Appendix: Software for Ordinal Data
Modeling

An Introduction to MATLAB
MATLAB is an interactive high-level language for integrating computation, visualization, and programming. It was originally written to provide an easy access
to matrix software developed by the LINPACK and EISPACK projects. The basic data element in MATLAB is a matrix. One performs calculations by entering
calculator-type instructions in the Command Window. Alternatively, one can execute sets of commands by means of scripts called M-files and functions. MATLAB
has extensive facilities for displaying vectors and matrices as graphs.
A toolbox of MATLAB version 5 functions written by the authors is available
at the web site http://www-math.bgsu.edu/∼albert/ord book/ This set of
functions can be used together with the MATLAB software (available from The
MathWorks, Inc., 24 Prime Park Way, Natick, MA 01760-1500) to perform all of
the calculations and graphics that are illustrated in this book. Here, we outline the
use of some of the MATLAB functions in this toolbox for fitting and criticizing
binary, ordinal, multirater, and item response regression models.

Chapter 2 — Review of Bayesian computation
Defining the posterior density
The MATLAB functions listed below can be used to implement the different summarization methods for a posterior density with two parameters. To use these
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functions, a MATLAB function needs to be written which defines the logarithm of
the posterior density. The following function logpost2 computes the log of the
posterior density for the log odds ratio and log odds product discussed in Section
2.2:
function val=logpost2(xy,data)
t1=xy(:,1);
t2=xy(:,2);
y1=data(1); n1=data(2); y2=data(3); n2=data(4);
g1=(t1+t2)/2; g2=(t2-t1)/2;
val=y1*g1-n1*log(1+exp(g1))+y2*g2-n2*log(1+exp(g2));

There are two inputs to this function. The matrix xy contains values of the
parameter vector, where each row corresponds to a set of values for the two parameters, and the vector data contains values of data and prior parameters that are
used in the definition of the posterior density. The output val is a vector of values
of the logarithm of the density at the parameter values specified by xy.

The multivariate normal approximation
[mode,var]=laplace(’logpost2’,mode,numiter,data)
The function laplace implements the multivariate normal approximation described in Section 2.3. There are four inputs: ’logpost2’ is the name of the
function which defines the log posterior, mode is a guess at the posterior mode,
numiter is the number of iterations of the algorithm for finding the posterior
mode, and data is a vector of prior parameters and data that is used by the function ’logpost2’. The output is the posterior mode mode and the approximate
variance-covariance matrix var.

Grid integration
[lint,mom]=ad_quad2(’logpost2’,mom,numiter,data)
The function ad quad2 implements the adaptive quadrature algorithm described
in Section 2.3. One inputs the name of the function ’logpost2’ which defines
the log posterior, a vector mom of guesses at the posterior moments of the distribution, the number of iterations numiter of the algorithm, and the vector data
of data values used by ’logpost2’. The output of the function is the logarithm
of the integrand of the density lint and a vector mom of estimates at the posterior
moments of the density.

Gibbs sampling
sim_sample=gibbs(’logpost2’,start,m,scale,data)
The function gibbs illustrates the Gibbs sampling algorithm, where a
Metropolis-Hastings algorithm is used to sample from each full-conditional distribution. The inputs are the definition ’logpost2’ of the log posterior density,
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a vector start which contains the starting value of the algorithm, the number of
iterations m of the algorithm, a vector scale of scale constants used in the MH algorithms, and the vector data of data values used in ’logpost2’. The output is a
matrix of simulated values from the posterior density, where each row corresponds
to a different simulated value.

Chapter 3 — Regression models for binary data
Data setup
Data for a regression problem with a binary response are stored as a matrix. Each
row of the matrix corresponds to a single experimental unit. The first column
contains the proportion of successes, the second column contains the corresponding
sample size, and the remaining columns of the matrix contain the set of regression
covariates. For the statistics class dataset described in Chapter 3, each experimental
unit corresponds to a binary response, and the MATLAB matrix stat which stores
this data are given as follows:
stat=[
0
0
1
0
1
1
1
1
1
1
1
1
1
1
1
0
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0
0
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0
1
1
0
1
0
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1
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1
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525
533
545
582
581
576
572
609
559
543
576
525
574
582
574
471
595
557
557
584
599
517
649
584
463
591
488
563
553
549];
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Maximum likelihood estimation and model criticism
[beta,var,fitted_probs,dev_df,pearson_res,dev_res,adev_res]
= breg_mle(stat,’l’);
The MATLAB function breg mle finds the maximum likelihood estimate of
the vector of regression coefficients. The input to this function is the data matrix
stat and the link function (’l’ for logit, ’p’ for probit, and ’c’ for complementary
log-log). As output, the vector beta contains the mle and the matrix var contains the associated variance-covariance matrix of the estimate. In addition, the
function outputs the vector of fitted probabilities fitted probs, a vector dev df
containing the deviance and associated degrees of freedom, the vector of Pearson
residuals pearson df, the vector of deviance residuals dev res, and the vector
of adjusted deviance residuals adev res.

