zbSamp) )

b0Samp = ( zb0Samp * sd(y)

          + mean(y)

          - rowSums( zbSamp

          * matrix( sd(y)/apply(x,2,sd) , byrow=TRUE ,

                    ncol=nPredictors , nrow=NROW(zbSamp) )

          * matrix( apply(x,2,mean) , byrow=TRUE ,

                    ncol=nPredictors , nrow=NROW(zbSamp) ) ) )

sigmaSamp = zSigmaSamp * sd(y)



# Save MCMC sample:

save( b0Samp , bSamp , sigmaSamp , 

      file="MultipleLinearRegressionBrugsGuber1999.Rdata" )



# Scatter plots of parameter values, pairwise:

if ( nPredictors <= 6 ) { # don't display if too many predictors

    windows()

    thinIdx = round(seq(1,length(zb0Samp),length=200))

    pairs( cbind( zSigmaSamp[thinIdx] , zb0Samp[thinIdx] , zbSamp[thinIdx,] )  ,

      labels=c("Sigma zy","zIntercept",paste("zSlope",predictorNames,sep="")))

    windows()

    thinIdx = seq(1,length(b0Samp),length=700)

    pairs( cbind( sigmaSamp[thinIdx] , b0Samp[thinIdx] , bSamp[thinIdx,] ) ,

      labels=c( "Sigma y" , "Intercept", paste("Slope",predictorNames,sep="")))

    dev.copy2eps(file=paste(fname,"PostPairs.eps",sep=""))

}

# Show correlation matrix on console:

cat("\nCorrlations of posterior sigma, b0, and bs:\n")

show( cor( cbind( sigmaSamp , b0Samp , bSamp ) ) )



# Display the posterior:

nPlotPerRow = 5

nPlotRow = ceiling((2+nPredictors)/nPlotPerRow)

nPlotCol = ceiling((2+nPredictors)/nPlotRow)

windows(3.5*nPlotCol,2.25*nPlotRow)

layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

par( mar=c(4,3,2.5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( sigmaSamp , xlab="Sigma Value" , compVal=NULL ,

                     breaks=30 , main=bquote(sigma[y]) ,

                     cex.main=1.67 , cex.lab=1.33 )

histInfo = plotPost( b0Samp , xlab="Intercept Value" , compVal=NULL ,

                     breaks=30 , main=bquote(.(predictedName) *" at "* x==0) ,

                     cex.main=1.67 , cex.lab=1.33 )

for ( sIdx in 1:nPredictors ) {

histInfo = plotPost( bSamp[,sIdx] , xlab="Slope Value" , compVal=0.0 ,

                     breaks=30 ,

                     main=bquote( Delta * .(predictedName) /

                                  Delta * .(predictorNames[sIdx]) ) ,

                     cex.main=1.67 , cex.lab=1.33 )

}

dev.copy2eps(file=paste(fname,"PostHist.eps",sep=""))



# Posterior prediction:

# Specify x values for which predicted y's are needed.

# xPostPred is a matrix such that ncol=nPredictors and nrow=nPostPredPts.

xPostPred = rbind(

    apply(x,2,mean)-3*apply(x,2,sd) , # mean of data x minus thrice SD of data x

    apply(x,2,mean)                 , # mean of data x

    apply(x,2,mean)+3*apply(x,2,sd)   # mean of data x plus thrice SD of data x

)

# Define matrix for recording posterior predicted y values for each xPostPred.

# One row per xPostPred value, with each row holding random predicted y values.

postSampSize = chainLength

yPostPred = matrix( 0 , nrow=NROW(xPostPred) , ncol=postSampSize )

# Define matrix for recording HDI limits of posterior predicted y values:

yHDIlim = matrix( 0 , nrow=NROW(xPostPred) , ncol=2 )

# Generate posterior predicted y values.

# This gets only one y value, at each x, for each step in the chain.

for ( chainIdx in 1:chainLength ) {

    yPostPred[,chainIdx] = rnorm( NROW(xPostPred) ,

                           mean = b0Samp[chainIdx]

                                  + xPostPred %*% cbind(bSamp[chainIdx,]) ,

                           sd = rep( sigmaSamp[chainIdx] , NROW(xPostPred) ) )

}

source("HDIofMCMC.R")

for ( xIdx in 1:NROW(xPostPred) ) {

    yHDIlim[xIdx,] = HDIofMCMC( yPostPred[xIdx,] )

}

cat( "\nPosterior predicted y for selected x:\n" )

show( cbind( xPostPred , yPostPredMean=rowMeans(yPostPred) , yHDIlim ) )



#------------------------------------------------------------------------------






MultipleLogisticRegressionBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fname = "MultipleLogisticRegressionBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

# BUGS model specification begins here...

model {

  for( i in 1 : nData ) {

    y[i] ~ dbern( mu[i] )

    mu[i] <- 1/(1+exp(-( b0 + inprod( b[] , x[i,] ))))

  }

  b0 ~ dnorm( 0 , 1.0E-12 )

  for ( j in 1 : nPredictors ) {

    b[j] ~ dnorm( 0 , 1.0E-12 )

  }

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



dataSource = c( "HtWt" , "Cars" , "HeartAttack" )[3]



if ( dataSource == "HtWt" ) {

  fname = paste( fname , dataSource , sep="" )

  # Generate random but realistic data:

  source( "HtWtDataGenerator.R" )

  dataMat = HtWtDataGenerator( nSubj = 70 , rndsd=474 )

  predictedName = "male"

  predictorNames = c( "height" , "weight" )

  nData = NROW( dataMat )

  y = as.matrix( dataMat[,predictedName] )

  x = as.matrix( dataMat[,predictorNames] )

  nPredictors = NCOL( x )

}



if ( dataSource == "Cars" ) {

  fname = paste( fname , dataSource , sep="" )

  dataMat = read.table(file="Lock1993data.txt",header=T,sep=" ")

  predictedName = "AirBag"

  predictorNames = c( "MidPrice" , "RPM" , "Uturn" )

  nData = NROW( dataMat )

  y = as.matrix( as.numeric( dataMat[,predictedName] > 0 ) ) # 0,1,2 to 0,1

  x = as.matrix( dataMat[,predictorNames] )

  nPredictors = NCOL( x )

}



if ( dataSource == "HeartAttack" ) {

  fname = paste( fname , dataSource , sep="" )

  dataMat = read.table(file="BloodDataGeneratorOutput.txt",header=T,sep=" ")

  predictedName = "HeartAttack"

  predictorNames = c( "Systolic", "Diastolic", "Weight", "Cholesterol",

                      "Height", "Age" )

#  predictorNames = c( "Systolic", "Diastolic" )

  nData = NROW( dataMat )

  y = as.matrix( dataMat[,predictedName] )

  x = as.matrix( dataMat[,predictorNames] )

  nPredictors = NCOL( x )

}



# Prepare data for BUGS:

# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

standardizeCols = function( dataMat ) {

    zDataMat = dataMat

    for ( colIdx in 1:NCOL( dataMat ) ) {

        mCol = mean( dataMat[,colIdx] )

        sdCol = sd( dataMat[,colIdx] )

        zDataMat[,colIdx] = ( dataMat[,colIdx] - mCol ) / sdCol

    }

    return( zDataMat )

}

zx = standardizeCols( x )

zy = y  # y is not standardized; must be 0,1



# Get the data into BUGS:

datalist = list(

           x = zx ,

           y = as.vector( zy ) , # BUGS does not treat 1-column mat as vector

           nPredictors = nPredictors ,

           nData = nData

)

modelData( bugsData( datalist ) )





#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains = nchain )



genInitList <- function() { 

    glmInfo = glm( datalist$y ~ datalist$x , family=binomial(logit) ) # R func.

    show( glmInfo ) ; flush.console() # display in case glm() has troubles

    b0Init = glmInfo$coef[1] 

    bInit = glmInfo$coef[-1] 

    return( list(

        b0 = b0Init ,

        b = bInit

    ) )

}

for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 1000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b0" , "b" ) )

stepsPerChain = ceiling(5000/nchain)

thinStep = 50  # check autocorrelation and increase as needed

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



# Check chains for mixing

checkConvergence = T

if ( checkConvergence ) {

  b0Sum = plotChains( "b0" , saveplots=F , filenameroot=fname )

  bSum  = plotChains( "b"  , saveplots=F , filenameroot=fname )

}



# Extract chain values:

zb0Sample = matrix( samplesSample( "b0" ) )

chainLength = length(zb0Sample)

zbSample = NULL

for ( j in 1:nPredictors ) {

   zbSample = cbind( zbSample , samplesSample( paste("b[",j,"]",sep="") ) )

}



# Convert to original scale:

x = dataMat[,predictorNames]

y = dataMat[,predictedName]

My = mean(y)

SDy = sd(y)

Mx = apply(x,2,mean)

SDx = apply(x,2,sd)

b0Sample = 0 * zb0Sample

bSample = 0 * zbSample

for ( stepIdx in 1:chainLength ) {

    b0Sample[stepIdx] = ( zb0Sample[stepIdx]

                          - sum( Mx / SDx * zbSample[stepIdx,] ) )

    for ( j in 1:nPredictors ) {                      

      bSample[stepIdx,j] = zbSample[stepIdx,j] / SDx[j] 

    }

}



# Examine sampled values, z scale:

windows()

thinIdx = ceiling(seq(1,chainLength,length=700))

pairs(  cbind( zb0Sample[thinIdx] , zbSample[thinIdx,] )  ,

       labels=c( "zb0", paste("zb",predictorNames,sep="") ) )

# Examine sampled values, original scale:

windows()

pairs( cbind( b0Sample[thinIdx] , bSample[thinIdx,] ) ,

       labels=c( "b0", paste("b_",predictorNames,sep="") ) )

dev.copy2eps(file=paste(fname,"PostPairs.eps",sep=""))



# Display the posterior :

windows(3.5*(1+nPredictors),2.75)

layout( matrix(1:(1+nPredictors),nrow=1) )

histInfo = plotPost( b0Sample , xlab="b0 Value" , compVal=NULL , breaks=30 , 

                     main=paste( "logit(p(", predictedName ,

                                 "=1)) when predictors = zero" , sep="" ) )

for ( bIdx in 1:nPredictors ) {

histInfo = plotPost( bSample[,bIdx] , xlab=paste("b",bIdx," Value",sep="") , 

                     compVal=0.0 , breaks=30 ,

                     main=paste(predictorNames[bIdx]) )

}

dev.copy2eps(file=paste(fname,"PostHist.eps",sep=""))



# Plot data with .5 level contours of believable logistic surfaces.

# The contour lines are best interpreted when there are only two predictors.

for ( p1idx in 1:(nPredictors-1) ) {

  for ( p2idx in (p1idx+1):nPredictors ) {

    windows()

    xRange = range(x[,p1idx])

    yRange = range(x[,p2idx])

    # make empty plot

    plot( NULL , NULL , main=predictedName , xlim=xRange , ylim=yRange , 

          xlab=predictorNames[p1idx] , ylab=predictorNames[p2idx] )

    # Some of the 50% level contours from the posterior sample.

    for ( chainIdx in ceiling(seq( 1 , chainLength , length=20 )) ) {

      abline( -( b0Sample[chainIdx]

                 + if (nPredictors>2) {

                     bSample[chainIdx,c(-p1idx,-p2idx)]*Mx[c(-p1idx,-p2idx)]

                   } else { 0 } )

                 / bSample[chainIdx,p2idx] ,

              -bSample[chainIdx,p1idx]/bSample[chainIdx,p2idx] ,

              col="grey" , lwd = 2 )

    }

    # The data points:

    for ( yVal in 0:1 ) {

      rowIdx = ( y == yVal )

      points( x[rowIdx,p1idx] , x[rowIdx,p2idx] , pch=as.character(yVal) ,

              cex=1.75 )

    }

    dev.copy2eps(file=paste(fname,"PostContours",p1idx,p2idx,".eps",sep=""))

  }

}



#------------------------------------------------------------------------------



# MLE logistic regression:

glmRes = glm( datalist$y ~ as.matrix(x) , family=binomial(logit) )

show( glmRes )








NHSTtwoTierStoppingExercise.R

# For NHST exercise regarding two-tier testing.



N1 = 30       # Number of flips for first test. Try 17.

N2 = 15       # Number of _additional_ flips for second test. Try 27 or 50.



theta = .5    # Hypothesized bias of coin.

FAmax = .05   # False Alarm maximum for a single test.

NT = N1 + N2  # Total number of flips.



# Determine critical values for N1:

# EXPLAIN what each function does and why, including

# dbinom, cumsum, which, max, and (0:N)[...]

loCritN1 = (0:N1)[ max( which( cumsum( dbinom(0:N1,N1,theta) ) <= FAmax/2 ) ) ]

hiCritN1 = (N1:0)[ max( which( cumsum( dbinom(N1:0,N1,theta) ) <= FAmax/2 ) ) ]

# Compute actual false alarm rate for those critical values.

# EXPLAIN what this does and why.

FA1 = sum( ( 0:N1 <= loCritN1 | 0:N1 >= hiCritN1 ) * dbinom(0:N1,N1,theta) )

cat( "N1:",N1 , ", lo:",loCritN1 , ", hi:",hiCritN1 , ", FA:",FA1 , "\n" )



# Determine critical values for NT:

# EXPLAIN what each function does and why, including

# dbinom, cumsum, which, max, and (0:N)[...]

loCritNT = (0:NT)[ max( which( cumsum( dbinom(0:NT,NT,theta) ) <= FAmax/2 ) ) ]

hiCritNT = (NT:0)[ max( which( cumsum( dbinom(NT:0,NT,theta) ) <= FAmax/2 ) ) ]

# Compute actual false alarm rate for those critical values.

# EXPLAIN what this does and why.

FAT = sum( ( 0:NT <= loCritNT | 0:NT >= hiCritNT ) * dbinom(0:NT,NT,theta) )

cat( "NT:",NT , ", lo:",loCritNT , ", hi:",hiCritNT , ", FA:",FAT , "\n" )



# Determine actual false alarm rate for the two-tier test:

# EXPLAIN each of the matrices below --- what is in each one?

Z1mat = matrix( 0:N1 , nrow=N2+1 , ncol=N1+1 , byrow=TRUE )

ZTmat = outer( 0:N2 , 0:N1 , "+" )

pZTmat = outer( dbinom( 0:N2 , N2 , theta ) , dbinom( 0:N1 , N1 , theta ) )

# EXPLAIN the matrices in computation below.

FA1or2 = sum( ( ( ZTmat <= loCritNT | ZTmat >= hiCritNT ) # double dagger matrix

              | ( Z1mat <= loCritN1 | Z1mat >= hiCritN1 ) # single dagger matrix

              ) * pZTmat )

cat( "Two tier FA:" , FA1or2 , "\n" )








OneOddGroupModelComp.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)        # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                      # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( i in 1:nSubj ) {

      # Likelihood:

      nCorrOfSubj[i] ~ dbin( theta[i] , nTrlOfSubj[i] )

      # Prior on theta (notice nested indexing):

      theta[i] ~ dbeta( aBeta[ CondOfSubj[i] ] , bBeta[ CondOfSubj[i] ] )I(0.0001,0.9999)

   }

   # Re-parameterization of aBeta[j],bBeta[j] in terms of mu and kappa:

   for ( j in 1:nCond ) {

      # Model 1: Distinct mu[j] each group.  Model 2: Shared mu0 all groups.

      aBeta[j] <-       ( mu[j]*(2-mdlIdx) + mu0*(mdlIdx-1) )   * kappa[j]

      bBeta[j] <- ( 1 - ( mu[j]*(2-mdlIdx) + mu0*(mdlIdx-1) ) ) * kappa[j]

   }

   # Hyperpriors for mu and kappa:

   for ( j in 1:nCond ) {

      mu[j] ~ dbeta( a[j,mdlIdx] , b[j,mdlIdx] )

   }

   for ( j in 1:nCond ) {

      kappa[j] ~ dgamma( shk , rak )

   }

   mu0 ~ dbeta( a0[mdlIdx] , b0[mdlIdx] )



   # Constants for hyperprior:

   # (There is no higher-level distribution of across-group relationships,

   # merely to keep the focus here on model comparison.)

   shk <- 1.0

   rak <- 0.1

   aP <- 1

   bP <- 1



   a0[1] <- .53*400     # pseudo

   b0[1] <- (1-.53)*400 # pseudo

   

   a0[2] <- aP # true

   b0[2] <- bP # true



   a[1,1] <- aP # true

   a[2,1] <- aP # true

   a[3,1] <- aP # true

   a[4,1] <- aP # true

   b[1,1] <- bP # true

   b[2,1] <- bP # true

   b[3,1] <- bP # true

   b[4,1] <- bP # true



   a[1,2] <- .61*100     # pseudo

   a[2,2] <- .50*100      # pseudo

   a[3,2] <- .49*100      # pseudo

   a[4,2] <- .51*100      # pseudo

   b[1,2] <- (1-.61)*100 # pseudo

   b[2,2] <- (1-.50)*100  # pseudo

   b[3,2] <- (1-.49)*100  # pseudo

   b[4,2] <- (1-.51)*100  # pseudo



   # Hyperprior on model index:

   mdlIdx ~ dcat( modelProb[] )

   modelProb[1] <- .5

   modelProb[2] <- .5

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

writeLines( text=modelstring , con="model.txt" )

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# For each subject, specify the condition s/he was in,

# the number of trials s/he experienced, and the number correct.

# (Randomly generated fictitious data.)

npg = 20  # number of subjects per group

ntrl = 20 # number of trials per subject

CondOfSubj = c( rep(1,npg) , rep(2,npg) , rep(3,npg) , rep(4,npg) )

nTrlOfSubj = rep( ntrl , 4*npg )

set.seed(47401)

nCorrOfSubj = c( rbinom(npg,ntrl,.61) , rbinom(npg,ntrl,.50) ,

                 rbinom(npg,ntrl,.49) , rbinom(npg,ntrl,.51) )

nSubj = length(CondOfSubj)

nCond = length(unique(CondOfSubj))

# Display mean number correct in each group:

for ( condIdx in 1:nCond ) {

    show( mean( nCorrOfSubj[ CondOfSubj==condIdx ] ) )

}



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

 nCond = nCond ,

 nSubj = nSubj ,

 CondOfSubj = CondOfSubj ,

 nTrlOfSubj = nTrlOfSubj ,

 nCorrOfSubj = nCorrOfSubj

)



# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains=nchain )

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 5000

modelUpdate( burninSteps )

samplesSet( c("mu","kappa","mu0","theta","mdlIdx") )

nPerChain = 5000 ; nThin = 10

modelUpdate( nPerChain , thin=nThin )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



filenamebase = "OneOddGroupModelComp"



# Check burnin(convergence) and clumpiness(autocorrelation):

source("plotChains.R")

plotChains("mu0")

plotChains("mu")

plotChains("kappa")



# Display the model index

modelIdxSample = samplesSample( "mdlIdx" )

pM1 = sum( modelIdxSample == 1 ) / length( modelIdxSample )

pM2 = 1 - pM1

string1 =paste("p(DiffMu|D)=",round(pM1,3),sep="")

string2 =paste("p(SameMu|D)=",round(pM2,3),sep="")

windows(10,4)

nStepsToPlot = 1000

plot( 1:nStepsToPlot , modelIdxSample[1:nStepsToPlot] , type="l" ,

      xlab="Step in Markov chain" , ylab="Model Index (1, 2)" ,

      main=paste(string1,", ",string2,sep="") )

dev.copy2eps(file=paste(filenamebase,"_mdlIdx",".eps",sep=""))



# Display the mu0 posterior

mu0sampleM1 = samplesSample( "mu0" )[ modelIdxSample == 1 ]

mu0sampleM2 = samplesSample( "mu0" )[ modelIdxSample == 2 ]

windows()

layout( matrix(1:2,nrow=2) )

hist( mu0sampleM1 , main="Post. mu0 for M = 1 (DiffMu)" ,

      xlab=expression(mu[0]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu0sampleM2 , main="Post. mu0 for M = 2 (SameMu)"  ,

      xlab=expression(mu[0]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

dev.copy2eps(file=paste(filenamebase,"_mu0",".eps",sep=""))



# Display the mu[j] posterior

mu1sampleM1 = samplesSample( "mu[1]" )[ modelIdxSample == 1 ]

mu2sampleM1 = samplesSample( "mu[2]" )[ modelIdxSample == 1 ]

mu3sampleM1 = samplesSample( "mu[3]" )[ modelIdxSample == 1 ]

mu4sampleM1 = samplesSample( "mu[4]" )[ modelIdxSample == 1 ]

mu1sampleM2 = samplesSample( "mu[1]" )[ modelIdxSample == 2 ]

mu2sampleM2 = samplesSample( "mu[2]" )[ modelIdxSample == 2 ]

mu3sampleM2 = samplesSample( "mu[3]" )[ modelIdxSample == 2 ]

mu4sampleM2 = samplesSample( "mu[4]" )[ modelIdxSample == 2 ]

windows(10,5)

layout( matrix(1:8,nrow=2,byrow=T) )

hist( mu1sampleM1 , main="Post. mu[1] for M = 1 (DiffMu)" ,

      xlab=expression(mu[1]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu2sampleM1 , main="Post. mu[2] for M = 1 (DiffMu)" ,

      xlab=expression(mu[2]) ,  freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu3sampleM1 , main="Post. mu[3] for M = 1 (DiffMu)" ,

      xlab=expression(mu[3]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu4sampleM1 , main="Post. mu[4] for M = 1 (DiffMu)" ,

      xlab=expression(mu[4]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu1sampleM2 , main="Post. mu[1] for M = 2 (SameMu)" ,

      xlab=expression(mu[1]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu2sampleM2 , main="Post. mu[2] for M = 2 (SameMu)" ,

      xlab=expression(mu[2]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu3sampleM2 , main="Post. mu[3] for M = 2 (SameMu)" ,

      xlab=expression(mu[3]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

hist( mu4sampleM2 , main="Post. mu[4] for M = 2 (SameMu)" ,

      xlab=expression(mu[4]) , freq=F , xlim=c(0,1) ,

      col="grey" , border="white" )

dev.copy2eps(file=paste(filenamebase,"_mucond",".eps",sep=""))



# Display the differences of mu[j]'s

muSample = rbind( mu1sampleM1 , mu2sampleM1 , mu3sampleM1 , mu4sampleM1 )

source("plotPost.R")

windows(10,5)

layout( matrix(1:6,nrow=2,ncol=3,byrow=T) )

xmin = -0.25

xmax = 0.25

for ( i in 1:3 ) {

    for ( j in (i+1):4 ) {

        plotPost( muSample[i,]-muSample[j,] , compVal=0.0 ,

                  xlab=bquote(mu[.(i)]-mu[.(j)]) ,

                  breaks=unique( c( min(c(xmin,muSample[i,]-muSample[j,])),

                            seq(xmin,xmax,len=20),

                            max(c(xmax,muSample[i,]-muSample[j,])) )) ,

                  main="" , xlim=c(xmin,xmax) )

