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ABSTRACT

Spatial species distribution models often assume isotropy and stationarity,
implying that spatial dependence is direction-invariant and uniform throughout
the study area. However, these assumptions are violated when dispersal bar-
riers are present. Despite this, the issue of nonstationarity has been little
explored in the context of plant health. The objective of this study was to eval-
uate the influence of barriers in the distribution of Xylella fastidiosa in the
demarcated area in Alicante, Spain. Occurrence data from 2018 were analyzed
through spatial Bayesian hierarchical models. The stationary model, illustrat-
ing a scenario without control interventions or geographical features, was
compared with three nonstationary models: a model with mountains as physi-
cal barriers, and two models with a continuous and discontinuous perimeter
barrier representing hypothetical control interventions. In the stationary model,
the posterior mean of the spatial range, as the distance where two observations
are uncorrelated, was 4,030 m 95% credible interval (2,907 to 5,564). This

distance can be used to define the buffer zone in the demarcated area. The pre-
dicted probability of X. fastidiosa presence in the area outside the barrier was
0.46 with the stationary model, whereas it was reduced to 0.29 and 0.36 with
the continuous and discontinuous barrier models, respectively. Differences
between the discontinuous and continuous barrier models showed that breaks,
where no control interventions were implemented, resulted in a higher pre-
dicted probability of X. fastidiosa presence in the areas with low sampling
intensity. These results may help authorities prioritize the areas for surveil-
lance and disease control.

Keywords: almond leaf scorch, barriers, containment, disease control,
eradication, INLA, nonstationary models, stochastic partial differential
equation, Xylella fastidiosa

Xylella fastidiosa is a xylem-limited bacterium, vectored by
insects and with a host range of >500 plant species (European Food
Safety Authority 2020). Six subspecies and a number of sequence
types have been described in X. fastidiosa, with different genetic
traits, host ranges, and aggressiveness (Denanc�e et al. 2017). This
pathogen was confined to the American continent for decades
(Janse and Obradovic 2010), but in 2013 it was first reported in
Europe associated with a disease causing serious losses in olive
trees in southern Italy (Schneider et al. 2020). Since then, X. fastid-
iosa has been detected in France, Spain, Portugal, and Israel, affect-
ing multiple host plants in agricultural and natural settings. To date,
the subspecies pauca, fastidiosa, and multiplex have been reported
in the Mediterranean Basin (Directorate-General for Health and
Food Safety 2021), causing great socio-economic and environmen-
tal impacts, with �4 million olive trees unproductive or dead in
Apulia, Italy (White et al. 2020), and >100,000 almond trees eradi-
cated in Alicante, Spain (Generalitat Valenciana 2019).

Two groups of xylem sap-feeding insects have been identified as the
natural means by which X. fastidiosa spreads: sharpshooters (Cicadelli-
dae family, Cicadellinae subfamily), and spittlebugs (Aphrophoridae,

Cercopidae, and Clastopteridae families; Almeida et al. 2005; Almeida
and Nunney 2015). Vectors acquire the bacterium by feeding on the
xylem of infected plants but lose infectivity with molting. Adult vectors
can inoculate healthy plants immediately after acquisition and through-
out their whole lifetime, although the bacterium is not transmitted to
the progeny (Almeida and Purcell 2006). The pathogen can be intro-
duced and further spread into new areas with infected plant material
for planting or grafting (European Food Safety Authority 2015).
Human-assisted movement of infected insect vectors on plants or
on their own as “hitch-hikers” in vehicles can also disseminate X. fas-
tidiosa, although information on these means of spread is limited
(European Food Safety Authority 2015).

Species distribution models (SDMs) are widely used to asso-
ciate the geographic settings of species with biotic and abiotic
factors, develop risk maps for the potential establishment of
pathogens, establish favorable areas for the expansion of popu-
lations, and predict the distribution of species in space and
time, among others (Mart�ınez-Minaya et al. 2018). These types
of models can be developed with different methodologies, such
as generalized linear models, generalized additive models, neu-
ral networks, maximum entropy models (e.g., Maxent; Biodi-
versity Informatics, https://biodiversityinformatics.amnh.org/open_
source/maxent/), and climate envelope models (e.g., Bioclim).
The literature available on the applications and methodologies of
SDMs is quite extensive, with some reviews such as Guisan and
Zimmermann (2000), Elith and Leathwick (2009), or Mart�ınez-
Minaya et al. (2018) that compile and describe the different
modeling approaches.

Several studies have been conducted on the potential distribution
of X. fastidiosa associated with climatic factors (Bosso et al. 2016;
European Food Safety Authority 2019; Godefroid et al. 2019;
Hern�andez and Garc�ıa 2019). However, these models are based on
the assumption that observations are independent, without taking into
account the spatial dependence that often exists among the geographi-
cal locations. Failing to consider spatial correlation may lead to an
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overestimation of the model parameters and thus inaccurate results
(Latimer et al. 2006). Advances in computational methods have made
it possible to implement more complex models and, hence, a more
straightforward incorporation of spatial dependencies in SDMs
(Blangiardo and Cameletti 2015). Among these advances, here we
will focus on hierarchical Bayesian models, which allow random
effects and complex dependency structures to be incorporated, easily
taking into account all the nonobserved uncertainties (Banerjee et al.
2004; Blangiardo and Cameletti 2015).