Bayesian fitting using a flat prior
[Mb,arate]=breg_bay(stat,m,’l’);
The MATLAB function breg bay takes a simulated sample from the posterior
distribution of the regression coefficients (under a flat prior) using the MetropolisHastings algorithm. There are three inputs to this function: stat is the data matrix,
m is the number of iterations of the simulation algorithm, and ’l’ indicates that
a logistic link will be used. The output is the matrix Mb, where each row of the
matrix corresponds to a simulated value from the posterior distribution, and the
constant arate which is equal to the acceptance rate of the Metropolis algorithm.

Posterior fitted probabilities and residual distributions
Several functions are available for summarizing the simulated sample from the
posterior distribution.
[fit_prob,residuals]=lfitted(Mb,stat,’l’);
The function lfitted computes summaries of the posterior distributions of
the fitted probabilities {p̂i } and the residuals {yi − p̂i }. One inputs the matrix of
simulated values Mb, the data matrix stat, and the link function ’l’. One output
is the matrix fit prob, where each row of the matrix corresponds to the 5th,
50th, and 95th percentiles of the posterior distribution of pi . Similarly, a row of
the output matrix residuals contains the 5th, 50th, and 95th percentiles of the
posterior distribution of the Bayesian residual yi − pi .
plotfitted(stat(:,4),fit_prob,’SAT’, ’Probability’)
The function plotfitted is useful for graphing the summaries of the posterior
distribution that are produced by the function lfitted as shown in Figure 3.5.
The inputs to this function are the vector stat(:,4) that will be plotted on the
horizontal axis, the summary matrix fit prob of the posterior distribution of the
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fitted probabilities, and the strings ’SAT’ and ’Probability’ which are used to
label the horizontal and vertical axes on the plot.

Computation of latent residuals
[log_scores,sz]=llatent(Mb,stat);
The function llatent computes the posterior means of the ordered latent residuals (assuming a logistic link) discussed in Section 3.4. This function also produces
the logistic scores plot as shown in Figure 3.9. The input to this function is the matrix of simulated values from the posterior Mb and the data matrix stat. The output
is the vector of logistic scores log scores and the vector of posterior means of
the ordered latent residuals sz.

Bayesian probit fitting with a flat prior using data augmentation
Mb=b_probg(stat,m);
The function b probg implements the Gibbs sampling algorithm for fitting a
Bayesian binary regression model with a probit link. There are two inputs to this
function: stat, the data matrix, and m, the number of iterations of the simulation.
The output matrix Mb contains the simulated sample from the posterior distribution,
where the rows of the matrix correspond to the simulated variates.

Bayesian fitting using an informative prior
[Mb,arate]=breg_bay(stat,m,’l’,prior);
The function breg bay can also be used to simulate from the posterior distribution using a conditional means informative prior distribution. There are four inputs
to this function: the data matrix stat, the number of iterations of the algorithm
m, the string ’l’ indicating a logistic link, and a matrix prior which contains the
parameters of the conditional means prior. The output of this function is the matrix
Mb of simulated values from the posterior and the acceptance rate arate.
In the example of Section 3.2.4, the prior information was that a student with
covariate vector [1 500] would pass with probability .3, a student with covariate
vector [1 600] would pass with probability .7, and each statement was worth five
observations. This prior information is inputted by means of the matrix
prior=[.3 5 1 500
.7 5 1 600];

Computation of a marginal likelihood
[beta,var,lmarg]=cmp(stat,prior);
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The function cmp computes the marginal likelihood used in computing the Bayes
factor discussed in Section 3.4. The input of this function is the data matrix stat
and a matrix prior, which contains the parameters of a conditional means prior distribution. (The specification of the matrix prior is illustrated above.) The function
has three outputs: the posterior mode beta, the associated posterior variancecovariance matrix var, and the natural logarithm of the value of the marginal
likelihood lmarg.