    }

}

dev.copy2eps(file=paste(filenamebase,"_mudiff",".eps",sep=""))








OrdinalProbitRegressionBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fname = "OrdinalProbitRegressionBrugs"

library(BRugs)        # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                      # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : nData ) {

        y[i] ~ dcat( pr[i,1:nYlevels] )

        pr[i,1] <- phi( ( thresh[1] - mu[i] ) / sigma )

        for ( k in 2:(nYlevels-1) ) {

            pr[i,k] <- max( 0 ,  phi( ( thresh[ k ] - mu[i] ) / sigma )

                               - phi( ( thresh[k-1] - mu[i] ) / sigma ) )

        }

        pr[i,nYlevels] <- 1 - phi( ( thresh[nYlevels-1] - mu[i] ) / sigma )

        mu[i] <- b0 + inprod( b[1:nPredictors] , x[i,1:nPredictors] )

    }

    bPrec <- pow( nYlevels/4 , -2 ) # max plausible slope is 1SD

    for ( j in 1:nPredictors ) {

        b[j] ~ dnorm(0,bPrec) # modest precision because of normalized x,y values

    }

    threshPriorPrec <- 1

    for ( k in 1:(nYlevels-1) ) {

        threshPriorMean[k] <- k+0.5

        thresh[k] ~ dnorm( threshPriorMean[k] , threshPriorPrec )

    }

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



dataSource = c("Random","Movies")[2]



# The loading of data must produce a matrix called dataMat that has

# one row per datum, where the first column is the ordinal predicted value

# and the 2nd - last columns are the predictor values. The columns should

# be named.



if ( dataSource=="Random" ) {

   fname = paste( fname , dataSource , sep="" )

   # Generate some random toy data.

   source( "OrdinalProbitDataGenerator.R" )

   nYlevels = 7

   dataMat = OrdinalProbitDataGenerator( nData = 200 ,

              normPrec=200 , slope=c(-1.0,1.26) , # c(-1.0,1.26) matches Movies

              thresh=c(-Inf,seq(-1.2,1.2,length=nYlevels-1),Inf) ,

              nYlevels=nYlevels , makePlots=F , rndSeed=47405 )

   # Change x values to arbitrary non-standardized scales:

   dataMat[,2] =  1963.64 + 18.13 * dataMat[,2]

   dataMat[,3] =  92.87 + 18.26 * dataMat[,3]

}



if ( dataSource=="Movies" ) {

   fname = paste( fname , dataSource , sep="" )

   dataFram = read.table( "Moore2006data.txt" , header=T )

   rateVals = sort( unique( dataFram[,"Rating"] ) )

   rankVals = match( dataFram[,"Rating"] , rateVals ) # convert to ranks

   dataMat = cbind( rankVals , dataFram[,"Year"] , dataFram[,"Length"] )

   colnames(dataMat) = c("Rating","Year","Length")

}



# Rename for use by generic processing later:

nData = NROW(dataMat)

x = dataMat[,-1]

predictorNames = colnames(dataMat)[-1]

nPredictors = NCOL(x)

y = as.matrix(dataMat[,1])

predictedName = colnames(dataMat)[1]

nYlevels = max(y)



# Re-center x values at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make prior-setting easier.

standardizeCols = function( dataMat ) {

    zDataMat = dataMat

    for ( colIdx in 1:NCOL( dataMat ) ) {

        mCol = mean( dataMat[,colIdx] )

        sdCol = sd( dataMat[,colIdx] )

        zDataMat[,colIdx] = ( dataMat[,colIdx] - mCol ) / sdCol

    }

    return( zDataMat )

}

zx = standardizeCols( x )

# Don't standarize y because they must be integers, 1 to nYlevels



lmInfo = lm( y ~ zx ) # R function returns MLE

b0Init = lmInfo$coef[1]

bInit = lmInfo$coef[-1]

sigmaInit = sqrt(sum(lmInfo$res^2)/nData)



# Get the data into BUGS:

datalist = list(

           x = zx ,

           y = as.vector( y ) , # BUGS does not treat 1-column mat as vector

           nPredictors = nPredictors ,

           nData = nData ,

           nYlevels = nYlevels ,

           sigma = sigmaInit , # fixed, not estimated

           b0 = b0Init  # fixed, not estimated

)

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nChain = 3

modelCompile( numChains = nChain )



genInitList <- function() {

    list(

        b = bInit , # from lm(y~zx), above

        thresh = 1:(nYlevels-1)+.5

    )

}

for ( chainIdx in 1 : nChain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 2000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b" , "thresh" ) )

stepsPerChain = ceiling(5000/nChain)

thinStep = 20

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = T

if ( checkConvergence ) {

  bSum      = plotChains( "b"      , saveplots=F , filenameroot=fname )

  threshSum = plotChains( "thresh" , saveplots=F , filenameroot=fname )

}



# Extract chain values:

zbSamp = NULL

for ( j in 1:nPredictors ) {

   zbSamp = cbind( zbSamp , samplesSample( paste("b[",j,"]",sep="") ) )

}

chainLength = NROW(zbSamp)

zthreshSamp = NULL

for ( j in 1:(nYlevels-1) ) {

   zthreshSamp = cbind( zthreshSamp ,

                        samplesSample(paste("thresh[",j,"]",sep="")) )

}





# Convert to original scale:

bSamp = zbSamp * matrix( 1/(sigmaInit*apply(x,2,sd)) , byrow=TRUE ,

                         ncol=nPredictors , nrow=chainLength )

threshSamp = (1/sigmaInit) * ( zthreshSamp - b0Init +

                rowSums( zbSamp * matrix( apply(x,2,mean)/apply(x,2,sd) ,

                                          byrow=TRUE , ncol=nPredictors ,

                                          nrow=chainLength ) ) )

b0 = 0

sigma = 1



# Scatter plots of parameter values, pairwise:

if ( (nPredictors+nYlevels) <= 10 ) { # don't display if too many

    windows()

    thinIdx = ceiling(seq(1,chainLength,length=200))

    pairs( cbind( zbSamp[thinIdx,] , zthreshSamp[thinIdx,] )  ,

           labels=c( paste("zb",predictorNames,sep="") ,

                     paste("zthresh",1:nYlevels,sep="")) )

    windows()

    pairs( cbind( bSamp[thinIdx,] , threshSamp[thinIdx,] )  ,

           labels=c( paste("b",predictorNames,sep="") ,

                     paste("thresh",1:nYlevels,sep="")) )

    dev.copy2eps(file=paste(fname,"PostPairs.eps",sep=""))

}



# Display the posterior:

nPlotPerRow = 5

nPlotRow = ceiling((nPredictors+nYlevels-1)/nPlotPerRow)

nPlotCol = ceiling((nPredictors+nYlevels-1)/nPlotRow)

windows(3.5*nPlotCol,2.25*nPlotRow)

layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

par( mar=c(4,3,2.5,0) , mgp=c(2,0.7,0) )

for ( sIdx in 1:nPredictors ) {

histInfo = plotPost( bSamp[,sIdx] , xlab="Slope Value" , compVal=0.0 ,

                     breaks=30 ,

                     main=bquote( b *.(predictorNames[sIdx]) ) ,

                     cex.main=1.67 , cex.lab=1.33 )

}

for ( sIdx in 1:(nYlevels-1) ) {

histInfo = plotPost( threshSamp[,sIdx] , xlab="Thresh Value" , compVal=NULL ,

                     breaks=30 ,

                     main=bquote( theta * .(sIdx) ) ,

                     cex.main=1.67 , cex.lab=1.33 )

}

dev.copy2eps(file=paste(fname,"PostHist.eps",sep=""))



# Plot the data

if ( nPredictors == 2 ) {

windows()

plot( x[,1] , x[,2] , xlab=colnames(x)[1] , ylab=colnames(x)[2] ,

      main=paste( "The Data (" , dataSource , ")" , sep="") ,

      pch=as.character(y) )

for ( chainIdx in round(seq(1,chainLength,len=3)) ) {

  for ( threshIdx in 1:(nYlevels-1) ) {

    abline( threshSamp[chainIdx,threshIdx]/bSamp[chainIdx,2] ,

            -bSamp[chainIdx,1]/bSamp[chainIdx,2] ,

            lwd = 2 , lty=chainIdx , col="grey" )

  }

}

dev.copy2eps(file=paste(fname,"Data.eps",sep=""))



} # end if nPredictors == 2



# Posterior prediction.

xProbe = c( 1991 , 94 ) # Note order of values: x1 is year and x2 is duration.

# Set up a matrix for storing the values of p(y|xProbe) at each step in chain.

py = matrix( 0 , nrow=chainLength , ncol=nYlevels )

# Step through chain and compute p(y|xProbe) and each step:

for ( chainIdx in 1:chainLength ) {

    yValue = 1

    py[chainIdx,yValue] = (

        pnorm( threshSamp[chainIdx,yValue]

               - sum( bSamp[chainIdx,] * xProbe ) ) )

    for ( yValue in 2:(nYlevels-1) ) {

        py[chainIdx,yValue] = (

            pnorm( threshSamp[chainIdx,yValue]

                   - sum( bSamp[chainIdx,] * xProbe ) )

             - pnorm( threshSamp[chainIdx,yValue-1]

                      - sum( bSamp[chainIdx,] * xProbe ) ) )

    }

    yValue = nYlevels

    py[chainIdx,yValue] = ( 1 -

        pnorm( threshSamp[chainIdx,yValue-1]

               - sum( bSamp[chainIdx,] * xProbe ) ) )

}

# Now average across the chain:

pyAve = colMeans( py )








plotChains.R

plotChains = function( nodename , saveplots=F , filenameroot="DeleteMe" ) {

    summarytable = samplesStats(nodename)

    show( summarytable )

    nCompon = NROW(summarytable)

    nPlotPerRow = 5

    nPlotRow = ceiling(nCompon/nPlotPerRow)

    nPlotCol = ceiling(nCompon/nPlotRow)

    windows(3.75*nPlotCol,3.5*nPlotRow)

    par( mar=c(4,4,3,1) , mgp=c(2,0.7,0) )

    samplesHistory( nodename , ask=F , mfrow=c(nPlotRow,nPlotCol) ,

                    cex.lab=1.5 , cex.main=1.5 )

    if ( saveplots ) {

       dev.copy2eps( file=paste( filenameroot , toupper(nodename) ,

                                 "history.eps" , sep="" )) }

    windows(3.75*nPlotCol,3.5*nPlotRow)

    par( mar=c(4,4,3,1) , mgp=c(2,0.7,0) )

    samplesAutoC( nodename , chain=1 , ask=F , mfrow=c(nPlotRow,nPlotCol) ,

                  cex.lab=1.5 , cex.main=1.5 )

    if ( saveplots ) {

       dev.copy2eps( file=paste( filenameroot , toupper(nodename) ,

                     "autocorr.eps" , sep="" )) }

    windows(3.75*nPlotCol,3.5*nPlotRow)

    par( mar=c(4,4,3,1) , mgp=c(2,0.7,0) )

    samplesBgr( nodename , ask=F , mfrow=c(nPlotRow,nPlotCol) ,

                cex.lab=1.5 , cex.main=1.5 )

    if ( saveplots ) {

       dev.copy2eps( file=paste( filenameroot , toupper(nodename) ,

                     "bgr.eps" , sep="" )) }

    return( summarytable )

}








plotPost.R

plotPost = function( paramSampleVec , credMass=0.95 , compVal=NULL ,

           HDItextPlace=0.7 , ROPE=NULL , yaxt=NULL , ylab=NULL ,

           xlab=NULL , cex.lab=NULL , cex=NULL , xlim=NULL , main=NULL ,

           showMode=F , ... ) {

    # Override defaults of hist function, if not specified by user:

    # (additional arguments "..." are passed to the hist function)

    if ( is.null(xlab) ) xlab="Parameter"

    if ( is.null(cex.lab) ) cex.lab=1.5

    if ( is.null(cex) ) cex=1.4

    if ( is.null(xlim) ) xlim=range( c( compVal , paramSampleVec ) )

    if ( is.null(main) ) main=""

    if ( is.null(yaxt) ) yaxt="n"

    if ( is.null(ylab) ) ylab=""

    # Plot histogram.

    par(xpd=NA)

    histinfo = hist( paramSampleVec , xlab=xlab , yaxt=yaxt , ylab=ylab ,

                     freq=F , col="lightgrey" , border="white" ,

                     xlim=xlim , main=main , cex=cex , cex.lab=cex.lab ,

                     ... )

    # Display mean or mode:

    if ( showMode==F ) {

        meanParam = mean( paramSampleVec )

        text( meanParam , .9*max(histinfo$density) ,

              bquote(mean==.(signif(meanParam,3))) , adj=c(.5,0) , cex=cex )

    } else {

        dres = density( paramSampleVec )

        modeParam = dres$x[which.max(dres$y)]

        text( modeParam , .9*max(histinfo$density) ,

              bquote(mode==.(signif(modeParam,3))) , adj=c(.5,0) , cex=cex )

    }

    # Display the comparison value.

    if ( !is.null( compVal ) ) {

       pcgtCompVal = round( 100 * sum( paramSampleVec > compVal )

                            / length( paramSampleVec )  , 1 )

       pcltCompVal = 100 - pcgtCompVal

       lines( c(compVal,compVal) , c(.5*max(histinfo$density),0) ,

              lty="dashed" , lwd=2 )

       text( compVal , .5*max(histinfo$density) ,

             bquote( .(pcltCompVal)*"% <= " *

                     .(signif(compVal,3)) * " < "*.(pcgtCompVal)*"%" ) ,

             adj=c(pcltCompVal/100,-0.2) , cex=cex )

    }

    # Display the ROPE.

    if ( !is.null( ROPE ) ) {

       pcInROPE = ( sum( paramSampleVec > ROPE[1] & paramSampleVec < ROPE[2] )

                            / length( paramSampleVec ) )

       ROPEtextHt = .35*max(histinfo$density)

       lines( c(ROPE[1],ROPE[1]) , c(ROPEtextHt,0) , lty="dotted" , lwd=2 )

       lines( c(ROPE[2],ROPE[2]) , c(ROPEtextHt,0) , lty="dotted" , lwd=2 )

       text( mean(ROPE) , ROPEtextHt ,

             bquote( .(round(100*pcInROPE))*"% in ROPE" ) ,

             adj=c(.5,-0.2) , cex=1 )

    }

    # Display the HDI.

    source("HDIofMCMC.R")

    HDI = HDIofMCMC( paramSampleVec , credMass )

    lines( HDI , c(0,0) , lwd=4 )

    text( mean(HDI) , 0 , bquote(.(100*credMass) * "% HDI" ) ,

          adj=c(.5,-1.9) , cex=cex )

    text( HDI[1] , 0 , bquote(.(signif(HDI[1],3))) ,

          adj=c(HDItextPlace,-0.5) , cex=cex )

    text( HDI[2] , 0 , bquote(.(signif(HDI[2],3))) ,

          adj=c(1.0-HDItextPlace,-0.5) , cex=cex )

    par(xpd=F)

    return( histinfo )

}








PoissonExponentialBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "PoissonExponentialBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ncells ) {

    y[i] ~ dpois( lambda[i] )

    lambda[i] <- exp( a0 + a1[x1[i]] + a2[x2[i]] + a1a2[x1[i],x2[i]] )

  }

  #

  a0 ~ dnorm(10,1.0E-6)

  #

  for ( j1 in 1:Nx1Lvl ) { a1[j1] ~ dnorm( 0.0 , a1tau ) }

  a1tau <- 1 / pow( a1SD , 2 )

  a1SD <- abs( a1SDunabs ) + .1

  a1SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j2 in 1:Nx2Lvl ) { a2[j2] ~ dnorm( 0.0 , a2tau ) }

  a2tau <- 1 / pow( a2SD , 2 )

  a2SD <- abs( a2SDunabs ) + .1

  a2SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j1 in 1:Nx1Lvl ) { for ( j2 in 1:Nx2Lvl ) {

    a1a2[j1,j2] ~ dnorm( 0.0 , a1a2tau )

  } }

  a1a2tau <- 1 / pow( a1a2SD , 2 )

  a1a2SD <- abs( a1a2SDunabs ) + .1

  a1a2SDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.

# Specify data source:

dataSource = c( "HairEye" , "CrimeDrink" , "Toy" )[1]



# Load the data:

if ( dataSource == "HairEye" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  dataFrame = data.frame( # from Snee (1974)

    Freq = c(68,119,26,7,20,84,17,94,15,54,14,10,5,29,14,16) ,

    Eye  = c("Brown","Brown","Brown","Brown","Blue","Blue","Blue","Blue","Hazel","Hazel","Hazel","Hazel","Green","Green","Green","Green"),

    Hair = c("Black","Brunette","Red","Blond","Black","Brunette","Red","Blond","Black","Brunette","Red","Blond","Black","Brunette","Red","Blond") )

  y = as.numeric(dataFrame$Freq)

  x1 = as.numeric(dataFrame$Eye)

  x1names = levels(dataFrame$Eye)

  x2 = as.numeric(dataFrame$Hair)

  x2names = levels(dataFrame$Hair)

  Ncells = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = list( GREENvHAZEL = c(0,0,1,-1) )

  x2contrastList = list( BLONDvRED = c(0,1,0,-1) )

  x1x2contrastList = list( BLUE.BROWNxBLACK.BLOND

                           = outer(c(-1,1,0,0),c(-1,1,0,0)) )

}



if ( dataSource == "CrimeDrink" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  dataFrame = data.frame( # from Kendall (1943) via Snee (1974)

    Freq = c(50,88,155,379,18,63,43,62,110,300,14,144) ,

    Crime  = c("Arson","Rape","Violence","Theft","Coining","Fraud","Arson","Rape","Violence","Theft","Coining","Fraud"),

    Drink = c("Drinker","Drinker","Drinker","Drinker","Drinker","Drinker","Nondrink","Nondrink","Nondrink","Nondrink","Nondrink","Nondrink") )

  y = as.numeric(dataFrame$Freq)

  x1 = as.numeric(dataFrame$Crime)

  x1names = levels(dataFrame$Crime)

  x2 = as.numeric(dataFrame$Drink)

  x2names = levels(dataFrame$Drink)

  Ncells = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = list( FRAUDvOTHER = c(-1/5,-1/5,1,-1/5,-1/5,-1/5) ,

                         FRAUDvRAPE = c(0,0,1,-1,0,0) )

  x2contrastList = list( DRINKERvNON = c(1,-1) )

  x1x2contrastList = list( FRAUD.OTHERxDRINKER.NON

                           = outer(c(-1/5,-1/5,1,-1/5,-1/5,-1/5),c(-1,1)) ,

                           FRAUD.RAPExDRINKER.NON

                           = outer(c(0,0,1,-1,0,0),c(-1,1)) )

}



if ( dataSource == "Toy" ) {

  dataMultiplier = 2 # Try 2 (chi-sq warns) , 6 (p>.05) , 7 (p<.05) , 10

  fnroot = paste( fnroot , dataSource , dataMultiplier , sep="" )

  dataFrame = data.frame(

    Freq = c( 2,2,1,1, 2,2,1,1, 1,1,2,2, 1,1,2,2 ) * dataMultiplier ,

    Col  = c("C1","C2","C3","C4", "C1","C2","C3","C4", "C1","C2","C3","C4", "C1","C2","C3","C4"),

    Row = c("R1","R1","R1","R1", "R2","R2","R2","R2", "R3","R3","R3","R3", "R4","R4","R4","R4") )

  y = as.numeric(dataFrame$Freq)

  x1 = as.numeric(dataFrame$Col)

  x1names = levels(dataFrame$Col)

  x2 = as.numeric(dataFrame$Row)

  x2names = levels(dataFrame$Row)

  Ncells = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = NULL

  x2contrastList = NULL

  x1x2contrastList = list( R12.R34xC12.C34 = outer(c(1,1,-1,-1)/2,c(1,1,-1,-1)/2) )

}



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

  y = y ,

  x1 = x1 ,

  x2 = x2 ,

  Ncells = Ncells ,

  Nx1Lvl = Nx1Lvl ,

  Nx2Lvl = Nx2Lvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 5

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( y=log(y) , x1=factor(x1,labels=x1names) ,

                              x2=factor(x2,labels=x2names) )

  a0 = mean( theData$y )

  a1 = aggregate( theData$y , list( theData$x1 ) , mean )[,2] - a0

  a2 = aggregate( theData$y , list( theData$x2 ) , mean )[,2] - a0

  linpred = as.vector( outer( a1 , a2 , "+" ) + a0 )

  a1a2 = aggregate( theData$y, list(theData$x1,theData$x2), mean)[,3] - linpred

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a1 = a1 ,

            a2 = a2 ,

            a1a2 = matrix( a1a2 , nrow=Nx1Lvl , ncol=Nx2Lvl ) ,

            a1SDunabs = sd(a1) ,

            a2SDunabs = sd(a2) ,

            a1a2SDunabs = sd(a1a2)

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 1000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a1" ,  "a2" ,  "a1a2" , "a1SD" , "a2SD" , "a1a2SD" ) )

stepsPerChain = ceiling(5000/nchain)

thinStep = 500

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

   sumInfo = plotChains( "a1SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2SD" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

}



# Extract and plot the SDs:

a1SDSample = samplesSample("a1SD")

a2SDSample = samplesSample("a2SD")

a1a2SDSample = samplesSample("a1a2SD")

windows(10,3)

layout( matrix(1:3,nrow=1) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

histInfo = plotPost( a1SDSample , xlab="a1SD" , main="a1 SD" , breaks=30 )

histInfo = plotPost( a2SDSample , xlab="a2SD" , main="a2 SD" , breaks=30 )

histInfo = plotPost( a1a2SDSample , xlab="a1a2SD" , main="Interaction SD" ,

                     breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

a1Sample = array( 0 , dim=c( datalist$Nx1Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

   a1Sample[x1idx,] = samplesSample( paste("a1[",x1idx,"]",sep="") )

}

a2Sample = array( 0 , dim=c( datalist$Nx2Lvl , chainLength ) )

for ( x2idx in 1:datalist$Nx2Lvl ) {

   a2Sample[x2idx,] = samplesSample( paste("a2[",x2idx,"]",sep="") )

}

a1a2Sample = array(0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  for ( x2idx in 1:datalist$Nx2Lvl ) {

    a1a2Sample[x1idx,x2idx,] = samplesSample( paste( "a1a2[",x1idx,",",x2idx,"]",

                                                     sep="" ) )

  }

}



# Convert to zero-centered b values:

m12Sample = array( 0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    m12Sample[,,stepIdx ] = ( a0Sample[stepIdx]

                            + outer( a1Sample[,stepIdx] ,

                                     a2Sample[,stepIdx] , "+" )

                            + a1a2Sample[,,stepIdx] )

}

b0Sample = apply( m12Sample , 3 , mean )

b1Sample = ( apply( m12Sample , c(1,3) , mean )

