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ABSTRACT

Flavescence dor�ee (FD) is a quarantine disease threatening European
vineyards. Its management is based on mandatory insecticide treatments and
the uprooting of infected plants identified during annual surveys. Field
surveys are currently not optimized because the drivers affecting FD spread in
vineyard landscapes remain poorly understood. We collated a georeferenced
dataset of FD detection, collected from 34,581 vineyard plots over 5 years in
the South West France wine region. Spatial models fitted with integrated
nested Laplace approximation were used to identify local and landscape
factors affecting FD detection and infection. Our analysis highlights the
importance of sampling period on FD detection and of local practices and
landscape context on FD infection. At field scale, altitude and cultivar choice
were the main factors affecting FD infection. In particular, the odds ratio of
FD infection in fields planted with the susceptible Cabernet Sauvignon,

Cabernet Franc, or Muscadelle varieties were approximately twice those in
fields planted with the less susceptible Merlot. Field infection was also
affected by the field’s immediate surroundings (within a circle with a radius
of 150 to 200 m), corresponding to landscapes of 7 to 12 ha. In particular, the
probability of FD infection increased with the proportions of forest and urban
land and with the proportion of susceptible cultivars, demonstrating that the
cultivar composition impacts FD epidemiology at landscape scale. The
satisfactory predictive performance of the model for identifying districts with
a prevalence of FD detection >10% of the fields suggests that it could be used
to target areas in which future surveys would be most valuable.

Keywords: distribution modeling, INLA, landscape epidemiology, landscape
mosaic, varietal landscape, vineyard disease

An understanding of the contribution of environmental variables
to the presence and spread of any pathogen is crucial for the design
of efficient surveillance and management disease strategies. Species
distribution models are used for this purpose in epidemiology
(Bebber 2015; Purse and Golding 2015). These correlative models
can be used to disentangle the relative effects of multiple environ-
mental variables (e.g., biotic and abiotic factors) on pathogen epide-
miology. They also make it possible to provide predictions for all
sites in a region of interest for which the factors studied have been
mapped. It therefore provides a basis for the implementation of tar-
geted surveillance and improvements in disease control by maxi-
mizing the detection of new cases (Parnell et al. 2014). Widely
used for the mapping and management of infectious diseases in
humans (Kraemer et al. 2016), distribution modeling has also been
used to obtain information about the spatial distribution of emerg-
ing plant diseases such as sudden oak disease in the United States
(Meentemeyer et al. 2008; V�aclav�ık et al. 2010), citrus black spot in
South Africa (Mart�ınez-Minaya et al. 2018), and Xylella fastidiosa
in Europe (Cendoya et al. 2020; Godefroid et al. 2019).

On the methodological side, the first step in any species distribu-
tion modeling approach is to gather together diverse sources of
information about potential risk factors (e.g., host characteristics,

cropping practices, climatic data, and land use) and georeferenced
records of the presence of the pathogen (Kraemer et al. 2016; Purse
and Golding 2015). The next step involves the use of statistical tools
to investigate correlations between these variables (Dormann et al.
2012; Elith and Leathwick 2009). This step is not straightforward
because the analysis of spatial data is often complicated by a phe-
nomenon known as spatial autocorrelation (Dormann et al. 2007).
Spatial autocorrelation occurs when the values of variables sampled
at nearby locations are not independent from each other. In such a
case, one of the key assumptions of standard statistical analyses,
which is that residuals are independent and identically distributed, is
violated. The violation of this assumption may bias parameter esti-
mates and can increase type I error rates (falsely rejecting the null
hypothesis of no effect) (Dormann et al. 2007). A variety of fre-
quentist and Bayesian statistical approaches have been developed
for modeling of spatial data while accounting for spatial autocorrela-
tion (Beguin et al. 2012; Dormann et al. 2007). Among them, inte-
grated nested Laplace approximation (INLA) (Lindgren et al. 2011;
Rue et al. 2009) has emerged in the past decade as a highly appeal-
ing alternative combining outstanding computational speed and
availability in a user-friendly R interface in the R-INLA library
(Beguin et al. 2012; Zuur et al. 2017).