An additional and often overlooked problem in the analysis of spa-
tial data are that models usually assume stationarity (i.e., the spatial
effect is invariant to the map translation) and isotropy (i.e., the spatial
effect is invariant to the map rotation), that is, the autocorrelation
between two locations only depends on the Euclidean distance. How-
ever, relying on these two assumptions can produce misleading
results, with unrealistic associations and/or bias in the prediction of
the species distribution, when elements such as barriers that are an
obstacle to the movement of the species are present in the study area.
To address this issue, Bakka et al. (2019) introduced an approach
that makes it possible to deal with nonstationary spatial processes
where, as in our study, stationary also includes isotropy for conve-
nience. This approach has been applied in marine species distribution
studies, where the coastline was implemented as a physical barrier
(Bakka et al. 2019; Mart�ınez-Minaya et al. 2019).

Barriers are an intrinsic part of the principles of plant disease con-
trol, i.e., exclusion, eradication, protection, and resistance (Maloy
1993). Exclusion strategies aim to prevent the pathogens from enter-
ing new areas. Barriers in the form of prohibitions restricting the
import of plants, interceptions through border inspections, and subse-
quent elimination of the pathogen are enforced by legal provisions
worldwide. In the case of X. fastidiosa, the Commission Implement-
ing Regulation (EU) 2020/1201 establishes special requirements for
the import of host plants from third countries into the EU. When
exclusion fails, eradication is attempted by removing the infected
plants to limit further spread of the disease. According to Commission
Implementing Regulation (EU) 2020/1201, demarcated areas consist-
ing of an infected (i.e., infested) zone surrounded by a buffer zone
should be established for X. fastidiosa. Eradication measures should
then be implemented to ensure the removal of the infected plants and
control of vector populations. Special requirements are also set for the
movement of specified plants from the demarcated area.

Protection from already established diseases can be accomplished
with barriers such as screenhouses, plastic covers, and distance
from inoculum sources that prevent pathogens and vectors from
contacting host plants. Windbreaks can also prevent the movement
of pathogen propagules. In areas where X. fastidiosa is endemic,
screen and planting barriers have been evaluated to reduce vector
spread (Blua et al. 2005; Daugherty and Almeida 2009). Resistant
cultivars, either alone or in mixtures, limit the infection and multi-
plication of plant pathogens, acting as a barrier for the onset of dis-
ease epidemics. In this regard, advances have been made to obtain
grapevine and olive cultivars that are resistant to X. fastidiosa
(Giampetruzzi et al. 2016; Krivanek et al. 2006).

All these examples described above illustrate to what extent the
presence of barriers and their resulting nonstationarity can shape
the spatial dimension of plant disease epidemics. Nevertheless,
apart from performing separate directional spatial autocorrelation
analyses to study whether a process is isotropic (Madden et al.
2007), the issue of nonstationarity has been scarcely explored in the
context of plant disease epidemiology.

X. fastidiosa is a priority quarantine pest (i.e., pathogen) in the
European Union (EU), for which official control measures are
established by the legislation. Our study focuses on the demarcated
area for X. fastidiosa in Alicante, Spain (Supplementary Fig. S1).
The pathogen was first reported in this region in 2017 and since
then eradication measures were adopted in accordance with Com-
mission Implementing Regulation (EU) 2020/1201. The demarcated
area consists of an infested zone surrounded by a buffer zone. The

infested zone is delimited by a minimum radius of 50 m around the
infected plants. The buffer zone is then defined with a radius of at
least 2.5 km. Annual surveys are conducted to update the demar-
cated area (Generalitat Valenciana 2020). In Alicante, X. fastidiosa
subsp. multiplex sequence type 6 was identified, where, of the
2,764 positives confirmed in 17 different plant species until June
2020, 93.78% were found in almond trees (Generalitat Valenciana
2020). The two insect vector species where X. fastidiosa has been
detected in this area are Philaeuns spumarius L. (Hemiptera:
Aphrophoridae) and Neophilaenus campestris Fallen (Hemiptera:
Aphrophoridae; Generalitat Valenciana 2020). Despite its relatively
small extension, the study area of Alicante presents a great oro-
graphic diversity, from sea level to its mountain ranges rising to an
altitude of >1,500 m. This particular geographic setting must be
taken into account to model the occurrence of X. fastidiosa, because
it can affect the presence of host plants and also affect the behavior
of the vectors, thus violating the stationarity and isotropy assump-
tions. In addition to these geographic barriers, the control measures
for X. fastidiosa established by the EU legislation are aimed at lim-
iting the spread of the disease, which also represents a potential dis-
persal barrier to be considered.

The aim of this study is to describe how overlooking nonstatio-
narity in spatial models in the presence of dispersal barriers would
provide misleading results when predicting plant pathogen distribu-
tions. In particular, the occurrence of X. fastidiosa in Alicante was
analyzed with four spatial modeling scenarios, three of them includ-
ing hypothetical dispersal barriers. With more realistic predictions
of pathogen distributions, more targeted interventions can be imple-
mented to reduce further disease spread, minimize the associated
impacts, and optimize disease management.