           - matrix(rep( b0Sample ,Nx1Lvl),nrow=Nx1Lvl,byrow=T) )

b2Sample = ( apply( m12Sample , c(2,3) , mean )

           - matrix(rep( b0Sample ,Nx2Lvl),nrow=Nx2Lvl,byrow=T) )

linpredSample = array(0,dim=c(datalist$Nx1Lvl,datalist$Nx2Lvl,chainLength))

for ( stepIdx in 1:chainLength ) {

    linpredSample[,,stepIdx ] = ( b0Sample[stepIdx]

                                + outer( b1Sample[,stepIdx] ,

                                         b2Sample[,stepIdx] , "+" ) )

}

b1b2Sample = m12Sample - linpredSample



# Plot b values:

windows((datalist$Nx1Lvl+1)*2.75,(datalist$Nx2Lvl+1)*2.25)

layoutMat = matrix( 0 , nrow=(datalist$Nx2Lvl+1) , ncol=(datalist$Nx1Lvl+1) )

layoutMat[1,1] = 1

layoutMat[1,2:(datalist$Nx1Lvl+1)] = 1:datalist$Nx1Lvl + 1

layoutMat[2:(datalist$Nx2Lvl+1),1] = 1:datalist$Nx2Lvl + (datalist$Nx1Lvl + 1)

layoutMat[2:(datalist$Nx2Lvl+1),2:(datalist$Nx1Lvl+1)] = matrix(

    1:(datalist$Nx1Lvl*datalist$Nx2Lvl) + (datalist$Nx2Lvl+datalist$Nx1Lvl+1) ,

    ncol=datalist$Nx1Lvl , byrow=T )

layout( layoutMat )

par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

histinfo = plotPost( b0Sample , xlab=expression(beta * 0) , main="Baseline" ,

                     breaks=30  )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  histinfo = plotPost( b1Sample[x1idx,] , xlab=bquote(beta*1[.(x1idx)]) ,

                       main=paste("x1:",x1names[x1idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  histinfo = plotPost( b2Sample[x2idx,] , xlab=bquote(beta*2[.(x2idx)]) ,

                       main=paste("x2:",x2names[x2idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  for ( x1idx in 1:datalist$Nx1Lvl ) {

    hdiLim = HDIofMCMC(b1b2Sample[x1idx,x2idx,])

    if ( hdiLim[1]>0 | hdiLim[2]<0 ) { compVal=0 } else { compVal=NULL }

    histinfo = plotPost( b1b2Sample[x1idx,x2idx,] , breaks=30 , compVal=compVal ,

              xlab=bquote(beta*12[list(x1==.(x1idx),x2==.(x2idx))]) ,

              main=paste("x1:",x1names[x1idx],", x2:",x2names[x2idx])  )

  }

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Display contrast analyses

nContrasts = length( x1contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x1contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b1Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x1names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X1 Contrast:", names(x1contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1Contrasts.eps",sep=""))

}

#

nContrasts = length( x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x2contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b2Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x2names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X2 Contrast:", names(x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x2Contrasts.eps",sep=""))

}

#

nContrasts = length( x1x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = x1x2contrastList[[cIdx]]

       contrastArr = array( rep(contrast,chainLength) ,

                            dim=c(NROW(contrast),NCOL(contrast),chainLength) )

       contrastLab = ""

       for ( x1idx in 1:Nx1Lvl ) {

         for ( x2idx in 1:Nx2Lvl ) {

           if ( contrast[x1idx,x2idx] != 0 ) {

             contrastLab = paste( contrastLab , "+" ,

                                  signif(contrast[x1idx,x2idx],2) ,

                                  x1names[x1idx] , x2names[x2idx] )

           }

         }

       }

       histInfo = plotPost( apply( contrastArr * b1b2Sample , 3 , sum ) ,

                compVal=0 , breaks=30 , xlab=contrastLab , cex.lab = 0.75 ,

                main=paste( names(x1x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1x2Contrasts.eps",sep=""))

}



# Compute credible cell probability at each step in the MCMC chain

lambda12Sample = 0 * b1b2Sample

for ( chainIdx in 1:chainLength ) {

    lambda12Sample[,,chainIdx] = exp(

        b0Sample[chainIdx]

        + outer( b1Sample[,chainIdx] , b2Sample[,chainIdx] , "+" )

        + b1b2Sample[,,chainIdx] )

}

cellp = 0 * lambda12Sample

for ( chainIdx in 1:chainLength ) {

    cellp[,,chainIdx] = ( lambda12Sample[,,chainIdx]

                          / sum( lambda12Sample[,,chainIdx] ) )

}

# Display credible cell probabilities

windows((datalist$Nx1Lvl)*2.75,(datalist$Nx2Lvl)*2.25)

layoutMat = matrix( 1:(datalist$Nx2Lvl*datalist$Nx1Lvl) ,

                    nrow=(datalist$Nx2Lvl) , ncol=(datalist$Nx1Lvl) , byrow=T )

layout( layoutMat )

par( mar=c(4,1.5,2.5,0.5) , mgp=c(2,0.7,0) )

maxp = max( cellp )

for ( x2idx in 1:datalist$Nx2Lvl ) {

  for ( x1idx in 1:datalist$Nx1Lvl ) {

    histinfo = plotPost( cellp[x1idx,x2idx,] ,

               breaks=seq(0,maxp,length=51) , xlim=c(0,maxp) ,

               xlab=bquote(probability[list(x1==.(x1idx),x2==.(x2idx))]) ,

               main=paste("x1:",x1names[x1idx],", x2:",x2names[x2idx]) ,

               HDItextPlace=0.95 )

  }

}

dev.copy2eps(file=paste(fnroot,"CellP.eps",sep=""))





#==============================================================================

# Conduct NHST Pearson chi-square test of independence.



# Convert dataFrame to frequency table:

obsFreq = matrix( 0 , nrow=Nx1Lvl , ncol=Nx2Lvl )

for ( x1idx in 1:Nx1Lvl ) {

  for ( x2idx in 1:Nx2Lvl ) {

    obsFreq[x1idx,x2idx] = y[ dataFrame[,2]==x1names[x1idx]

                              & dataFrame[,3]==x2names[x2idx] ]

  }

}

obsFreq = t(obsFreq) # merely to match orientation of histogram display

chisqtest = chisq.test( obsFreq )

print( "obs :" )

print( chisqtest$observed )

print( "( obs - exp )^2 / exp :" )

print( ( chisqtest$observed - chisqtest$expected )^2 / chisqtest$expected )

print( chisqtest )



#==============================================================================








QianS2007SeaweedData.txt

			COVER			BLOCK			TREAT


			14.00			BLOCK 1			CONTROL


			23.00			BLOCK 1			CONTROL


			22.00			BLOCK 2			CONTROL


			35.00			BLOCK 2			CONTROL


			67.00			BLOCK 3			CONTROL


			82.00			BLOCK 3			CONTROL


			94.00			BLOCK 4			CONTROL


			95.00			BLOCK 4			CONTROL


			34.00			BLOCK 5			CONTROL


			53.00			BLOCK 5			CONTROL


			58.00			BLOCK 6			CONTROL


			75.00			BLOCK 6			CONTROL


			19.00			BLOCK 7			CONTROL


			47.00			BLOCK 7			CONTROL


			53.00			BLOCK 8			CONTROL


			61.00			BLOCK 8			CONTROL


			4.00			BLOCK 1			L


			4.00			BLOCK 1			L


			7.00			BLOCK 2			L


			8.00			BLOCK 2			L


			28.00			BLOCK 3			L


			58.00			BLOCK 3			L


			27.00			BLOCK 4			L


			35.00			BLOCK 4			L


			11.00			BLOCK 5			L


			33.00			BLOCK 5			L


			16.00			BLOCK 6			L


			31.00			BLOCK 6			L


			6.00			BLOCK 7			L


			8.00			BLOCK 7			L


			15.00			BLOCK 8			L


			17.00			BLOCK 8			L


			11.00			BLOCK 1			f


			24.00			BLOCK 1			f


			14.00			BLOCK 2			f


			31.00			BLOCK 2			f


			52.00			BLOCK 3			f


			59.00			BLOCK 3			f


			83.00			BLOCK 4			f


			89.00			BLOCK 4			f


			33.00			BLOCK 5			f


			34.00			BLOCK 5			f


			39.00			BLOCK 6			f


			52.00			BLOCK 6			f


			43.00			BLOCK 7			f


			53.00			BLOCK 7			f


			30.00			BLOCK 8			f


			37.00			BLOCK 8			f


			3.00			BLOCK 1			Lf


			5.00			BLOCK 1			Lf


			3.00			BLOCK 2			Lf


			6.00			BLOCK 2			Lf


			9.00			BLOCK 3			Lf


			31.00			BLOCK 3			Lf


			21.00			BLOCK 4			Lf


			57.00			BLOCK 4			Lf


			5.00			BLOCK 5			Lf


			9.00			BLOCK 5			Lf


			26.00			BLOCK 6			Lf


			43.00			BLOCK 6			Lf


			4.00			BLOCK 7			Lf


			12.00			BLOCK 7			Lf


			12.00			BLOCK 8			Lf


			18.00			BLOCK 8			Lf


			10.00			BLOCK 1			fF


			13.00			BLOCK 1			fF


			10.00			BLOCK 2			fF


			15.00			BLOCK 2			fF


			44.00			BLOCK 3			fF


			50.00			BLOCK 3			fF


			57.00			BLOCK 4			fF


			73.00			BLOCK 4			fF


			26.00			BLOCK 5			fF


			42.00			BLOCK 5			fF


			38.00			BLOCK 6			fF


			42.00			BLOCK 6			fF


			29.00			BLOCK 7			fF


			36.00			BLOCK 7			fF


			11.00			BLOCK 8			fF


			40.00			BLOCK 8			fF


			1.00			BLOCK 1			LfF


			2.00			BLOCK 1			LfF


			3.00			BLOCK 2			LfF


			5.00			BLOCK 2			LfF


			6.00			BLOCK 3			LfF


			9.00			BLOCK 3			LfF


			7.00			BLOCK 4			LfF


			22.00			BLOCK 4			LfF


			5.00			BLOCK 5			LfF


			6.00			BLOCK 5			LfF


			10.00			BLOCK 6			LfF


			17.00			BLOCK 6			LfF


			5.00			BLOCK 7			LfF


			14.00			BLOCK 7			LfF


			5.00			BLOCK 8			LfF


			7.00			BLOCK 8			LfF









RatLives.Rdata

RatLives.Rdata









RunningProportion.R

# Goal: Toss a coin N times and compute the running proportion of heads.

N = 500	# Specify the total number of flips, denoted N.

# Generate a random sample of N flips for a fair coin (heads=1, tails=0);

# the function "sample" is part of R:

#set.seed(47405) # Uncomment to set the "seed" for the random number generator.

flipsequence = sample( x=c(0,1) , prob=c(.5,.5) , size=N , replace=TRUE )

# Compute the running proportion of heads:

r = cumsum( flipsequence ) # The function "cumsum" is built in to R.

n = 1:N                    # n is a vector.

runprop = r / n            # component by component division.

# Graph the running proportion:

# To learn about the parameters of the plot function,

# type help('par') at the R command prompt.

# Note that "c" is a function in R.

plot( n , runprop , type="o" , log="x" ,

	  xlim=c(1,N) , ylim=c(0.0,1.0) , cex.axis=1.5 ,

	  xlab="Flip Number" , ylab="Proportion Heads" , cex.lab=1.5 ,

	  main="Running Proportion of Heads" , cex.main=1.5 )

# Plot a dotted horizontal line at y=.5, just as a reference line:

lines( c(1,N) , c(.5,.5) , lty=3 )

# Display the beginning of the flip sequence. These string and character

# manipulations may seem mysterious, but you can de-mystify by unpacking

# the commands starting with the innermost parentheses or brackets and

# moving to the outermost.

flipletters = paste( c("T","H")[ flipsequence[ 1:10 ] + 1 ] , collapse="" )

displaystring = paste( "Flip Sequence = " , flipletters , "..." , sep="" )

text( 5 , .9 , displaystring , adj=c(0,1) , cex=1.3 )

# Display the relative frequency at the end of the sequence.

text( N , .3 , paste("End Proportion =",runprop[N]) , adj=c(1,0) , cex=1.3 )

# Save the plot to an EPS file.

dev.copy2eps( file = "RunningProportion.eps" )






Salary.csv

			Org			Post			Salary


			CEDP			FT1			89504


			CEDP			FT1			106554


			CHEM			FT1			108158


			CEDP			FT1			92961


			CHEM			FT1			154703


			CEDP			FT1			81840


			BFIN			FT1			238000


			THTR			FT1			86794


			CEDP			FT1			84121


			THTR			FT1			80450


			CEDP			FT1			98434


			CHEM			FT1			194192


			CEDP			FT1			92896


			THTR			FT1			72240


			CEDP			FT1			88374


			BFIN			FT1			234000


			THTR			FT1			81566


			CEDP			FT1			102300


			CHEM			FT1			159753


			CHEM			FT1			121313


			CHEM			FT2			123200


			BFIN			FT2			183000


			THTR			FT2			62611


			BFIN			FT2			222000


			CEDP			FT2			63000


			CHEM			FT2			120000


			BFIN			FT2			200000


			CEDP			FT2			65115


			BFIN			FT2			198000


			CEDP			FT2			83762


			CEDP			FT2			75559


			BFIN			FT2			146000


			CHEM			FT2			83164


			CHEM			FT2			135794


			CHEM			FT2			82762


			BFIN			FT2			134000


			CHEM			FT2			88147


			THTR			FT2			59210


			CEDP			FT2			66186


			THTR			FT2			63924


			CHEM			FT2			123610


			CHEM			FT2			88271


			THTR			FT2			62315


			BFIN			FT2			174000


			THTR			FT2			63261


			CEDP			FT2			66794


			THTR			FT2			71706


			CEDP			FT2			79236


			CHEM			FT2			104568


			BFIN			FT2			180000


			CHEM			FT3			77169


			CHEM			FT3			81773


			CEDP			FT3			59568


			CHEM			FT3			75000


			THTR			FT3			53000


			CHEM			FT3			75000


			THTR			FT3			51991


			CEDP			FT3			57000


			CHEM			FT3			75000


			THTR			FT3			56985


			THTR			FT3			51365


			CHEM			FT3			76714


			CEDP			FT3			58890


			BFIN			FT3			188000


			THTR			FT3			52140


			THTR			FT3			53000


			CHEM			FT3			80017


			BFIN			FT3			165000


			THTR			FT3			53000


			CEDP			FT3			57443


			BFIN			FT3			190000


			CHEM			FT3			75000


			BFIN			FT3			177000


			CEDP			FT3			57443


			BFIN			FT3			180000


			CHEM			FT3			78000


			BFIN			FT3			180000


			CHEM			FT3			68523


			BFIN			FT3			176000


			CEDP			FT3			57000


			CEDP			FT3			58500


			CEDP			FT3			57443


			BFIN			FT3			171000


			BFIN			FT3			176000









SimpleGraph.R

x = seq( from = -2 , to = 2 , by = 0.1 )   # Specify vector of x values.

y = x^2                                    # Specify corresponding y values.

plot( x , y , type = "l" )                 # Make a graph of the x,y points.

dev.copy2eps( file = "SimpleGraph.eps" )   # Save the plot to an EPS file.






SimpleLinearRegressionBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : Ndata ) {

        y[i] ~ dnorm( mu[i] , tau )

        mu[i] <- beta0 + beta1 * x[i]

    }

    beta0 ~ dnorm( 0 , 1.0E-12 )

    beta1 ~ dnorm( 0 , 1.0E-12 )

    tau ~ dgamma( 0.001 , 0.001 )

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Simulated height and weight data:

source("HtWtDataGenerator.R")

HtWtData = HtWtDataGenerator( 30 , rndsd=5678 )

nSubj = NROW( HtWtData )

x = HtWtData[,"height"]

y = HtWtData[,"weight"]



# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

xM = mean( x ) ; xSD = sd( x )

yM = mean( y ) ; ySD = sd( y )

zx = ( x - xM ) / xSD

zy = ( y - yM ) / ySD



# Specify data, as a list.

datalist = list(

  x = zx ,

  y = zy ,

  Ndata = nSubj

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains = nchain )



genInitList <- function() {

    r = cor(x,y)

    list(

        beta0 = 0 ,    # because data are standardized

        beta1 = r ,        # because data are standardized

        tau = 1 / (1-r^2)  # because data are standardized

    )

}

for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 100

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "beta0" , "beta1" , "tau" ) )

stepsPerChain = 6667

thinStep = 1

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")



fname = "SimpleLinearRegressionBrugs"

beta0Sum = plotChains( "beta0" , saveplots=F , filenameroot=fname )

beta1Sum     = plotChains( "beta1"     , saveplots=F , filenameroot=fname )

tauSum       = plotChains( "tau"       , saveplots=F , filenameroot=fname )



# Extract chain values:

z0 = samplesSample( "beta0" )

z1 = samplesSample( "beta1" )

zTau = samplesSample( "tau" )

zSigma = 1 / sqrt( zTau ) # Convert precision to SD



# Convert to original scale:

b1 = z1 * ySD / xSD

b0 = ( z0 * ySD + yM - z1 * ySD * xM / xSD )

sigma = zSigma * ySD



# Posterior prediction:

# Specify x values for which predicted y's are needed:

xPostPred = seq(55,80,1)

# Define matrix for recording posterior predicted y values at each x value.

# One row per x value, with each row holding random predicted y values.

postSampSize = length(b1)

yPostPred = matrix( 0 , nrow=length(xPostPred) , ncol=postSampSize )

# Define matrix for recording HDI limits of posterior predicted y values:

yHDIlim = matrix( 0 , nrow=length(xPostPred) , ncol=2 )

# Generate posterior predicted y values.

# This gets only one y value, at each x, for each step in the chain.

for ( chainIdx in 1:postSampSize ) {

    yPostPred[,chainIdx] = rnorm( length(xPostPred) ,

                           mean = b0[chainIdx] + b1[chainIdx] * xPostPred ,

                           sd = rep( sigma[chainIdx] , length(xPostPred) ) )

}

source("HDIofMCMC.R")

for ( xIdx in 1:length(xPostPred) ) {

    yHDIlim[xIdx,] = HDIofMCMC( yPostPred[xIdx,] )

}



# Display believable beta0 and b1 values

windows(10,5)

par( mar=c(4,4,1,1)+0.1 , mgp=c(2.5,0.8,0) )

layout( matrix(1:2,nrow=1) )

thinIdx = seq(1,length(b0),length=700)

plot( z1[thinIdx] , z0[thinIdx] , cex.lab=1.75 ,

      ylab="Standardized Intercept" , xlab="Standardized Slope" )

plot( b1[thinIdx] , b0[thinIdx] , cex.lab=1.75 ,

      ylab="Intercept (ht when wt=0)" , xlab="Slope (pounds per inch)" )

dev.copy2eps(file=paste(fname,"SlopeIntercept.eps",sep=""))



# Display the posterior of the b1:

source("plotPost.R")

windows(10,4)

par( mar=c(4,4,1,1)+0.1 , mgp=c(2.5,0.8,0) )

layout( matrix(1:2,nrow=1) )

histInfo = plotPost( z1 , xlab="Standardized slope" , compVal=0.0 ,

                     breaks=30  )

histInfo = plotPost( b1 , xlab="Slope (pounds per inch)" , compVal=0.0 ,

                     breaks=30  )

dev.copy2eps(file=paste(fname,"PostSlope.eps",sep=""))



# Display data with believable regression lines and posterior predictions.

windows()

par( mar=c(3,3,2,1)+0.5 , mgp=c(2.1,0.8,0) )

# Plot data values:

xRang = max(x)-min(x)

yRang = max(y)-min(y)

limMult = 0.25

xLim= c( min(x)-limMult*xRang , max(x)+limMult*xRang )

yLim= c( min(y)-limMult*yRang , max(y)+limMult*yRang )

plot( x , y , cex=1.5 , lwd=2 , col="black" , xlim=xLim , ylim=yLim ,

      xlab="X (height in inches)" , ylab="Y (weight in pounds)" , cex.lab=1.5 ,

      main="Data with credible regression lines" , cex.main=1.33  )

# Superimpose a smattering of believable regression lines:

for ( i in seq(from=1,to=length(b0),length=50) ) {

    abline( b0[i] , b1[i] , col="grey" )

}

dev.copy2eps(file=paste(fname,"DataLines.eps",sep=""))



# Display data with HDIs of posterior predictions.

windows()

par( mar=c(3,3,2,1)+0.5 , mgp=c(2.1,0.8,0) )

# Plot data values:

yLim= c( min(yHDIlim) , max(yHDIlim) )

plot( x , y , cex=1.5 , lwd=2 , col="black" , xlim=xLim , ylim=yLim ,

      xlab="X (height in inches)" , ylab="Y (weight in pounds)" , cex.lab=1.5 ,

      main="Data with 95% HDI & Mean of Posterior Predictions" , cex.main=1.33  )

# Superimpose posterior predicted 95% HDIs:

segments( xPostPred, yHDIlim[,1] , xPostPred, yHDIlim[,2] , lwd=3, col="grey" )

points( xPostPred , rowMeans( yPostPred ) , pch="+" , cex=2 , col="grey" )

dev.copy2eps(file=paste(fname,"DataPred.eps",sep=""))



#------------------------------------------------------------------------------








SimpleLinearRegressionRepeatedBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

model {

    for( r in 1 : Ndata ) {

        y[r] ~ dnorm( mu[r] , tau[ subj[r] ] )

        mu[r] <- b0[ subj[r] ] + b1[ subj[r] ] * x[r]

    }

    for ( s in 1 : Nsubj ) {

        b0[s] ~ dnorm( mu0G , tau0G )

        b1[s] ~ dnorm( mu1G , tau1G )

        tau[s] ~ dgamma( sG , rG )

    }

    mu0G ~ dnorm(0,.01)

    tau0G ~ dgamma(.1,.1)

    mu1G ~ dnorm(0,.01)

    tau1G ~ dgamma(.1,.1)

    sG <- pow(m,2)/pow(d,2)

    rG <- m/pow(d,2)

    m ~ dgamma(1,.1)

    d ~ dgamma(1,.1)

}

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Data from H. A. Feldman, 1988, Table 4, p. 1731.

# Columns are "group" , "subjID" , "time" , "retention"

source("Feldman1988Table4data.R")

# Remove missing data:

includeRowVec = is.finite( Feldman1988Table4data[,"retention"] )

dataMat = Feldman1988Table4data[ includeRowVec , ]

# Retain only the Group 1 (lung) data:

dataMat = dataMat[ dataMat[,"group"]==1 , ]

# Convert to log10(retention):

dataMat[,"retention"] = log10( dataMat[,"retention"] )

# Column names and plot labels

yColName = "retention" ; yPlotLab = "log10 Retention"

xColName = "time" ; xPlotLab = "Day"

subjColName = "subjID" ; subjPlotLab = "Subject"

fname = "SimpleLinearRegressionRepeatedBrugs"



if ( F ) { # change to T to use income data instead of contam.retention data.