Phytoplasmas are plant-pathogenic bacteria, pleiomorphic with no
cell walls, that belong to the class of Mollicutes (Namba 2019). They
are obligate parasites invading the phloem sieve tube elements of the
host plants and colonizing the body of insect vectors. Phytoplasmas
are transmitted by phloem-feeding hemipteran insects (leafhoppers,
planthoppers, and psyllids) (Weintraub and Beanland 2006) and by
vegetative propagation of infected plant material. They are associated
with diseases that cause severe economic impacts on many crops
worldwide (Namba 2019). Flavescence dor�ee (FD), one of the most
damaging diseases in European vineyards, is caused by the FD
phytoplasma (taxonomic subgroups 16SrV-C and 16SrV-D). FD
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phytoplasma is transmitted from grapevine to grapevine by the leaf-
hopper vector Scaphoideus titanus (Chuche and Thi�ery 2014). Typi-
cal symptoms are leaf yellowing or reddening, with downward
rolling, incomplete lignification of canes, abortion of flowers, and
grape wilting. FD disease emerged in the South West France wine
region in the 1950s, following the accidental introduction of S. tita-
nus from North America (Caudwell 1957; Papura et al. 2012). How-
ever, FD phytoplasma was demonstrated to be European, originating
from wild plant reservoirs: the alder tree Alnus glutinosa (Fagales,
Betulaceae) and the climbing shrub Clematis vitalba (Ranunculales,
Ranunculaceae) from which the phytoplasma was originally trans-
mitted to cultivated grapevines (Malembic-Maher et al. 2020).

At the field scale, the epidemiology of FD is first driven by the
dynamics of its ampelophagous vector S. titanus. This species is uni-
voltine. The eggs hatch in April on grapevine, and there are then
five nymphal instars before the first adults appear, usually in June
and July. The adults live for approximately 1 month. The fertilized
females lay eggs in the late summer, from August to September.
Phytoplasmas are acquired passively, from the first larval stage
onward, through feeding of the phloem sap of infected grapevine
plants where the phytoplasma multiply. When infected, the insects
carry and transmit the phytoplasma for the rest of their lives
(Weintraub and Beanland 2006). The flight activity of the vector
depends on vine density and canopy architecture (Lessio and Alma
2004; Lessio et al. 2015). The epidemiology of FD is also driven by
the differential propensity of vine cultivars to act as a source of inoc-
ulum (Bressan et al. 2005; Galetto et al. 2014). No cultivars are
resistant to FD. They rather display a continuum from low (e.g.,
Merlot) to high (e.g., Cabernet Sauvignon) susceptibility to the pres-
ence and multiplication of phytoplasma (Eveillard et al. 2016;
Oliveira et al. 2019; Ripamonti et al. 2021). When the disease has
become chronically installed in a region, Vitis spp. growing in aban-
doned vineyards or close to cultivated vineyards can constitute an
important source of primary infection (Tramontini et al. 2020).
Indeed, they provide a reservoir for the phytoplasma and its vector
(Lessio et al. 2014; Ripamonti et al. 2020). Although dispersal abili-
ties of the vector is rather small (<30 m), longer-range dispersals
have been observed, suggesting that landscape structure may also
affect the epidemiology of FD (Lessio et al. 2014).

In recent decades, FD has spread throughout European vineyards
(Jeger et al. 2016). As a result of the severe economic consequences
of the disease, FD phytoplasma has been classified as a quarantine
organism in Europe since 1993. There is currently no means of curing
plants of FD phytoplasma. The disease is therefore controlled princi-
pally by four mandatory measures: (i) the planting of disease-free
material, (ii) the application of insecticides to kill the vector, (iii) the
establishment of annual vineyard surveys for monitoring plant infec-
tion, and (iv) the uprooting of infected plants. Two factors complicate
the detection of FD in the field. First, FD cocirculates in European
vineyards with bois noir, another phytoplasma disease that has similar
symptoms but does less economic damage (Quaglino et al. 2013;
Tramontini et al. 2020). Molecular tests involving the detection of
pathogen DNA in a real-time multiplex PCR assay are therefore
required to confirm the presence of FD (Pelletier et al. 2009). Second,
typical FD symptoms appear only during the summer of the year fol-
lowing inoculation (Morone et al. 2007; Schvester et al. 1969;
Tramontini et al. 2020). Plants newly infected during the spring and
early summer of year n therefore constitute a source of inoculum
before the symptoms of the disease become visible late in the summer
of year n + 1, when the monitoring campaigns are performed. When
the diagnosis of FD is confirmed, the infected plants must be
removed, and insecticide treatments are mandatory within defined
perimeters. More than 70% of French vineyards are treated with
insecticides against S. titanus, with consequences for the environ-
ment and human health (Desneux et al. 2007; Tang et al. 2021).
Surveillance has been intensified during the past decade under the
supervision of legal authorities, leading to a reduction of the num-
ber of annual treatments.

