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adaptMetropGibbs Adaptive Metropolis within Gibbs algorithm

Description

Markov chain Monte Carlo for continuous random vector using an adaptive Metropolis within Gibbs
algorithm.

Usage

adaptMetropGibbs(ltd, starting, tuning=1, accept.rate=0.44,

batch = 1, batch.length=25, report=100,
verbose=TRUE, ...)

Arguments

1td an R function that evaluates the log target density of the desired equilibrium
distribution of the Markov chain. First argument is the starting value vector
of the Markov chain. Pass variables used in the 1td via the ...argument of
aMetropGibbs.

starting areal vector of parameter starting values.

tuning a scalar or vector of initial Metropolis tuning values. The vector must be of
length(starting). If a scalar is passed then itis expanded to length(starting).

accept.rate a scalar or vector of target Metropolis acceptance rates. The vector must be of

length(starting). If ascalaris passed then it is expanded to length(starting).
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batch the number of batches.
batch.length  the number of sampler iterations in each batch.
report the number of batches between acceptance rate reports.

verbose if TRUE, progress of the sampler is printed to the screen. Otherwise, nothing is
printed to the screen.

currently no additional arguments.

Value
A list with the following tags:

p.theta.samples
a coda object of posterior samples for the parameters.

acceptance the Metropolis acceptance rate at the end of each batch.
1td 1td

accept.rate accept.rate

batch batch

batch.length batch.length

proc.time the elapsed CPU and wall time (in seconds).

Note

This function is a rework of Rosenthal (2007) with some added niceties.

Author(s)

Andrew O. Finley <finleya@msu.edu>,
Sudipto Banerjee <sudiptob@biostat.umn.edu>

References

Roberts G.O. and Rosenthal J.S. (2006). Examples of Adaptive MCMC. http://probability.
ca/jeff/ftpdir/adaptex.pdf Preprint.

Rosenthal J.S. (2007). AMCMC: An R interface for adaptive MCMC. Computational Statistics and
Data Analysis. 51:5467-5470.

Examples

## Not run:
rmvn <- function(n, mu=0, V = matrix(1)){

p <- length(mu)

if(any(is.na(match(dim(V),p))))

stop(”"Dimension problem!")

D <- chol(V)

t(matrix(rnorm(n*p), ncol=p)%*%D + rep(mu,rep(n,p)))
3


http://probability.ca/jeff/ftpdir/adaptex.pdf
http://probability.ca/jeff/ftpdir/adaptex.pdf

SHEHHHHHHHHEHHEHREEEREHHEHR
##Fit a spatial regression
HHHHHHHEEEE A
set.seed(1)

n <- 50

X <= runif(n, 0, 100)

y <= runif(n, @, 100)

D <- as.matrix(dist(cbind(x, y)))

phi <- 3/50
sigmasq <- 50
tausq <- 20
mu <- 150

s <- (sigmasqgxexp(-phi*D))

w <= rmvn(1, rep(@, n), s)

Y <= rmvn(1, rep(mu, n) + w, tausgxdiag(n))
X <- as.matrix(rep(1, length(Y)))

##Priors

##IG sigma”2 and tau*2
a.sig <- 2

b.sig <- 100

a.tau <- 2

b.tau <- 100

##Unif phi
a.phi <- 3/100
b.phi <- 3/1

##Functions used to transform phi to continuous support.
logit <- function(theta, a, b){log((theta-a)/(b-theta))}
logit.inv <- function(z, a, b){b-(b-a)/(1+exp(z))}

##Metrop. target
target <- function(theta){

mu.cand <- thetal[1]

sigmasq.cand <- exp(thetal[2])

tausq.cand <- exp(thetal[3])

phi.cand <- logit.inv(theta[4], a.phi, b.phi)

Sigma <- sigmasq.candxexp(-phi.cand*D)+tausq.candxdiag(n)
Sigmalnv <- chol2inv(chol(Sigma))
logDetSigma <- determinant(Sigma, log=TRUE)$modulus[1]

out <- (
##Priors
-(a.sigt1)*log(sigmasq.cand) - b.sig/sigmasq.cand
-(a.taut1)*log(tausqg.cand) - b.tau/tausq.cand
##Jacobians
+log(sigmasqg.cand) + log(tausq.cand)

adaptMetropGibbs
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+log(phi.cand - a.phi) + log(b.phi -phi.cand)

##Likelihood

-0.5xlogDetSigma-0.5%(t (Y-X%x%mu.cand)%*%Sigmalnv%*%(Y-X%*%mu.cand))
)

return(out)