 # Data from http://www.census.gov/hhes/www/income/statemedfaminc.html

 # Downloaded Dec. 06, 2009.

 load("IncomeFamszState.Rdata") # loads IncomeFamszState

 dataMat = IncomeFamszState

 yColName="Income" ; yPlotLab = "Income"

 xColName="Famsz" ; xPlotLab="Family Size"

 subjColName="State" ; subjPlotLab="State"

 fname = "IncomeFamszState"

}



# Extract data info to pass to BUGS:

Ndata = NROW(dataMat)

subj = as.integer(factor(dataMat[,subjColName]))

Nsubj = length(unique(subj))

x = as.numeric(dataMat[,xColName])

y = as.numeric(dataMat[,yColName])



# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

xM = mean( x ) ; xSD = sd( x )

yM = mean( y ) ; ySD = sd( y )

zx = ( x - xM ) / xSD

zy = ( y - yM ) / ySD



# Specify data, as a list.

datalist = list(

  Ndata = Ndata ,

  Nsubj = Nsubj ,

  subj = subj ,

  x = zx ,

  y = zy

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains = nchain )



genInitList <- function() {

    b0 = b1 = tau = rep(0,length=Nsubj)

    for ( sIdx in 1:Nsubj ) {

       yVec = datalist$y[datalist$subj==sIdx]

       xVec = datalist$x[datalist$subj==sIdx]

       lmInfo = lm( yVec ~ xVec )

       b0[sIdx] = lmInfo$coef[1]

       b1[sIdx] = lmInfo$coef[2]

       tau[sIdx] = length(yVec) / sum(lmInfo$res^2)

    }

    mu0G = mean(b0)

    tau0G = 1/sd(b0)^2

    mu1G = mean(b1)

    tau1G = 1/sd(b1)^2

    m = mean(tau)

    d = sd(tau)

    list( b0=b0 , b1=b1 , tau=tau ,

          mu0G=mu0G , tau0G=tau0G ,

          mu1G=mu1G , tau1G=tau1G ,

          m=m , d=d )

}

for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 500

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "b0","b1","tau" , "mu0G","tau0G", "mu1G","tau1G", "m","d" ) )

stepsPerChain = ceiling(5000/nchain)

thinStep = 100 # 40 or more

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



# Check convergence and autocorrelation:

checkConvergence = T  # check this first time through, examine m,d,tau0G,tau1G

if ( checkConvergence ) {

   # check a few selected chains

   b01Sum   = plotChains( "b0[1]"  , saveplots=F , filenameroot=fname )

   b11Sum   = plotChains( "b1[1]"  , saveplots=F , filenameroot=fname )

   tau1Sum  = plotChains( "tau[1]" , saveplots=F , filenameroot=fname )

   mu0GSum  = plotChains( "mu0G"   , saveplots=F , filenameroot=fname )

   tau0GSum = plotChains( "tau0G"  , saveplots=F , filenameroot=fname )

   mu1GSum  = plotChains( "mu1G"   , saveplots=F , filenameroot=fname )

   tau1GSum = plotChains( "tau1G"  , saveplots=F , filenameroot=fname )

   mSum     = plotChains( "m"      , saveplots=F , filenameroot=fname )

   dSum     = plotChains( "d"      , saveplots=F , filenameroot=fname )

}



# Extract chain values for subsequent examination:

zmu0Gsamp = samplesSample( "mu0G" )

zmu1Gsamp = samplesSample( "mu1G" )

zb0samp = NULL

zb1samp = NULL

for ( subjIdx in 1:Nsubj ) {

    zb0samp = rbind( zb0samp , samplesSample( paste("b0[",subjIdx,"]",sep="") ))

    zb1samp = rbind( zb1samp , samplesSample( paste("b1[",subjIdx,"]",sep="") ))

}



# Convert to original scale:

mu0Gsamp = zmu0Gsamp * ySD + yM - zmu1Gsamp * ySD * xM / xSD

mu1Gsamp = zmu1Gsamp * ySD / xSD

b1samp   = zb1samp * ySD / xSD



# Display believable intercept and slope values

windows(10,5.5)

par( mar=c(4,4,1.75,1)+0.1 , mgp=c(2.5,0.8,0) )

layout( matrix(1:2,nrow=1) )

thinIdx = round(seq(1,length(mu0Gsamp),length=700))

plot( zmu1Gsamp[thinIdx] , zmu0Gsamp[thinIdx] , cex.lab=1.75 ,

      ylab="Standardized Intercept" , xlab="Standardized Slope" )

plot( mu1Gsamp[thinIdx] , mu0Gsamp[thinIdx] , cex.lab=1.0 ,

      ylab=paste("Intercept (",yPlotLab," when ",xPlotLab," =0)",sep="") ,

      xlab=paste("Slope (change in",yPlotLab,"per unit",xPlotLab,")") )

dev.copy2eps(file=paste(fname,"SlopeIntercept.eps",sep=""))



# Make graphs of data and corresponding believable slopes:

windows(12,6)

par( mar=c(4,4,1.75,1)+0.1 , mgp=c(2.5,0.8,0) )

layout(matrix(c(1:5,1:5,6:10),nrow=3,byrow=T))

xlims = c( min( dataMat[,xColName] ) ,  max( dataMat[,xColName] ) )

ylims = c( min( dataMat[,yColName] ) ,  max( dataMat[,yColName] ) )

sIdVec = unique( dataMat[,subjColName] )

# Plot data of individual subjects:

nSubjPlots = 4 # number of representative subject plots to make

subjIdxVec = round(seq(1,length(sIdVec),length=nSubjPlots))

for ( sIdx in subjIdxVec ) {

    rVec = ( dataMat[,subjColName] == sIdVec[sIdx] )

    plot( dataMat[rVec,xColName] , dataMat[rVec,yColName] , type="o" ,

          ylim=ylims , ylab=yPlotLab , xlab=xPlotLab , cex.lab=1.5 ,

          pch=sIdx%%26 , lty=sIdx , main=bquote(.(subjPlotLab) *" "* .(sIdx)) ,

          cex.main=1.75 )

}

# Plot data of all subjects superimposed

plot( NULL,NULL, xlab=xPlotLab,xlim=xlims , ylab=yPlotLab,ylim=ylims ,

      cex.lab=1.5 , main=paste("All ",subjPlotLab,"s",sep="") , cex.main=1.75 )

for ( sIdx in 1:length(sIdVec) ) {

    rVec = ( dataMat[,subjColName] == sIdVec[sIdx] )

    lines( dataMat[rVec,xColName] , dataMat[rVec,yColName] ,

           lty=sIdx , pch=sIdx%%26 , type="o")

}

# Plot histograms of corresponding posterior slopes:

for ( sIdx in subjIdxVec ) {

    histInfo = plotPost( b1samp[sIdx,] , xlab="Slope" , compVal=0.0 , breaks=30 ,

                     HDItextPlace=0.9 )

}

histInfo = plotPost( mu1Gsamp , xlab="Slope, Group Level" , compVal=0.0 ,

                     breaks=30 , HDItextPlace=0.9 )

dev.copy2eps(file=paste(fname,"Data.eps",sep=""))



#------------------------------------------------------------------------------








SimpleRobustLinearRegressionBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : Ndata ) {

        y[i] ~ dt( mu[i] , tau , tdf )

        mu[i] <- beta0 + beta1 * x[i]

    }

    beta0 ~ dnorm( 0 , 1.0E-12 )

    beta1 ~ dnorm( 0 , 1.0E-12 )

    tau ~ dgamma( 0.001 , 0.001 )

    udf ~ dunif(0,1)

    tdf <- 1 - tdfGain * log(1-udf) # tdf in [1,Inf).

    # tdfGain specified in data section

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



cigData = read.csv(file="McIntyre1994data.csv")

nSubj = NROW(cigData)

x = cigData[,"Wt"]

xName="Weight"

y = cigData[,"Tar"]

yName="Tar"



# Re-center data at mean, to reduce autocorrelation in MCMC sampling.

# Standardize (divide by SD) to make initialization easier.

xM = mean( x ) ; xSD = sd( x )

yM = mean( y ) ; ySD = sd( y )

zx = ( x - xM ) / xSD

zy = ( y - yM ) / ySD



# Specify data, as a list.

tdfGain = 1 # 1 for low-baised tdf, 100 for high-biased tdf

datalist = list(

  x = zx ,

  y = zy ,

  Ndata = nSubj ,

  tdfGain = tdfGain

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains = nchain )



genInitList <- function() {

    r = cor(x,y)

    list(

        beta0 = 0 ,    # because data are standardized

        beta1 = r ,        # because data are standardized

        tau = 1 / (1-r^2) , # because data are standardized

        udf = 0.95 # tdf = 4

    )

}

for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 100

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "beta0" , "beta1" , "tau" , "tdf" ) )

stepsPerChain = ceiling(10000/nchain)

thinStep = 10

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")



fname = paste("SimpleRobustLinearRegressionBrugsTdfGain",tdfGain,

              sep="")

#beta0Sum = plotChains( "beta0" , saveplots=F , filenameroot=fname )

#beta1Sum = plotChains( "beta1"     , saveplots=F , filenameroot=fname )

#tauSum   = plotChains( "tau"       , saveplots=F , filenameroot=fname )

#tdfSum   = plotChains( "tdf"       , saveplots=F , filenameroot=fname )



# Extract chain values:

tdfSamp = samplesSample( "tdf" )

tdfM = mean( tdfSamp )

z0 = samplesSample( "beta0" )

z1 = samplesSample( "beta1" )

zTau = samplesSample( "tau" )

zSigma = 1 / sqrt( zTau ) # Convert precision to SD



# Convert to original scale:

b1 = z1 * ySD / xSD

b0 = ( z0 * ySD + yM - z1 * ySD * xM / xSD )

sigma = zSigma * ySD



# Posterior prediction:

# Specify x values for which predicted y's are needed:

xRang = max(x)-min(x)

yRang = max(y)-min(y)

limMult = 0.25

xLim= c( min(x)-limMult*xRang , max(x)+limMult*xRang )

yLim= c( min(y)-limMult*yRang , max(y)+limMult*yRang )

yLim = c(-10,35)

xPostPred = seq( xLim[1] , xLim[2] , length=20 )

# Define matrix for recording posterior predicted y values at each x value.

# One row per x value, with each row holding random predicted y values.

postSampSize = length(b1)

yPostPred = matrix( 0 , nrow=length(xPostPred) , ncol=postSampSize )

# Define matrix for recording HDI limits of posterior predicted y values:

yHDIlim = matrix( 0 , nrow=length(xPostPred) , ncol=2 )

# Generate posterior predicted y values.

# This gets only one y value, at each x, for each step in the chain.

for ( chainIdx in 1:postSampSize ) {

    yPostPred[,chainIdx] = rnorm( length(xPostPred) ,

                           mean = b0[chainIdx] + b1[chainIdx] * xPostPred ,

                           sd = rep( sigma[chainIdx] , length(xPostPred) ) )

}

source("HDIofMCMC.R")

for ( xIdx in 1:length(xPostPred) ) {

    yHDIlim[xIdx,] = HDIofMCMC( yPostPred[xIdx,] )

}



# Display believable beta0 and b1 values

windows()

par( mar=c(4,4,1,1)+0.1 , mgp=c(2.5,0.8,0) )

#layout( matrix(1:2,nrow=1) )

thinIdx = seq(1,length(b0),length=700)

#plot( z1[thinIdx] , z0[thinIdx] , cex.lab=1.75 ,

#      ylab="Standardized Intercept" , xlab="Standardized Slope" )

plot( b1[thinIdx] , b0[thinIdx] , cex.lab=1.75 ,

      ylab="Intercept" , xlab="Slope" )

dev.copy2eps(file=paste(fname,"SlopeIntercept.eps",sep=""))



# Display the posterior of the b1:

source("plotPost.R")

windows(7,4)

par( mar=c(4,4,1,1)+0.1 , mgp=c(2.5,0.8,0) )

#layout( matrix(1:2,nrow=1) )

#histInfo = plotPost( z1 , xlab="Standardized slope" , compVal=0.0 ,

#                     breaks=30  )

histInfo = plotPost( b1 , main=bquote("Mean tdf"==.(signif(tdfM,3))) , cex.main=2 ,

                     xlab=bquote("Slope (" * Delta * .(yName) / Delta * .(xName)

                                        * ")") , compVal=0.0 , breaks=30  )

dev.copy2eps(file=paste(fname,"PostSlope.eps",sep=""))



# Display data with believable regression lines and posterior predictions.

windows()

par( mar=c(3,3,2,1)+0.5 , mgp=c(2.1,0.8,0) )

# Plot data values:

plot( x , y , cex=1.5 , lwd=2 , col="black" , xlim=xLim , ylim=yLim ,

      xlab=xName , ylab=yName , cex.lab=1.5 ,

      main="Data with credible regression lines" , cex.main=1.33  )

# Superimpose a smattering of believable regression lines:

for ( i in seq(from=1,to=length(b0),length=50) ) {

    abline( b0[i] , b1[i] , col="grey" )

}

dev.copy2eps(file=paste(fname,"DataLines.eps",sep=""))



# Display data with HDIs of posterior predictions.

windows()

par( mar=c(3,3,2,1)+0.5 , mgp=c(2.1,0.8,0) )

# Plot data values:

#yLim= c( min(c(yHDIlim,y)) , max(c(yHDIlim,y)) )

plot( x , y , cex=1.5 , lwd=2 , col="black" , xlim=xLim , ylim=yLim ,

      xlab=xName , ylab=yName , cex.lab=1.5 ,

      main="Data with 95% HDI & Mean of Posterior Predictions" , cex.main=1.33  )

# Superimpose posterior predicted 95% HDIs:

segments( xPostPred, yHDIlim[,1] , xPostPred, yHDIlim[,2] , lwd=3, col="grey" )

points( xPostPred , rowMeans( yPostPred ) , pch="+" , cex=2 , col="grey" )

dev.copy2eps(file=paste(fname,"DataPred.eps",sep=""))



#------------------------------------------------------------------------------








SolariLS2008data.txt

# Data from Solari, Liseo & Sun 2008

#

#    (Pompilj and Napolitani, 1954). An experiment is conducted 

#    to analyze the possible influence of some types of manuring 

#    on the ascorbic acid content in tomatoes. The treatments 

#    under study are nine manures obtained as different 

#    combinations of calcium nitrate and calcium superphosphate.

#

#    T1   T2   T3   T4   T5   T6   T7   T8   T9

#    7.12 4.42 6.49 8.07 8.05 5.09 5.87 6.57 4.13

#    7.16 5.68 8.09 2.86 5.82 4.57 5.36 5.08 7.31

#    4.57 5.15 8.79 6.84 2.47 6.06 5.85 5.95 4.47

#    3.79 3.83 8.44 6.85 3.28 4.87 6.27 7.51 2.53

#    4.20 3.30 6.11 4.12 5.38 4.52 5.96 3.79 3.96

#    5.84 4.44 5.17 3.32 3.98 5.08 4.95 4.33 5.30

#    5.56 3.51 8.13 1.74 6.08 4.29 5.85 3.70 2.66

#    5.02 4.60 7.58 1.74 6.28 6.19 4.70 5.21 4.12

#    3.69 4.85 6.47 1.57 5.72 3.45 1.53 4.48 3.54

#    2.99 4.84 5.45 3.02 2.88 5.85 3.88 5.17 2.98

#    4.99 5.45 6.18 5.08 6.40 2.51 2.88 4.69 5.08

#    2.16 4.71 4.34 4.96 4.58 4.93 2.07 2.12 5.15

Type Acid

1 7.12

1 7.16

1 4.57

1 3.79

1 4.20

1 5.84

1 5.56

1 5.02

1 3.69

1 2.99

1 4.99

1 2.16

2 4.42

2 5.68

2 5.15

2 3.83

2 3.30

2 4.44

2 3.51

2 4.60

2 4.85

2 4.84

2 5.45

2 4.71

3 6.49

3 8.09

3 8.79

3 8.44

3 6.11

3 5.17

3 8.13

3 7.58

3 6.47

3 5.45

3 6.18

3 4.34

4 8.07

4 2.86

4 6.84

4 6.85

4 4.12

4 3.32

4 1.74

4 1.74

4 1.57

4 3.02

4 5.08

4 4.96

5 8.05

5 5.82

5 2.47

5 3.28

5 5.38

5 3.98

5 6.08

5 6.28

5 5.72

5 2.88

5 6.40

5 4.58

6 5.09

6 4.57

6 6.06

6 4.87

6 4.52

6 5.08

6 4.29

6 6.19

6 3.45

6 5.85

6 2.51

6 4.93

7 5.87

7 5.36

7 5.85

7 6.27

7 5.96

7 4.95

7 5.85

7 4.70

7 1.53

7 3.88

7 2.88

7 2.07

8 6.57

8 5.08

8 5.95

8 7.51

8 3.79

8 4.33

8 3.70

8 5.21

8 4.48

8 5.17

8 4.69

8 2.12

9 4.13

9 7.31

9 4.47

9 2.53

9 3.96

9 5.30

9 2.66

9 4.12

9 3.54

9 2.98

9 5.08

9 5.15






Systems.Rdata

Systems.Rdata









SystemsBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

# BUGS model specification begins here...

model {

    for( i in 1 : Ndata ) {

        y[i] ~ dnorm( mu[ subj[i] ] , tau[ subj[i] ] )

    }

    for ( j in 1 : Nsubj ) {

        mu[j] ~ dnorm( muG , tauG )

        tau[j] ~ dgamma( sG , rG )

    }

    muG ~ dnorm( 2.3 , 0.1 )

    tauG ~ dgamma( 1 , .5 )

    sG <- pow(m,2) / pow(d,2)

    rG <- m / pow(d,2)

    m ~ dgamma( 1 , .25 )

    d ~ dgamma( 1 , .5 )

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Load the aircraft data:

load( "Systems.Rdata" ) # loads dataMat

nSubj = length( unique( dataMat[,"Aircraft"] ) )

# Transform the data:

DaysTransf = dataMat[,"Days"]^(1/5)

dataMat = cbind( dataMat , DaysTransf )

colnames( dataMat ) = c( colnames( dataMat )[1:3] , "DaysTransf" )



# Specify data, as a list.

datalist = list(

    y = dataMat[,"DaysTransf"] ,

    subj = dataMat[,"Aircraft"] ,

    Ndata = NROW(dataMat) ,

    Nsubj = nSubj

)

# Get the data into BRugs: (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# First, compile the model:

nchain = 10

modelCompile( numChains = nchain )



modelGenInits() # works when the priors are not too flat



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 1000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "muG" , "tauG" , "mu" , "tau" , "m" , "d" ) )

stepsPerChain = ceiling(10000/nchain)

thinStep = 100

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")

filenamert = "SystemsBrugs"



# Examine chains for convergence and autocorrelation:

muSum = plotChains( "muG" , saveplots=F , filenameroot=filenamert )

tauSum = plotChains( "tauG" , saveplots=F , filenameroot=filenamert )

mSum = plotChains( "m" , saveplots=F , filenameroot=filenamert )

dSum = plotChains( "d" , saveplots=F , filenameroot=filenamert )

mu1Sum = plotChains( "mu[1]" , saveplots=F , filenameroot=filenamert )

tau1Sum = plotChains( "tau[1]" , saveplots=F , filenameroot=filenamert )



# Extract chains from BUGS into R:

muGsample = samplesSample( "muG" )

tauGsample = samplesSample( "tauG" )

mSample = samplesSample( "m" )

dSample = samplesSample( "d" )

muSample = NULL

tauSample = NULL

for ( sIdx in 1:nSubj ) {

    muSample = rbind( muSample , samplesSample( paste("mu[",sIdx,"]",sep="") ) )

    tauSample = rbind( tauSample , samplesSample( paste("tau[",sIdx,"]",sep="") ) )

}



# Plot the aircraft mu:

windows(15,6)

layout( matrix( 1:nSubj , nrow=2 , byrow=T ) )

for ( sIdx in 1:nSubj ) {

    plotPost( muSample[sIdx,] , xlab=bquote(mu[.(sIdx)]) )

}

dev.copy2eps(file=paste(filenamert,"PostMu.eps",sep=""))



# Plot the aircraft tau:

windows(15,6)

layout( matrix( 1:nSubj , nrow=2 , byrow=T ) )

for ( sIdx in 1:nSubj ) {

    plotPost( tauSample[sIdx,] , xlab=bquote(tau[.(sIdx)]) , HDItextPlace=.3 )

}

dev.copy2eps(file=paste(filenamert,"PostTau.eps",sep=""))



# Plot the hyperdistributions:

windows(15,3)

layout( matrix(1:4,ncol=4) )

plotPost( muGsample , xlab=expression(mu[G]) , breaks=30 )

plotPost( tauGsample , xlab=expression(tau[G]) , breaks=30 )

plotPost( mSample , xlab=expression(m) , breaks=30 )

plotPost( dSample , xlab=expression(d) , breaks=30 , HDItextPlace=.1 )

dev.copy2eps(file=paste(filenamert,"PostHyper.eps",sep=""))



#------------------------------------------------------------------------------






ToyModelComp.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

   for ( i in 1:nFlip ) {

      # Likelihood:

      y[i] ~ dbern( theta )

   }

   # Prior

   theta <- ( (2-mdlIdx) * 1/(1+exp( -nu )) # theta from model index 1

            + (mdlIdx-1) * exp( -eta ) )    # theta from model index 2

   nu ~ dnorm(0,.1)      #  0,.1  vs  1,1

   eta ~ dgamma(.1,.1)   # .1,.1  vs  1,1

   # Hyperprior on model index:

   mdlIdx ~ dcat( modelProb[] )

   modelProb[1] <- .5

   modelProb[2] <- .5

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in a form that is compatible with BRugs model, as a list:

N = 30

z = 8

datalist = list(

   y = c( rep(1,z) , rep(0,N-z) ) ,

   nFlip = N

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 1

modelCompile( numChains=nchain )

