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Introduction

We consider an agricultural dataset, collected to deter-
mine a cropping system for the Liverpool Plains, NSW,
eastern Australia, which maximises water use for grain
production while minimising leakage below the crop root
zone. The data were collected over three spatial dimen-
sions and consist of neutron scattering measurements (a
soil moisture surrogate), site treatment, site, row, column
and depth of soil where the measurement was taken.

We adopted a Bayesian Conditional Autoregressive
(CAR) model to account for the particularly local site cor-
relation. Despite their ease of use and their being able to
be easily modelled in freely available software, WinBUGS
[4], and despite the work of [1, 2, 3], CAR models have
not been much used in analyses of agricultural data.

CAR and other models allowing spatial-autocorrelation
are compared, together with several ways of modelling
the treatment effects. The final choice was a hierarchi-
cal model with several CAR spatial variance components
and a fixed part which involved an errors-in-measurement
component with interval-censored errors. Spline models
with measurement error, rather than orthogonal polyno-
mials, were preferred for the descriptions of the treatment
effect since inclusion of a latent variable requires continu-
ous recalculation of the bases. The Bayesian framework
permits easy specification of these complex models.

Model

For site i at depth d, the full model is
yi,d = µj(i),d + si,d + εi,d
where µj(i),d is the effect of treatment, j, at site, i, si,d is
the spatial residual at (i, d), εi,d is the non-spatial residual.

The conditional probability of the spatial residual, si,
given its neighbours, sk, is given by

si,d|sk,d, k ∈ ∂i ∼ N
(∑ wiksk,d

wi+
, 1/(γ2

dwi+)
)

where ∂i is the set of neighbours for site i. Thus, we have
set up 15 neighbourhood matrices, with each depth layer
having a potentially different variance.

The treatment effect was seen as a continuous (and ini-
tially as a smooth) function of depth. Thus, µj(i),d =

µj(i)(d), and was originally modelled using orthogonal
polynomials.

However, linear splines, cubic splines and cubic radial
bases permitted the possibility that soil depth could be
modelled as a latent variable considering d, depth as hav-
ing been measured with error.

The linear splines for each treatment were:
µj(i)(d) = β0 + ψj + β1,jd +

∑K
1 uj,kzk(d)

where
zk(d) = (d− κk)+ for some knot sequence κ1, ...κK.

Following [5], the cubic radial bases
y = Xβ + Vku + ε,
Cov(u) = σ2

u(Ωk
−1/2)(Ωk

−1/2)′,
X = [1, xi, ..., x

m−1
i ], 1 ≤ i ≤ n,

Vk = [|xi − κ′k|2m−1],1 ≤ i ≤ n, 1 ≤ k ≤ K,
Ωk = [|κk − κ′k|2m−1],
V = VkΩk

−1/2.
(n is the length of the vector y, and m is 2)

Using the transformation
V = VkΩk

−1/2

the model becomes
y = Xβ + Vu + ε,
but the square root of the inverse matrix Ω is calculated
outside WinBUGS, since it is a function of the fixed knots.

The spline and cubic radial bases are easily recalculated
within each MCMC iteration within WinBUGS for the la-
tent (errors-in-variables) model, and this is not true for the
orthogonal polynomial bases.

Errors-in-measurement model

Soils shrink on drying. Thus the measured depth needs
to be adjusted to find the true soil depth [6]. Let the ‘true’
depth be z, interval-censored,
and related to the observed depth index d:
zd|d ∼ N(d, σ2

z)I(zd−1, zd+1) for d = 2, 3, ...14
z1|d = 1 ∼ N(1, σ2

z)I(0, z2)
z15|d = 15 ∼ N(15, σ2

z)I(z14, 16)
where σz ∼ Half-Cauchy(1).

Choosing the model

There were two tasks in modelling the data:

1. Choosing a neighbourhood structure;
2. choosing a way to model the depth profiles.

Table 1: Comparing spatial residual modelling: Fixed component
identical for all models(Orthogonal polynomial degree 8).
Description pD DIC

Null model: No spatial residuals 81 -2690
Linear CAR (maximum 2 neighbours) 264 -2811
CAR (maximum 4 neighbours) 358 -2990
CAR (maximum 8 neighbours) 320 -2930
AR(1), AR(1) at each depth 436 -2789

Table 2: Comparing ‘Fixed’ modelling: with an identical neighbour-
hood structure (4 neighbour CAR with 15 depth variances).

pD DIC Degree/Knots Type

297 -2970 6 Orthogonal poly
358 -2990 8
371 -2967 10

318 -2923 4 Linear Spline
369 -3002 4 (+error in depth)
401 -2999 5 (+error in depth)

345 -3061 5 Cubic radial bases
368 -3013 5 (+error in depth)

From Table 1, the best spatial model is seen to be a CAR model with
a maximum of 4 neighbours. From Table 2, adequate ’fixed’ models
are seen to be the orthogonal polynomial model of degree 8, the lin-
ear splines with 4 interior knots and an errors-in-variables component,
and the cubic radial bases with 5 interior knots.

Results

Figure 1: 95% CI for the ratio of square root of the spatial variance to

that of the non-spatial variance at the fifteen depths: Cubic radial
bases model with errors-in-measurement for depth.

Figure 2: ‘Fixed’ part: Linear spline treatment effects, depth
measured with error & 95% credible intervals, CAR model, sites

1-54, December 22, 1998. Note that the various depth differences
are those implied by the errors-in-measurement model.

Figure 3: 95% credible intervals for the contrast differences for the
cubic radial bases model with errors-in-measurement (graphed

where the 95% CI did not cover zero).

The moister the soil, the higher the value of the y-axis (moisture axis)
of the graphs showing the fitted models. Note that the greatest varia-
tions in ‘true’ depth are observed

1. in the drier soils (for the pastures);

2. at the shallower depths.

Future Work

1. Extending this to the time dimension,

2. Using purpose-built software to allow block-updating to speed con-
vergence and lessen the problem of highly correlated iterates.
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