}

##Run a couple chains
n.batch <- 500
batch.length <- 25

inits <- c(@, log(1), log(1), logit(3/1@, a.phi, b.phi))
chain.1 <- adaptMetropGibbs(ltd=target, starting=inits,
batch=n.batch, batch.length=batch.length, report=100)

inits <- c(500, log(100), log(100), logit(3/90, a.phi, b.phi))
chain.2 <- adaptMetropGibbs(ltd=target, starting=inits,
batch=n.batch, batch.length=batch.length, report=100)

##Check out acceptance rate just for fun
plot(memc.list(memc(chain. 1$acceptance), mcmc(chain.2$acceptance)))

##Back transform

chain.1$p.theta.samples[,2] <- exp(chain.1$p.theta.samples[,2])
chain.1$p.theta.samples[,3] <- exp(chain.1$p.theta.samples[,3])
chain.1$p.theta.samples[,4] <- 3/logit.inv(chain.1$p.theta.samples[,4], a.phi, b.phi)

chain.2$p.theta.samples[,2] <- exp(chain.2$p.theta.samples[,2])
chain.2$p.theta.samples[,3] <- exp(chain.2$p.theta.samples[,3])
chain.2$p.theta.samples[,4] <- 3/logit.inv(chain.2$p.theta.samples[,4], a.phi, b.phi)

par.names <- c("mu”, "sigma.sq", "tau.sq", "effective range (-log(@.05)/phi)")
colnames(chain.1$p.theta.samples) <- par.names
colnames(chain.2$p.theta.samples) <- par.names

##Discard burn.in and plot and do some convergence diagnostics
chains <- memc.list(mecmc(chain.1$p.theta.samples), mcmc(chain.2$p.theta.samples))
plot(window(chains, start=as.integer(@.5*n.batch*batch.length)))

gelman.diag(chains)

HHHHHHAEHEE A

##Example of fitting a

##a non-linear model

HHHHHHAEEE A

##Example of fitting a non-linear model
set.seed(1)

S
##Simulate some data.
S
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a <- 0.1 #-Inf < a < Inf
b<-0.1#b >0
c<-0.2#c >0
tau.sq <- 0.1 #tau.sq > 0@

fn <- function(a,b,c,x){
atbxexp(x/c)
3

n <- 200
x <- seq(0,1,0.01)
y <- rnorm(length(x), fn(a,b,c,x), sqrt(tau.sq))

##check out your data
plot(x, y)

HHHHHHARHE AR
##The log target density

HHHEHHAEEEE R A
##Define the log target density used in the Metrop.

1td <- function(theta){

##extract and transform as needed
a <- thetal1]

b <- exp(thetal[2])

c <- exp(thetal[3])

tau.sq <- exp(thetal[4])

y.hat <- fn(a, b, c, x)

##likelihood
logl <- sum(dnorm(y, y.hat, sqrt(tau.sq), log=TRUE))

##priors IG on tau.sq and normal on a and transformed b, c, d
logl <- (logl
-(IG.a+1)*log(tau.sq)-IG.b/tau.sq
+sum(dnorm(thetal1:3], N.mu, N.v, log=TRUE))
)

##Jacobian adjustment for tau.sq
logl <- logl+log(tau.sq)

return(logl)

S
##The rest
S

##Priors
IG.a <- 2
IG.b <- 0.01
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N.mu <- @
N.v <- 10

theta.tuning <- c(0.01, 0.01, 0.005, 0.01)

##Run three chains with different starting values
n.batch <- 1000
batch.length <- 25

theta.starting <- c(@, log(0.01), log(0.6), log(0.01))
run.1 <- adaptMetropGibbs(ltd=1td, starting=theta.starting, tuning=theta.tuning,
batch=n.batch, batch.length=batch.length, report=100)

theta.starting <- c(1.5, log(0.05), log(0.5), log(0.05))
run.2 <- adaptMetropGibbs(ltd=1td, starting=theta.starting, tuning=theta.tuning,
batch=n.batch, batch.length=batch.length, report=100)

theta.starting <- c(-1.5, log(@.1), log(0.4), log(0.1))
run.3 <- adaptMetropGibbs(ltd=1td, starting=theta.starting, tuning=theta.tuning,
batch=n.batch, batch.length=batch.length, report=100)

##Back transform

samples.1 <- cbind(run.1$p.theta.samples[,1], exp(run.1$p.theta.samples[,2:4]1))
samples.2 <- cbind(run.2$p.theta.samples[,1], exp(run.2$p.theta.samples[,2:4]))
samples.3 <- cbind(run.3$p.theta.samples[,1], exp(run.3$p.theta.samples[,2:4]))

samples <- mcmc.list(mcmc(samples.1), mcmc(samples.2), mcmc(samples.3))