Computation of a posterior predictive distribution
p_std=post_pred(Mb,conduct);
The function post pred obtains a simulated sample from the posterior predictive distribution of the standard deviation of the counts {yi∗ } as discussed in Section
3.5. The input to this function is the matrix of simulated values Mb from the posterior distribution of the regression vector and the dataset matrix conduct. The
output vector p std represents a simulated sample from the posterior predictive
distribution of the standard deviation of {y1∗ , ..., yn∗ }.

Fit of a random effects model
[Mbeta,Ms2,p_std2]=logit_re2(conduct,m,ab);
The function logit re2 fits the Bayesian random effects model discussed in
Section 3.5. The inputs are the dataset conduct, the size of the simulated sample m,
and the vector ab of parameter values for the inverse-gamma distribution placed on
the random effects variance. The function returns the matrix Mbeta of simulated
values from the marginal posterior distribution of the regression vector β, the
vector Ms2 of simulated values from the marginal posterior distribution of the
random effects variance σ 2 , and the vector p std of simulated values from the
posterior-predictive distribution of the standard deviation of {y1∗ , ..., yn∗ }.

Chapter 4 — Regression models for ordinal data
Data setup
The data input for a ordinal response regression problem are a single matrix. Each
row of the matrix corresponds to a single experimental unit. The first column contains the ordinal responses and the remaining columns contain the set of regression
covariates. For the statistics class dataset described in Chapter 4, the MATLAB
matrix ostat which stores this data are given as follows:
ostat=[
2
1
2
1
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533
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3
...
4
4
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1
1
1

545
582
581

1
1
1

563
553
549]
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Maximum likelihood estimation
[mle,cov,dev,devRes,fits] = ordinalMLE(ostat,C,link);
The function ordinalMLE finds the maximum likelihood estimate of the unknown category cutoffs and the regression coefficients. The inputs to this function
are the data matrix ostat, the number of categories C, and a string variable link
indicating the link function. The function outputs the maximum likelihood estimate mle, the associated variance-covariance matrix cov, the deviance statistic
dev, the vector devRes containing the signed deviance contributions, and a matrix
of fitted probabilities fits.

Bayesian fitting using flat or informative priors
[sampleBeta, meanZ, accept]
= sampleOrdProb(ostat,C,mle,m,prior);
The function sampleOrdProb takes a simulated sample from the posterior distribution of the regression coefficients and category cutoffs using the MCMC
algorithm described in Section 4.3.2. The inputs to this function are the data matrix ostat, the number of categories C, the vector mle containing the maximum
likelihood estimates (found using the function ordinalMLE), and the number of
simulated values m. The default is a flat prior for the unknown parameters. If an
informative prior is used, prior is the name of a function that returns a value of
the prior density at the parameter vector. The output is a matrix sampleBeta of
simulated values where the rows correspond to the m samples and the columns
correspond to the components of mle. In addition, the vector meanZ contains the
means of the sample latent variables by observation and accept contains the MH
acceptance rate for the category cutoffs.

Chapter 5 — Analyzing data from multiple raters
Data setup
The data input for analyzing multiple rater data consist of two matrices. The matrix N contains the observed ordinal responses, where the rows correspond to the
“items” and the columns to the “raters.” When applicable, the matrix X contains
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the design matrix for the regression model, where the rows correspond to the items
and the columns to the regression parameters.

Bayesian fitting of a multiple rater model
[Zij, Z, S, Cats, accept]
= sampleMulti(N,sampSize,alpha,lambda);
The function sampleMulti obtains a simulated sample from the posterior distribution of the multirater model described in Section 5.2. The inputs are the data
matrix N, the number of iterates of the simulation sampSize, and the parameters
alpha and lambda of the inverse-gamma distribution placed on the rater variances.
The output is the matrix of simulated values Zij of the rater-item values {tij }, the
matrix Z of simulated values of the latent traits Z, the matrix S of simulated variates
from the rater variances, the matrix Cats of simulated values from the category
cutoffs γ , and the acceptance rate accept of the MH algorithm used to sample
the category cutoffs.

