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Amethodological approach for modelling the spatial multivariate distribution of mul-
tiple bioclimatic indices is presented. The value of the indices is modelled by means of a
Bayesian conditional coregionalised linear model. Elicitation of prior distributions and
approximation of posterior distributions of the parameters in the proposed model are
also discussed. A posterior predictive distribution and a spatial bioclimatic probability
distribution for each bioclimatic index are obtained. This allows researchers to obtain the
probability of each location belonging to different bioclimates. The presented method-
ology is applied in a practical setting showing that the spatial bioclimatic probability
distributions are more realistic than the ones obtained in the univariate setting, while
providing an interesting tool in the context of climate change.
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1. INTRODUCTION

Bioclimatology is the ecological science concerned with the interactions between cli-
mate and living organisms over an extended period of time. As far as plants are concerned,
Bioclimatology can be used to establish better habitats and to manage plant resources and
landscape more efficiently. In addition, it can be used to forecast the production of agricul-
tural and forestry resources to combat hunger and to determine future vegetation scenarios.

In order to study the relationship between climate and vegetation, Rivas-Martínez (1994)
and Rivas-Martínez and Rivas-Saenz (2017) have established the so-called Worldwide Bio-
climatic Classification system (one of the most widely used classification systems). Inter-
estingly, this classification system only requires readily available climate data, such as
temperature and rainfall, from where bioclimatic indices are obtained by simple formulas.

Two examples of the use of this bioclimatic classification system are Peng (2000) and
Monteiro-Henriques and Espírito-Santo (2011), where it is used to predict the consequences
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of climate changes in species distribution.Other uses includemanaging andmonitoring alien
invasive species (Angetter et al. 2011), regional planning (Canu et al. 2015), exploring human
influence in a particular area (del Arco et al. 2006; Conley et al. 2014), studying changes in
landscape naturalness (Catorci et al. 2012), analysing the boundaries of bioclimatic units to
support the limits of actual vegetation units (Barber et al. 2001), and studying the influence
of climate on crop yield (Camps and Ramos 2012).

Bioclimatic classification systems assign a bioclimate (the basic unit of this classification)
to any region of interest depending on the obtained value of the index.Consequently, having a
good spatial representation of bioclimatic indices is important in describing the relationship
between climate and the distribution of vegetation. Indeed, some of the above-mentioned
bioclimatology studies use spatial statistics techniques, such as geostatistics (Robertson
1987; Rossi et al. 1992; Burrough 2001; Garzón-Machado et al. 2014).

Barber et al. (2017) described a univariate methodological approach for modelling the
spatial distribution of bioclimatic indices. With this approach, one can also obtain the prob-
ability distribution of each bioclimatic index and the probability of each location belonging
to different bioclimates. Their proposal is based on a hierarchical Bayesian geostatistical
model for bioclimatic indices that incorporates both structured and unstructured random
effects.

However, this approach does not take into account that spatial data are often multivari-
ate. The fact that multiple bioclimatic indices can be measured at each spatial location
clearly anticipates not only dependence between indices at each location but also associa-
tion between indices across locations. Consequently, a multivariate geostatistical approach
should be used to study the behaviour of bioclimatic indices [see Chiles and Delfiner (1999)
and Wackernagel (2003) for multivariate geostatistics].

It is worth noting that even though there have been various approaches for performing
multivariate geostatistics, all of them have faced the same problem, namely prediction over
non-sampled locations.Among the different approaches that have been proposed to dealwith
this problem, we highlight here cross-variograms and cross-covariance functions (Lin 2002;
Buttafuoco et al. 2005; Genton and Kleiber 2015), to use kriging with external drift and/or
cokriging (Goovaerts 2000;Verfaillie et al. 2006), or the one inCressie andZammit-Mangion
(2016) that proposes a conditional approach to multivariate spatial covariance models. In
our case, we will focus here in the one introduced in Schmidt and Gelfand (2003), that is,
a Bayesian coregionalisation approach for multivariate data based on intrinsic correlation.
This modelling was previously described in Gelfand et al. (2010) and in Banerjee et al.
(2014), and it is based on linear models of coregionalisation (Grzebyk and Wackernagel
1994; Wackernagel 2003).

Our interest here is to model the spatial multivariate distribution of multiple bioclimatic
indices, and to do so, we propose to model them by means of a Bayesian conditional
coregionalised linear model (Schmidt and Gelfand 2003). This selection is based on the
easy interpretation of the parameters of the model and the fact that we can reparameterise
the variance/covariance structure of themodel (Yan et al. 2007), achieving so amore efficient
estimation and prediction processes.

Two main results may be obtained from this modelling: the posterior predictive distribu-
tion of each bioclimatic index (clearly based on the information of the remaining indices)
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and, more importantly, the spatial bioclimatic probability distribution of each bioclimatic
index, which allows researchers to obtain the probability of each location belonging to
different bioclimates.