##Summary
plot(samples, density=FALSE)
gelman.plot(samples)

burn.in <- 5000

fn.pred <- function(theta,x){
a <- thetal1]
b <- theta[2]
c <- theta[3]
tau.sq <- theta[4]

rnorm(length(x), fn(a,b,c,x), sqrt(tau.sq))
3

post.curves <- t(apply(samples.1[burn.in:nrow(samples.1),]1, 1, fn.pred, x))
post.curves.quants <- summary(mcmc(post.curves))$quantiles

plot(x, y, pch=19, xlab="x", ylab="f(x)")

lines(x, post.curves.quants[,1], lty="dashed”, col="blue")

lines(x, post.curves.quants[,3])
lines(x, post.curves.quants[,5], lty="dashed”, col="blue")



## End(Not run)

bayesGeostatExact

bayesGeostatExact Simple Bayesian spatial linear model with fixed semivariogram pa-

rameters

Description

Given a observation coordinates and fixed semivariogram parameters the bayesGeostatExact
function fits a simple Bayesian spatial linear model.

Usage

bayesGeostatExact(formula, data = parent.frame(), n.samples,

Arguments

formula

data

n.samples

beta.prior.mean

beta.prior.mean, beta.prior.precision,

coords, cov.model="exponential”, phi, nu, alpha,
sigma.sq.prior.shape, sigma.sq.prior.rate,
sp.effects=TRUE, verbose=TRUE, ...)

for a univariate model, this is a symbolic description of the regression model to
be fit. See example below.

an optional data frame containing the variables in the model. If not found in data,
the variables are taken from environment (formula), typically the environment
from which spLM is called.

the number of posterior samples to collect.

[ multivariate normal mean vector hyperprior.

beta.prior.precision

coords

cov.model

phi

nu

alpha

sigma.sq.prior.

[ multivariate normal precision matrix hyperprior.
an n x 2 matrix of the observation coordinates in R? (e.g., easting and northing).

a quoted key word that specifies the covariance function used to model the spa-
tial dependence structure among the observations. Supported covariance model
key words are: "exponential”, "matern”, "spherical”, and "gaussian”.
See below for details.

the fixed value of the spatial decay.

if cov.model is "matern” then the fixed value of the spatial process smoothness
must be specified.

the fixed value of the ratio between the nugget 72 and partial-sill o2 parameters
from the specified cov.model.

shape

o? (i.e., partial-sill) inverse-Gamma shape hyperprior.
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sigma.sq.prior.rate
o2 (i.e., partial-sill) inverse-Gamma 1/scale hyperprior.

sp.effects a logical value indicating if spatial random effects should be recovered.

verbose if TRUE, model specification and progress of the sampler is printed to the screen.
Otherwise, nothing is printed to the screen.

currently no additional arguments.

Value

An object of class bayesGeostatExact, which is a list with the following tags:

p.samples a coda object of posterior samples for the defined parameters.

sp.effects a matrix that holds samples from the posterior distribution of the spatial random
effects. The rows of this matrix correspond to the n point observations and the
columns are the posterior samples.

args a list with the initial function arguments.

Author(s)

Sudipto Banerjee <sudiptob@biostat.umn.edu>,
Andrew O. Finley <finleya@msu.edu>

Examples
## Not run:
data(FBC@7.dat)

Y <- FBC@7.dat[1:150,"Y.2"]
coords <- as.matrix(FBC@7.dat[1:150,c("coord.X", "coord.Y")])

n.samples <- 500
n = length(Y)

p=1
phi <- 0.15
nu <- 0.5

beta.prior.mean <- as.matrix(rep(@, times=p))
beta.prior.precision <- matrix(@, nrow=p, ncol=p)

alpha <- 5/5

sigma.sq.prior.shape <- 2.0
sigma.sq.prior.rate <- 5.0

HHHHHHARHE R
##Simple linear model with
##the default exponential
#i#spatial decay function
HHHHHHHEEE A



set.seed(1)

m.1 <- bayesGeostatExact(Y~1, n.samples=n.samples,
beta.prior.mean=beta.prior.mean,
beta.prior.precision=beta.prior.precision,
coords=coords, phi=phi, alpha=alpha,
sigma.sq.prior.shape=sigma.sq.prior.shape,
sigma.sq.prior.rate=sigma.sq.prior.rate)

print(summary(m.1$p.samples))