MATERIALS AND METHODS

Database. The georeferenced data from the official surveys car-
ried out for X. fastidiosa in Alicante, Spain, in 2018 were provided
by the plant health authority (Sanitat Vegetal, Generalitat Valenci-
ana). This database contained the plant species sampled, the result
of the laboratory analysis being positive (i.e., presence) or negative
(i.e., absence) for X. fastidiosa based on real-time PCR (European
and Mediterranean Plant Protection Organization 2019), as well as
the Universal Transverse Mercator coordinates of the location
where the sample was taken.

Samples were also collected from plant species that were not
known to be natural hosts for the X. fastidiosa subsp. multiplex
strains present in the study area, such as Olea europaea, of which
2,414 samples were collected during that period, all of them result-
ing negative for X. fastidiosa. To avoid biases in the estimation
attributable to this large number of negative samples from nonhost
species, only the samples from plant species having at least one
positive for X. fastidiosa were considered for further analysis. The
plant species selected were as follows: Prunus dulcis, P. armeniaca,
P. domestica, Calicotome spinosa, Rhamnus alaternus, Phagnalon
saxatile, Helichrysum italicum, Polygala myrtifolia, Rosmarinus
officinalis, and Laurus nobilis. The dataset consisted of a total of
4,205 samples, 1,151 of which were positive and 3,054 were nega-
tive for X. fastidiosa, distributed in the demarcated area of Alicante
with an extension of �1,346 km2 (Generalitat Valenciana 2019;
Supplementary Fig. S1).

Geostatistical model. The observations of our georeferenced
database of X. fastidiosa in Alicante were considered as geostatisti-
cal data, because they were made at continuous locations within a
defined spatial domain. One of the characteristics of geostatistical
models is that the main objective is to enable prediction in
unsampled points within the study region (Cressie 1993). A point-
referenced spatial hierarchical model (Diggle et al. 1998) was used
to fit the geostatistical data, while inference and prediction were
performed within the Bayesian paradigm. Because posterior distri-
butions of the parameters and hyperparameters (along with the
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posterior predictive distributions of the predicted values in unob-
served locations) do not have analytical expressions, the integrated
nested Laplace approximation (INLA) methodology (Rue et al.
2009) was used to numerically approximate them. The outcomes of
the model were summarized by the mean of the posterior distribu-
tion of the probability of X. fastidiosa presence and its standard
deviation to illustrate the uncertainty around the prediction.

Defining a hierarchical Bayesian spatial model can be seen as a
three-step process: For the first step, a probability distribution must
be identified for the observations available at the spatial locations.
In this case, it was assumed that yi, the occurrence of X. fastidiosa
at location i, follows a Bernoulli distribution (“1” = presence and
“0” = absence); that is, yi � Bernoulli ðpiÞ, where pi represents the
probability of presence at location i. For the second step, this proba-
bility of presence pi is linked (usually via the logit link when the
response is Bernoulli) to a linear predictor and a latent Gaussian
random field, whose covariance matrix R depends on two hyper-
parameters, that is, the variance r2

u of the spatial effect and the spa-
tial range r (i.e., the distance from which two observations can be
considered independent with a spatial correlation close to 0.1;
Blangiardo and Cameletti 2015). For the third step, the correspond-
ing priors and hyperpriors of the parameters, and the hyperpara-
meters of the model, must be assigned. Despite its wide acceptance,
INLA cannot be directly applied when dealing with continuously
indexed Gaussian fields (GF). The underlying reason is that the
cost of factorizing dense covariance matrices can be computation-
ally demanding. Lindgren et al. (2011) proposed an alternative
approach by using an approximate stochastic weak solution to a
stochastic partial differential equation (SPDE) as a Gaussian
Markov random field approximation to a continuous GF with
Mat�ern covariance structure. A Gaussian Markov random field is a
discretely indexed GF characterized by a sparse precision matrix Q,
the factorizing computational cost of which is of order Oðn3=2Þ, a
large computational improvement compared with the factorization
of a dense covariance matrix (of order On) that would imply the
GF. In the approach proposed by Lindgren et al. (2011), the finite
element method provides a solution to the SPDE, through the con-
struction of a mesh (Supplementary Fig. S2A), which consists of
the triangulation of the study area (Bakka et al. 2018).

Using this approximation, the spatial term is reparameterized as
u� N 0,Q�1ðj; sÞ� �

, where the parameters j and s control the
spatial range (r) and the variance (r2

u). Specifically, r=
ffiffiffi
8

p
=j and

r2
u =

1
4pj2s2 (Lindgren et al. 2011). However, for a more intuitive

interpretation, the spatial effect was parameterized in terms of the mar-
ginal standard deviation and the spatial range (Krainski et al. 2019).