It is finally worth noting that, as is usual in Bayesian complexmodels, the resulting poste-
rior distributions of the parameters have no closed expression, and so, numerical approaches
are needed to approximate them. In our case, we present an implementation that considers
MCMC methods to estimate the parameters, but also efficient tools that improve predic-
tion performance. In particular, prediction is implemented using distributed programming,
reducing thus computation time.

The remainder of this article is organised as follows. After this introduction, in Sect. 2,
we describe the two bioclimatic indices that will be used throughout the paper. In Sect. 3,
we present the Bayesian coregionalisation model for bioclimatic indices and introduce the
reparameterisation for more efficient estimation and prediction. Section4 provides hints
about prior elicitation, as this is not easy in the present context. In Sect. 5, we explain how to
perform inference and prediction for these indices. In Sect. 6, we apply this methodology in
a real setting. In particular, we obtain the predictive distributions of two bioclimatic indices
on the island of Cyprus, using the altitude and climate information (temperature and rainfall)
from 775 spot elevations and 59 meteorological stations. Section7 is devoted to compare
the behaviour of the presented model with respect a modelling in which predictions are done
independently for each index. The last section concludes the paper and presents lines for
future research.

2. BIOCLIMATIC INDICES

The so-called Worldwide Bioclimatic Classification System by Rivas-Martínez and
Rivas-Saenz (2017) is one of the most widely used Bioclimatic Classification Systems.
It encompasses five macrobioclimates (Tropical, Mediterranean, Temperate, Boreal and
Polar). These are further subdivided into twenty-seven bioclimates and five bioclimatic
variants. This classification is based on bioclimatic indices, values obtained by simple math-
ematical expressions involving certain climatic parameters and factors commonly used to
characterise the climate of a region.With this classification, it is possible to recognise climat-
ically homogeneous areas that may have similar vegetation types (species or communities).

As already mentioned, the fact that we are concerned with multiple bioclimatic indices
anticipates possible association between them. This is the key to the spatial multivariate
distribution of multiple bioclimatic indices that will be presented in the following sections.
As an example, we now introduce two relevant correlated indices, namely theOmbrothermic
and theContinentality index.Theywill be used throughout the paper to illustrate ourfindings.
We note that all results presented here could also be applied in any other bioclimatic index
from any classification.

The Ombrothermic index (OI) relates rainfall and temperature in an area. It is defined as

OI = 10P

T
,
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where P is the sum of the average rainfall (in mm) of the months whose average temperature
is above zero degrees Celsius and T is the sum of monthly average temperatures above zero
degrees Celsius, expressed in tenths of a degree.

The Continentality index (CI) is defined as the annual variation of temperature

CI = Tmax − Tmin,

where Tmax is the average temperature of the warmest month and Tmin is the average tem-
perature of the coldest month.

As these indices can be biased by rare climatic events, researchers usually consider the
average of the indices over a period of at least 25 years.

3. MULTIVARIATE MODELLING FOR BIOCLIMATIC INDICES

In what follows, we present a method for modelling multiple bioclimatic indices based
on the conditional coregionalisation approach (Schmidt and Gelfand 2003).

Let Y = (Y1, . . . ,Ym) be a set of m bioclimatic indices and s = (s1, . . . , sn) a subset
of n locations in a region. Then, Y(s) = (Y(s1)T,Y(s2)T, . . . ,Y(sn)T)T is a multivariate
vector with length mn representing the values of all indices at all locations. Moreover, let
X(si ) be the vector of regressors (environmental and other characteristics) for the location
i . The multivariate spatial regression model can then be defined as

Y(si ) =
[
Im ⊗ XT(si )

]
β + W(si ) + ε(si ), (1)

where β = (β1, . . . ,βm) is the regression coefficients vector (being each β j a vector with
appropriate dimension depending of the number of regressors); W(s) represents the spatial
effect with cross-covariance function CW (·, ·)); and, finally ε(s) stands for the uncorrelated
error vector, whose distribution is given by ε j (si ) ∼ N (0, τ 2j ), and represents the small-
scale variability.