##Requires MBA package to
##make surfaces

library(MBA)
par(mfrow=c(1,2))
obs.surf <-

mba.surf(cbind(coords, Y), no.X=100, no.Y=100, extend=T)$xyz.est
image(obs.surf, xaxs = "r", yaxs = "r", main="Observed response"”)
points(coords)

contour(obs.surf, add=T)

w.hat <- rowMeans(m.1$sp.effects)

w.surf <-

mba.surf(cbind(coords, w.hat), no.X=100, no.Y=100, extend=T)$xyz.est
image(w.surf, xaxs = "r", yaxs = "r"”, main="Estimated random effects"”)
points(coords)

contour(w.surf, add=T)

B s s S

##Simple linear model with

##the matern spatial decay

##function. Note, nu=0.5 so

##should produce the same

##estimates as m.1

HHHHHHAEEE

set.seed(1)

m.2 <- bayesGeostatExact(Y~1, n.samples=n.samples,
beta.prior.mean=beta.prior.mean,
beta.prior.precision=beta.prior.precision,
coords=coords, cov.model="matern”,
phi=phi, nu=nu, alpha=alpha,
sigma.sq.prior.shape=sigma.sq.prior.shape,
sigma.sq.prior.rate=sigma.sq.prior.rate)

print(summary(m.2$p.samples))

HHHHHHAEHE A

##This time with the

#i#spherical just for fun

HHHHHHAEEE R

m.3 <- bayesGeostatExact(Y~1, n.samples=n.samples,

bayesGeostatExact
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beta.prior.mean=beta.prior.mean,
beta.prior.precision=beta.prior.precision,
coords=coords, cov.model="spherical”,
phi=phi, alpha=alpha,
sigma.sq.prior.shape=sigma.sq.prior.shape,
sigma.sq.prior.rate=sigma.sq.prior.rate)

print(summary(m.3$p.samples))

HHHHHHAEHE R
##Another example but this
##time with covariates

B s S
data(FORMGMT .dat)

n = nrow(FORMGMT.dat)
p = 5 ##an intercept an four covariates

n.samples <- 50
phi <- 0.0012

coords <- cbind(FORMGMT.dat$Longi, FORMGMT.dat$Lat)
coords <- coords*(pi/180)*6378

beta.prior.mean <- rep(@, times=p)
beta.prior.precision <- matrix(@, nrow=p, ncol=p)

alpha <- 1/1.5

sigma.sq.prior.shape <- 2.0
sigma.sq.prior.rate <- 10.0

m.4 <-
bayesGeostatExact (Y~X1+X2+X3+X4, data=FORMGMT.dat, n.samples=n.samples,
beta.prior.mean=beta.prior.mean,
beta.prior.precision=beta.prior.precision,
coords=coords, phi=phi, alpha=alpha,
sigma.sq.prior.shape=sigma.sq.prior.shape,
sigma.sqg.prior.rate=sigma.sq.prior.rate)

print(summary(m.4$p.samples))

##Requires MBA package to
##make surfaces
library(MBA)
par(mfrow=c(1,2))
obs.surf <-
mba.surf(cbind(coords, resid(1lm(Y~X1+X2+X3+X4, data=FORMGMT.dat))),
no.X=100, no.Y=100, extend=TRUE)$xyz.est

nn non

image(obs.surf, xaxs = "r", yaxs = "r", main="Observed response")

11
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points(coords)
contour(obs.surf, add=T)

w.hat <- rowMeans(m.4$sp.effects)

w.surf <-
mba.surf(cbind(coords, w.hat), no.X=100, no.Y=100, extend=TRUE)$xyz.est
image(w.surf, xaxs = "r", yaxs = "r", main="Estimated random effects")

contour(w.surf, add=T)
points(coords, pch=1, cex=1)

## End(Not run)

bayesLMConjugate Simple Bayesian linear model via the Normal/inverse-Gamma conju-
gate

Description

Given an 1m object, the bayesLMConjugate function fits a simple Bayesian linear model with Nor-
mal and inverse-Gamma priors.

Usage

bayesLMConjugate(formula, data = parent.frame(), n.samples,
beta.prior.mean, beta.prior.precision,

prior.shape, prior.rate, ...)
Arguments
formula for a univariate model, this is a symbolic description of the regression model to
be fit. See example below.
data an optional data frame containing the variables in the model. If not found in data,
the variables are taken from environment (formula), typically the environment
from which spLM is called.
n.samples the number of posterior samples to collect.

beta.prior.mean
[ multivariate normal mean vector hyperprior.

beta.prior.precision
[ multivariate normal precision matrix hyperprior.

prior.shape 72 inverse-Gamma shape hyperprior.
prior.rate 72 inverse-Gamma 1/scale hyperprior.

currently no additional arguments.
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Value
An object of class bayesLMConjugate, which is a list with at least the following tag:

p.beta.tauSqg.samples
a coda object of posterior samples for the defined parameters.