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 1000

modelUpdate( burninSteps )

samplesSet( c("theta","nu","eta","mdlIdx") )

nPerChain = 10000

modelUpdate( nPerChain , thin=5 ) # takes nPerChain * thin steps



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



filenamebase = "ToyModelComp1"



modelIdxSample = samplesSample( "mdlIdx" )

pM1 = sum( modelIdxSample == 1 ) / length( modelIdxSample )

pM2 = 1 - pM1

string1 =paste("p(M1|D)=",round(pM1,3),sep="")

string2 =paste("p(M2|D)=",round(pM2,3),sep="")

windows(10,4)

plot( 1:length(modelIdxSample) , modelIdxSample , type="l" ,

      xlab="Step in Markov chain" , ylab="Model Index (1, 2)" ,

      main=paste(string1,", ",string2,sep="") )

dev.copy2eps(file=paste(filenamebase,"_mdlIdx",".eps",sep=""))



thetaSampleM1 = samplesSample( "theta" )[ modelIdxSample == 1 ]

thetaSampleM2 = samplesSample( "theta" )[ modelIdxSample == 2 ]

source("plotPost.R")

windows()

layout( matrix(1:2,nrow=2) )

h1 = plotPost( thetaSampleM1 , main="Post. theta for M1" , breaks=21 )

h2 = plotPost( thetaSampleM2 , main="Post. theta for M2" , breaks=21 )

dev.copy2eps(file=paste(filenamebase,"_theta",".eps",sep=""))



nuSampleM1 = samplesSample( "nu" )[ modelIdxSample == 1 ]

etaSampleM2 = samplesSample( "eta" )[ modelIdxSample == 2 ]

windows()

layout( matrix(1:2,nrow=2) )

h1 = plotPost( nuSampleM1 ,

               main=bquote("p("*nu*"|D,M1), with p(M1|D)="*.(round(pM1,3))) ,

               breaks=21 , xlab=expression(nu) , xlim=c(-3,4) )

h2 = plotPost( etaSampleM2 ,

               main=bquote("p("*eta*"|D,M2), with p(M2|D)="*.(round(pM2,3))) ,

               breaks=seq(0,50,.25) , xlab=expression(eta) , xlim=c(0,7) )

dev.copy2eps(file=paste(filenamebase,"_nu_eta",".eps",sep=""))






YmetricXsingleBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.

modelstring = "

# BUGS model specification begins here...

model {

    # Likelihood:

    for( i in 1 : N ) {

        y[i] ~ dnorm( mu , tau ) # tau is precision, not SD

    }

    # Prior:

    tau ~ dgamma( 0.01 , 0.01 )

    mu ~ dnorm( 0 , 1.0E-10 )

}

# ... end BUGS model specification

" # close quote for modelstring

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Generate random data from known parameter values:

set.seed(47405)

trueM = 100

trueSD = 15

y = round( rnorm( n=500 , mean=trueM , sd=trueSD ) ) # R dnorm uses mean and SD



datalist = list(

    y = y ,

    N = length( y )

)



# Get the data into BRugs: (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



nchain = 3

modelCompile( numChains = nchain )



automaticInit = F # TRUE or FALSE

if ( automaticInit ) {

    modelGenInits()  # automatically initialize chains from prior

} else {

    genInitList <- function() { # manually initialize chains near the data

        list( mu = mean( datalist$y ) ,

              tau = 1 / sd( datalist$y )^2 )

    }

    for ( chainIdx in 1 : nchain ) {

        modelInits( bugsInits( genInitList ) )

    }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 500

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "mu" , "tau" ) )

stepsPerChain = 2000

thinStep = 1

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



filenamert = "YmetricXsingleBrugs"



source("plotChains.R")

muSum = plotChains( "mu" , saveplots=F , filenamert )

sigmaSum = plotChains( "tau" , saveplots=F , filenamert )



muSample = samplesSample( "mu" )

tauSample = samplesSample( "tau" )

sigmaSample <- 1 / sqrt( tauSample ) # Convert precision to SD



source("plotPost.R")

windows()

plotPost( muSample , xlab="mu" , breaks=30 , main="Posterior" )

dev.copy2eps(file=paste(filenamert,"PostMu.eps",sep=""))



nPts = length(muSample) ; nPtsForDisplay = min( nPts , 2000 )

thinIdx = seq( 1 , nPts , nPts / nPtsForDisplay )

windows()

plot( muSample[thinIdx] , sigmaSample[thinIdx] , col="gray" ,

      xlab="mu" , ylab="sigma" , cex.lab=1.5 , main="Posterior" , log="y" )

points( mean(muSample) , mean(sigmaSample) , pch="+" , cex=2 )

text( mean(muSample) , mean(sigmaSample) ,

      bquote( .(round(mean(muSample),1)) *"  "* .(round(mean(sigmaSample),1)) ),

      adj=c(.5,-0.5) )

dev.copy2eps(file=paste(filenamert,"PostMuSigma.eps",sep=""))



#------------------------------------------------------------------------------






ANOVAonewayBRugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "ANOVAonewayBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    y[i] ~ dnorm( mu[i] , tau )

    mu[i] <- a0 + a[x[i]]

  }

  #

  tau <- pow( sigma , -2 )

  sigma ~ dunif(0,10) # y values are assumed to be standardized

  #

  a0 ~ dnorm(0,0.001) # y values are assumed to be standardized

  #

  for ( j in 1:NxLvl ) { a[j] ~ dnorm( 0.0 , atau ) }

  atau <- 1 / pow( aSD , 2 )

  aSD <- abs( aSDunabs ) + .1

  aSDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify data source:

dataSource = c( "McDonaldSK1991" , "SolariLS2008" , "Random" )[1]

# Load the data:



if ( dataSource == "McDonaldSK1991" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table( "McDonaldSK1991data.txt", header=T ,

                           colClasses=c("factor","numeric") )

  y = as.numeric(datarecord$Size)

  Ntotal = length(datarecord$Size)

  x = as.numeric(datarecord$Group)

  xnames = levels(datarecord$Group)

  NxLvl = length(unique(datarecord$Group))

  contrastList = list( BIGvSMALL = c(-1/3,-1/3,1/2,-1/3,1/2) ,

                       ORE1vORE2 = c(1,-1,0,0,0) ,

                       ALAvORE = c(-1/2,-1/2,1,0,0) ,

                       NPACvORE = c(-1/2,-1/2,1/2,1/2,0) ,

                       USAvRUS = c(1/3,1/3,1/3,-1,0) ,

                       FINvPAC = c(-1/4,-1/4,-1/4,-1/4,1) ,

                       ENGvOTH = c(1/3,1/3,1/3,-1/2,-1/2) ,

                       FINvRUS = c(0,0,0,-1,1) )

}



if ( dataSource == "SolariLS2008" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table("SolariLS2008data.txt", header=T ,

                           colClasses=c("factor","numeric") )

  y = as.numeric(datarecord$Acid)

  Ntotal = length(datarecord$Acid)

  x = as.numeric(datarecord$Type)

  xnames = levels(datarecord$Type)

  NxLvl = length(unique(datarecord$Type))

  contrastList = list( G3vOTHER = c(-1/8,-1/8,1,-1/8,-1/8,-1/8,-1/8,-1/8,-1/8) )

}



if ( dataSource == "Random" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #set.seed(47405)

  ysdtrue = 4.0

  a0true = 100

  atrue = c( 2 , -2 ) # sum to zero

  npercell = 8

  datarecord = matrix( 0, ncol=2 , nrow=length(atrue)*npercell )

  colnames(datarecord) = c("y","x")

  rowidx = 0

  for ( xidx in 1:length(atrue) ) {

    for ( subjidx in 1:npercell ) {

      rowidx = rowidx + 1

      datarecord[rowidx,"x"] = xidx

      datarecord[rowidx,"y"] = ( a0true + atrue[xidx] + rnorm(1,0,ysdtrue) )

    }

  }

  datarecord = data.frame( y=datarecord[,"y"] , x=as.factor(datarecord[,"x"]) )

  y = as.numeric(datarecord$y)

  Ntotal = length(y)

  x = as.numeric(datarecord$x)

  xnames = levels(datarecord$x)

  NxLvl = length(unique(x))

  # Construct list of all pairwise comparisons, to compare with NHST TukeyHSD:

  contrastList = NULL

  for ( g1idx in 1:(NxLvl-1) ) {

    for ( g2idx in (g1idx+1):NxLvl ) {

      cmpVec = rep(0,NxLvl)

      cmpVec[g1idx] = -1

      cmpVec[g2idx] = 1

      contrastList = c( contrastList , list( cmpVec ) )

    }

  }

}



# Specify the data in a form that is compatible with BRugs model, as a list:

ySDorig = sd(y)

yMorig = mean(y)

z = ( y - yMorig ) / ySDorig

datalist = list(

  y = z ,

  x = x ,

  Ntotal = Ntotal ,

  NxLvl = NxLvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains (on serial CPUs).

nchain = 5

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( y=datalist$y , x=factor(x,labels=xnames) )

  a0 = mean( theData$y )

  a = aggregate( theData$y , list( theData$x ) , mean )[,2] - a0

  ssw = aggregate( theData$y , list( theData$x ) ,

                  function(x){var(x)*(length(x)-1)} )[,2]

  sp = sqrt( sum( ssw ) / length( theData$y ) )

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a = a ,

            sigma = sp ,

            aSDunabs = sd(a)

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 10000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a" , "sigma" , "aSD" ) )

stepsPerChain = ceiling(5000/nchain)

thinStep = 750

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = T

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=T , filenameroot=fnroot )

   sumInfo = plotChains( "a" , saveplots=T , filenameroot=fnroot )

   sumInfo = plotChains( "sigma" , saveplots=T , filenameroot=fnroot )

   sumInfo = plotChains( "aSD" , saveplots=T , filenameroot=fnroot )

}



# Extract and plot the SDs:

sigmaSample = samplesSample("sigma")

aSDSample = samplesSample("aSD")

windows()

layout( matrix(1:2,nrow=2) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

plotPost( sigmaSample , xlab="sigma" , main="Cell SD" , breaks=30 )

plotPost( aSDSample , xlab="aSD" , main="a SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

aSample = array( 0 , dim=c( datalist$NxLvl , chainLength ) )

for ( xidx in 1:datalist$NxLvl ) {

   aSample[xidx,] = samplesSample( paste("a[",xidx,"]",sep="") )

}



# Convert to zero-centered b values:

mSample = array( 0, dim=c( datalist$NxLvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    mSample[,stepIdx ] = ( a0Sample[stepIdx] + aSample[,stepIdx] )

}

b0Sample = apply( mSample , 2 , mean )

bSample = mSample - matrix(rep( b0Sample ,NxLvl),nrow=NxLvl,byrow=T)

# Convert from standardized b values to original scale b values:

b0Sample = b0Sample * ySDorig + yMorig

bSample = bSample * ySDorig



# Plot b values:

windows(datalist$NxLvl*2.75,2.5)

layout( matrix( 1:datalist$NxLvl , nrow=1 ) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

for ( xidx in 1:datalist$NxLvl ) {

    plotPost( bSample[xidx,] , breaks=30 ,

              xlab=bquote(beta*1[.(xidx)]) ,

              main=paste("x:",xnames[xidx])  )

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Display contrast analyses

nContrasts = length( contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% bSample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , xnames[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X Contrast:", names(contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"xContrasts.eps",sep=""))

}



#==============================================================================

# Do NHST ANOVA and t tests:



theData = data.frame( y=y , x=factor(x,labels=xnames) )

aovresult = aov( y ~ x , data = theData ) # NHST ANOVA

cat("\n------------------------------------------------------------------\n\n")

print( summary( aovresult ) )

cat("\n------------------------------------------------------------------\n\n")

print( model.tables( aovresult , "means" ) , digits=4 )

windows()

boxplot( y ~ x , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( TukeyHSD( aovresult , "x" , ordered = FALSE ) )

windows()

plot( TukeyHSD( aovresult , "x" ) )

if ( T ) {

  for ( xIdx1 in 1:(NxLvl-1) ) {

    for ( xIdx2 in (xIdx1+1):NxLvl ) {

      cat("\n----------------------------------------------------------\n\n")

      cat( "xIdx1 = " , xIdx1 , ", xIdx2 = " , xIdx2 ,

           ", M2-M1 = " , mean(y[x==xIdx2])-mean(y[x==xIdx1]) , "\n" )

      print( t.test( y[x==xIdx2] , y[x==xIdx1] , var.equal=T ) ) # t test

    }

  }

}

cat("\n------------------------------------------------------------------\n\n")



#==============================================================================








ANOVAonewayNonhomogvarBrugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "ANOVAonewayNonhomogvarBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    y[i] ~ dnorm( mu[i] , tau[x[i]] )

    mu[i] <- a0 + a[x[i]]

  }

  a0 ~ dnorm(0,0.001)

  for ( j in 1:NxLvl ) {

     a[j] ~ dnorm( 0.0 , atau ) 

     tau[j] ~ dgamma( sG , rG ) 

  }

  sG <- pow(m,2)/pow(d,2)

  rG <- m/pow(d,2)

  m ~ dgamma(1,1)

  d ~ dgamma(1,1)

  atau <- 1 / pow( aSD , 2 )

  aSD <- abs( aSDunabs ) + .1

  aSDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify data source:

dataSource = c( "McDonaldSK1991" , "SolariLS2008" , "Random" )[1]

# Load the data:



if ( dataSource == "McDonaldSK1991" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table( "McDonaldSK1991data.txt", header=T ,

                           colClasses=c("factor","numeric") )

  y = as.numeric(datarecord$Size)

  Ntotal = length(datarecord$Size)

  x = as.numeric(datarecord$Group)

  xnames = levels(datarecord$Group)

  NxLvl = length(unique(datarecord$Group))

  contrastList = list( BIGvSMALL = c(-1/3,-1/3,1/2,-1/3,1/2) ,

                       ORE1vORE2 = c(1,-1,0,0,0) ,

                       ALAvORE = c(-1/2,-1/2,1,0,0) ,

                       NPACvORE = c(-1/2,-1/2,1/2,1/2,0) ,

                       USAvRUS = c(1/3,1/3,1/3,-1,0) ,

                       FINvPAC = c(-1/4,-1/4,-1/4,-1/4,1) ,

                       ENGvOTH = c(1/3,1/3,1/3,-1/2,-1/2) ,

                       FINvRUS = c(0,0,0,-1,1) )

}



if ( dataSource == "SolariLS2008" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table("SolariLS2008data.txt", header=T ,

                           colClasses=c("factor","numeric") )

  y = as.numeric(datarecord$Acid)

  Ntotal = length(datarecord$Acid)

  x = as.numeric(datarecord$Type)

  xnames = levels(datarecord$Type)

  NxLvl = length(unique(datarecord$Type))

  contrastList = list( G3vOTHER = c(-1/8,-1/8,1,-1/8,-1/8,-1/8,-1/8,-1/8,-1/8) )

}



if ( dataSource == "Random" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  #set.seed(47405)

  ysdtrue = 4.0

  a0true = 100

  atrue = c( 2 , -2 ) # sum to zero

  npercell = 8

  datarecord = matrix( 0, ncol=2 , nrow=length(atrue)*npercell )

  colnames(datarecord) = c("y","x")

  rowidx = 0

  for ( xidx in 1:length(atrue) ) {

    for ( subjidx in 1:npercell ) {

      rowidx = rowidx + 1

      datarecord[rowidx,"x"] = xidx

      datarecord[rowidx,"y"] = ( a0true + atrue[xidx] + rnorm(1,0,ysdtrue) )

    }

  }

  datarecord = data.frame( y=datarecord[,"y"] , x=as.factor(datarecord[,"x"]) )

  y = as.numeric(datarecord$y)

  Ntotal = length(y)

  x = as.numeric(datarecord$x)

  xnames = levels(datarecord$x)

  NxLvl = length(unique(x))

  # Construct list of all pairwise comparisons, to compare with NHST TukeyHSD:

  contrastList = NULL

  for ( g1idx in 1:(NxLvl-1) ) {

    for ( g2idx in (g1idx+1):NxLvl ) {

      cmpVec = rep(0,NxLvl)

      cmpVec[g1idx] = -1

      cmpVec[g2idx] = 1

      contrastList = c( contrastList , list( cmpVec ) )

    }

  }

}



# Specify the data in a form that is compatible with BRugs model, as a list:

ySDorig = sd(y)

yMorig = mean(y)

z = ( y - yMorig ) / ySDorig

datalist = list(

  y = z ,

  x = x ,

  Ntotal = Ntotal ,

  NxLvl = NxLvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains (on serial CPUs).

nchain = 10

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( y=datalist$y , x=factor(x,labels=xnames) )

  a0 = mean( theData$y )

  a = aggregate( theData$y , list( theData$x ) , mean )[,2] - a0

  tau = 1/(aggregate( theData$y , list( theData$x ) , sd )[,2])^2

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a = a ,

            tau = tau ,

            m = mean( tau ) ,

            d = sd( tau ) ,

            aSDunabs = sd(a)

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 10000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a" , "tau", "m", "d", "aSD" ) )

stepsPerChain = ceiling(2000/nchain)

thinStep = 500 # 750

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = T

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "tau" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "m" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "d" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "aSD" , saveplots=F , filenameroot=fnroot )

}



# Extract and plot the SDs:

aSDSample = samplesSample("aSD")

windows()

layout( matrix(1:2,nrow=2) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

plotPost( aSDSample , xlab="aSD" , main="a SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a and tau values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

aSample = array( 0 , dim=c( datalist$NxLvl , chainLength ) )

for ( xidx in 1:datalist$NxLvl ) {

   aSample[xidx,] = samplesSample( paste("a[",xidx,"]",sep="") )

}

tauSample = array( 0 , dim=c( datalist$NxLvl , chainLength ) )

for ( xidx in 1:datalist$NxLvl ) {

   tauSample[xidx,] = samplesSample( paste("tau[",xidx,"]",sep="") )

}



# Convert a to zero-centered b values:

mSample = array( 0, dim=c( datalist$NxLvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    mSample[,stepIdx ] = ( a0Sample[stepIdx] + aSample[,stepIdx] )

}

b0Sample = apply( mSample , 2 , mean )

bSample = mSample - matrix(rep( b0Sample ,NxLvl),nrow=NxLvl,byrow=T)

# Convert from standardized b values to original scale b values:

b0Sample = b0Sample * ySDorig + yMorig

bSample = bSample * ySDorig



# Plot b values:

windows(datalist$NxLvl*2.75,2.5)

layout( matrix( 1:datalist$NxLvl , nrow=1 ) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

for ( xidx in 1:datalist$NxLvl ) {

    plotPost( bSample[xidx,] , breaks=30 ,

              xlab=bquote(beta*1[.(xidx)]) ,

              main=paste("x:",xnames[xidx])  )

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Plot tau values:

windows(datalist$NxLvl*2.75,2.5)

layout( matrix( 1:datalist$NxLvl , nrow=1 ) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

for ( xidx in 1:datalist$NxLvl ) {

    plotPost( tauSample[xidx,] , breaks=30 ,

              xlab=bquote(tau[.(xidx)]) ,

              main=paste("x:",xnames[xidx])  )

}

dev.copy2eps(file=paste(fnroot,"tau.eps",sep=""))



# Display contrast analyses

nContrasts = length( contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% bSample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , xnames[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X Contrast:", names(contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"xContrasts.eps",sep=""))

}








ANOVAtwowayBRugs.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "ANOVAtwowayBrugs"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    y[i] ~ dnorm( mu[i] , tau )

    mu[i] <- a0 + a1[x1[i]] + a2[x2[i]] + a1a2[x1[i],x2[i]]

  }

  #

  tau <- pow( sigma , -2 )

  sigma ~ dunif(0,10) # y values are assumed to be standardized

  #

  a0 ~ dnorm(0,0.001) # y values are assumed to be standardized

  #

  for ( j1 in 1:Nx1Lvl ) { a1[j1] ~ dnorm( 0.0 , a1tau ) }

  a1tau <- 1 / pow( a1SD , 2 )

  a1SD <- abs( a1SDunabs ) + .1

  a1SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j2 in 1:Nx2Lvl ) { a2[j2] ~ dnorm( 0.0 , a2tau ) }

  a2tau <- 1 / pow( a2SD , 2 )

  a2SD <- abs( a2SDunabs ) + .1

  a2SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j1 in 1:Nx1Lvl ) { for ( j2 in 1:Nx2Lvl ) {

    a1a2[j1,j2] ~ dnorm( 0.0 , a1a2tau )

  } }

  a1a2tau <- 1 / pow( a1a2SD , 2 )

  a1a2SD <- abs( a1a2SDunabs ) + .1

  a1a2SDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.