The cross-covariance function is a matrix-valued function defined for any pairs of loca-
tions,

CW (si , sk) = [
Cov

(
W j (si ),W l(sk)

)]m
j,l=1 . (2)

There are several cross-covariance functions for multivariate geostatistics. Genton and
Kleiber (2015) provide a detailed review of cross-covariance functions, while Cressie and
Zammit-Mangion (2016) focus in the conditional approach. In our case, we define this
cross-covariance function through a correlation function ρ and a positive definite matrix D,

CW (si , sk) = ρ(si , sk)D. (3)

Resultingly, the covariance matrix of W becomes �W = H ⊗ D, where H ik = ρ(si , sk).
In order to model multivariate bioclimatic indices, we focus on the corregionalisation

idea, in particular, the one proposed by Schmidt and Gelfand (2003), which takes advantage
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of the Bayesian approach. In particular, we note that the above-mentioned spatial model can
be expressed hierarchically (Gelfand 2012) by means of the following structure:

(I ) Y(s)|β,W ,Ψ ∼ Nmn
(
XT(s)β + W(s),Ψ ⊗ In

)

(I I ) W(s)|θ ∼ Nmn (0,�Y (s)) (4)

(I I I ) p(β,Ψ , θ),

whereΨ = diag(τ 21 , . . . , τ 2m) and θ are the vector of parameters of the correlation functions
associated with W(s). We note that the third level requires the elicitation of the prior dis-
tribution for all parameters of the model. Henceforth, for simplicity, we will denote Y(s),
X(s) and W(s) by Y , X and W , respectively.

This model above presented can be rewritten in order to add some flexibility while
retaining interpretability and computational tractability (Banerjee et al. 2014). Two ideas are
behind, the first one being a characteristic of coregionalisation, that is, the joint distribution
of the indices can be obtained by the product of the conditional distributions

p [Y1,Y2, . . . ,Ym]

= p
[
Ym |Y1, . . . ,Ym−1

]
p

[
Ym−1|Y1, . . . ,Ym−2

] · · · p [Y2|Y1] p [Y1] .

The second one is that the matrix D that appears in the cross-covariance function in (3)
can be decomposed as D = AAT, being A a full rank lower triangular matrix. This latter
assumption implies that the cross-covariance function in (3) is separable (Genton andKleiber
2015). Based on this two assumptions, expression (4) becomes

(I )

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

Y1 ∼ Nn
((
Im ⊗ XT

)
γ 1,�Y1

)
Y2|Y1 ∼ Nn

((
Im ⊗ XT

)
γ 2 + α2|1Y1,�Y2

)
...

Ym |Y1, . . . ,Ym−1 ∼ Nn

((
Im ⊗ XT

)
γm + ∑m−1

j=1

(
αm| jY j

)
,�Ym

)
(5)

(I I ) p
(
γ ,α, σ 2, τ 2m, θ

)
,

where γ = (γ 1, . . . , γm) corresponds to the regressors coefficients, the vector α =
(α2|1, α3|1, α3|2, . . . , αm|1, . . . , αm|m−1) corresponds to the coefficients relating each bio-
climatic index to the previous ones, and θ = (θ1, . . . , θm) is the vector of parameters of the
correlation functions. As in expression (4), this new second level requires elicitation of the
prior of all parameters.

Moreover, in order to make the coregionalised model in (5) equivalent to the multivariate
model in (4), and in line with Banerjee et al. (2014), it is necessary to assume that the matrix
of regressors is identical for all bioclimatic indices and also that the first m − 1 bioclimatic
indices are purely spatial effects (implying that τ1 = . . . = τm−1 = 0). That is, we assume
that the variance–covariance matrices for the m bioclimatic indices are defined as

�Y j = σ 2
j H j (θ j ); j = 1, . . . ,m − 1;

�Ym = σ 2
mHm(θm) + τ 2m In,

(6)
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where σ 2 = (σ 2
1 , . . . , σ 2

m) are the spatially structured variabilities of the bioclimatic indices,
τ 2m is the non-structured spatial variability of the last bioclimatic index, and H j (θ j ) repre-
sents the correlation matrix between locations.

A flexible family of correlation matrices that generalises many of the widely used covari-
ancemodels in spatial statistics is due toMatérn (1986). Even though other parameterisations
are possible for this family, our choice is that proposed by Handcock and Wallis (1994), in
which the isotropic correlation function has the following form

ρ(h, φ, ν) = 2μ−1
(
2hν1/2/φ

)ν

Kν

(
2hν1/2/φ

)

Γ (ν)
,

where h = ‖si − sk‖ and Kν is the modified Bessel function of the second kind and order
ν > 0 (Abramowitz and Stegun 1964, section 9.6). The correlation matrix H j (θ j ) depends
on two parameters: φ j and ν j . φ j is the range parameter, which controls the rate of decay
of the correlation between observations as distance increases. ν j controls the behaviour of
the correlation function for observations that are separated by small distances. Our choice
for this parameterisation is mainly based on the fact that the interpretation of φ j is largely
independent of ν j , reducing the posterior correlation between them.