In this study, we applied a distribution modeling approach to
improve our understanding of FD epidemiology and, more specifi-
cally, gain a quantitative view of the field and landscape factors
impacting the probabilities of FD detection and infection at field
scale. Based on the literature, we first hypothesized that the probabil-
ity of FD detection improves as fall approaches. We also hypothe-
sized that key local factors would impact the probability of FD
infection, with a higher probability of infection associated with older
and denser plantation as well as cultivation of more susceptible culti-
vars. We also hypothesized that the probability of infection would
increase with the proportion of susceptible cultivars, the proportion
of seminatural habitats, or the proportion of urban areas in the sur-
rounding landscape because these habitats may act as FD reservoirs.
In addition, we hypothesized that higher level of fragmentation of
these potential reservoirs at the landscape scale would limit vector
spillover and therefore be associated with lower probability of infec-
tion (Tscharntke and Brandl 2004). To test these hypotheses, we fit-
ted distribution models using INLA to a spatial dataset collected
from 34,581 vineyard fields over 5 years of mandatory vineyard sur-
veys. Finally, we investigated whether the model could identify sites
with higher probability of infection for targeted surveillance to
improve current management strategies.

MATERIALS AND METHODS

FD monitoring and detection. In the vineyards of Bordeaux in
South West France, FD surveys are performed by professional organ-
izations known as Groupements de D�efense contre les Organismes
Nuisibles (GDONs) under the supervision of the French Ministry of
Agriculture. GDON des Bordeaux has been in charge of FD monitor-
ing since 2011 in an area of 364,718 ha, of which 83,912 ha (23%)
were cultivated with grapevine in 2016 according to the Casier Viti-
cole Informatis�e (CVI). CVI is a geographic information system data-
base created by the French directorate general of customs that
provides a comprehensive history of each legal piece of land culti-
vated with grapevine. It gathers information on the spatial boundary,
size, year and density of plantation, and cultivars used in each legal
field. The region monitored by GDON is subdivided into 347 districts
with a mean area of 1,048 ha and 10 and 90% quantiles of 331 ha
and 1,849 ha, respectively (Fig. 1A). Although these districts serve as
a basis for the practical organization of FD monitoring performed by
GDON in the vineyards, the basic observational unit is the field. In
the following, we considered the annual survey realized from 2012 to
2016. Each year, the monitoring strategy of GDON was nearly identi-
cal. It was conducted by a team of trained inspectors between August
and October, the period of the year most favorable for the detection
of FD symptoms (Tramontini et al. 2020). The fields selected each
year n by GDON can be separated into two categories. The first cate-
gory consists of the fields already surveyed and detected infected the
previous year n – 1. When an infected field has been detected,
GDON inspectors check the following year that mandatory control
measures were applied. These reinspection data were not considered
in our study. The second category consists of the fields not surveyed
in the previous years. Approximately 10% of the vineyard area was
newly inspected each year. These fields were considered in our study.
The survey involved the inspection of most of the fields in large parts
of newly selected districts each year, most often regardless of prior
information on the presence of FD (note that “spontaneous” reporting
of FD by the winegrowers is unusual). Overall, a mean of 6,916 fields
are newly inspected each year, with numbers ranging from 5,916 in
2013 to 8,712 in 2012. The fields had a mean area of 0.77 ha, with 10
and 90% quantiles of 0.16 ha and 1.6 ha, respectively.