Author(s)

Sudipto Banerjee <sudiptob@biostat.umn.edu>,
Andrew O. Finley <finleya@msu.edu>

Examples

## Not run:
data(FORMGMT .dat)

n <- nrow(FORMGMT.dat)
p <- 7 #i#an intercept and six covariates

n.samples <- 500

## Below we demonstrate the conjugate function in the special case
## with improper priors. The results are the same as for the above,
## up to MC error.

beta.prior.mean <- rep(@, times=p)

beta.prior.precision <- matrix(@, nrow=p, ncol=p)

prior.shape <- -p/2
prior.rate <- 0@

m.1 <-
bayesLMConjugate(Y ~ X1+X2+X3+X4+X5+X6, data = FORMGMT.dat,
n.samples, beta.prior.mean,
beta.prior.precision,
prior.shape, prior.rate)

summary(m.1$p.beta. tauSq.samples)

## End(Not run)

bayesLMRef Simple Bayesian linear model with non-informative priors

Description

Given a 1m object, the bayesLMRef function fits a simple Bayesian linear model with reference
(non-informative) priors.
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Usage
bayesLMRef (1Im.obj, n.samples, ...)
Arguments
1m.obj an object returned by 1m.
n.samples the number of posterior samples to collect.
currently no additional arguments.
Details

See page 355 in Gelman et al. (2004).

Value
An object of class bayesLMRef, which is a list with at least the following tag:

p.beta.tauSq.samples
a coda object of posterior samples for the defined parameters.

Author(s)

Sudipto Banerjee <sudiptob@biostat.umn.edu>,
Andrew O. Finley <finleya@msu.edu>

References

Gelman, A., Carlin, J.B., Stern, H.S., and Rubin, D.B. (2004). Bayesian Data Analysis. 2nd ed.
Boca Raton, FL: Chapman and Hall/CRC Press.

Examples

## Not run:
set.seed(1)

n <- 100

X <- as.matrix(cbind(1, rnorm(n)))
B <- as.matrix(c(1,5))

tau.sq <- 0.1

y <= rnorm(n, X%*%B, sqrt(tau.sq))
Im.obj <- Im(y ~ X-1)

summary (1m.obj)

##Now with bayesLMRef
n.samples <- 500

m.1 <- bayesLMRef(1lm.obj, n.samples)

summary(m.1$p.beta. tauSq.samples)
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## End(Not run)

BEF.dat Bartlett Experimental Forest inventory data

Description

Data generated in long-term research studies on the Bartlett Experimental Forest, Bartlett, NH
funded by the U.S. Department of Agriculture, Forest Service, Northeastern Research Station.

This dataset holds 1991 and 2002 forest inventory data for 437 points on the BEF.dat. Variables
include species specific basal area and biomass; inventory plot coordinates; slope; elevation; and
tasseled cap brightness (TC1), greenness (TC2), and wetness (TC3) components from spring, sum-
mer, and fall 2002 Landsat images.

Species specific basal area and biomass are recorded as a fraction of totals.

Usage

data(BEF.dat)

Format

A data frame containing 437 rows and 208 columns.

Source

BEF.dat inventory data provided by:
Marie-Louise Smith USDA Forest Service Northeastern Research Station <marielouisesmith@fs. fed.us>
Additional variables provided by:

Andrew Lister USDA Forest Service Northeastern Research Station <alister@fs.fed.us>

FBCO7.dat Synthetic multivariate data with spatial and non-spatial variance
structures

Description
The synthetic dataset describes a stationary and isotropic bivariate process. Please refer to the
vignette Section 4.2 for specifics.

Usage

data(FBCQ7.dat)
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Format
A data frame of 250 rows and 4 columns. Columns 1 and 2 are coordinates and columns 3 and 4
are response variables.

Source

Finley A.O., S. Banerjee, and B.P. Carlin (2007) spBayes: R package for Univariate and Multivari-
ate Hierarchical Point-referenced Spatial Models. Journal of Statistical Software.

FORMGMT . dat Data used for illustrations

Description

Data used for illustrations.

Usage

data(FORMGMT.dat)

iDist Euclidean distance matrix

Description

Computes the inter-site Euclidean distance matrix for one or two sets of points.