The model in (5) provides the joint distribution of the bioclimatic indices via the condi-
tional distributions. However, followingYan et al. (2007), in order to avoid the identifiability
problemof spatial and non-spatial variability,we reparameterise the spatially structured vari-
ability of each bioclimatic index, σ j , and the non-structured spatial variabilities of each bio-
climatic index, τ j , using two new parameters, namely κ j and ξ2j . In particular, ξ

2
j = σ 2

j +τ 2j
now represents the total variability of the random effects, whereas κ j = τ 2j /ξ

2
j stands for

the proportion of the non-spatial variability to the total variability.
Taking into account that the m − 1 first bioclimatic indices should be purely spatial

effects, the variances κ j and ξ2j can be written as

ξ2j = σ 2
j , j = 1, . . . ,m − 1; ξ2m = σ 2

m + τ 2m;
κ j = 0, j = 1, . . . ,m − 1; κm = τ 2m/

(
σ 2
m + τ 2m

)
.

(7)

This allows us to rewrite the variance–covariance matrices in (6) as

�Y j = ξ2j H j (θ j ); j = 1, . . . ,m − 1;
�Ym = ξ2m [(1 − κm)Hm(θm) + κm In] .

(8)

Even though the changes in model (5) do not seem relevant, the advantage appears
when elicitating the prior distribution on the second level of the model p(γ ,α, ξ2, κm, θ).
The natural conjugate prior for a multivariate normal distribution is the inverse Wishart
distribution, which is multivariate. By contrast, with the coregionalised model, we need
only specify the prior distributions for the structured variability of each bioclimatic index,
ξ2j . For the proportion of non-structured variability, κm , associated with the conditional
distribution of Ym , we specify all univariate distributions.
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4. SELECTION OF PRIOR DISTRIBUTIONS

Since we are using the Bayesian paradigm, it is necessary to elicit the prior distribution
of the vector of parameters involved in the model. When it is possible, we always make
use of previous information based on expert opinion. In situations where there is no expert
opinion, our choice is to use non-informative prior distributions.

A usual assumption for selecting the prior is to consider independence of the parameters:

p(γ ,α, ξ2, κm, θ) = p(γ )p(α)p(ξ2)p(κm)p(θ).

This assumption allows us to express our knowledge for each of these parameters inde-
pendently. To this end, we must provide both their distributions and the values of their
hyperparameters. Usual choices for the distribution of γ and α under a complete ignorance
premise are either Gaussian distributions or non-informative improper distributions. In our
case, for mathematical simplicity, we work with the latter assuming independence of all the
components, that is,

p(γ ) = p(γ 1, . . . , γm) =
m∏
i=1

p(γ i ) ∝ 1,

p(α) = p(α2|1, α3|1, α3|2, . . . , αm|1, . . . , αm|m−1) =
m∏
i=2

i∏
j=1

p(αi | j ) ∝ 1 .

In line with this, for the proportion parameter κm , a natural choice under a complete
ignorance setting is to use a uniform distribution between 0 and 1, that is, κm ∼ U(0, 1).

As for the correlation parameters for the Matérn function, following Stein (1999) and
Finley et al. (2015), we use a uniform prior distribution for φ j defined by

p(φ j ) = U
(

1

d1
,
1

d2

)
,

whered1 (resp.,d2) is themaximum(resp.,minimum)distance between two locations.More-
over, the selection for the prior of the smoothing parameter is again a uniform distribution:
ν j ∼ U(0.05, 1.95). As mentioned above, these two parameters are largely independent.

Finally, following Barber et al. (2017), information about ξ2j can be incorporated in the
scale parameters of different distributions by considering that the observed values of the

index on a set of locations is a priori uniformly distributed between
(
Ymin
j ,Ymax

j

)
, being

Ymax
j and Ymin

j the highest and lowest value of the index in the region of study (according
theRivas-Martinez classification). The corresponding variability of this uniform distribution
(the most disadvantageous option, as this would imply that all the regions have the same
orographic features) is

Var(Y j ) =
(
Ymax
j − Ymin

j

)2

12
, (9)
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the maximum value of which (denoted by Vmax
j ) would be an upper bound of the vari-

ability index. Then, a prior distribution is constructed by matching the range of variability(
a, Vmax

j

)
with the quantile 0.95 of any chosen distribution (Chambers and Dunstan 1986;

Strupczewski et al. 2007). That is,

0.95 =
∫ Vmax

j

a
f (y|δ)dy, (10)

where f is the chosen prior distribution and δ the vector of its corresponding parameters.
Since variability is always positive, a can be chosen to be as small as possible (in our case,
wework with a = 0.001). Usual options for the prior f along with their corresponding scale
parameters are: p(ξ2) ∼ U(0.001, b), uniform over the variance; p(ξ) ∼ U(0.001,

√
b),

uniform over the standard deviation; an Inverse Gamma, p(ξ2) ∼ IG(2, β); or a half-
Cauchy, p(ξ2) ∼ HC(δ). Our choice, the second onewith scale parameter b = Vmax−0.00005

0.95 ,
is based mainly on the easiness for implementing it. Moreover, it is worth mentioning that a
sensitivity analysis for these priors showed that the posterior is not too sensitive to the prior
choice.