# Specify data source:

dataSource = c( "QianS2007" , "Salary" , "Random" , "Ex19.3" )[2]



# Load the data:

if ( dataSource == "QianS2007" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table( "QianS2007SeaweedData.txt" , header=TRUE , sep="," )

  # Logistic transform the COVER value:

  # Used by Appendix 3 of QianS2007 to replicate Ramsey and Schafer (2002).

  datarecord$COVER = -log( ( 100 / datarecord$COVER ) - 1 )

  y = as.numeric(datarecord$COVER)

  x1 = as.numeric(datarecord$TREAT)

  x1names = levels(datarecord$TREAT)

  x2 = as.numeric(datarecord$BLOCK)

  x2names = levels(datarecord$BLOCK)

  Ntotal = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = list( f_Effect=c( 1/2 , -1/2 , 0 , 1/2 , -1/2 , 0 ) ,

                         F_Effect=c( 0 , 1/2 , -1/2 , 0 , 1/2 , -1/2 ) ,

                         L_Effect=c( 1/3 , 1/3 , 1/3 , -1/3 , -1/3 , -1/3 ) )

  x2contrastList = NULL # list( vector(length=Nx2Lvl) )

  x1x2contrastList = NULL # list( matrix( 1:(Nx1Lvl*Nx2Lvl) , nrow=Nx1Lvl ) )

}



if ( dataSource == "Salary" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  datarecord = read.table( "Salary.csv" , header=TRUE , sep="," )

  y = as.numeric(datarecord$Salary)

  if ( F ) { # take log10 of salary

    y = log10( y )

    fnroot = paste( fnroot , "Log10" , sep="" )

  }

  x1 = as.numeric(datarecord$Org)

  x1names = levels(datarecord$Org)

  x2 = as.numeric(datarecord$Post)

  x2names = levels(datarecord$Post)

  Ntotal = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = list( BFINvCEDP = c( 1 , -1 , 0 , 0 ) ,

                         CEDPvTHTR = c( 0 , 1 , 0 , -1 ) )

  x2contrastList = list( FT1vFT2 = c( 1 , -1 , 0 ) , FT2vFT3 = c(0,1,-1) )

  x1x2contrastList = list(

           CHEMvTHTRxFT1vFT3 = outer( c(0,0,+1,-1) , c(+1,0,-1) ) ,

           BFINvOTHxFT1vOTH = outer( c(+1,-1/3,-1/3,-1/3) , c(+1,-1/2,-1/2) ) )

}



if ( dataSource == "Random" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  set.seed(47405)

  ysdtrue = 3.0

  a0true = 100

  a1true = c( 2 , 0 , -2 ) # sum to zero

  a2true = c( 3 , 1 , -1 , -3 ) # sum to zero

  a1a2true = matrix( c( 1,-1,0, -1,1,0, 0,0,0, 0,0,0 ),# row and col sum to zero

                     nrow=length(a1true) , ncol=length(a2true) , byrow=F )

  npercell = 8

  datarecord = matrix( 0, ncol=3 , nrow=length(a1true)*length(a2true)*npercell )

  colnames(datarecord) = c("y","x1","x2")

  rowidx = 0

  for ( x1idx in 1:length(a1true) ) {

    for ( x2idx in 1:length(a2true) ) {

      for ( subjidx in 1:npercell ) {

        rowidx = rowidx + 1

        datarecord[rowidx,"x1"] = x1idx

        datarecord[rowidx,"x2"] = x2idx

        datarecord[rowidx,"y"] = ( a0true + a1true[x1idx] + a2true[x2idx]

                                 + a1a2true[x1idx,x2idx] + rnorm(1,0,ysdtrue) )

      }

    }

  }

  datarecord = data.frame( y=datarecord[,"y"] ,

                           x1=as.factor(datarecord[,"x1"]) ,

                           x2=as.factor(datarecord[,"x2"]) )

  y = as.numeric(datarecord$y)

  x1 = as.numeric(datarecord$x1)

  x1names = levels(datarecord$x1)

  x2 = as.numeric(datarecord$x2)

  x2names = levels(datarecord$x2)

  Ntotal = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  x1contrastList = list( X1_1v3 = c( 1 , 0 , -1 ) ) #

  x2contrastList =  list( X2_12v34 = c( 1/2 , 1/2 , -1/2 , -1/2 ) ) #

  x1x2contrastList = list(

    IC_11v22 = outer( c(1,-1,0) , c(1,-1,0,0) ) ,

    IC_23v34 = outer( c(0,1,-1) , c(0,0,1,-1) )

  )

}



# Load the data:

if ( dataSource == "Ex19.3" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  y = c( 101,102,103,105,104, 104,105,107,106,108, 105,107,106,108,109, 109,108,110,111,112 )

  x1 = c( 1,1,1,1,1, 1,1,1,1,1, 2,2,2,2,2, 2,2,2,2,2 )

  x2 = c( 1,1,1,1,1, 2,2,2,2,2, 1,1,1,1,1, 2,2,2,2,2 )

  # S = c( 1,2,3,4,5, 1,2,3,4,5, 1,2,3,4,5, 1,2,3,4,5 )

  x1names = c("x1.1","x1.2")

  x2names = c("x2.1","x2.2")

  # Snames = c("S1","S2","S3","S4","S5")

  Ntotal = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  # NSLvl = length(unique(S))

  x1contrastList = list( X1.2vX1.1 = c( -1 , 1 ) )

  x2contrastList = list( X2.2vX2.1 = c( -1 , 1 ) )

  x1x2contrastList = NULL # list( matrix( 1:(Nx1Lvl*Nx2Lvl) , nrow=Nx1Lvl ) )

}



# Specify the data in a form that is compatible with BRugs model, as a list:

ySDorig = sd(y)

yMorig = mean(y)

z = ( y - yMorig ) / ySDorig

datalist = list(

  y = z ,

  x1 = x1 ,

  x2 = x2 ,

  Ntotal = Ntotal ,

  Nx1Lvl = Nx1Lvl ,

  Nx2Lvl = Nx2Lvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains.

nchain = 10

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( y=datalist$y , x1=factor(x1,labels=x1names) ,

                              x2=factor(x2,labels=x2names) )

  a0 = mean( theData$y )

  a1 = aggregate( theData$y , list( theData$x1 ) , mean )[,2] - a0

  a2 = aggregate( theData$y , list( theData$x2 ) , mean )[,2] - a0

  linpred = as.vector( outer( a1 , a2 , "+" ) + a0 )

  a1a2 = aggregate( theData$y, list(theData$x1,theData$x2), mean)[,3] - linpred

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a1 = a1 ,

            a2 = a2 ,

            a1a2 = matrix( a1a2 , nrow=Nx1Lvl , ncol=Nx2Lvl ) ,

            sigma = sd(theData$y)/2 , # lazy

            a1SDunabs = sd(a1) ,

            a2SDunabs = sd(a2) ,

            a1a2SDunabs = sd(a1a2)

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 10000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a1" ,  "a2" ,  "a1a2" ,

               "sigma" , "a1SD" , "a2SD" , "a1a2SD" ) )

stepsPerChain = ceiling(2000/nchain)

thinStep = 500 # 750

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

   sumInfo = plotChains( "sigma" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2SD" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

}



# Extract and plot the SDs:

sigmaSample = samplesSample("sigma")

a1SDSample = samplesSample("a1SD")

a2SDSample = samplesSample("a2SD")

a1a2SDSample = samplesSample("a1a2SD")

windows()

layout( matrix(1:4,nrow=2) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

plotPost( sigmaSample , xlab="sigma" , main="Cell SD" , breaks=30 )

plotPost( a1SDSample , xlab="a1SD" , main="a1 SD" , breaks=30 )

plotPost( a2SDSample , xlab="a2SD" , main="a2 SD" , breaks=30 )

plotPost( a1a2SDSample , xlab="a1a2SD" , main="Interaction SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

a1Sample = array( 0 , dim=c( datalist$Nx1Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

   a1Sample[x1idx,] = samplesSample( paste("a1[",x1idx,"]",sep="") )

}

a2Sample = array( 0 , dim=c( datalist$Nx2Lvl , chainLength ) )

for ( x2idx in 1:datalist$Nx2Lvl ) {

   a2Sample[x2idx,] = samplesSample( paste("a2[",x2idx,"]",sep="") )

}

a1a2Sample = array(0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  for ( x2idx in 1:datalist$Nx2Lvl ) {

    a1a2Sample[x1idx,x2idx,] = samplesSample( paste( "a1a2[",x1idx,",",x2idx,"]",

                                                     sep="" ) )

  }

}



# Convert to zero-centered b values:

m12Sample = array( 0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

    m12Sample[,,stepIdx ] = ( a0Sample[stepIdx]

                            + outer( a1Sample[,stepIdx] ,

                                     a2Sample[,stepIdx] , "+" )

                            + a1a2Sample[,,stepIdx] )

}

b0Sample = apply( m12Sample , 3 , mean )

b1Sample = ( apply( m12Sample , c(1,3) , mean )

           - matrix(rep( b0Sample ,Nx1Lvl),nrow=Nx1Lvl,byrow=T) )

b2Sample = ( apply( m12Sample , c(2,3) , mean )

           - matrix(rep( b0Sample ,Nx2Lvl),nrow=Nx2Lvl,byrow=T) )

linpredSample = array(0,dim=c(datalist$Nx1Lvl,datalist$Nx2Lvl,chainLength))

for ( stepIdx in 1:chainLength ) {

    linpredSample[,,stepIdx ] = ( b0Sample[stepIdx]

                                + outer( b1Sample[,stepIdx] ,

                                         b2Sample[,stepIdx] , "+" ) )

}

b1b2Sample = m12Sample - linpredSample

# Convert from standardized b values to original scale b values:

b0Sample = b0Sample * ySDorig + yMorig

b1Sample = b1Sample * ySDorig

b2Sample = b2Sample * ySDorig

b1b2Sample = b1b2Sample * ySDorig



# Plot b values:

windows((datalist$Nx1Lvl+1)*2.75,(datalist$Nx2Lvl+1)*2.0)

layoutMat = matrix( 0 , nrow=(datalist$Nx2Lvl+1) , ncol=(datalist$Nx1Lvl+1) )

layoutMat[1,1] = 1

layoutMat[1,2:(datalist$Nx1Lvl+1)] = 1:datalist$Nx1Lvl + 1

layoutMat[2:(datalist$Nx2Lvl+1),1] = 1:datalist$Nx2Lvl + (datalist$Nx1Lvl + 1)

layoutMat[2:(datalist$Nx2Lvl+1),2:(datalist$Nx1Lvl+1)] = matrix(

    1:(datalist$Nx1Lvl*datalist$Nx2Lvl) + (datalist$Nx2Lvl+datalist$Nx1Lvl+1) ,

    ncol=datalist$Nx1Lvl , byrow=T )

layout( layoutMat )

par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

histinfo = plotPost( b0Sample , xlab=expression(beta * 0) , main="Baseline" ,

                     breaks=30  )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  histinfo = plotPost( b1Sample[x1idx,] , xlab=bquote(beta*1[.(x1idx)]) ,

                       main=paste("x1:",x1names[x1idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  histinfo = plotPost( b2Sample[x2idx,] , xlab=bquote(beta*2[.(x2idx)]) ,

                       main=paste("x2:",x2names[x2idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  for ( x1idx in 1:datalist$Nx1Lvl ) {

    histinfo = plotPost( b1b2Sample[x1idx,x2idx,] , breaks=30 ,

              xlab=bquote(beta*12[.(x1idx)*","*.(x2idx)]) ,

              main=paste("x1:",x1names[x1idx],", x2:",x2names[x2idx])  )

  }

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Display contrast analyses

nContrasts = length( x1contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x1contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b1Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x1names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X1 Contrast:", names(x1contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1Contrasts.eps",sep=""))

}

#

nContrasts = length( x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x2contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b2Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x2names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X2 Contrast:", names(x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x2Contrasts.eps",sep=""))

}

#

nContrasts = length( x1x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = x1x2contrastList[[cIdx]]

       contrastArr = array( rep(contrast,chainLength) ,

                            dim=c(NROW(contrast),NCOL(contrast),chainLength) )

       contrastLab = ""

       for ( x1idx in 1:Nx1Lvl ) {

         for ( x2idx in 1:Nx2Lvl ) {

           if ( contrast[x1idx,x2idx] != 0 ) {

             contrastLab = paste( contrastLab , "+" ,

                                  signif(contrast[x1idx,x2idx],2) ,

                                  x1names[x1idx] , x2names[x2idx] )

           }

         }

       }

       histInfo = plotPost( apply( contrastArr * b1b2Sample , 3 , sum ) ,

                compVal=0 , breaks=30 , xlab=contrastLab , cex.lab = 0.75 ,

                main=paste( names(x1x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1x2Contrasts.eps",sep=""))

}



#==============================================================================

# Do NHST ANOVA:



theData = data.frame( y=y , x1=factor(x1,labels=x1names) ,

                            x2=factor(x2,labels=x2names) )

windows()

interaction.plot( theData$x1 , theData$x2 , theData$y , type="b" )

dev.copy2eps(file=paste(fnroot,"DataPlot.eps",sep=""))

aovresult = aov( y ~ x1 * x2 , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( summary( aovresult ) )

cat("\n------------------------------------------------------------------\n\n")

print( model.tables( aovresult , type = "effects", se = TRUE ) , digits=3 )

cat("\n------------------------------------------------------------------\n\n")



#==============================================================================








ANOVAtwowayBRugsWithinSubj.R

graphics.off()

rm(list=ls(all=TRUE))

fnroot = "ANOVAtwowayBrugsWithinSubj"

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

  for ( i in 1:Ntotal ) {

    y[i] ~ dnorm( mu[i] , tau )

    mu[i] <- a0 + a1[x1[i]] + a2[x2[i]] + a1a2[x1[i],x2[i]] + aS[S[i]]

  }

  #

  tau <- pow( sigma , -2 )

  sigma ~ dunif(0,10) # y values are assumed to be standardized

  #

  a0 ~ dnorm(0,0.001) # y values are assumed to be standardized

  #

  for ( j1 in 1:Nx1Lvl ) { a1[j1] ~ dnorm( 0.0 , a1tau ) }

  a1tau <- 1 / pow( a1SD , 2 )

  a1SD <- abs( a1SDunabs ) + .1

  a1SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j2 in 1:Nx2Lvl ) { a2[j2] ~ dnorm( 0.0 , a2tau ) }

  a2tau <- 1 / pow( a2SD , 2 )

  a2SD <- abs( a2SDunabs ) + .1

  a2SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( j1 in 1:Nx1Lvl ) { for ( j2 in 1:Nx2Lvl ) {

    a1a2[j1,j2] ~ dnorm( 0.0 , a1a2tau )

  } }

  a1a2tau <- 1 / pow( a1a2SD , 2 )

  a1a2SD <- abs( a1a2SDunabs ) + .1

  a1a2SDunabs ~ dt( 0 , 0.001 , 2 )

  #

  for ( jS in 1:NSLvl ) { aS[jS] ~ dnorm( 0.0 , aStau ) }

  aStau <- 1 / pow( aSSD , 2 )

  aSSD <- abs( aSSDunabs ) + .1

  aSSDunabs ~ dt( 0 , 0.001 , 2 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file, and send to BUGS:

writeLines(modelstring,con="model.txt")

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.

# Specify data source:

dataSource = c( "Ex19.3" )[1]



# Load the data:

if ( dataSource == "Ex19.3" ) {

  fnroot = paste( fnroot , dataSource , sep="" )

  y = c( 101,102,103,105,104, 104,105,107,106,108, 105,107,106,108,109, 109,108,110,111,112 )

  x1 = c( 1,1,1,1,1, 1,1,1,1,1, 2,2,2,2,2, 2,2,2,2,2 )

  x2 = c( 1,1,1,1,1, 2,2,2,2,2, 1,1,1,1,1, 2,2,2,2,2 )

  S = c( 1,2,3,4,5, 1,2,3,4,5, 1,2,3,4,5, 1,2,3,4,5 )

  x1names = c("x1.1","x1.2")

  x2names = c("x2.1","x2.2")

  Snames = c("S1","S2","S3","S4","S5")

  Ntotal = length(y)

  Nx1Lvl = length(unique(x1))

  Nx2Lvl = length(unique(x2))

  NSLvl = length(unique(S))

  x1contrastList = list( X1.2vX1.1 = c( -1 , 1 ) )

  x2contrastList = list( X2.2vX2.1 = c( -1 , 1 ) )

  x1x2contrastList = NULL # list( matrix( 1:(Nx1Lvl*Nx2Lvl) , nrow=Nx1Lvl ) )

}



# Specify the data in a form that is compatible with BRugs model, as a list:

ySDorig = sd(y)

yMorig = mean(y)

z = ( y - yMorig ) / ySDorig

datalist = list(

  y = z ,

  x1 = x1 ,

  x2 = x2 ,

  S = S ,

  Ntotal = Ntotal ,

  Nx1Lvl = Nx1Lvl ,

  Nx2Lvl = Nx2Lvl ,

  NSLvl = NSLvl

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



# Autocorrelation within chains is large, so use several chains to reduce

# degree of thinning. But we still have to burn-in all the chains, which takes

# more time with more chains.

nchain = 10

modelCompile( numChains = nchain )



if ( F ) {

   modelGenInits() # often won't work for diffuse prior

} else {

  #  initialization based on data

  theData = data.frame( y=datalist$y , x1=factor(x1,labels=x1names) ,

                        x2=factor(x2,labels=x2names) , S=factor(S,labels=Snames) )

  a0 = mean( theData$y )

  a1 = aggregate( theData$y , list( theData$x1 ) , mean )[,2] - a0

  a2 = aggregate( theData$y , list( theData$x2 ) , mean )[,2] - a0

  aS = aggregate( theData$y , list( theData$S ) , mean )[,2] - a0

  linpred = as.vector( outer( a1 , a2 , "+" ) + a0 )

  a1a2 = aggregate( theData$y, list(theData$x1,theData$x2), mean)[,3] - linpred

  genInitList <- function() {

    return(

        list(

            a0 = a0 ,

            a1 = a1 ,

            a2 = a2 ,

            aS = aS ,

            a1a2 = matrix( a1a2 , nrow=Nx1Lvl , ncol=Nx2Lvl ) ,

            sigma = sd(theData$y)/2 , # lazy

            a1SDunabs = sd(a1) ,

            a2SDunabs = sd(a2) ,

            a1a2SDunabs = sd(a1a2) ,

            aSSDunabs = sd(aS)

        )

    )

  }

  for ( chainIdx in 1 : nchain ) {

    modelInits( bugsInits( genInitList ) )

  }

}



#------------------------------------------------------------------------------

# RUN THE CHAINS



# burn in

BurnInSteps = 10000

modelUpdate( BurnInSteps )

# actual samples

samplesSet( c( "a0" ,  "a1" ,  "a2" ,  "a1a2" , "aS" ,

               "sigma" , "a1SD" , "a2SD" , "a1a2SD" , "aSSD" ) )

stepsPerChain = ceiling(2000/nchain)

thinStep = 100 # 500

modelUpdate( stepsPerChain , thin=thinStep )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS



source("plotChains.R")

source("plotPost.R")



checkConvergence = F

if ( checkConvergence ) {

   sumInfo = plotChains( "a0" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "aS" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

   sumInfo = plotChains( "sigma" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a2SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "a1a2SD" , saveplots=F , filenameroot=fnroot )

   sumInfo = plotChains( "aSSD" , saveplots=F , filenameroot=fnroot )

   readline("Press any key to clear graphics and continue")

   graphics.off()

}



# Extract and plot the SDs:

sigmaSample = samplesSample("sigma")

a1SDSample = samplesSample("a1SD")

a2SDSample = samplesSample("a2SD")

a1a2SDSample = samplesSample("a1a2SD")

aSSDSample = samplesSample("aSSD")

windows()

layout( matrix(1:6,nrow=2) )

par( mar=c(3,1,2.5,0) , mgp=c(2,0.7,0) )

plotPost( sigmaSample , xlab="sigma" , main="Cell SD" , breaks=30 )

plotPost( a1SDSample , xlab="a1SD" , main="a1 SD" , breaks=30 )

plotPost( a2SDSample , xlab="a2SD" , main="a2 SD" , breaks=30 )

plotPost( a1a2SDSample , xlab="a1a2SD" , main="Interaction SD" , breaks=30 )

plotPost( aSSDSample , xlab="aSSD" , main="aS SD" , breaks=30 )

dev.copy2eps(file=paste(fnroot,"SD.eps",sep=""))



# Extract a values:

a0Sample = samplesSample( "a0" )

chainLength = length(a0Sample)

a1Sample = array( 0 , dim=c( datalist$Nx1Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

   a1Sample[x1idx,] = samplesSample( paste("a1[",x1idx,"]",sep="") )

}

a2Sample = array( 0 , dim=c( datalist$Nx2Lvl , chainLength ) )

for ( x2idx in 1:datalist$Nx2Lvl ) {

   a2Sample[x2idx,] = samplesSample( paste("a2[",x2idx,"]",sep="") )

}

a1a2Sample = array(0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl , chainLength ) )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  for ( x2idx in 1:datalist$Nx2Lvl ) {

    a1a2Sample[x1idx,x2idx,] = samplesSample( paste( "a1a2[",x1idx,",",x2idx,"]",

                                                     sep="" ) )

  }

}

aSSample = array( 0 , dim=c( datalist$NSLvl , chainLength ) )

for ( Sidx in 1:datalist$NSLvl ) {

   aSSample[Sidx,] = samplesSample( paste("aS[",Sidx,"]",sep="") )

}



# Convert the a values to zero-centered b values.

# m12Sample is predicted cell means at every step in MCMC chain:

m12Sample = array( 0, dim=c( datalist$Nx1Lvl , datalist$Nx2Lvl ,

                             datalist$NSLvl , chainLength ) )

for ( stepIdx in 1:chainLength ) {

  for ( a1idx in 1:Nx1Lvl ) {

    for ( a2idx in 1:Nx2Lvl ) {

      for ( aSidx in 1:NSLvl ) {

        m12Sample[ a1idx , a2idx , aSidx , stepIdx ] = (

           a0Sample[stepIdx]

           + a1Sample[a1idx,stepIdx]

           + a2Sample[a2idx,stepIdx]

           + a1a2Sample[a1idx,a2idx,stepIdx]

           + aSSample[aSidx,stepIdx] )

      }

    }

  }

}



# b0Sample is mean of the cell means at every step in chain:

b0Sample = apply( m12Sample , 4 , mean )

# b1Sample is deflections of factor 1 marginal means from b0Sample:

b1Sample = ( apply( m12Sample , c(1,4) , mean )

           - matrix(rep( b0Sample ,Nx1Lvl),nrow=Nx1Lvl,byrow=T) )

# b2Sample is deflections of factor 2 marginal means from b0Sample:

b2Sample = ( apply( m12Sample , c(2,4) , mean )

           - matrix(rep( b0Sample ,Nx2Lvl),nrow=Nx2Lvl,byrow=T) )

# bSSample is deflections of factor S marginal means from b0Sample:

bSSample = ( apply( m12Sample , c(3,4) , mean )

           - matrix(rep( b0Sample ,NSLvl),nrow=NSLvl,byrow=T) )

# linpredSample is linear combination of the marginal effects:

linpredSample = 0*m12Sample

for ( stepIdx in 1:chainLength ) {

  for ( a1idx in 1:Nx1Lvl ) {

    for ( a2idx in 1:Nx2Lvl ) {

      for ( aSidx in 1:NSLvl ) {

        linpredSample[a1idx,a2idx,aSidx,stepIdx ] = (

           b0Sample[stepIdx]

           + b1Sample[a1idx,stepIdx]

           + b2Sample[a2idx,stepIdx]

           + bSSample[aSidx,stepIdx] )

      }

    }

  }

}

# b1b2Sample is the interaction deflection, i.e., the difference

# between the cell means and the linear combination:

b1b2Sample = apply( m12Sample - linpredSample , c(1,2,4) , mean )



# Convert from standardized b values to original scale b values:

b0Sample = b0Sample * ySDorig + yMorig

b1Sample = b1Sample * ySDorig

b2Sample = b2Sample * ySDorig

bSSample = bSSample * ySDorig

b1b2Sample = b1b2Sample * ySDorig



# Plot b values:

windows((datalist$Nx1Lvl+1)*2.75,(datalist$Nx2Lvl+1)*2.0)

layoutMat = matrix( 0 , nrow=(datalist$Nx2Lvl+1) , ncol=(datalist$Nx1Lvl+1) )

layoutMat[1,1] = 1

layoutMat[1,2:(datalist$Nx1Lvl+1)] = 1:datalist$Nx1Lvl + 1

layoutMat[2:(datalist$Nx2Lvl+1),1] = 1:datalist$Nx2Lvl + (datalist$Nx1Lvl + 1)

layoutMat[2:(datalist$Nx2Lvl+1),2:(datalist$Nx1Lvl+1)] = matrix(

    1:(datalist$Nx1Lvl*datalist$Nx2Lvl) + (datalist$Nx2Lvl+datalist$Nx1Lvl+1) ,

    ncol=datalist$Nx1Lvl , byrow=T )

layout( layoutMat )

par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

histinfo = plotPost( b0Sample , xlab=expression(beta * 0) , main="Baseline" ,

                     breaks=30  )

for ( x1idx in 1:datalist$Nx1Lvl ) {

  histinfo = plotPost( b1Sample[x1idx,] , xlab=bquote(beta*1[.(x1idx)]) ,

                       main=paste("x1:",x1names[x1idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  histinfo = plotPost( b2Sample[x2idx,] , xlab=bquote(beta*2[.(x2idx)]) ,

                       main=paste("x2:",x2names[x2idx]) , breaks=30 )

}

for ( x2idx in 1:datalist$Nx2Lvl ) {

  for ( x1idx in 1:datalist$Nx1Lvl ) {

    histinfo = plotPost( b1b2Sample[x1idx,x2idx,] , breaks=30 ,

              xlab=bquote(beta*12[.(x1idx)*","*.(x2idx)]) ,

              main=paste("x1:",x1names[x1idx],", x2:",x2names[x2idx])  )