Usage
iDist(coords.1, coords.2, ...)
Arguments
coords. 1 an n X p matrix with each row corresponding to a point in p dimensional space.
coords.?2 an m X p matrix with each row corresponding to a point in p dimensional space.
If this is missing then coords.1 is used.
currently no additional arguments.
Value

The n x n or n X m inter-site Euclidean distance matrix.
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Author(s)

Andrew O. Finley <finleya@msu.edu>,
Sudipto Banerjee <sudiptob@biostat.umn.edu>,

Examples

## Not run:
n<-10
pl <= cbind(runif(n),runif(n))

m<-5
p2 <- cbind(runif(m),runif(m))

D <- iDist(p1, p2)

## End(Not run)

mkMv X Make a multivariate design matrix

Description

Given ¢ univariate design matrices, the function mkMvX creates a multivariate design matrix suitable
for use in spPredict.

Usage
mkMvX (X)
Arguments
X a list of ¢ univariate design matrices. The matrices must have the same num-
ber of rows (i.e., observations) but may have different number of columns (i.e.,
regressors).
Value

A multivariate design matrix suitable for use in spPredict.

Author(s)

Andrew O. Finley <finleya@msu.edu>,
Sudipto Banerjee <sudiptob@biostat.umn.edu>.

See Also

spPredict
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Examples

## Not run:

##Define some univariate model design matrices
##with intercepts.

X.1 <= cbind(rep(1, 10), matrix(rnorm(50), nrow=10))
X.2 <= cbind(rep(1, 10), matrix(rnorm(20), nrow=10))
X.3 <= cbind(rep(1, 10), matrix(rnorm(30), nrow=10))

##Make a multivariate design matrix suitable
##for use in spPredict.

X.mv <- mkMvX(list(X.1, X.2, X.3))

## End(Not run)

mkSpCov Function for calculating univariate and multivariate covariance ma-
trices

Description

The function mkSpCov calculates a spatial covariance matrix given spatial locations and spatial
covariance parameters.

Usage

mkSpCov(coords, K, Psi, theta, cov.model)

Arguments

coords an n x 2 matrix of the observation coordinates in R? (e.g., easting and northing).

K the ¢ X g spatial cross-covariance matrix. For a univariate model this corresponds
to the partial sill, o2,

Psi the ¢ X g non-spatial covariance matrix. For a univariate model this corresponds
to the nugget, 72.

theta a vector of g spatial decay parameters. If cov.model is "matern” then theta is
a vector of length 2 x ¢ with the spatial decay parameters in the first ¢ elements
and the spatial smoothness parameters in the last g elements.

cov.model a quoted keyword that specifies the covariance function used to model the spatial

dependence structure among the observations. Supported covariance model key
words are: "exponential”, "matern”, "spherical”, and "gaussian”. See
below for details.
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Details

Covariance functions return the covariance C'(h) between a pair locations separated by distance
h. The covariance function can be written as a product of a variance parameter o2 and a positive
definite correlation function p(h): C(h) = o2p(h), see, e.g., Banerjee et al. (2004) p. 27 for more
details. The expressions of the correlations functions available in spBayes are given below. More
will be added upon request.

For all correlations functions, ¢ is the spatial decay parameter. Some of the correlation functions
will have an extra parameter v, the smoothness parameter. K, (x) denotes the modified Bessel
function of the third kind of order v. See documentation of the function besselK for further details.
The following functions are valid for ¢ > 0 and v > 0, unless stated otherwise.

gaussian
p(h) = exp[—(¢h)?]
exponential
p(h) = exp(—¢h)
matern
(h) = s (O) K (6h)
PRV = 5011 () v
spherical
1 —1.5¢h 4+ 0.5(ph)3 ,if h< L
o(h) = +0.5(¢h) ’
0, otherwise
Value
C the ng X nq spatial covariance matrix.
Author(s)

Andrew O. Finley <finleya@msu.edu>,
Sudipto Banerjee <baner@@9@umn.edu>

Examples

## Not run:
##A bivariate spatial covariance matrix

n <- 2 ##number of locations
g <- 2 ##number of responses at each location
nltr <- g*(q+1)/2 ##number of triangular elements in the cross-covariance matrix

coords <- cbind(runif(n,@,1), runif(n,9,1))

#i#spatial decay parameters
theta <- rep(6,q)



20 NYOzone.dat

A <- matrix(Q,q,q)
Allower.tri(A,TRUE)] <- rnorm(nltr, 5, 1)
K <= A%*%t(A)

Psi <- diag(1,q)

C <- mkSpCov(coords, K, Psi, theta, cov.model="exponential”)

## End(Not run)

NETemp.dat Monthly weather station temperature data across the Northeastern US

Description

Monthly temperature data (Celsius) recorded across the Northeastern US starting in January 2000.
Station UTM coordinates and elevation are also included.