Therefore, the hierarchical Bayesian spatial model with the
Krainski et al. (2019) reparameterization can be expressed as

yi � BernoulliðpiÞ, i= 1, . . . , n

logitðpiÞ= b0 þ ui
Pðb0Þ / 1

u � N 0,Q�1ðr,ruÞ
� �

r � PC-priorðlr, 0:5Þ
ru � PC-priorð10, 0:01Þ

(1)

where pi is the probability of the presence of X. fastidiosa at loca-
tion i, b0 is the intercept, and u is the spatial effect. As can be
observed, the linear predictor was reduced just to the intercept, the
underlying reason being that previous works had indicated a domi-
nating effect of the spatial component compared with available
covariates in the demarcated area (Cendoya et al. 2020). This model
already includes the scarce prior knowledge about parameters,
expressed via a noninformative improper prior for the intercept, and
knowledge about the hyperparameters. In this latter case, following
Fuglstad et al. (2019), penalized complexity priors (PC-priors) were

used to express vague prior knowledge about them. In particular, a
PC-prior for the spatial range was defined as Pðr < lrÞ=0:5, where
lr was chosen as 50% of the diameter of the study region, while a
PC-prior Pðru > 10Þ=0:01 was defined for the standard deviation
of the spatial effect.

Nonstationarity. The model introduced in the previous subsec-
tion assumes stationarity and isotropy. To deal with nonstationarity
(i.e., nonstationary and anisotropic spatial processes), the approach
presented by Bakka et al. (2019) was used. As happens in station-
ary models, estimation and prediction in nonstationary models can
be rather complicated. In their proposal, Bakka et al. (2019) approx-
imated them also by means of the SPDE approach using the finite
element method. However, in this case, a system of two SPDEs is
presented, one for the barrier area, and the other for the remaining
area (which we have also denominated the “normal” area, adapting
their terminology).

In particular, a nonstationary spatial effect u(s) is the solution to
the following system of stochastic differential equations:

uðsÞ � r � r
2

8
ruðsÞ= r

ffiffiffi
p
2

r
ruWðsÞ, for s 2 Xn

uðsÞ � r � r
2
b

8
ruðsÞ= rb

ffiffiffi
p
2

r
ruWðsÞ, for s 2 Xb

(2)

where u(s) is the spatial effect, Xn is the normal area, Xb is the bar-
rier area, r and rb are the spatial ranges for the normal and barrier
areas, respectively, ru is the marginal standard deviation,

r= o
ox
, o
oy

� �
, and W(s) denotes white noise. Note that in the barrier

area the correlation is eliminated by introducing a different Mat�ern
field, with the same standard deviation, but with a spatial range
close to zero.

Models. To analyze the effect of including barriers on the occur-
rence of X. fastidiosa in the study area, the following models were
performed and compared.
Stationary model. This is a model in which both stationarity and

isotropy are assumed, without any barrier. This model represents a
scenario without any disease control interventions or geographical
features potentially affecting the spread of the pathogen (Fig. 1A).
Mountain barrier model. This is a nonstationary model with

barriers defined by the areas over 1,065 m. In absence of data on
the maximum altitude where insect vectors can be found in the
study area, this value was set based on the maximum altitude where
a sample positive for X. fastidiosa was found in the study area.
This model represents a scenario without any disease control inter-
ventions but with geographical features impeding the spread of the
pathogen (Fig. 1B).
Continuous barrier model. This is a nonstationary model with a

continuous barrier surrounding the infested area. This barrier con-
sisted of a perimeter band 1,000 m wide, 500 m away from the out-
ermost samples that were positive for X. fastidiosa. The width of
the barrier was fixed to be lower than the spatial range (r) estimated
for the stationary model. This model represents a hypothetical
cordon sanitaire where all host plants were removed and measures
implemented to completely impede the spread of X. fastidiosa. For
consistency, the perimeter band was also implemented along the
coastline (Fig. 1C).
Discontinuous barrier model. This is the same nonstationary

model as described above, but with a discontinuous barrier sur-
rounding the infested area. In this case, breaks of different sizes
(1,000 to 3,200 m) were made in the perimeter band, facing sam-
pled and nonsampled areas outside the barrier. This model repre-
sents a cordon sanitaire where all host plants were removed, but
measures to impede the spread of X. fastidiosa have been imple-
mented only in some parts (Fig. 1D).

In the nonstationary models (mountain barrier, continuous bar-
rier, and discontinuous barrier), following equation 2, Xb
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represented the area occupied by the barriers, i.e., the area >1,065
m in the mountain barrier model and the area of the cordon sani-
taire in continuous and discontinuous barrier models. Xn included
the remaining area in each model.

All models were fitted using the INLA methodology with the
R-INLA package (http://www.r-inla.org) for R software (R Core
Team 2021). For each model a mesh was built, specifying in each
case the barrier areas (Supplementary Fig. S2). In the three nonsta-
tionary models, observations in the barriers were eliminated (all of
them negative samples), following the assumption that X. fastidiosa
cannot be present in this specific area (Fig. 1).

Model performance was assessed based on the differences
between the stationary model and those with barriers, along with
the differences between the discontinuous and continuous ones,
which were obtained by subtracting the means of their correspond-
ing posterior predictive distributions.

To visualize the spatial correlation between two observations as
a function of distance, the Mat�ern correlation function was calcu-
lated using the posterior mean of the spatial range obtained in each
model, based on the definition for this hyperparameter ðr= ffiffiffi

8
p

=jÞ.

