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## Define Mesh using Coordinates

mesh <- inla.mesh.2d(coords, max.edge=c(0.45,1))

spde = inla.spde2.matern(mesh)

data$hhid = mesh$idx$loc

## Spatial Poisson Hurdle (without model on probability)

fit <- inla(count07.11~ elevation + pop.per.sqm + f(data$hhid, model = spde) + f(u,model = “iid”),
data = data, family = “zeroinflated.poisson0”, control.compute = list(dic = TRUE,cpo = TRUE))
## Spatial Zero-Inflated Poisson

fit.zip <- inla(count~ elevation + pop.per.sqm + f(u, model = spde) + f(u,model = “iid”"), data = data,
family = “zeroinflated.poissonl”, control.inla = list(h = 0.1), control.compute = list(dic = TRUE,
cpo =TRUE))

## Spatial Poisson Hurdle with Logistic Regression ## for the Zero Probability
count.ind<-rep(0,n);

count.ind[which(count == 0)]<-1

n<-length(count)

n.z<-n

ftmp<-which(count > 0)

n.y<-length(ftmp)

ytmp =rep(NA, 2 x (n + n.y))

Y = matrix(ytmp, ncol = 2)

Y[1l:n, 1] = count.ind

Y[(n+ 1):(n +n.y),2 | = count[ftmp]

mu.z = rep(1:0, c(n, n.y))

mu.y =rep(0:1, c(n, n.y))

elev.z<- c(elevation, rep(NA,n.y))

elev.y<-c(rep(NA, n), elevation[ftmp])

popsqm.z<- c(pop.per.sqm, rep(NA,n.y))

popsqm.y<- c(rep(NA, n), pop.per.sqm[ftmp])

U = c(rep(NA, n.z), rep(1:n.y))

S = c(rep(NA, n.z),data$hhid[ftmp])

Idat =1list( Y =Y, mu.z =rep(1:0, c(n, n)), mu.y =rep(0:1, c(n, n)), fu = f(U,model = “iid” ),

f.s = f(S, model = spde), elev.y = elev.y, elev.z = elev.z, popsqm.z = popsqm.z, popsqm.y = popsqm.y)
fit<- inla(Y ~ 0 + mu.z + elev.z+popsqm.z + mu.y + elev.y + popsqm.y + f(U,model = “iid”) + (S,
model = spde), data = ldat, family = c(“binomial”, “zeroinflated.poisson0’’), control.family = list(
list(), list(hyper = list( prob = list( initial = —20, fixed = TRUE)))),
control.compute=list(dic=TRUE,cpo=TRUE) )

round (fit$summary.fix, 4)

fit$dicSdic

fit$dic$p.eff

fit$dic$family.dic

fitSdic$family.p.eff

# The spatial hierarchical hurdle/zero-inflated models for the Illinois Lyme Disease data
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Stage 1. Data Model

Poi , .p. ,
Yi ~ le(yi |ﬂi,pl.) or Y, ~ 01550”(&) WP P . i= 1,\i, n,
0 w.p. l-p,

or

J , p. l-p
Y, ~ PoiHurdle(y, | A, p,) or Y ~ TruncatedPoisson(A) W.p )2
0 w.p. D

Stage 2. Process Model

log(ﬂ’z) = ﬂO + ﬁl)(i,Elevation + ﬂZ)(i,pop.sq.m + 71”
logit(p,) =0, + o, X, + ., X,

i,pop.sq.m?>
Stage 3. Parameter Models
Define prior distributions for unknown parameters:
2
ﬂi ~ N((): O-ﬁ)
o, ~N(0,02)

Define model for spatial random effects:
y~N(0,%),
z=/(0%7),

where f(.) is a spatial covariance function (e.g., exponential or Matérn).
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Also assign prior densities to unknown parameters (e.g., flat gamma densities 7, and O ).

Note that we use “INLA” package in the statistical software R and thus, the code does not show the
stages of the hierarchical model in details.
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