Usage

data(NETemp.dat)

Format

A data frame containing 356 rows (weather stations) and 132 columns.

NYOzone.dat Observations of ozone concentration levels.

Description

These data and subsequent description are drawn from the spTimer package (version 0.7). This data
set contains values of daily 8-hour maximum average ozone concentrations (ppb; O3.8HRMAX),
maximum temperature (degree Celsius; cMAXTMP), wind speed (knots; WDSP), and relative hu-
midity (RM), obtained from 28 monitoring sites in New York, USA, between July 1 and August 31
in 2006. Each row represents a station and columns hold consecutive daily values.

Usage

data(NYOzone.dat)
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Format
Columns for NYdata:

* 1st col = Longitude

* 2nd col = Latitude

* 3rd col = X coordinates in UTM projection
* 4th col = Y coordinates in UTM projection
 5th col = Ozone July 1 (O3.8HRMAX.1)

* 6th col = Ozone July 2 (O3.8HRMAX.2)

* 66th col = Ozone August 31 (O3.8HRMAX.62)
* remaining columns organize cMAXTMP, WDSP, and RH identical to the 62 O3.8HRMAX
measurements

References

spTimer Bakar, K.S. and S.K. Sahu. http://www.southampton.ac.uk/~sks/research/papers/
spTimeRpaper.pdf

Sahu, S.K. and K.S. Bakar. (2012) A Comparison of Bayesian Models for Daily Ozone Concentra-
tion Levels. Statistical Methodology, 9, 144-157.

PM10.dat Observed and modeled PM 10 concentrations across Europe

Description

The PM10.dat data frame is a subset of data analyzed in Hamm et al. (2015) and Datta et al.
(2016). Data comprise April 6, 2010 square root transformed PM10 measurements across central
Europe with corresponding output from the LOTOS-EUROS Schaap et al. (2008) chemistry trans-
port model (CTM). CTM data may differ slightly from that considered in the studies noted above
due to LOTOS-EUROS CTM code updates. A NA value is given at CTM output locations were
PM10 is not observed. Point coordinates are in "+proj=laea +lat_0=52 +lon_0=10 +x_0=4321000
+y_0=3210000 +ellps=GRS80 +units=km +no_defs".

Usage
data(PM10.dat)

Format
Columns for PM10.dat:

* x.coord = x coordinate (see projection information in the description)

* y.coord =y coordinate (see projection information in the description)

* pm10.obs = square root transformed PM10 measurements at monitoring stations (NA means
there is not a station at the given location)

e pm10.ctm = square root transformed PM10 from CTM


http://www.southampton.ac.uk/~sks/research/papers/spTimeRpaper.pdf
http://www.southampton.ac.uk/~sks/research/papers/spTimeRpaper.pdf
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References

Datta A., S. Banerjee, A.O. Finley, N. Hamm, and M. Schaap (2016). Nonseparable dynamic
nearest neighbor Gaussian process models for large spatio-temporal data with an application to
particulate matter analysis. Annals of Applied Statistics, 10(3), 1286-1316. ISSN 1932-6157.
doi:10.1214/16-AOAS931.

Hamm N. A.O. Finley, M. Schaap, A. Stein (2015). A Spatially Varying Coefficient Model for
Mapping PM10 Air Quality at the European scale. Atmospheric Environment, 102, 393-405.

Schaap M., R.M.A Timmermans, M. Roemer, G.A.C. Boersen, P. Builtjes, F. Sauter, G. Velders,
J. Beck (2008). The LOTOS-EUROS Model: Description, Validation and Latest Developments.
International Journal of Environment and Pollution, 32(2), 270-290.

PM10.poly European countries used in PM10.dat

Description

European countries corresponding to PM10.dat locations and used in Hamm et al. (2015) and
Datta et al. (2016). Polygon projection is "+proj=laea +lat_0=52 +lon_0=10 +x_0=4321000
+y_0=3210000 +ellps=GRS80 +units=km +no_defs".

Usage
data(PM10@.poly)

Format

List of polygons. See example below to convert to a SpatialPolygons object.

References

Datta A., S. Banerjee, A.O. Finley, N. Hamm, and M. Schaap (2016). Nonseparable dynamic
nearest neighbor Gaussian process models for large spatio-temporal data with an application to
particulate matter analysis. Annals of Applied Statistics, 10(3), 1286-1316. ISSN 1932-6157.
doi:10.1214/16-AOAS931.