RESULTS

In the stationary model, the posterior mean of the intercept
was −1.68 in the linear predictor scale. Taking into account that
when the spatial effect is zero, the mean posterior probability of the
presence of X. fastidiosa is equivalent to the exponential transfor-
mation of the intercept; in this case, the probability of presence
given only by the intercept was 0.19 (Fig. 3A). The posterior mean

of the spatial range was 4,030 m, with a 95% credible interval
(CI; 2,907 to 5,564; Table 1). Therefore, we assume that two obser-
vations separated by more than this distance were not spatially cor-
related; that is, they are independent.

The posterior mean of the intercept in the mountain barrier, con-
tinuous barrier, and discontinuous barrier models was −1.61, −1.79,
and −1.57, respectively (Table 1). Therefore, in areas where there
was no influence of the spatial effect, through the exponential trans-
formation of these values we found a probability of presence of the
pathogen of 0.20 was obtained with the mountain barrier model,
0.17 with the continuous barrier model, and 0.21 with the discontin-
uous barrier model (Fig. 3).

In the mountain barrier model, a posterior mean of the spatial
range of 3,861 m was obtained with a 95% CI (2,919 to 5,212). In
the continuous barrier model, the spatial range was greater than in
the previous case and with more variability, obtaining a posterior
mean of 6,141 m, with a 95% CI (4,296 to 9,043). The estimation of
the discontinuous barrier model resulted in a posterior mean of the
spatial range of 5,299 m with a 95% CI (3,813 to 7,558; Table 1).

The Mat�ern correlation function was similar in the stationary and
mountain barrier models, where the spatial correlation decreases
quickly in the first 4,000 m. In the continuous barrier and discontin-
uous barrier models, the spatial correlation as a function of distance
had a more gradual decrease stemming from the greater spatial
range obtained in the estimation (Fig. 2).

Given the model described in equation 1, the mean of the poste-
rior predictive distribution, expressed in terms of probability, was
defined by the intercept and the spatial effect. In general, in the
four modeling scenarios the probability of the presence of X. fastid-
iosa was higher in the areas where the positive samples were

Fig. 1. Positive (red dot) and negative (green dot) samples for Xylella fastidiosa and barriers incorporated into each model (shaded area) in the demarcated
area in Alicante, Spain. A, Stationary model, without barriers. B, Mountain barrier model. C, Continuous barrier model. D, Discontinuous barrier model.
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concentrated, being close to zero in the areas where negative sam-
ples predominated. In the nonsampled areas at distances from the
observations outside the spatial range, and thus without any influ-
ence of the spatial effect, the probability of the presence of X. fas-
tidiosa only depended on the intercept. Regarding the standard
deviation of the posterior predictive distribution, higher values were
obtained in the nonsampled areas, while the sampled areas where
X. fastidiosa was not detected showed very low variability (Fig. 3).

The range of values of the mean and standard deviation of the
posterior predictive distribution was similar in all four models
(Fig. 3). However, the difference between the mean of the station-
ary model and the mountain barrier model was negative in the area
around the barrier (Fig. 4A). This implies that the probability of
X. fastidiosa presence in those areas was higher in the mountain
barrier model than in the stationary model.

To help in the interpretation of the comparison of the results of
the stationary model, the continuous barrier model, and the discon-
tinuous barrier model, from now on we denominate the areas on
both sides of the perimeter barrier built around the positives as
“external” and “internal” zones. The maximum probability of the
presence of X. fastidiosa was 0.46 in the area corresponding to the
external zone in the stationary model (Fig. 3A), while it was 0.29
and 0.36 in the continuous and discontinuous barrier models,
respectively (Fig. 3E and G).

The mean of the posterior predictive distribution of the probabil-
ity of X. fastidiosa presence was higher with the stationary model
than in the continuous barrier model, particularly in the northern
area adjacent to the barrier. Actually, considering the difference
between the mean of the posterior predictive distribution of the sta-
tionary model and the continuous barrier model, only positive val-
ues were obtained in the external area of the barrier (Fig. 4B). This
same behavior was also observed, but to a lesser extent, when the
stationary and discontinuous barrier models were compared
(Fig. 4C). However, the difference between the discontinuous and
continuous barrier models showed that in the areas where breaks
were implemented, the probability of X. fastidiosa presence was
similar or even increased, depending on the location. In particular,
the probability of presence in the external area of the barrier
increased through the breaks located in the north, while no differ-
ences were observed in those in the southwest (Fig. 4D).

With respect to the mountain barrier model, the continuous and
discontinuous barrier models showed a higher probability of X. fas-
tidiosa presence in the areas adjacent to the barrier (Fig. 3E and G).
This increase in the probability of the presence of the pathogen in
the internal area adjacent to the perimeter barriers was also
observed in the difference between the mean of the posterior

predictive distribution of the stationary model and the continuous
and discontinuous barrier models (Fig. 4B and C).

DISCUSSION

The occurrence of X. fastidiosa in the demarcated area in Ali-
cante was modeled using hierarchical Bayesian spatial models with
the incorporation of barriers, following the methodology described
by Bakka et al. (2019). Here, the main objective was to evaluate
the influence of different types of barriers in the distribution of the
pathogen and how ignoring nonstationarity would result in mislead-
ing predictions. From the perspective of the SDMs, not considering
the presence of elements in the landscape that prevent or hinder the
spread of the organisms would be far from reality in most situa-
tions. Assuming stationarity and isotropy in this context would give
inaccurate results (Bakka et al. 2019). Nonstationary models that
incorporate barriers may also allow the effect of disease control
interventions to be simulated.