When the inspection teams survey a given area, they inspect a
high proportion of fields. We quantify this sampling effort by the
proportion of the vineyard sampled by GDON inspectors. For each
of the 34,581 fields sampled, the sampling effort was assessed by
the ratio between (i) the total vineyard area sampled by GDON
inspectors in a radius of 1 km around each field (as assessed from
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the area of the polygons drawn by inspectors during their survey;
see below) and (ii) the total size of the vineyard in this same radius
(as given by the area of legal piece of land cultivated with grapevine
provided by the CVI). The mean sampling effort was 0.58, with 10
and 90% quantiles of 0.38 and 0.74, respectively. As previously
stated, the basic observational unit was the field (Fig. 1B). For each
field surveyed, inspectors walk through the whole field for visual
detection of the symptoms and draw its polygon on geographic
information system software. If no symptoms are detected, the
inspectors do not sample any plants and the field is declared unin-
fected. If symptoms are detected, symptomatic plants are marked for
uprooting, and symptomatic leaves from one to five plants per field
are collected and pooled into a single sample. The detection of the
FD and bois noir phytoplasmas in samples is performed by accred-
ited laboratories with a real-time PCR triplex molecular test derived
from that described by Pelletier et al. (2009). Each field is then clas-
sified as infected with FD (if the molecular test is positive for FD
phytoplasma, meaning that at least one plant in the sample is
infected with FD) or uninfected with FD. Overall, FD was detected
in 7.6% of the 34,581 fields surveyed, and bois noir was detected
in 4.5%.

Explanatory variables at field scale. In addition to the geore-
ferenced records of FD detection, we collected a set of potentially
important local explanatory variables characterizing the production
situations of each field (Table 1). First, the altitude was obtained
from topography data provided by Institut national de l’information
g�eographique et foresti�ere. Second, the Appellation d’Origine Con-
trôl�ee (AOC), a French certification defining the geographic area of
production for a particular wine label and common and specific
guidelines (e.g., proportions of particular cultivars, growing practi-
ces, winemaking practices) was noted to provide information about
the socioeconomic context of production. The AOCs were grouped
into six levels on the basis of geographic proximity. Third, the CVI
was used to determine, for each field, the cultivars grown (seven

levels; Fig. 1B), plant density, and the age of the plantation. The
protocol for extracting these variables from the CVI is described in
the Supplementary Materials. Fourth, the type of viticultural practice
(organic or conventional) in each field was provided by the GDON.
This information was available only for 2016, but we assumed that
growers maintained the same practices over the entire time period
considered here.

Explanatory variables at landscape scale. We created annual
land-cover maps of the region monitored by GDON des Bordeaux.
These maps are raster maps with a 10-m resolution. The maps were
created by overlaying the CVI database and the France land cover
map for 2017 (Occupation des Sols map; Inglada et al. 2017). We
used the Occupation des Sols map for 2017 because (i) the landscape
was expected to be constant within the time frame of the study and
(ii) the map resolution was more precise in 2017 (pixels of 10 m per
side) than previous years (pixels of 20 m per side). For each year
from 2012 to 2016, the CVI database was used to map the pixels
representing grapevine cultivars. Seven classes depicting the cultivar
used in each pixel during the year considered were distinguished (as
listed in Table 1), and an independent eighth class indicates whether
the pixel belongs to an organic or conventional vineyard farm (data
provided by GDON; see previous section). Each pixel of the GDON
region not attributed to a vineyard class was classified into one of
three separate classes (forest, urban, or other land use) depending on
its classification in the Occupation des Sols map (Fig. 1B). The
resulting land cover map for 2016 is illustrated in Supplementary
Figure S1.

These annual land cover maps were used to characterize the land-
scape surrounding each field. We calculated composition and config-
uration metrics in circles of 15 increasing radii (50, 100, 150, 200,
250, 300, 500, 1,000, 1,500, 2,000, 2,500, 3,000, 4,000, 5,000, and
6,000 m) centered on the barycenter of each field i (i = 1,… ,
34,581; Table 1). Thereafter, “scale” defined the radii around field
barycenters (i.e., the extent of the landscapes). For each field i and

Fig. 1. Field-based flavescence dor�ee (FD) data at the regional and district scales. A, Map of the study region in South West France. The map shows the borders
of the 347 districts located within the Groupement de D�efense contre les Organismes Nuisibles des Bordeaux area. The color scale indicates the prevalence of FD
detection per district in each of the 239 districts in which FD surveys were performed from 2012 to 2016. Unsurveyed districts are shown in white, and districts
with fewer than six fields are shown with a dot. B, Map at landscape scale (over two entire districts depicted by white border) illustrating the vineyard plots classified
according to their cultivar (seven levels) and the other categories of land use (three levels).
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scales considered, we calculated the percentage of land occupied by
vineyard as L_vineyard (whatever the cultivar grown), forest as
L_forest, and urban areas as L_urban. These metrics are assessed as
the proportion of pixels attributed to each class within the circle. We
also calculated the total number of patches as L_np of these three
classes, a simple measure of landscape fragmentation. A patch refers
here to a continuous area of the landscape attributed to a single class
use. Finally, we calculated the percentages of land (i) cultivated with
the cultivar Merlot as L_merlot and (ii) organically managed as
L_organic within the total area devoted to grapevine cultivation
in the circle considered. These metrics were computed with the
R package landscapemetrics (Hesselbarth et al. 2019).