  }

}

dev.copy2eps(file=paste(fnroot,"b.eps",sep=""))



# Display contrast analyses

nContrasts = length( x1contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x1contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b1Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x1names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X1 Contrast:", names(x1contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1Contrasts.eps",sep=""))

}

#

nContrasts = length( x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = matrix( x2contrastList[[cIdx]],nrow=1) # make it a row matrix

       incIdx = contrast!=0

       histInfo = plotPost( contrast %*% b2Sample , compVal=0 , breaks=30 ,

                xlab=paste( round(contrast[incIdx],2) , x2names[incIdx] ,

                            c(rep("+",sum(incIdx)-1),"") , collapse=" " ) ,

                cex.lab = 1.0 ,

                main=paste( "X2 Contrast:", names(x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x2Contrasts.eps",sep=""))

}

#

nContrasts = length( x1x2contrastList )

if ( nContrasts > 0 ) {

   nPlotPerRow = 5

   nPlotRow = ceiling(nContrasts/nPlotPerRow)

   nPlotCol = ceiling(nContrasts/nPlotRow)

   windows(3.75*nPlotCol,2.5*nPlotRow)

   layout( matrix(1:(nPlotRow*nPlotCol),nrow=nPlotRow,ncol=nPlotCol,byrow=T) )

   par( mar=c(4,0.5,2.5,0.5) , mgp=c(2,0.7,0) )

   for ( cIdx in 1:nContrasts ) {

       contrast = x1x2contrastList[[cIdx]]

       contrastArr = array( rep(contrast,chainLength) ,

                            dim=c(NROW(contrast),NCOL(contrast),chainLength) )

       contrastLab = ""

       for ( x1idx in 1:Nx1Lvl ) {

         for ( x2idx in 1:Nx2Lvl ) {

           if ( contrast[x1idx,x2idx] != 0 ) {

             contrastLab = paste( contrastLab , "+" ,

                                  signif(contrast[x1idx,x2idx],2) ,

                                  x1names[x1idx] , x2names[x2idx] )

           }

         }

       }

       histInfo = plotPost( apply( contrastArr * b1b2Sample , 3 , sum ) ,

                compVal=0 , breaks=30 , xlab=contrastLab , cex.lab = 0.75 ,

                main=paste( names(x1x2contrastList)[cIdx] ) )

   }

   dev.copy2eps(file=paste(fnroot,"x1x2Contrasts.eps",sep=""))

}



#==============================================================================

# Do NHST ANOVA:



theData = data.frame( y=y , x1=factor(x1,labels=x1names) ,

                            x2=factor(x2,labels=x2names) )

windows()

interaction.plot( theData$x1 , theData$x2 , theData$y , type="b" )

dev.copy2eps(file=paste(fnroot,"DataPlot.eps",sep=""))

aovresult = aov( y ~ x1 * x2 , data = theData )

cat("\n------------------------------------------------------------------\n\n")

print( summary( aovresult ) )

cat("\n------------------------------------------------------------------\n\n")

print( model.tables( aovresult , type = "effects", se = TRUE ) , digits=3 )

cat("\n------------------------------------------------------------------\n\n")



#==============================================================================








BayesUpdate.R

# Theta is the vector of candidate values for the parameter theta.

# nThetaVals is the number of candidate theta values.

# To produce the examples in the book, set nThetaVals to either 3 or 63.

nThetaVals = 3

# Now make the vector of theta values:

Theta = seq( from = 1/(nThetaVals+1) , to = nThetaVals/(nThetaVals+1) ,

             by = 1/(nThetaVals+1) )



# pTheta is the vector of prior probabilities on the theta values.

pTheta = pmin( Theta , 1-Theta ) # Makes a triangular belief distribution.

pTheta = pTheta / sum( pTheta )  # Makes sure that beliefs sum to 1.



# Specify the data. To produce the examples in the book, use either

# Data = c(1,1,1,0,0,0,0,0,0,0,0,0) or Data = c(1,0,0,0,0,0,0,0,0,0,0,0).

Data = c(1,1,1,0,0,0,0,0,0,0,0,0)

nHeads = sum( Data == 1 )

nTails = sum( Data == 0 )



# Compute the likelihood of the data for each value of theta:

pDataGivenTheta = Theta^nHeads * (1-Theta)^nTails



# Compute the posterior:

pData = sum( pDataGivenTheta * pTheta )

pThetaGivenData = pDataGivenTheta * pTheta / pData   # This is Bayes' rule!



# Plot the results.

windows(7,10) # create window of specified width,height inches.

layout( matrix( c( 1,2,3 ) ,nrow=3 ,ncol=1 ,byrow=FALSE ) ) # 3x1 panels

par(mar=c(3,3,1,0))         # number of margin lines: bottom,left,top,right

par(mgp=c(2,1,0))           # which margin lines to use for labels

par(mai=c(0.5,0.5,0.3,0.1)) # margin size in inches: bottom,left,top,right



# Plot the prior:

plot( Theta , pTheta , type="h" , lwd=3 , main="Prior" ,

      xlim=c(0,1) , xlab=bquote(theta) ,

      ylim=c(0,1.1*max(pThetaGivenData)) , ylab=bquote(p(theta)) ,

      cex.axis=1.2 , cex.lab=1.5 , cex.main=1.5 )



# Plot the likelihood:

plot( Theta , pDataGivenTheta , type="h" , lwd=3 , main="Likelihood" ,

      xlim=c(0,1) , xlab=bquote(theta) ,

      ylim=c(0,1.1*max(pDataGivenTheta)) , ylab=bquote(paste("p(D|",theta,")")),

      cex.axis=1.2 , cex.lab=1.5 , cex.main=1.5 )

text( .55 , .85*max(pDataGivenTheta) , cex=2.0 ,

      bquote( "D=" * .(nHeads) * "H," * .(nTails) * "T" ) , adj=c(0,.5) )



# Plot the posterior:

plot( Theta , pThetaGivenData , type="h" , lwd=3 , main="Posterior" ,

      xlim=c(0,1) , xlab=bquote(theta) ,

      ylim=c(0,1.1*max(pThetaGivenData)) , ylab=bquote(paste("p(",theta,"|D)")),

      cex.axis=1.2 , cex.lab=1.5 , cex.main=1.5 )

text( .55 , .85*max(pThetaGivenData) , cex=2.0 ,

      bquote( "p(D)=" * .(signif(pData,3)) ) , adj=c(0,.5) )



# Save the plot as an EPS file.

if ( nThetaVals == 3 ) { modeltype = "simpleModel" }

if ( nThetaVals == 63 ) { modeltype = "complexModel" }

if ( nHeads == 3 & nTails == 9 ) { datatype = "simpleData" }

if ( nHeads == 1 & nTails == 11 ) { datatype = "complexData" }

filename = paste( "BayesUpdate_" ,modeltype ,"_" ,datatype ,".eps" ,sep="" )

# The command dev.copy2eps, used below, doesn't work on all systems.

# Try help("dev.copy2eps") for info about saving graphs in other file formats.

dev.copy2eps( file=filename )








BernBeta.R

BernBeta = function( priorShape , dataVec , credMass=0.95 , saveGraph=F ) {

# Bayesian updating for Bernoulli likelihood and beta prior.

# Input arguments:

#   priorShape

#     vector of parameter values for the prior beta distribution.

#   dataVec

#     vector of 1's and 0's.

#   credMass

#     the probability mass of the HDI.

# Output:

#   postShape

#     vector of parameter values for the posterior beta distribution.

# Graphics:

#   Creates a three-panel graph of prior, likelihood, and posterior

#   with highest posterior density interval.

# Example of use:

# > postShape = BernBeta( priorShape=c(1,1) , dataVec=c(1,0,0,1,1) )

# You will need to "source" this function before using it, so R knows

# that the function exists and how it is defined.



# Check for errors in input arguments:

if ( length(priorShape) != 2 ) {

   stop("priorShape must have two components.") }

if ( any( priorShape <= 0 ) ) {

   stop("priorShape components must be positive.") }

if ( any( dataVec != 1 & dataVec != 0 ) ) {

   stop("dataVec must be a vector of 1s and 0s.") }

if ( credMass <= 0 | credMass >= 1.0 ) {

   stop("credMass must be between 0 and 1.") }



# Rename the prior shape parameters, for convenience:

a = priorShape[1]

b = priorShape[2]

# Create summary values of the data:

z = sum( dataVec == 1 ) # number of 1's in dataVec

N = length( dataVec )   # number of flips in dataVec

# Compute the posterior shape parameters:

postShape = c( a+z , b+N-z )

# Compute the evidence, p(D):

pData = beta( z+a , N-z+b ) / beta( a , b )

# Determine the limits of the highest density interval.

# This uses a home-grown function called HDIofICDF.

source( "HDIofICDF.R" )

hpdLim = HDIofICDF( qbeta , shape1=postShape[1] , shape2=postShape[2] )



# Now plot everything:

# Construct grid of theta values, used for graphing.

binwidth = 0.005 # Arbitrary small value for comb on Theta.

Theta = seq( from = binwidth/2 , to = 1-(binwidth/2) , by = binwidth )

# Compute the prior at each value of theta.

pTheta = dbeta( Theta , a , b )

# Compute the likelihood of the data at each value of theta.

pDataGivenTheta = Theta^z * (1-Theta)^(N-z)

# Compute the posterior at each value of theta.

pThetaGivenData = dbeta( Theta , a+z , b+N-z )

# Open a window with three panels.

windows(7,10)

layout( matrix( c( 1,2,3 ) ,nrow=3 ,ncol=1 ,byrow=FALSE ) ) # 3x1 panels

par( mar=c(3,3,1,0) , mgp=c(2,1,0) , mai=c(0.5,0.5,0.3,0.1) ) # margin specs

maxY = max( c(pTheta,pThetaGivenData) ) # max y for plotting

# Plot the prior.

plot( Theta , pTheta , type="l" , lwd=3 ,

      xlim=c(0,1) , ylim=c(0,maxY) , cex.axis=1.2 ,

      xlab=bquote(theta) , ylab=bquote(p(theta)) , cex.lab=1.5 ,

      main="Prior" , cex.main=1.5 )

if ( a > b ) { textx = 0 ; textadj = c(0,1) } 

else { textx = 1 ; textadj = c(1,1) }

text( textx , 1.0*max(pThetaGivenData) ,

      bquote( "beta(" * theta * "|" * .(a) * "," * .(b) * ")"  ) ,

      cex=2.0 ,adj=textadj )

# Plot the likelihood: p(data|theta)

plot( Theta , pDataGivenTheta , type="l" , lwd=3 ,

      xlim=c(0,1) , cex.axis=1.2 , xlab=bquote(theta) ,

      ylim=c(0,1.1*max(pDataGivenTheta)) ,

      ylab=bquote( "p(D|" * theta * ")" ) ,

      cex.lab=1.5 , main="Likelihood" , cex.main=1.5 )

if ( z > .5*N ) { textx = 0 ; textadj = c(0,1) }

else { textx = 1 ; textadj = c(1,1) }

text( textx , 1.0*max(pDataGivenTheta) , cex=2.0 ,

      bquote( "Data: z=" * .(z) * ",N=" * .(N) ) ,adj=textadj )

# Plot the posterior.

plot( Theta , pThetaGivenData  ,type="l" , lwd=3 ,

      xlim=c(0,1) , ylim=c(0,maxY) , cex.axis=1.2 ,

      xlab=bquote(theta) , ylab=bquote( "p(" * theta * "|D)" ) ,

      cex.lab=1.5 , main="Posterior" , cex.main=1.5 )

if ( a+z > b+N-z ) { textx = 0 ; textadj = c(0,1) }

else { textx = 1 ; textadj = c(1,1) }

text( textx , 1.00*max(pThetaGivenData) , cex=2.0 ,

      bquote( "beta(" * theta * "|" * .(a+z) * "," * .(b+N-z) * ")"  ) ,

      adj=textadj )

text( textx , 0.75*max(pThetaGivenData) , cex=2.0 ,

      bquote( "p(D)=" * .(signif(pData,3)) ) , adj=textadj )

# Mark the HDI in the posterior.

hpdHt = mean( c( dbeta(hpdLim[1],a+z,b+N-z) , dbeta(hpdLim[2],a+z,b+N-z) ) )

lines( c(hpdLim[1],hpdLim[1]) , c(-0.5,hpdHt) , type="l" , lty=2 , lwd=1.5 )

lines( c(hpdLim[2],hpdLim[2]) , c(-0.5,hpdHt) , type="l" , lty=2 , lwd=1.5 )

lines( hpdLim , c(hpdHt,hpdHt) , type="l" , lwd=2 )

text( mean(hpdLim) , hpdHt , bquote( .(100*credMass) * "% HDI" ) ,

      adj=c(0.5,-1.0) , cex=2.0 )

text( hpdLim[1] , hpdHt , bquote(.(round(hpdLim[1],3))) ,

      adj=c(1.1,-0.1) , cex=1.2 )

text( hpdLim[2] , hpdHt , bquote(.(round(hpdLim[2],3))) ,

      adj=c(-0.1,-0.1) , cex=1.2 )

# Construct file name for saved graph, and save the graph.

if ( saveGraph ) {

  filename = paste( "BernBeta_",a,"_",b,"_",z,"_",N,".eps" ,sep="")

  dev.copy2eps( file = filename )

}

return( postShape )

} # end of function








BernBetaBugsFull.R

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



# Specify the model in BUGS language, but save it as a string in R:

modelString = "

# BUGS model specification begins ...

model {

    # Likelihood:

    for ( i in 1:nFlips ) {

        y[i] ~ dbern( theta )

    }

    # Prior distribution:

    theta ~ dbeta( priorA , priorB )

    priorA <- 1

    priorB <- 1

}

# ... BUGS model specification ends.

" # close quote to end modelString



# Write the modelString to a file, using R commands:

writeLines(modelString,con="model.txt")

# Use BRugs to send the model.txt file to BUGS, which checks the model syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in R, using a list format compatible with BUGS:

dataList = list(

    nFlips = 14 ,

    y = c( 1,1,1,1,1,1,1,1,1,1,1,0,0,0 )

)



# Use BRugs commands to put the data into a file and ship the file to BUGS:

modelData( bugsData( dataList ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAIN.



modelCompile()  # BRugs command tells BUGS to compile the model.

modelGenInits() # BRugs command tells BUGS to randomly initialize a chain.



#------------------------------------------------------------------------------

# RUN THE CHAINS.



# BRugs tells BUGS to keep a record of the sampled "theta" values:

samplesSet( "theta" )

# R command defines a new variable that specifies an arbitrary chain length:

chainLength = 10000

# BRugs tells BUGS to generate a MCMC chain:

modelUpdate( chainLength )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



thetaSample = samplesSample( "theta" ) # BRugs asks BUGS for the sample values.

thetaSummary = samplesStats( "theta" ) # BRugs asks BUGS for summary statistics.



# Make a graph using R commands:

windows(10,6)

layout( matrix( c(1,2) , nrow=1 ) )

plot( thetaSample[1:500] , 1:length(thetaSample[1:500]) , type="o" ,

      xlim=c(0,1) , xlab=bquote(theta) , ylab="Position in Chain" ,

      cex.lab=1.25 , main="BUGS Results" )

source("plotPost.R")

histInfo = plotPost( thetaSample , xlim=c(0,1) )

dev.copy2eps(file="BernBetaBugsFull.eps")



# Posterior prediction:

# For each step in the chain, use posterior theta to flip a coin:

chainLength = length( thetaSample )

yPred = rep( NULL , chainLength )  # define placeholder for flip results

for ( stepIdx in 1:chainLength ) {

  pHead = thetaSample[stepIdx]

  yPred[stepIdx] = sample( x=c(0,1), prob=c(1-pHead,pHead), size=1 )

}

# Jitter the 0,1 y values for plotting purposes:

yPredJittered = yPred + runif( length(yPred) , -.05 , +.05 )

# Now plot the jittered values:

windows(5,5.5)

plot( thetaSample[1:500] , yPredJittered[1:500] , xlim=c(0,1) ,

      main="posterior predictive sample" ,

      xlab=expression(theta) , ylab="y (jittered)" )

points( mean(thetaSample) , mean(yPred) , pch="+" , cex=2 )

text( mean(thetaSample) , mean(yPred) ,

      bquote( mean(y) == .(signif(mean(yPred),2)) ) ,

      adj=c(1.2,.5) )

text( mean(thetaSample) , mean(yPred) , srt=90 ,

      bquote( mean(theta) == .(signif(mean(thetaSample),2)) ) ,

      adj=c(1.2,.5) )

abline( 0 , 1 , lty="dashed" , lwd=2 )

dev.copy2eps(file="BernBetaBugsPost.eps")






BernBetaModelCompBrugs.R

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    # Likelihood:

    for ( i in 1:nflips ) {

        y[i] ~ dbern( theta )  # y[i] distributed as Bernoulli

    }

    # Prior distribution:

    theta ~ dbeta( aTheta , bTheta ) # theta distributed as beta density

    aTheta <- muTheta * kappaTheta

    bTheta <- (1-muTheta) * kappaTheta

    # Hyperprior:

    muTheta <- muThetaModel[ modelIndex ]

    muThetaModel[1] <- .75

    muThetaModel[2] <- .25

    kappaTheta <- 12

    # Hyperhyperprior:

    modelIndex ~ dcat( modelProb[] )

    modelProb[1] <- .5

    modelProb[2] <- .5

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in a form that is compatible with BRugs model, as a list:

y = c( rep(0,3) , rep(1,6) )

nflips = length( y )

datalist = list(

    nflips = nflips ,

    y = y

)



# Get the data into BRugs:

# Function bugsData stores the data file (default filename is data.txt).

# Function modelData loads data file into BRugs (default filename is data.txt).

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAINS.



modelCompile( numChains=1 )

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



burninSteps = 10000

modelUpdate( burninSteps )

samplesSet( c("theta","modelIndex") )

nPerChain = 100000

modelUpdate( nPerChain , thin=1 ) # takes nPerChain * thin steps



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



# Get the posterior sample of modelIndex:

modelIdxSample = samplesSample( "modelIndex" )

# Compute the proportion of modelIndex at each value:

pM1 = sum( modelIdxSample == 1 ) / length( modelIdxSample )

pM2 = 1 - pM1



# Get the posterior sample of theta:

thetaSample = samplesSample( "theta" )

# Extract theta values when modelIndex is 1:

thetaSampleM1 = thetaSample[ modelIdxSample == 1 ]

# Extract theta values when modelIndex is 2:

thetaSampleM2 = thetaSample[ modelIdxSample == 2 ]



# Plot histograms of sampled theta values for each model,

# with pM displayed.

windows()

layout( matrix(1:2,nrow=2) )

hist( thetaSampleM1 , main="Posterior Theta_1 when Model Index = 1" ,

      xlab=expression(theta) , xlim=c(0,1) ,

      col="grey" , border="white" )

text( 0 , 0 , bquote( "p(M1|D)" == .(signif(pM1,3)) ) , adj=c(0,-2) , cex=1.5 )

hist( thetaSampleM2 , main="Posterior Theta_2 when Model Index = 2" ,

      xlab=expression(theta) , xlim=c(0,1) ,

      col="grey" , border="white" )

text( 0 , 0 , bquote( "p(M2|D)" == .(signif(pM2,3)) ) , adj=c(0,-2) , cex=1.5 )



dev.copy2eps(file="BernBetaModelCompBrugs.eps")






BernBetaMuKappaBugs.R

#graphics.off()

rm(list=ls(all=TRUE))

library(BRugs)        # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                      # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



# Specify the model in BUGS language, but save it as a string in R:

modelString = "

# BUGS model specification begins ...

model {

    # Likelihood:

    for ( t in 1:nTrialTotal ) {

        y[t] ~ dbern( theta[ coin[ t ] ] )

    }

    # Prior:

    for ( j in 1:nCoins ) {

        theta[j] ~ dbeta( a , b )I(0.0001,0.9999)

    }

    a <- mu * kappa

    b <- ( 1.0 - mu ) * kappa

    mu ~ dbeta( Amu , Bmu )

    kappa ~ dgamma( Skappa , Rkappa )

    Amu <- 2.0

    Bmu <- 2.0

    Skappa <- pow(10,2)/pow(10,2)

    Rkappa <- 10/pow(10,2)

}

# ... BUGS model specification ends.

" # close quote to end modelString



# Write the modelString to a file, using R commands:

.temp = file("model.txt","w") ; writeLines(modelString,con=.temp) ; close(.temp)

# Use BRugs to send the model.txt file to BUGS, which checks the model syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Demo data for various figures in the book:

# N =  c( 5, 5, 5, 5, 5 ) # c( 10, 10, 10 )  # c( 15, 5 ) # c( 5, 5, 5, 5, 5 )

# z =  c( 1, 1, 1, 1, 5 ) # c(  1,  5,  9 )  # c(  3, 4 ) # c( 1, 1, 1, 1, 5 )



ncoins = 5 ; nflipspercoin = 50 

muAct = .7 ; kappaAct = 20

thetaAct = rbeta( ncoins ,muAct*kappaAct ,(1-muAct)*kappaAct )

z = rbinom( n=ncoins ,size=nflipspercoin ,prob=thetaAct )

N = rep( nflipspercoin , ncoins )

 

# Therapeutic touch data:

#  z = c(1,2,3,3,3,3,3,3,3,3,4,4,4,4,4,5,5,5,5,5,5,5,6,6,7,7,7,8)

#  N = rep(10,length(z))

# Convert z,N to vectors of individual flips.

# coin vector is index of coin for each flip.

# y vector is head or tail for each flip.

# For example,

#  coin = c( 1, 1, 2, 2, 2 )

#  y    = c( 1, 0, 0, 0, 1 )

# means that the first flip was of coin 1 and it was a head, the second flip

# was of coin 1 and it was a tail, the third flip was of coin 2 and it was a

# tail, etc.

coin = NULL ; y = NULL

for ( coinIdx in 1:length(N) ) {

    coin = c( coin , rep(coinIdx,N[coinIdx]) )

    y = c( y , rep(1,z[coinIdx]) , rep(0,N[coinIdx]-z[coinIdx]) )

}

nTrialTotal = length( y )

nCoins = length( unique( coin ) )

dataList = list(

    y = y ,

    coin = coin ,

    nTrialTotal = nTrialTotal ,

    nCoins = nCoins

)



# Use BRugs commands to put the data into a file and ship the file to BUGS:

modelData( bugsData( dataList ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAIN.



nChains = 3

modelCompile( numChains = nChains )  # BRugs tells BUGS to compile the model.

modelGenInits() # BRugs tells BUGS to randomly initialize the chains.