In this case, climatic variables were not included in the models
for the occurrence of X. fastidiosa in the demarcated area in Ali-
cante. Previous works indicated that these variables were not rele-
vant in this specific scenario, whereas a strong dominating effect of
the spatial component was observed (Cendoya et al. 2020). Our
analysis confirmed the strong spatial aggregation of X. fastidiosa in
the demarcated area in Alicante, so the probability of X. fastidiosa
presence was increased in the areas with higher prevalence of the
pathogen compared with those where it was not detected (Fig. 3).
These results are in line with other studies highlighting the impor-
tance of incorporating the spatial structure in SDMs for plant patho-
gens (Meentemeyer et al. 2008).

In contrast to previous studies on marine species (Bakka et al.
2019; Mart�ınez-Minaya et al. 2019), in the case of X. fastidiosa
the overall values of the posterior predictive distribution of the sta-
tionary model were relatively similar to those obtained with the
models that incorporated barriers (Fig. 3). On the one hand, this
was a somewhat unexpected result, considering that the barriers
were assumed to be completely impervious to the spread of the
pathogen; but on the other hand, the results obtained here illustrate
the actual difficulties involved in effectively containing the spread
of the pathogen by implementing dispersal barriers (Kottelenberg
et al. 2021).

Nevertheless, relevant differences in the posterior predictive dis-
tribution of the probability of X. fastidiosa presence resulting from

TABLE 1. Mean and 95% credible interval for the intercept (b0) and hyper-
parameters (r and ru) of the models for the distribution of Xylella fastidiosa
in the demarcated area in Alicante, Spain

Models
Parameter/

hyperparameters Mean
95% Credible

interval

Stationary b0 −1.68 (−2.21, −1.23)
ra 4,030.17 (2,907.41, 5,563.88)
ru

b 1.52 (1.28, 1.80)

Mountain
barrier

b0 −1.61 (−2.09, −1.19)
ra 3,860.88 (2,918.61, 5,212.18)
ru

b 1.43 (1.20, 1.71)

Continuous
barrier

b0 −1.79 (−2.63, −1.15)
ra 6,141.08 (4,296.32, 9,042.99)
ru

b 1.50 (1.20, 1.88)

Discontinuous
barrier

b0 −1.57 (−2.23, −1.04)
ra 5,298.90 (3,813.16, 7,557.78)
ru

b 1.44 (1.17, 1.78)
a r is the spatial range.
bru is the standard deviation of the spatial effect.

Fig. 2. Representation of the Mat�ern correlation function for the posterior mean
of the spatial range obtained in each model (vertical blue dashed lines), i.e., the
distance at which the correlation is close to 0.1 (horizontal blue dashed line).
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the incorporation of the barriers in the models can be appreciated in
finer spatial detail. When the area above an altitude of 1,065 m was
considered as a barrier for the spread of X. fastidiosa, the main dif-
ference with respect to the stationary model was found in the zone

adjacent to the barrier. In this area, the probability of the presence
of X. fastidiosa was higher in the mountain barrier model than in
the stationary model because of the smoothing effect that occurred
when mountains were not considered as barriers (Fig. 4A).

Fig. 3. Mean (left) and standard deviation (right) of the posterior predictive distribution of the probability of Xylella fastidiosa presence in the demarcated area in
Alicante, Spain. A and B, Stationary model. C and D, Mountain barrier model. E and F, Continuous barrier model. G and H, Discontinuous barrier model.
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The dimensions and characteristics of the cordon sanitaire, i.e.,
continuous or discontinuous perimeter barriers, were based on the
spatial range of �4 km obtained in the stationary model (Table 1).
To observe differences when incorporating the perimeter barrier, it
should be situated <4 km away from the positive samples. Because
of the assumed impermeability, the width of the perimeter barriers
had no influence on the probability of X. fastidiosa presence in the
area outside the barrier. This implies that the width of the hypothet-
ical barriers used in our study cannot be interpreted in terms of the
extent of the area subjected to disease control measures, such as the
removal of infected host plants and vector control, as established by
the Commission Implementing Regulation (EU) 2020/1201.

In the continuous barrier model, the probability of the presence
of X. fastidiosa in the area adjacent to the outer border of the bar-
rier was only determined by the negative samples and the intercept
(Fig. 3E), resulting in a lower probability of the presence of the
pathogen compared with the stationary model (Fig. 4B). Differ-
ences between the discontinuous and continuous barrier models
showed that breaks in the perimeter barrier in areas with low
sampling intensity, attributable to the greater uncertainty, resulted in
a higher probability of X. fastidiosa presence (Supplementary
Fig. S3B). The increase in the probability of the presence of the
pathogen through the breaks in the barrier was even greater than
the difference with the stationary model (Fig. 4C). However, no
major influence of the cordon sanitaire was observed in areas with
a high sampling intensity adjacent to the outer border of the barrier.
In those areas, the breaks in the barrier did not increase the proba-
bility of X. fastidiosa presence (Supplementary Fig. S3C).