Statistical analysis. Bayesian inference with INLA. INLA is a com-
putationally efficient method for fitting complex spatial models
within the Bayesian paradigm (Lindgren et al. 2011; Rue et al.
2009). It offers a faster alternative to Markov chain Monte Carlo
methods because, in essence, INLA replaces stochastic sampling
with deterministic approximation based on a clever use of the
Laplace approximation and on numerical integration (Beguin et al.
2012). INLA may be used to fit a large class of latent Gaussian mod-
els in a Bayesian framework. Moreover, the method is implemented
in the R package R-INLA (https://www.r-inla.org/) (Lindgren and
Rue 2015), which allows fitting of models almost as easily as the
base R functions for generalized linear models.

Latent Gaussian models include, in particular, several classes of
models accounting for spatial autocorrelations. Indeed, combined
with the stochastic partial differential equation approach, one can
accommodate with INLA all kinds of geographically referenced
data, including areal and geostatistical ones, as well as spatial point
process data (Lindgren and Rue 2015; Lindgren et al. 2011). Here,
we employ INLA to fit spatial logistic regression in a continuous spa-
tial domain. References such as those of Beguin et al. (2012) and
Zuur et al. (2017) provide comprehensive text on the subject for
applied ecologists and phytopathologists.
Spatial logistic regression. Let yi be the FD detection status of

the field i at location si on its year of first inspection yeari, i.e., the
field i is classified as infected (value 1) or uninfected (value 0). We
assumed that yi follows a Bernoulli random variable and modeled

the probability pi of FD detection in field i using a logit link func-
tion. The generic model can be written as follows:

yi � Binomialð1, piÞ, i ¼ 1, . . . , 34, 581
logitðpiÞ ¼ bXi þ aðyeariÞ þ uðsiÞ
uðsÞ � GMRFð0,Q�1ð/;r2

uÞÞ
aðyeariÞ � Normalð0,r2

yearÞ

8
>><

>>:
(1)

In this model, Xi is the vector of explanatory variables for field i,
and b is the vector of associated coefficients to be estimated. All
the explanatory variables Xi listed in Table 1 were treated as fixed
effects except the year of first field inspection, which was treated as
independent random effects a(yeari). The term u(si) is the spatial
random effect for field i. It endows the model with a spatial depen-
dence between neighboring fields not explained by the explanatory
variables. In R-INLA, a computationally convenient Gaussian Mar-
kov random field representation is used to accurately approximate a
Gaussian random field with spatial variance and autocorrelation
characterized by the Mat�ern covariance function (Lindgren et al.
2011). This approximation relies on basis functions anchored at a
set of discrete points corresponding the nodes of a mesh dividing
the study area into a large number of nonoverlapping triangles
(Supplementary Fig. S2). Its use allows inference about the latent
spatial field over the entire continuous domain of interest, where
the spatial interpolation between the Gaussian variables located at
the nodes is linear.

The Gaussian Markov random field can be regarded as a multi-
variate Gaussian distribution (with dimension equal to the number
of nodes) with zero mean and sparse precision matrix Q that
depends on two positive hyperparameters, ru

2, /, describing the
variance and the correlation range (the distance beyond which pairs
of observations are approximately not spatially correlated any
more), respectively (Krainski et al. 2018; Lindgren et al. 2011).
The spatial dependence is encoded in the matrix Q of size N*N
by using the Mat�ern covariance function based on the first-order
Bessel function K1. Accordingly, the covariance between u(si)
and u(sj) depends on the two unknown hyperparameters and on

TABLE 1. Local and landscape explanatory variables used to characterize the vineyard fields

Variables Description Mean (SD)/levelsa Source

Local variable
Area Field area 0.77 ha (0.77) GDON
Year Year of the first field inspection Five levels
Season Summer or autumn inspection Two levelsb