5. INFERENCE AND PREDICTION

Once we have defined the coregionalised model and shown how to select the prior dis-
tributions, the Bayesian learning process is applied to obtain the posterior distribution

p
(
γ ,α, ξ2, κm, θ |Y , X

)
∝ �

(
Y |γ ,α, ξ2, κm, θ , X

)
p

(
γ ,α, ξ2, κm, θ

)
, (11)

where the likelihood is

�
(
Y |γ ,α, ξ2, κm, θ , X

)
= Nn

(
XTγ 1,�Y 1

)
×

· · ·
×Nn

(
XTγ j + α2|1Y1 + · · · + α j | j−1Y j−1,�Y j

)
×

· · ·

×Nn

⎛
⎝XTγm +

m−1∑
j=1

(
αm| jY j

)
,�Ym

⎞
⎠ .

This posterior distribution contains all our knowledge about the indices. However, as is usual
in complex spatial models, it does not have an analytic expression. Therefore, numerical
approximations are needed. Interestingly, the fact that we have analytical expressions of
the conditional distributions allows us to use Gibbs sampling, one of the most widely used
options of Markov Chain Monte Carlo techniques (Gamerman and Lopes 2006).

In order to present the conditionals, we introduce a slightly different notation for the
parameters of the model. In particular ifΔ = (Δ1, . . . ,Δm) represents the complete param-
eter vector, where
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Δ1 =
(
γ 1, ξ

2
1 , θ1

)

Δ j =
(
γ j , α j | j−1, . . . , α2|1, ξ2j , θ j

)
for j = 2, . . . ,m − 1

Δm =
(
γm, αm|m−1, . . . , α2|1, ξ2m, κm, θm

)
,

the conditional distribution of Δ j given Y1, . . . ,Y j−1 for j = 1, . . . ,m is

p(Δ1|Y1, X) ∝ Nn

(
XTγ 1,�Y 1

)
p(Δ1)

p(Δ2|Y1,Y2, X) ∝ Nn

(
XTγ 2 + α2|1Y1,�Y 2

)
p(Δ2)

... (12)

p(Δm |Y1, . . . ,Ym−1,Ym, X) ∝ Nn

⎛
⎝XTγm +

m−1∑
j=1

(
αm| jY j

)
,�Ym

⎞
⎠ p(Δm).

Although other options could have been used to perform MCMC, in our case, we
work with WinBUGS (Lunn et al. 2000), a flexible software application for performing
the Bayesian analysis of complex statistical models that also provides great flexibility in
specifying the variance–covariance matrix given at the first level of hierarchy. Neverthe-
less, the standard Gibbs and Metropolis algorithms for computing posterior simulations
from hierarchical models can have convergence problems due to the redundant parameters
(that involve reparameterisation and overparameterisation). Gelman et al. (2008) provide
alternative strategies that can be used in these cases.

It is alsoworth noting that the fact that themodel in (12) can include covariates implies the
use of a model selection procedure in order to check their relative relevance. Although other
procedures could be used, this selection process could be done by means of the Deviance
Information Criterion (DIC) (Spiegelhalter et al. 2002).

As we are within the Bayesian paradigm, prediction is reduced to obtaining the posterior
predictive distributions. In particular, if Y p represents the values of a vector ofm bioclimatic
indices in a new set of locations with observed covariates X p, then the posterior predictive
distribution of the new values Y p (conditional to the observed ones, henceforth, Yo) is

p
(
Y p|Yo, Xo, X p) =

∫
p(Y p|X p,Δ)p(Δ|Yo, Xo)dΔ. (13)

A simulated sample from this multivariate posterior predictive distribution can be
obtained via the composition method taking into account that

p
(
Y p|X p,Δ

) = p
(
Y p
1 |X p,Δ1

) × p
(
Y p
2 |X p,Y p

1 ,Δ2
) × · · · × p

(
Y p
m |X p,Y p

1 , . . . ,Y p
m−1,Δm

)

= Nn

((
X p)T γ 1,�Y1

)
× · · · × Nn

((
X p)T γm + α2|1Y p

1 + · · · +αm|m−1Y
p
m−1,�Ym

)
,

with �Y j given in (8).
This method, even though it is effective, can be computationally expensive when the

number of covariates and/or new locations to predict is large. A good option to reduce this
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computational cost is the use of distributed computation that allows us to increase perfor-
mance when executing matrix calculations. In fact, parallelisation allows us to reduce com-
putation time by nearly 80% compared with sequential approaches (226.5 s per simulation
using R matrix computations; 147s using spBayes; and 17s using a non-uniform memory
access parallel system with 20 cores). This clearly helps if one needs to work with a large
number of new locations using a large number of samples from the posterior distribution.