#------------------------------------------------------------------------------

# RUN THE CHAINS.



# Run some initial steps without recording them, to burn-in the chains:

burninSteps = 1000

modelUpdate( burninSteps )

# BRugs tells BUGS to keep a record of the sampled values:

samplesSet( c( "mu" , "kappa" , "theta" ) )

nPerChain = 1000

modelUpdate( nPerChain , thin=10 )



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



# Check for mixing and autocorrelation:

source("plotChains.R")

plotChains( "mu" , saveplots=F )

plotChains( "kappa" , saveplots=F )

plotChains( "theta[1]" , saveplots=F )



# Extract the posterior sample from BUGS:

muSample = samplesSample( "mu" ) # BRugs gets sample from BUGS

kappaSample = samplesSample( "kappa" ) # BRugs gets sample from BUGS

thetaSample = matrix( 0 , nrow=nCoins , ncol=nChains*nPerChain )

for ( coinIdx in 1:nCoins ) {

    nodeName = paste( "theta[" , coinIdx , "]" , sep="" )

    thetaSample[coinIdx,] = samplesSample( nodeName )

}



# Make a graph using R commands:

source("plotPost.R")

if ( nCoins <= 5 ) { # Only make this figure if there are not too many coins

windows(3.2*3,2.5*(1+nCoins))

layout( matrix( 1:(3*(nCoins+1)) , nrow=(nCoins+1) , byrow=T ) )

par(mar=c(2.95,2.95,1.0,0),mgp=c(1.35,0.35,0),oma=c( 0.1, 0.1, 0.1, 0.1))

nPtsToPlot = 500

plotIdx = floor(seq(1,length(muSample),length=nPtsToPlot))

kPltLim = signif( quantile( kappaSample , p=c(.01,.99) ) , 4 )

plot( muSample[plotIdx] , kappaSample[plotIdx] , type="p" , ylim=kPltLim ,

      xlim=c(0,1) , xlab=expression(mu) , ylab=expression(kappa) , cex.lab=1.5 )

plotPost( muSample , xlab="mu" , xlim=c(0,1) , main="" , breaks=20 )

plotPost( kappaSample , xlab="kappa" , main="" , breaks=20 , HDItextPlace=.6 )

for ( coinIdx in 1:nCoins ) {

    plotPost( thetaSample[coinIdx,] , xlab=paste("theta",coinIdx,sep="") ,

              xlim=c(0,1) , main="" , breaks=20 , HDItextPlace=.3 )

    plot( thetaSample[coinIdx,plotIdx] , muSample[plotIdx] , type="p" ,

          xlim=c(0,1) , ylim=c(0,1) , cex.lab=1.5 ,

          xlab=bquote(theta[.(coinIdx)]) , ylab=expression(mu) )

    plot( thetaSample[coinIdx,plotIdx] , kappaSample[plotIdx] , type="p" ,

          xlim=c(0,1) , ylim=kPltLim , cex.lab=1.5 ,

          xlab=bquote(theta[.(coinIdx)]) , ylab=expression(kappa) )

}

#dev.copy2eps(file=paste("BernBetaMuKappaBugs",paste(z,collapse=""),".eps",sep=""))

} # end if ( nCoins <= ...



## Uncomment the following if using therapeutic touch data:

windows(7,5)

layout( matrix( 1:4 , nrow=2 , byrow=T ) )

par(mar=c(2.95,2.95,1.0,0),mgp=c(1.35,0.35,0),oma=c( 0.1, 0.1, 0.1, 0.1) )

plotPost( muSample , xlab="mu" , main="" , breaks=20 , compVal=0.5 )

plotPost( kappaSample , xlab="kappa" , main="" , breaks=20 , HDItextPlace=.1 )

plotPost( thetaSample[1,] , xlab="theta1" , main="" , breaks=20 , compVal=0.5 )

#plotPost( thetaSample[28,] , xlab="theta28" , main="" , breaks=20 , compVal=0.5 )

#dev.copy2eps(file="BernBetaMuKappaBugsTT.eps")






BernGrid.R

BernGrid = function( Theta , pTheta , Data ,

                     credib=.95 , nToPlot=length(Theta) ) {

# Bayesian updating for Bernoulli likelihood and prior specified on a grid.

# Input arguments:

#  Theta is a vector of theta values, all between 0 and 1.

#  pTheta is a vector of corresponding probability _masses_.

#  Data is a vector of 1's and 0's, where 1 corresponds to a and 0 to b.

#  credib is the probability mass of the credible interval, default is 0.95.

#  nToPlot is the number of grid points to plot; defaults to all of them.

# Output:

#  pThetaGivenData is a vector of posterior probability masses over Theta.

#  Also creates a three-panel graph of prior, likelihood, and posterior 

#  probability masses with credible interval.

# Example of use:

#  # Create vector of theta values.

#  > binwidth = 1/1000

#  > thetagrid = seq( from=binwidth/2 , to=1-binwidth/2 , by=binwidth )

#  # Specify probability mass at each theta value.

#  > relprob = pmin(thetagrid,1-thetagrid) # relative prob at each theta

#  > prior = relprob / sum(relprob) # probability mass at each theta

#  # Specify the data vector.

#  > datavec = c( rep(1,3) , rep(0,1) ) # 3 heads, 1 tail

#  # Call the function.

#  > posterior = BernGrid( Theta=thetagrid , pTheta=prior , Data=datavec )

# Hints:

#  You will need to "source" this function before calling it.

#  You may want to define a tall narrow window before using it; e.g.,

#  > windows(7,10)



# Create summary values of Data

z = sum( Data==1 ) # number of 1's in Data

N = length( Data ) # number of flips in Data

# Compute the likelihood of the Data for each value of Theta.

pDataGivenTheta = Theta^z * (1-Theta)^(N-z)

# Compute the evidence and the posterior.

pData = sum( pDataGivenTheta * pTheta )

pThetaGivenData = pDataGivenTheta * pTheta / pData



# Plot the results.

layout( matrix( c( 1,2,3 ) ,nrow=3 ,ncol=1 ,byrow=FALSE ) ) # 3x1 panels

par( mar=c(3,3,1,0) , mgp=c(2,1,0) , mai=c(0.5,0.5,0.3,0.1) ) # margin settings

dotsize = 4 # how big to make the plotted dots

# If the comb has a zillion teeth, it's too many to plot, so plot only a

# thinned out subset of the teeth.

nteeth = length(Theta)

if ( nteeth > nToPlot ) {

  thinIdx = seq( 1, nteeth , round( nteeth / nToPlot ) )

  if ( length(thinIdx) < length(Theta) ) {

    thinIdx = c( thinIdx , nteeth ) # makes sure last tooth is included

  }

} else { thinIdx = 1:nteeth }

# Plot the prior.

meanTheta = sum( Theta * pTheta ) # mean of prior, for plotting

plot( Theta[thinIdx] , pTheta[thinIdx] , type="p" , pch="." , cex=dotsize ,

      xlim=c(0,1) , ylim=c(0,1.1*max(pThetaGivenData)) , cex.axis=1.2 ,

      xlab=bquote(theta) , ylab=bquote(p(theta)) , cex.lab=1.5 ,

      main="Prior" , cex.main=1.5 )

if ( meanTheta > .5 ) {

   textx = 0 ; textadj = c(0,1)

} else {

  textx = 1 ; textadj = c(1,1)

}

text( textx , 1.0*max(pThetaGivenData) ,

      bquote( "mean(" * theta * ")=" * .(signif(meanTheta,3)) ) ,

      cex=2.0 , adj=textadj )

# Plot the likelihood: p(Data|Theta)

plot(Theta[thinIdx] ,pDataGivenTheta[thinIdx] ,type="p" ,pch="." ,cex=dotsize

	,xlim=c(0,1) ,cex.axis=1.2 ,xlab=bquote(theta) 

	,ylim=c(0,1.1*max(pDataGivenTheta)) 

	,ylab=bquote( "p(D|" * theta * ")" )  

	,cex.lab=1.5 ,main="Likelihood" ,cex.main=1.5 )

if ( z > .5*N ) { textx = 0 ; textadj = c(0,1) }

else { textx = 1 ; textadj = c(1,1) }

text( textx ,1.0*max(pDataGivenTheta) ,cex=2.0

	,bquote( "Data: z=" * .(z) * ",N=" * .(N) ) ,adj=textadj )

# Plot the posterior.

meanThetaGivenData = sum( Theta * pThetaGivenData )

plot(Theta[thinIdx] ,pThetaGivenData[thinIdx] ,type="p" ,pch="." ,cex=dotsize

	,xlim=c(0,1) ,ylim=c(0,1.1*max(pThetaGivenData)) ,cex.axis=1.2 

	,xlab=bquote(theta) ,ylab=bquote( "p(" * theta * "|D)" )

	,cex.lab=1.5 ,main="Posterior" ,cex.main=1.5 )

if ( meanThetaGivenData > .5 ) { textx = 0 ; textadj = c(0,1) } 

else { textx = 1 ; textadj = c(1,1) }

text(textx ,1.00*max(pThetaGivenData) ,cex=2.0

	,bquote( "mean(" * theta * "|D)=" * .(signif(meanThetaGivenData,3)) ) 

	,adj=textadj )

text(textx ,0.75*max(pThetaGivenData) ,cex=2.0

	,bquote( "p(D)=" * .(signif(pData,3)) ) ,adj=textadj )

# Mark the highest density interval. HDI points are not thinned in the plot.

source("HDIofGrid.R")

HDIinfo = HDIofGrid( pThetaGivenData  )

points( Theta[ HDIinfo$indices ] ,

       rep( HDIinfo$height , length( HDIinfo$indices ) ) , pch="-" , cex=1.0 )

text( mean( Theta[ HDIinfo$indices ] ) , HDIinfo$height ,

         bquote( .(100*signif(HDIinfo$mass,3)) * "% HDI" ) ,

         adj=c(0.5,-1.5) , cex=1.5 )

# Mark the left and right ends of the waterline. This does not mark

# internal divisions of an HDI waterline for multi-modal distributions.

lowLim = Theta[ min( HDIinfo$indices ) ]

highLim = Theta[ max( HDIinfo$indices ) ]

lines( c(lowLim,lowLim) , c(-0.5,HDIinfo$height) , type="l" , lty=2 , lwd=1.5)

lines( c(highLim,highLim) , c(-0.5,HDIinfo$height) , type="l" , lty=2 , lwd=1.5)

text( lowLim , HDIinfo$height , bquote(.(round(lowLim,3))) ,

      adj=c(1.1,-0.1) , cex=1.2 )

text( highLim , HDIinfo$height , bquote(.(round(highLim,3))) ,

      adj=c(-0.1,-0.1) , cex=1.2 )



return( pThetaGivenData )

} # end of function






BernMetropolisTemplate.R

# Use this program as a template for experimenting with the Metropolis

# algorithm applied to a single parameter called theta, defined on the 

# interval [0,1].



# Specify the data, to be used in the likelihood function.

# This is a vector with one component per flip,

# in which 1 means a "head" and 0 means a "tail".

myData = c( 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0 )



# Define the Bernoulli likelihood function, p(D|theta).

# The argument theta could be a vector, not just a scalar.

likelihood = function( theta , data ) {

  z = sum( data == 1 )

  N = length( data )

  pDataGivenTheta = theta^z * (1-theta)^(N-z)

  # The theta values passed into this function are generated at random,

  # and therefore might be inadvertently greater than 1 or less than 0.

  # The likelihood for theta > 1 or for theta < 0 is zero:

  pDataGivenTheta[ theta > 1 | theta < 0 ] = 0

  return( pDataGivenTheta )

}



# Define the prior density function. For purposes of computing p(D),

# at the end of this program, we want this prior to be a proper density.

# The argument theta could be a vector, not just a scalar.

prior = function( theta ) {

  prior = rep( 1 , length(theta) ) # uniform density over [0,1]

   # For kicks, here's a bimodal prior. To try it, uncomment the next line.

   #prior = dbeta( pmin(2*theta,2*(1-theta)) ,2,2 )

  # The theta values passed into this function are generated at random,

  # and therefore might be inadvertently greater than 1 or less than 0.

  # The prior for theta > 1 or for theta < 0 is zero:

  prior[ theta > 1 | theta < 0 ] = 0

  return( prior )

}



# Define the relative probability of the target distribution, 

# as a function of vector theta. For our application, this

# target distribution is the unnormalized posterior distribution.

targetRelProb = function( theta , data ) {

  targetRelProb =  likelihood( theta , data ) * prior( theta )

  return( targetRelProb )

}



# Specify the length of the trajectory, i.e., the number of jumps to try:

trajLength = 11112 # arbitrary large number

# Initialize the vector that will store the results:

trajectory = rep( 0 , trajLength )

# Specify where to start the trajectory:

trajectory[1] = 0.50 # arbitrary value

# Specify the burn-in period:

burnIn = ceiling( .1 * trajLength ) # arbitrary number, less than trajLength

# Initialize accepted, rejected counters, just to monitor performance:

nAccepted = 0

nRejected = 0

# Specify seed to reproduce same random walk:

set.seed(47405)



# Now generate the random walk. The 't' index is time or trial in the walk.

for ( t in 1:(trajLength-1) ) {

	currentPosition = trajectory[t]

	# Use the proposal distribution to generate a proposed jump.

	# The shape and variance of the proposal distribution can be changed

	# to whatever you think is appropriate for the target distribution.

	proposedJump = rnorm( 1 , mean = 0 , sd = 0.1 )

	# Compute the probability of accepting the proposed jump.

	probAccept = min( 1,

		targetRelProb( currentPosition + proposedJump , myData )

		/ targetRelProb( currentPosition , myData ) )

	# Generate a random uniform value from the interval [0,1] to

	# decide whether or not to accept the proposed jump.

	if ( runif(1) < probAccept ) {

		# accept the proposed jump

		trajectory[ t+1 ] = currentPosition + proposedJump

		# increment the accepted counter, just to monitor performance

		if ( t > burnIn ) { nAccepted = nAccepted + 1 }

	} else {

		# reject the proposed jump, stay at current position

		trajectory[ t+1 ] = currentPosition

		# increment the rejected counter, just to monitor performance

		if ( t > burnIn ) { nRejected = nRejected + 1 }

	}

}



# Extract the post-burnIn portion of the trajectory.

acceptedTraj = trajectory[ (burnIn+1) : length(trajectory) ]



# End of Metropolis algorithm.



#-----------------------------------------------------------------------

# Display the posterior.



source("plotPost.R")

histInfo = plotPost( acceptedTraj , xlim=c(0,1) , breaks=30 )



# Display rejected/accepted ratio in the plot.

# Get the highest point and mean of the plot for subsequent text positioning.

densMax = max( histInfo$density )

meanTraj = mean( acceptedTraj )

sdTraj = sd( acceptedTraj )

if ( meanTraj > .5 ) {

  xpos = 0.0 ; xadj = 0.0

} else {

  xpos = 1.0 ; xadj = 1.0

}

text( xpos , 0.75*densMax ,

	bquote(	N[pro] * "=" * .(length(acceptedTraj)) * "  " *

	frac(N[acc],N[pro]) * "=" * .(signif( nAccepted/length(acceptedTraj) , 3 ))

	) , adj=c(xadj,0)  )



#------------------------------------------------------------------------

# Evidence for model, p(D).



# Compute a,b parameters for beta distribution that has the same mean

# and stdev as the sample from the posterior. This is a useful choice

# when the likelihood function is Bernoulli.

a =   meanTraj   * ( (meanTraj*(1-meanTraj)/sdTraj^2) - 1 )

b = (1-meanTraj) * ( (meanTraj*(1-meanTraj)/sdTraj^2) - 1 )



# For every theta value in the posterior sample, compute 

# dbeta(theta,a,b) / likelihood(theta)*prior(theta)

# This computation assumes that likelihood and prior are proper densities,

# i.e., not just relative probabilities. This computation also assumes that

# the likelihood and prior functions were defined to accept a vector argument,

# not just a single-component scalar argument.

wtdEvid = dbeta( acceptedTraj , a , b ) / (

		likelihood( acceptedTraj , myData ) * prior( acceptedTraj ) )

pData = 1 / mean( wtdEvid )



# Display p(D) in the graph

if ( meanTraj > .5 ) { xpos = 0.0 ; xadj = 0.0

} else { xpos = 1.0 ; xadj = 1.0 }

text( xpos , 0.9*densMax , bquote( p(D)==.( signif(pData,3) ) ) ,

      adj=c(xadj,0) , cex=1.5 )



# Uncomment next line if you want to save the graph.

#dev.copy2eps(file="BernMetropolisTemplate.eps")






BernTwoBugs.R

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    # Likelihood. Each flip is Bernoulli. 

    for ( i in 1 : N1 ) { y1[i] ~ dbern( theta1 ) }

    for ( i in 1 : N2 ) { y2[i] ~ dbern( theta2 ) }

    # Prior. Independent beta distributions.

    theta1 ~ dbeta( 3 , 3 )

    theta2 ~ dbeta( 3 , 3 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

    N1 = 7 ,

    y1 = c( 1,1,1,1,1,0,0 ) ,

    N2 = 7 ,

    y2 = c( 1,1,0,0,0,0,0 )

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )



#------------------------------------------------------------------------------

# INTIALIZE THE CHAIN.



modelCompile()

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



samplesSet( c( "theta1" , "theta2" ) ) # Keep a record of sampled "theta" values

chainlength = 10000                     # Arbitrary length of chain to generate.

modelUpdate( chainlength )             # Actually generate the chain.



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



theta1Sample = samplesSample( "theta1" ) # Put sampled values in a vector.

theta2Sample = samplesSample( "theta2" ) # Put sampled values in a vector.



# Plot the trajectory of the last 500 sampled values.

windows()

par( pty="s" )

plot( theta1Sample[(chainlength-500):chainlength] ,

      theta2Sample[(chainlength-500):chainlength] , type = "o" ,

      xlim = c(0,1) , xlab = bquote(theta[1]) , ylim = c(0,1) ,

      ylab = bquote(theta[2]) , main="BUGS Result" )

# Display means in plot.

theta1mean = mean(theta1Sample)

theta2mean = mean(theta2Sample)

if (theta1mean > .5) { xpos = 0.0 ; xadj = 0.0

} else { xpos = 1.0 ; xadj = 1.0 }

if (theta2mean > .5) { ypos = 0.0 ; yadj = 0.0

} else { ypos = 1.0 ; yadj = 1.0 }

text( xpos , ypos ,

	bquote(

	"M=" * .(signif(theta1mean,3)) * "," * .(signif(theta2mean,3))

	) ,adj=c(xadj,yadj) ,cex=1.5  )

#dev.copy2eps(file="BernTwoBugs.eps")



# Plot a histogram of the posterior differences of theta values.

thetaDiff = theta1Sample - theta2Sample

source("plotPost.R")

windows(7,4)

plotPost( thetaDiff , xlab=expression(theta[1]-theta[2]) , compVal=0.0 ,

          breaks=30 )

#dev.copy2eps(file="BernTwoBugsDiff.eps")



# For Exercise 8.5:

# Posterior prediction. For each step in the chain, use the posterior thetas 

# to flip the coins.

chainLength = length( theta1Sample )

# Create matrix to hold results of simulated flips:

yPred = matrix( NA , nrow=2 , ncol=chainLength ) 

for ( stepIdx in 1:chainLength ) { # step through the chain

  # flip the first coin:

  pHead1 = theta1Sample[stepIdx]

  yPred[1,stepIdx] = sample( x=c(0,1), prob=c(1-pHead1,pHead1), size=1 )

  # flip the second coin:

  pHead2 = theta2Sample[stepIdx]

  yPred[2,stepIdx] = sample( x=c(0,1), prob=c(1-pHead2,pHead2), size=1 )

}

# Now determine the proportion of times that y1==1 and y2==0

pY1eq1andY2eq0 = sum( yPred[1,]==1 & yPred[2,]==0 ) / chainLength








BernTwoBugsPriorOnly.R

library(BRugs)         # Kruschke, J. K. (2010). Doing Bayesian data analysis:

                       # A Tutorial with R and BUGS. Academic Press / Elsevier.

#------------------------------------------------------------------------------

# THE MODEL.



modelstring = "

# BUGS model specification begins here...

model {

    # Likelihood. Each flip is Bernoulli. 

    for ( i in 1 : N1 ) { y1[i] ~ dbern( theta1 ) }

    for ( i in 1 : N2 ) { y2[i] ~ dbern( theta2 ) }

    # Prior. Independent beta distributions.

    theta1 ~ dbeta( 3 , 3 )

    theta2 ~ dbeta( 3 , 3 )

}

# ... end BUGS model specification

" # close quote for modelstring

# Write model to a file:

.temp = file("model.txt","w") ; writeLines(modelstring,con=.temp) ; close(.temp) 

# Load model file into BRugs and check its syntax:

modelCheck( "model.txt" )



#------------------------------------------------------------------------------

# THE DATA.



# Specify the data in a form that is compatible with BRugs model, as a list:

datalist = list(

    N1 = 7 ,

#    y1 = c( 1,1,1,1,1,0,0 ) ,

    N2 = 7 #,

#    y2 = c( 1,1,0,0,0,0,0 )

)

# Get the data into BRugs:

modelData( bugsData( datalist ) )  # commented out



#------------------------------------------------------------------------------

# INTIALIZE THE CHAIN.



modelCompile()

modelGenInits()



#------------------------------------------------------------------------------

# RUN THE CHAINS.



samplesSet( c( "theta1" , "theta2" ) ) # Keep a record of sampled "theta" values

chainlength = 10000                     # Arbitrary length of chain to generate.

modelUpdate( chainlength )             # Actually generate the chain.



#------------------------------------------------------------------------------

# EXAMINE THE RESULTS.



theta1Sample = samplesSample( "theta1" ) # Put sampled values in a vector.

theta2Sample = samplesSample( "theta2" ) # Put sampled values in a vector.



# Plot the trajectory of the last 500 sampled values.

windows()

par( pty="s" )

plot( theta1Sample[(chainlength-500):chainlength] ,

      theta2Sample[(chainlength-500):chainlength] , type = "o" ,

      xlim = c(0,1) , xlab = bquote(theta[1]) , ylim = c(0,1) ,

      ylab = bquote(theta[2]) , main="BUGS Result" )

# Display means in plot.

theta1mean = mean(theta1Sample)

theta2mean = mean(theta2Sample)

if (theta1mean > .5) { xpos = 0.0 ; xadj = 0.0

} else { xpos = 1.0 ; xadj = 1.0 }

if (theta2mean > .5) { ypos = 0.0 ; yadj = 0.0

} else { ypos = 1.0 ; yadj = 1.0 }

text( xpos , ypos ,

	bquote(

	"M=" * .(signif(theta1mean,3)) * "," * .(signif(theta2mean,3))

	) ,adj=c(xadj,yadj) ,cex=1.5  )

dev.copy2eps(file="BernTwoBugsPriorOnly.eps")



# Plot a histogram of the posterior differences of theta values.

thetaDiff = theta1Sample - theta2Sample

windows(7,4)

source("plotPost.R")

plotPost( thetaDiff , xlab=expression(theta[1]-theta[2]) ,

          breaks=20 , main="" )

dev.copy2eps(file="BernTwoBugsPriorOnlyDiff.eps")
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