These results may assist plant health authorities in prioritizing the
areas for the implementation of surveillance and disease control bar-
riers. The highest priority would therefore be given to nonsampled
areas close to high occurrence locations, where the implementation
of a barrier would lower the probability of the presence of X.

fastidiosa. Areas where the surveys concluded that the pathogen is
absent (i.e., below the design prevalence) would be, therefore, of
lower priority for the implementation of surveillance and disease
control barriers, as the breaks would not increase the probability of
presence of X. fastidiosa. These results are in line with approaches
aiming for a more targeted and risk-based management of emerging
plant pathogens (Hyatt-Twynam et al. 2017; Parnell et al. 2014).

In the context of our study, the spatial aggregation obtained with
the models resulted from the concurrent means of spread of X. fas-
tidiosa acting during the entire time span of the epidemic. For the
demarcated area in Alicante, Cornara et al. (2019) indicated that X.
fastidiosa was detected in P. spumarius and N. campestris, with a
prevalence of 27 and 1.2% of the individuals tested for the bacte-
rium, respectively. However, the references quoted in this review
do not report data on the prevalence of X. fastidiosa in vector popu-
lations in this region. Official samplings conducted from 2017 to
2019 by the plant health authority in the demarcated area
resulted in the prevalence of X. fastidiosa of 0.67% for N. campest-
ris (n = 2,995) and 7.19% for P. spumarius (n = 3,157; Generalitat
Valenciana 2020). Similar values have been reported in the Balearic
Islands, with 1.12% for N. campestris (n = 797) and 8.25% for
P. spumarius (n = 5,806; Ministerio de Agricultura, Pesca y
Alimentaci�on 2021). However, the prevalence values in Alicante
are much lower than those described for P. spumarius in Corsica
(>40%) and Apulia (>50%; Cornara et al. 2017; Cruaud et al.
2018; Saponari et al. 2014). Although from our results we cannot
conclude on the relevance of the different means of disease spread,
these data suggest that vectors might not be playing a dominant
role in the demarcated area in Alicante. Furthermore, it should be
considered that the probability of infection of a plant by vectors
depends not only on the prevalence, but also on the abundance of
infectious vectors, their acquisition rate, their transmission effi-
ciency, the time period of the inoculation process, and the

Fig. 4. Differences in the mean of the posterior predictive distribution of the probability of Xylella fastidiosa presence in the demarcated area in Alicante,
Spain. A, Difference between stationary model and mountain barrier model. B, Difference between stationary model and continuous barrier model. C, Differ-
ence between stationary model and discontinuous barrier model. D, Difference between discontinuous barrier model and continuous barrier model.
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infectivity of the vectors (Purcell 1981). For instance, the European
Food Safety Authority (2019) used expert knowledge elicitation
(EKE) to estimate a median acquisition rate of 12.08% and a trans-
mission efficiency of 13.58% for spittlebug vectors in olives.

The dispersal capacity of X. fastidiosa vectors in Europe is rather
uncertain, and no studies are available for the particular epidemio-
logical setting in Alicante. According to a Mass-Mark-Recapture
assay by Lago et al. (2021) conducted in Madrid, Spain, individuals
of N. campestris were found at a distance of >2,000 m from the
release point, with a relatively similar number of catches at 123 and
281 m. Studies conducted with P. spumarius in Apulia and Pied-
mont, Italy, resulted in a median dispersal from the release point of
26 m day–1 in an olive grove and 35 m day–1 in a meadow. It was
estimated that 50% of the P. spumarius population in olives in
Apulia remained within 200 m and 98% within 400 m for 2 months,
with a dispersal limited to some hundreds of meters throughout the
whole year (Bodino et al. 2021). The European Food Safety
Authority (2019) conducted EKEs on the uncertainty distribution of
the vector local spread and the mean distance of disease spread.
The 5th, 50th, and 95th percentiles of the uncertainty distribution
for the vector local spread were 0.148, 0.767, and 2.204 km,
respectively. Percentiles for the mean distance of disease spread
were 1.10, 5.18, and 12.35 km, this median value being included in
the 95% CI of the posterior distribution of the spatial range of our
stationary model (Table 1). This upper bound corresponds to the
estimated rate of movement of the X. fastidiosa front in Apulia
(Kottelenberg et al. 2021). Nevertheless, these EKEs were con-
ducted under specific assumptions and their extrapolation to the
scenario in Alicante is not straightforward. Among other assump-
tions, values were elicited for olive orchards with herbaceous cover,
without the influence of competing hosts or extreme winds on vec-
tor behavior. The movement of propagating plant material was not
taken into account either. Moreover, the time component was not
considered in our study.