As stated in Barber et al. (2017), the most valuable information one can obtain from the
predictive distributions is the probability of each location belonging to different bioclimates.
Onemethod of presenting these probabilities is via a discrete probability distribution for each
location, which is called “spatial bioclimatic probability distribution.” This is represented
by a single figure consisting of different graphs showing the probability of belonging to
each bioclimate.

6. MULTIVARIATE BIOCLIMATIC CLASSIFICATION OF THE
ISLAND OF CYPRUS

In what follows, we illustrate the use of the previously presented approach through an
application that analyses the bioclimatic classification in Cyprus, an island country in the
Mediterranean, the flora of which is relatively rich and diverse. In fact, there are about
1800 taxons (species, subspecies and varieties), 132 of which are considered to be endemic.
Notably, 19 plant species (18 endemics and 1 rare) are included on the list of the strictly
protected plants of the Bern Convention, which was signed by the Cyprus Government. This
number represents one sixth of all protected plants in Europe.

We use the information gathered from 59 meteorological stations distributed all over
the island. This information was provided by the Meteorological Service of the Ministry of
Agriculture, Natural Resources and Environment. The Service also providedmeteorological
data onmeanmonthly and annual precipitation aswell as temperature (mean dailymaximum
andminimum,meanmonthly maximum andminimum, etc.). Moreover, the coordinates and
altitude for each meteorological station were provided.

As shown in Fig. 1, there is a strong relationship between the Ombrothermic index and
altitude. Moreover, there is a relationship between the logarithm (a transformation used to
achieve linearity) of the Ombrothermic index (LOI) and the Continentality index (CI) after
adjusting by altitude. Based on these two facts, we propose a joint analysis of both indices by
means of the coregionalised linear model introduced above including altitude as a covariate
(that express a large-scale effect) and considering the logarithm of the Ombrothermic index
to be a purely spatial effect. The reason underneath this ordering (and not the one relating
LOI respect to CI) is merely climatic: there could be different Ombrotypes for a single value
of Continentality, but not the other way around (Rivas-Martínez and Rivas-Saenz 2017).

Particularising Eq. (5), the conditional coregionalised model for CI and LOI becomes

(I)

{
YLOI ∼ Nn

(
XTγ LOI,�YLOI

)
YCI|YLOI ∼ Nn

(
XTγ CI + αCI|LOIYLOI,�YCI

)

(II) p
(
γ LOI, γ CI, αCI|LOI, ξ2LOI, ξ2CI, κCI, θLOI, θCI

)
,

(14)
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Figure 1. Spatial distribution of the Ombrothermic index (upper left) and Continentality index (upper right)
obtained by means of a spline interpolation using the meteorological information gathered from the 59 stations.
Spatial distribution of the altitude obtained similarly (down left). Relationship between the residuals of Continen-
tality and the logarithm of the Ombrothermic index after adjusting by altitude (down right).

where the corresponding variance–covariance matrices are given by

�YLOI = ξ2LOIH(θLOI)

�YCI
= ξ2CI [(1 − κCI)H(θCI) + κCI In] ,

with θLOI = (φLOI, νLOI) and θCI = (φCI, νCI). In this model, ξ2LOI and ξ2CI(1 − κCI) rep-
resent the structured variability associated with each index, whereas ξ2CIκCI stands for the
spatially non-structured variability associated with the Continentality index. More impor-
tantly, αCI|LOI reflects the influence of the Ombrothermic index on the Continentality index.

The resulting posterior distribution of the parameters (denoted by Δ) is given by:

p(Δ|YCI,YLOI, X) ∝ p(YCI,YLOI|Δ, X)p(Δ)

∝ p(YCI,YLOI|ΔCI,ΔLOI, X)p(ΔCI,ΔLOI)

∝ p(YCI|YLOI, X,ΔCI)p(ΔCI)p(YLOI|X,ΔLOI)p(ΔLOI)

where, based on the hints given in Sect. 4, we use the following product of priors for the
parameters ΔLOI

p(γ LOI, ξLOI, φLOI, νLOI)

∝ 1 × U(0.001,
√
0.54) × U(1/100000, 1/1818) × U(0.05, 1.95),
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Table 1. Mean and standard deviation of the posterior distribution and 95% credible intervals of the parameters
for the joint Ombrothermic (LOI) and Continentality (CI) using a coregionalisation approach.