Bayesian fitting of a multiple rater model (regression case)
[Zij,Z,S,Cats,B,Sr,accept]
= sampReg(N,X,bZ,sampSize,alpha,lambda);
The function sampReg obtains a simulated sample from the posterior distribution
of the multirater model with regression described in Section 5.3. The inputs to this
function include the data matrix N, the number of iterates sampSize, and the
hyperparameters alpha and lambda as described for the previous function. In
addition, this function requires the input of the design matrix X and the vector
bZ, which contains the estimates of the mean latent traits. The output is Zij, Z,
S, Cats, and accept, as described earlier; also, the function outputs B, a matrix
containing simulated values of the posterior of the regression parameter, and Sr,
a vector containing simulated values of the posterior of the regression variance.

Bayesian fitting of a ROC analysis
[Zij,Z,S,Cats,m0,m1,v0,v1]
= roc(N,D,TmT,sampSize,alpha,lambda);
The function roc obtains a simulated sample from the posterior distribution for
the ROC analysis described in Section 5.4. The input to this function is the data
matrix N, the vector D, which indicates the patients’ disease status (1–yes, 0–no), the
vector TmT which indicates the treatments for all patients (0’s or 1’s), the number
of MCMC iterates sampSize, and the prior parameters on the rater parameters
alpha and lambda. The output is the matrix Zij containing the simulated rateritem values from their posterior distribution, the matrix Z of simulated values of
the latent item traits, the matrix S of simulated values from the posterior on the
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rater variances, and the matrix Cats of sampled values from the category cutoffs.
Also, m0 and m1 are vectors containing sampled values of the disease means, v0
and v1 are vectors of the sampled disease variances, and accept is the acceptance
probability for the sampling algorithm on the category cutoffs.

Chapter 6 - Item response modeling
Data setup
The data are stored in the matrix form described in Section 6.3.1. The matrix has n
rows and k columns, where the rows correspond to the individuals that are judged
and the columns correspond to the judges or items. The entries of the matrix are
0’s and 1’s, where (in the exam example) 0 indicates an incorrect response and
1 indicates a correct response. In the following, the matrix ratings contains the
ratings of the student judges on the shyness of their peers.

Bayesian fit of two-parameter probit item response model
[av,bv,th_m,th_s] = item_r(ratings,m_a,s_a,s_b,m);
The function item r takes a simulated sample of the posterior distribution of
the item and ability parameters of the two-parameter item response model with
probit link described in Section 6.5. The input to the function is the data matrix
ratings, the mean m a and standard deviation s a of the item slope parameters,
the standard deviations b of the item intercept parameters, and the number of
iterations m of the Gibbs sampling algorithm. The function returns the matrix av
of simulated values from the marginal posterior distribution of the item slope
parameters, where each row of the matrix corresponds to a single sampled vector.
In addition, bv is the matrix of simulated values of the item intercept parameters,
th m is a vector containing the posterior means of the ability parameters, and th s
contains the respective posterior standard deviations of the ability parameters.

Posterior estimates of the item response curve
[pr,lo,hi] = irtpost(av,bv,theta);
The function irtpost computes summaries of the posterior densities of all of
the item response curves. The inputs to the function are the matrices av and bv of
simulated values from the posterior distributions of the item slope and intercept
parameters, and a vector theta of values of the ability parameter. The function
outputs a matrix pr of posterior medians of the probability of correct response,
where the rows of the matrix correspond to the values of the ability parameter
and the columns correspond to the different items. Also, the matrices lo and hi
contain the respective 5th and 95th percentiles of the posterior distribution of the
probability of a correct response.
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Bayesian fit of one-parameter probit item response model
[bv,th_m,th_s] = item_r1(ratings,s_b,m);
The function item r1 takes a simulated sample of the posterior distribution of
the item and ability parameters of the one-parameter item response model with
probit link described in Section 6.8. The input to the function is the data matrix
ratings, the standard deviations b of the item intercept parameters, and the
number of iterations m of the Gibbs sampling algorithm. The function returns the
matrix bv of simulated values of the item intercept parameters, the vector th m,
containing the posterior means of the ability parameters, and the vector th s,
containing the respective posterior standard deviations of the ability parameters.