In fact, plant propagating material is considered the main path-
way for the entry of X. fastidiosa into new regions of the European
Food Safety Authority (2019). After the introduction of the patho-
gen with imported infected plant material, further spread in the area
can also be driven by the movement of propagating plant material.
Studies reconstructing the progression of almond leaf scorch disease
in Majorca indicated that X. fastidiosa was introduced into this
island with almond buds or stems from California, and then spread
through the archipelago by grafting (Moralejo et al. 2020). Grafting
experiments performed in this study resulted in a transmission of
�15% with almond buds, but other studies reported values up to
60 and 80% with almond buds and stems, respectively (Mircetich
et al. 1976). In the case of Alicante, genetic studies indicated that
X. fastidiosa might also have been introduced from California
(Landa et al. 2020). In the demarcated area in Alicante, almond
groves were typically established with rootstock seeds that were
later grafted on site with buds or stems of the scion (Cambra and
Cambra 1991). These grafting materials were generally obtained
from almond trees in the area or from outside when a new cultivar
was first introduced. In fact, previous studies suggested that the
extent of the pathogen had arisen from a single introduction
(Cendoya et al. 2020; Landa et al. 2020). Nevertheless, with the
information available, it is not possible to accurately trace back the
movement of propagating plant material in the area and thus deter-
mine its actual role in the spread of X. fastidiosa. Therefore, the
spatial dependence illustrated by our models should be interpreted
considering any potential means of spread, including propagating
plant material and insect vectors.

The spatial ranges obtained with the models varied from �4 to
6 km (Table 1), but to relate this parameter to the actual epidemio-
logical setting in the demarcated area in Alicante, only those from
the stationary and mountain barrier models should be considered.
The continuous and discontinuous barrier models incorporated
hypothetical disease control interventions in the form of barriers,

which are not present in the study area as such. Furthermore,
imposing a cordon sanitaire implied a strong spatial aggregation in
the area surrounded by this perimeter barrier, resulting in a greater
spatial range compared with the other models studied. The models
assuming no control interventions presented similar spatial depen-
dence for the occurrence of X. fastidiosa. The posterior mean of the
spatial range in the stationary model was 4,030 m with a 95% CI
(2,907 and 5,564), whereas for the mountain barrier it was 3,861 m
with a 95% CI (2,919 and 5,212; Table 1). Interpreting these values
in terms of spread rates is, however, difficult as the contribution of
the different means of pathogen spread cannot be disentangled.
Moreover, with the information available, it is not possible to deter-
mine when the pathogen was first introduced in the area and so the
temporal component is missing. Studies combining dendrochronol-
ogy and phylogenetic analysis indicated that the introduction of
X. fastidiosa in Majorca occurred circa 1993 (Moralejo et al. 2020).
Epidemiological models dated the introduction of the pathogen in
Corsica to circa 2001 when hidden infection reservoirs are not con-
sidered, and circa 1985 when these nonobservable hosts are
included in the models (Soubeyrand et al. 2018). The rate of move-
ment of the invasion front of X. fastidiosa in Apulia indicated that
the disease spread started in �2008 (Kottelenberg et al. 2021).
Based on the low genetic diversity and the absence of recombinant
events (Landa et al. 2020), it can be speculated that X. fastidiosa
was introduced in the demarcated area in Alicante not earlier than
in Majorca or Corsica.

Although spread rates cannot be inferred from our analysis, the
spatial component of the models provides useful information for
the management of X. fastidiosa in the study area. In the Mat�ern
correlation function of the stationary and mountain barrier models,
distances up to 1,792 and 1,717 m, respectively, accounted for 50%
of the spatial correlation, and was <5% for distances longer than
5,698 and 5,459 m, respectively (Fig. 2). Regardless of the date of
introduction and the weight of the different means of spread of the
pathogen in the demarcated area, the mean value of the spatial
range for the stationary model indicates that host plants that were
closer than 4,030 m to an infected plant would be at risk of acquir-
ing X. fastidiosa. Therefore, these distances should be observed to
define the buffer zone where the surveillance activities will be con-
ducted around the infested area. Originally, the Commission Imple-
menting Decision (EU) 2015/789 established that the buffer zone
surrounding the infested zone should have a width of at least
10 km. The minimum width of the buffer zone was later reduced to
5 km by the Commission Implementing Decision (EU) 2017/2352
and as of this writing, to 2.5 km by the Commission Implement-
ing Regulation (EU) 2020/1201. Based on our models, these
minimum buffer zone widths do not cover the entire area at risk
for X. fastidiosa occurrence in the demarcated area in Alicante.
Consequently, in 2019, the plant health authority implemented an
additional band of 10 km surrounding the demarcated area,
where official surveillance activities are also being conducted
(Generalitat Valenciana 2020).

It should be noted that the methodological improvement con-
sidering the nonstationarity of the spatial process did not
increase the computational cost or the difficulty of its implemen-
tation (Bakka et al. 2019; Mart�ınez-Minaya et al. 2019). To our
knowledge, this study is the first to apply nonstationary models
with barriers in the context of plant health. However, imposing
the condition that barriers are completely impermeable implies
that the pathogen cannot be present or cross this area, which is a
very strong assumption rarely met in practice. In the specific
case of X. fastidiosa, these barriers represent areas without host
plants and through which it is not possible for infected vectors
or propagating plant material to pass. Our discontinuous barrier
model partially relaxed this assumption, allowing the pathogen
to spread in some areas but still assuming that parts of the cor-
don sanitaire were completely impervious, which is seldom the
case for X. fastidiosa and plant pathogens in general. Building
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on this work, new modeling methods need to be developed to
accommodate the incorporation of barriers with different levels
of permeability, and thus more realistic plant health scenarios
may be considered. Data and code are available at https://doi.
org/10.5281/zenodo.4656029.
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