Mean SD q2.5 q97.5

γ0,LOI 0.538 0.0696 0.406 0.676
γ1 ,LOI 0.000718 0.0000806 0.000561 0.000879
ξ2LOI 0.0466 0.0199 0.0288 0.0972
φLOI 0.00011 0.000024 0.000068 0.00016
νLOI 1.47 0.275 1.03 1.93
γ0,CI|LOI 16.8 0.587 15.7 18.0
γ1,CI|LOI 0.00435 0.00109 0.00217 0.00652
αCI|LOI − 2.21 0.996 − 4.14 − 0.209
ξ2CI|LOI 1.61 0.563 1.04 3.11

κCI|LOI 0.163 0.146 0.0191 0.568
φCI 0.00017 0.000095 0.000069 0.00046
νCI 1.46 0.333 0.62 1.93

and the following product for the parameters ΔCI

p
(
γ CI, αCI|LOI, ξCI, κCI, φCI, νC I

)

∝ 1 × 1 × U(0.001,
√
8.77) × U(0, 1) × U(1/100000, 1/1818) × U(0.05, 1.95),

where, in line with Barber et al. (2017), the prior for ξ in both cases is a Uniform distribution
whose upper value is obtained by solving Eq. (10).

Table 1 presents the mean of the posterior distribution of the parameters of the model
and their corresponding 95% credible intervals. These posterior distributions were obtained
by simulation using WinBUGS (Lunn et al. 2000). Each posterior distribution was approxi-
mated from 15,000 (5000 from each of three simulation chains) simulated values (obtained
after discarding 10000 simulations from a burn-in period that ensured convergence).

It canbe seen that both indices are related to altitude (bothγ1,LOI andγ1,CI|LOI are different
from 0).Moreover, the small values of the posterior distribution of the proportion of the non-
spatial variability to the total variability, κCI|LOI|data, indicate that the Continentality index
has a strong spatial behaviour. Moreover, the negative values of the coefficient that relates
the Continentality index to the logarithm of the Ombrothermic index, αCI|LOI, indicate that
the relationship between both indices is negative, in line with what can be seen in Fig. 1.
Consequently, the use of a coregionalised spatial model is necessary. As it can be seen in
Table 1, the posterior mean of φLOI is 0.00011, that corresponds to an effective range of 9
km, while the posterior mean of φCI is 0.00017, corresponding to an effective range of 6 km.
Finally, it is also worth noting that as usual in this context, identifiability of the parameter
ν is not completely achieved, as shown by a large credible interval.

After obtaining the posterior distribution of the parameters, we performprediction of both
indices over the entire island. To this end, we use the altitude of 775 spot elevations and
the information from 59 meteorological stations. Using distributed computation, obtaining
posterior predictive distributions takes around 45–55min (it could last more than 6hwithout
this approach).
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Figure2 shows the mean and standard deviation of the posterior predictive distribution
of the Ombrothermic index and the mean and standard deviation of the posterior predictive
distribution of the Continentality index. Notably, both figures show the topography of the
island and the lack of information in the north of the island (in accordance with the high
standard deviation of the posterior predictive).

As commented above, the most valuable information one can obtain from the predictive
distributions is the probability of each location belonging to different bioclimates. Figure3
represents the spatial bioclimatic probability distribution for the Ombrothermic and the
Continentality index. This figure consists of different graphs showing the probability of
belonging to different bioclimates. This corresponds to the probability of the index to be
between the values stated in Rivas-Martínez and Rivas-Saenz (2017) for each bioclimate.
Notably, this figure provides the boundaries between the types of bioclimates for each
index. These boundaries define the areas that in the future may change from one bioclimate
to another. This is useful in studying potential climate changes and their effects on the
vegetation of a region.

The results for the Ombrothermic index (Fig. 3) show that most of the island is included
in the arid bioclimate subtype. The central mountain is in the semi-arid interval. However,
some plains belong to the hyper-arid subtype. Only the highest peak of the island belongs
to the dry subtype. More importantly, these distributions fit the landscape change gradually,
demonstrating the usefulness of these bioclimatic boundaries. As far the Continentality
index (Fig. 3) is concerned, we note that the interior and the coast of the island are clearly
shown as two different continental subtypes. Climate changes can be seen in smooth gradient
areas, providing so an interesting tool in the context of climate change.

7. A COMPARISON OF UNIVARIATE VERSUS MULTIVARIATE
BIOCLIMATIC CLASSIFICATION OF THE ISLAND OF

CYPRUS

In order to show the relevance of the proposed model, we now present a detailed com-
parison of the results obtained when fitting both a multivariate (coregionalised) model and
an univariate analysis (the one that assumes independence) of the dataset presented in the
paper. In particular, we focus here in comparing the estimation obtained for the parameters
governing both modellings, and differences between the probabilities of belonging to dif-
ferent climate subtypes. Finally, we also include a leave-one-out cross-validation to show
the improvement of the multivariate approach.

Table 2 displays, for the logarithm of the Ombrothermic index (LOI), the posterior mean
and the credible interval of the parameters in both modellings. As it can be seen, the results
for the fixed effects are similar, while only slightly differences appear in the correlation
function parameters: φ, ν and ξ2.