Bayesian fit of two-parameter probit item response model with an
exchangeable prior
[av,bv,th_m,th_s,av_m,av_s2] = item_r_h(ratings,ab,m);
The function item r h takes a simulated sample of the posterior distribution
of the item and ability parameters of the two-parameter item response model with
an exchangeable prior discussed in Section 6.10. The input to the function is the
data matrix ratings, the vector ab of parameters of the inverse-gamma prior for
the variance τ 2 , and the number of iterations m of the Gibbs sampling algorithm.
The function returns the matrix av of simulated values from the marginal posterior
distribution of the item slope parameters, the matrix bv of simulated values of
the item intercept parameters, the vector th m, containing the posterior means of
the ability parameters, and the vector th s, containing the respective posterior
standard deviations of the ability parameters.
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Index

Achievement index, 220
adaptive quadrature, 40
adjusted deviance residual, 94
analysis of deviance, 103
binary regression, 103
AOD table, 103
autocorrelation, 63
item response model simulation, 199
Batch means, 63
item response model simulation, 199
Bayes factor, 40, 104
Bayes’ theorem, 9
Bayesian inference, 7
Bayesian linear model, 169
Bayesian random effects model, 115
Bayesian residual, 95, 109
cross-validation, 98
latent, 100
posterior-predictive, binary, 97
Bernoulli random variable, 3, 75
beta density, 10
binary data, 75
binary random variable, 75
binary regression model, 84
binary regression random effects model,
113

binary response, 3
binomial denominator, 3
binomial distribution, 3, 82
binomial probability, 3
binormal ROC model, 176
biserial correlation coefficient, 194
burn-in period, 62
Case analyses, 93
categorical response, 128
category cutoffs, 128
cdf or cumulative distribution function,
79
censored data, 60
central limit theorem, 37
complementary log-log link function,
81
composition method, 49
conditional maximum likelihood
estimation, 203
conditional means prior, 85, 132
confidence interval, 7
conjugate prior density, 10
covariate, 76
Cowles’ algorithm, 134, 144, 178
informative prior, 147
cross-validation predictive density, 99
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cross-validation residual, 98
cumulative distribution function, 79
cumulative probabilities, 130

Hierarchical model, 25
item response models, 208
hyperparameter, 171

Data equivalent sample size, 11, 133
deviance function, 94
deviance residual, 94, 109, 138
deviance statistic, 102
binary regression, 102
ordinal regression, 148
ordinal regression model, 137
direct simulation methods, 43
dummy variable, 103

ICM, 226
ideal observer, 177
informative prior density, 8
inverse gamma density, 113, 164
inversion methods, 44
item difficulty parameter, 184
item discrimination, 182
item discrimination parameter, 184
item response curve, 183
item response model, 182
local independence, 189
Rasch model, 202
iterated conditional modes, 226
iteratively reweighted least squares, 84,
118
ordinal regression, 133, 153

EM algorithm, 191
empirical Bayes estimation, 233
equal-tails interval, 15
examinee ability, 182
exchangeability, 25
item response model, 207
exchangeable model, 65
explanatory variable, 76
extreme value distribution, 81
Factor variable, 103
false negative fraction, 175
false positive fraction, 175
first stage prior, 25
Gauss-Hermite quadrature, 40
generalized linear models, 84
Gibbs sampler, 58
binary regression models, 92
hierarchical item response model,
210
item response model, 195
one-parameter item response model,
204
ordinal regression, 134
goodness of fit, 102, 104
Bayesian, 104
binary regression, 102
ordinal regression, 137
goodness-of-fit
multirater ordinal regression model,
171
graded response model, 219
Bayesian, 220

Joint maximum likelihood estimation,
189
Kappa statistic, 158
Latent residual, 100
binary, 100
ordinal regression, 137, 144, 151
latent variable, 80, 91, 127, 161
achievement index, 220
binary regression, 91
bivariate, 231
graded response model, 231
item response model, 183
multirater model, 161
ordinal data, 127
least squares estimate, 83
least squares regression, 83
likelihood function, 4
graded response model, 222
item response model, 189
multirater ordinal data, 162
ordinal regression, 130
likelihood ratio statistic, 102
linear predictor, 80
ordinal regression, 130
link function, 77
complementary log-log, 81