Hamm N. A.O. Finley, M. Schaap, A. Stein (2015). A Spatially Varying Coefficient Model for
Mapping PM10 Air Quality at the European scale. Atmospheric Environment, 102, 393—405.

Examples

## Not run:
library(sp)
prj <- "+proj=laea +lat_0=52 +lon_0=10 +x_0=4321000 +y_0=3210000 +ellps=GRS8@ +units=km +no_defs"

pm1@.poly <- SpatialPolygons(PM1@.poly, pO = 1:1length(PM10.poly), proj4string=CRS(prj))
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## End(Not run)

pointsInPoly Finds points in a polygon

Description

Given a polygon and a set of points this function returns the subset of points that are within the
polygon.

Usage
pointsInPoly(poly, points, ...)
Arguments
poly an n X 2 matrix of polygon vertices. Matrix columns correspond to vertices’ x
and y coordinates, respectively.
points an m X 2 matrix of points. Matrix columns correspond to points’ x and y coor-
dinates, respectively.
currently no additional arguments.
Details

It is assumed that the polygon is to be closed by joining the last vertex to the first vertex.

Value

If points are found with the polygon, then a vector is returned with elements corresponding to the
row indices of points, otherwise NA is returned.

Author(s)

Andrew O. Finley <finleya@msu.edu>,
Sudipto Banerjee <sudiptob@biostat.umn.edu>,

Examples

## Not run:
##Example 1
points <- cbind(runif (1000, @, 10),runif(1000, 0, 10))

poly <- cbind(c(1:9,8:1), c(1,2x(5:3),2,-1,17,9,8,2:9))
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point.indx <- pointsInPoly(poly, points)

plot(points, pch=19, cex=0.5, xlab="x", ylab="y", col="red")
points(points[point.indx,], pch=19, cex=0.5, col="blue")
polygon(poly)

##Example 2
##a function to partition the domain
tiles <- function(points, x.cnt, y.cnt, tol = 1.0e-10){

.min <- min(points[,1])-tol
.max <- max(points[,1])+tol
.min <- min(points[,2])-tol
.max <- max(points[,2])+tol

< < X X

.cnt <- x.cnt+1
y.cnt <- y.cnt+1

x

X <- seq(x.min, x.max, length.out=x.cnt)
y <- seq(y.min, y.max, length.out=y.cnt)

tile.list <- vector("list”, (length(y)-1)*(length(x)-1))

1<-1
for(i in 1:(length(y)-1)){
for(j in 1:(length(x)-1)){
tile.list[[1]] <- rbind(c(x[j]1, y[il),
c(x[j+1]1, y[iD,
c(x[j+11, y[i+1D),
c(x[31, y[i+11))
1<-1+1

}

tile.list
3

n <- 1000
points <- cbind(runif(n, @, 10), runif(n, @, 10))

grd <- tiles(points, x.cnt=10, y.cnt=10)
plot(points, pch=19, cex=0.5, xlab="x", ylab="y")
sum.points <- @
for(i in 1:length(grd)){

polygon(grd[[i]], border="red")

point.indx <- pointsInPoly(grd[[i]], points)

if(lis.na(point.indx[1]1)){
sum.points <- length(point.indx)+sum.points
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text(mean(grd[[iJ1[,1]1), mean(grd[[il]1[,2]1), length(point.indx), col="red")
}
}

sum.points

## End(Not run)

spDiag Model fit diagnostics

Description

The function spDiag calculates DIC, GP, GRS, and associated statistics given a spLM, spMvLM,
SpGLM, spMvGLM, spMvGLM, or spSVC object.

Usage
spDiag(sp.obj, start=1, end, thin=1, verbose=TRUE, n.report=100, ...)
Arguments
sp.obj an object returned by spLM, spMvLM, spGLM, spMvGLM. For spSVC, sp.obj is an
object from spRecover.
start specifies the first sample included in the computation. The start, end, and thin
arguments only apply to spGLM or spMvGLM objects. Sub-sampling for spLM and
spMvLM is controlled using spRecover which must be called prior to spDiag.
end specifies the last sample included in the computation. The default is to use all
posterior samples in sp.obj. See start argument description.
thin a sample thinning factor. The default of 1 considers all samples between start
and end. For example, if thin = 10 then 1 in 10 samples are considered between
start and end.
verbose if TRUE calculation progress is printed to the screen; otherwise, nothing is printed
to the screen.
n.report the interval to report progress.
currently no additional arguments.
Value

A list with some of the following 