Differences between both modellings can be appreciated in the same Table, that shows
for the Continentality index (CI) the posterior mean and credible intervals of the parameters
in both modellings. Similarly to LOI, there are not big differences in the fixed effects
parameters. But note that the total variability ξ2 has decreased considerably when using the
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Figure 3. Spatial bioclimatic probability distribution of the threshold of Ombrotype and Continentality horizon
values based on the indices.
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Table 2. Comparison of the posterior mean and 95% credible intervals of the parameters in both univariate and
multivariate modellings for the Ombrothermic and for Continentality index.

Univariate LOI Multivariate LOI

Mean 2.50% 97.50% Mean 2.50% 97.50%

γ0 0.53905 0.40120 0.68741 0.53876 0.33139 0.68681
γ1 0.00072 0.00056 0.00088 0.00072 0.00056 0.00088
φ 0.00011 0.00006 0.00016 0.00011 0.00007 0.00016
ν 1.47488 1.04652 1.90247 1.47507 1.02601 1.92702
ξ2 0.02916 0.02973 0.09245 0.04660 0.02884 0.09707

Univariate CI Multivariate CI|LOI

Mean 2.50% 97.50% Mean 2.50% 97.50%

γ0 15.59666 13.17928 16.79024 16.84249 15.70436 18.00025
γ1 0.00218 0.00099 0.00334 0.00435 0.00217 0.00652
φ 0.00009 0.00002 0.00029 0.00017 0.00007 0.00046
ν 1.47328 1.02092 1.92507 1.46572 0.62749 1.92523
κ 0.21241 0.04405 0.52121 0.16328 0.01909 0.57342
ξ2 3.23533 1.25901 7.96605 1.61045 1.04097 3.11005

multivariate approach. This happens because the CI takes benefit of the information present
in the LOI.

The usefulness of the multivariate modelling can also be appreciated when observing
the mean squared prediction error from a leave-one-out cross-validation method. Note that
the mean squared prediction error decreases for the CI when using a multivariate approach
(from 2.38 in the Univariate case to 1.17 in the multivariate). Interestingly, the results for the
LOI are opposite, as the mean squared prediction error increases when using a multivariate
approach (from 0.18 in the univariate case to 0.32 in the multivariate). This latter result is
the expected one, as in the multivariate case the LOI is modelled with a purely spatial effect.
Indeed, the advantages of the multivariate approach appear when predicting the CI jointly
with the LOI. If the interest is to predict the LOI alone, the best option should be to use the
univariate approach.

Finally, Fig. 4 shows the spatial bioclimatic probability distribution of a particular
Ombrotype (dry) and one Continentality subtype (Semicontinental) based on the results
obtainedwhen using an univariate approach and amultivariate approach. Similarly as above,
there are no differences for the Ombrothermic index, although differences appear when
comparing the results for the Continentality index, as results are more realistic from a bio-
climatological point of view. The reason underneath is that the slopes indicating the changes
between locations with probability 0 and probability 1 are smoother in the multivariate case.

8. CONCLUDING REMARKS

This work presented a methodological approach for modelling the spatial multivariate
distribution of multiple bioclimatic indices with the aim of establishing a bioclimatic clas-
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Figure 4. Spatial bioclimatic probability distribution of the Ombrotype dry (top) and Continentality subtype
Semicontinental (bottom) based on the indices when using an univariate approach (left) and amultivariate approach
(right).

sification. The main idea underneath the proposal is to use a Bayesian conditional coregion-
alised linearmodel. The complete inferential process is reasonable in terms of computational
efficiency due to the use of distributed programming, allowing the predictive process to be
carried out in a large number of locations. Using this modelling proved to be necessary
in those situations in which there is a relationship between indices, an issue that previous
works did not take into account.

The reparameterisation of the proportion of spatial and non-spatial variability to total
variability (Yan et al. 2007) allowed us to avoid the identifiability problem of spatial and non-
spatial variability. Moreover, this proposal provides an easier method for eliciting the prior
distributions. In this respect, we have shown how to incorporate our prior knowledge about
the parameters via their prior distributions taking into account the particular characteristics of
bioclimatic indices. Sensitivity analysis showed that there is no dependence on the selected
prior.

Even though posterior predictive distributions of each index proved to be satisfactory
measures of the information about the bioclimates, their value is that they provide the prob-
ability of each location belonging to different bioclimates. Thus, these spatial bioclimatic
probability distributions are the main result of this modelling, as they provide a powerful
method not only in studies about the effects on the vegetation of a region but also in landscape
management, particularly in establishing future policies or resource management.

Moreover, the dataset that was analysed has shown that this multivariate approach not
only shows that the relationship between the indices must be taken into account, but also
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(and this is even more important) is in accordance with the conditions of the region under
study. This suggests that the proposed model could be adapted to other regions without
difficulty.

Finally, bioclimate changes over time suggest the incorporation of a temporal component
in the model. This may be useful in studies on climate change.
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