Index
logisitic, 80
probit, 79
local independence, 189
local maximization, 226
location-scale family, 184
log odds-product, 37
log odds-ratio, 36
log-likelihood function, 5
logistic distribution function, 80
logistic link function, 80
logistic regression model, 141
retrospective studies, 117
logistic transform, 25
logit, 25
MAP estimate, 14
marginal likelihood, 105
marginal maximum likelihood
estimation, 190
marginal posterior density, 22
marginal posterior distribution, 34
Markov chain Monte Carlo, 53
masking, 98
maximum a posteriori estimate, 14
maximum likelihood estimation, 4
asymptotic sampling distribution, 7
binary regression, 84
binomial proportion, 4
joint, item response model, 189
marginal, item response model, 190
median, 15
method-of-moments, 233
Metropolis-Hasting algorithm
graded response model, 225
multirater ordinal data, 166
Metropolis-Hastings algorithm, 54, 166
binary regression, 87
multirater ordinal regression, 173
one-parameter item response model,
204
ROC analysis, 178
missing data, 60
multinomial denominator, 129
multinomial distribution, 129
multirater ordinal model, 161
multirater ordinal regression model, 167
multivariate normal approximation, 38
Nested models, 103
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non-identifiability, 131
graded response model, 222
multirater ordinal model, 163
noninformative prior density, 8
normal approximation, 15, 38
normal scores plot, 101, 144
multirater ordinal data, 167
ordinal regression, 151
normalizing constant, 34
nuisance parameter, 22, 37
Observational study, 116
odds-ratio, 36
one-parameter item response model,
202
Bayesian, 203
ordinal data, 126
ordinal deviance residual, 138
ordinal probit model, 131, 142
Bayesian, 143
ordinal regression, 126
probit, 131
probit model, 142
proportional hazards, 130
proportional odds, 130, 139
ordinal residual analyses, 137
outlier, 93
over-parameterized, 131
overdispersion, 115, 149
P-value, 179
Pearson residuals, 93
point estimation, 14
pooled estimate, 26
posterior density, 9
binary regression, 86
item response model, 191, 193
normal/inverse-gamma, 21
posterior mean, 12, 14, 34
posterior median, 14, 15
posterior mode, 14
posterior predictive density, 17, 35
posterior predictive distribution, 97
posterior standard deviation, 15
posterior-predictive residual, 97, 110
ordinal regression, 139
prediction, 17
predictive probability, 17
prior density, 7, 13
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prior (continued)
binary regression parameters, 85
conditional means, 85
conditional means, ordinal regression,
132
conjugate, 10
empirical Bayes, 233
first stage, 25, 208
graded response, 222
histogram, 13
informative, 8
informative in ordinal regression, 145
informative, ordinal regression, 132
item response model, 191
multirater ordinal model, 163
non-informative, ordinal regression,
131
noninformative, 8
reference, 21
second stage, 25, 209
vague, 8
prior mean, 12
prior sample size, 11, 85
probability interval, 15
probit link function, 79
probit model, 79
proportional hazards model, 130
proportional odds model, 130, 139
prospective study, 116
Quadrature rules, 40
quantile-quantile plot, 101
quantiles, 15
Random effect, 113
random effects model, 115
random sample, 2
Rasch model, 203
rater precision parameters, 162
rater variance, 164
rater-specific trait, 166
receive operator characteristics, 174
regression coefficient, 78
rejection algorithm, 44
resampling weights, 100
residual, 109
adjusted deviance, 94
Bayesian, 95
binary, Bayesian, 95

cross-validation, 98
deviance, 94, 109
deviance, ordinal regression, 138
latent, 100
latent, ordinal regression, 137
ordinal latent, 144, 151
ordinal posterior-predictive, 139
Pearson, 93
posterior-predictive, 97, 110
residual analysis, 92
binary regression, 92
item response models, 205
multirater ordinal data, 166
ordinal regression, 137
retrospective sampling, 115
ROC analysis, 174
binormal model, 176
rating method, 175
ROC area parameter, 175
ROC curve, 175
Second stage prior, 25
shrinkage, 11, 26
in item response models, 208
significance test, 171
simulation methods, 43
autocorrelation of simulated values,
63
batch means estimate of sample size,
63
burn-in, 62
composition method, 49
Gibbs sampler, 58
inversion method, 44
Metropolis-Hastings, 54
rejection method, 44
simulation error, 48
SPECT image, 178
standard deviation, 15
stomach cancer data, 23
subjective probability, 7
T density, 22
trace plots, 62
true negative fraction, 175
true positive fraction, 175
Vague prior density, 8