Week Week number within year Eleven levelsb

Practice Organic or conventional practices Two levelsb

AOC Appellation d’origine contrôl�ee Six levelsc INAO
Age Age of the plantation at inspection 23 years (14) CVI
Cultivar Grape cultivar Seven levelsd

Density Density of the plantation 4,131 plants/ha (1,008)
Altitude Altitude 59.5 m (29) IGN

Landscape scale
L_urban Percentage of urban area 8.2 (10) CESBIO
L_forest Percentage of forest area 5.6 (9.8)
L_vineyard Percentage of vineyard area 66.7 (20.2) CVI
L_merlot Percentage of merlot area in the vineyard 62.2 (32)
L_organic Percentage of organic practice area in the vineyard 8 (21.3) GDON
L_np Number of vineyard, forest, and urban patches 12.5 (5.5)

a Values for the landscape covariates are given for a scale of 150 m. AOC, Appellation d’Origine Contrôl�ee; CESBIO, Centre d’Etudes Spatiales de la
Biosph�ere; CVI, Casier Viticole Informatis�e; GDON, Groupement de D�efense contre les Organismes Nuisibles; IGN, Institut national de l’information
g�eographique et foresti�ere; INAO, Institut national de l’origine et de la qualit�e; SD, standard deviation.

b Season: Summer here corresponds to July/August (28,719 fields), and autumn corresponds to September/October (5,862 fields). Week: 11 levels from week
32 to week 42. Practice: organic (2,745 fields) or conventional (31,836 fields) farming practices.

c The 11 controlled designation of origin located in the GDON des Bordeaux area were grouped by spatial proximity in six levels to have ³700 fields in each
level. These levels are AOC1 (Côtes de Bordeaux and Saint-Macaire, n = 1,936), AOC2 (Premi�eres Côtes de Bordeaux, n = 5,032 fields), AOC3 (Loupiac,
Sainte-Croix-du-Mont, and Graves sup�erieures, n = 725 fields), AOC4 (Fronsac and Cannon Fronsac, n = 743 fields), AOC5 (Côtes de Bordeaux Blaye,
n = 5,858 fields), and AOC6 (Bordeaux, n = 20,287 fields).

d Cultivars include Merlot (21,181 fields), Cabernet Sauvignon (5,266 fields), Cabernet Franc (2,491 fields), Muscadelle (270 fields), Sauvignon (1,985
fields), Semillon (2,587 fields), and other cultivars (801 fields) not previously listed.
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the Euclidean distance d(i, j) between the two fields through the
following:

covMatern u sið Þ, u sj
� �� � ¼ ru

2
ffiffiffi
8

p
d i, jð Þ=/½ �K1½

ffiffiffi
8

p
d i, jð Þ=/ð Þ� (2)

We remark that different parametrizations exist for the Mat�ern
covariance, and the preceding one offers the advantage of relatively
simple intuitive interpretation. The corresponding correlation func-
tion is obtained by replacing ru

2 with 1 in covMatern. In our model
(equation 1), we refer to the sparse precision matrix resulting from
this covariance model as Q(/,ru

2).
Bayesian inference requires to specify prior distributions for the

model parameters and hyperparameters (i.e., parameters of prior dis-
tributions). These choices are less crucial with large datasets because
the effect of prior choice on the posterior estimates is expected to
wane as the sample size increases. For the parameters bj and the
hyperparameter r2

year, we used the default internal vague priors rec-
ommended in R-INLA, normal(0, precision = 10–3) and log-
gamma(1,0.00005), respectively. We used penalized complexity
priors for the range and the variance of the spatial random effect
(Fuglstad et al. 2019; Simpson et al. 2017). Penalized complexity
priors can be defined via intuitive probability statements. Because
few fields are <0.25 km apart, we assume that the probability that /
is <0.25 km is 0.01, leading to a penalized complexity prior
(0.25,0.01) for /. Moreover, we assume that the probability that ru

is >1 is 0.01, leading to a penalized complexity prior (1,0.01) for ru.
Model comparison. The baseline spatial model M0 corresponds

to equation 1 with 13 explanatory variables, including seven local
variables (area, age, practice, density, altitude, cultivar, and AOC)
characterizing the field and six landscape variables (L_organic,
L_vineyard, L_np, L_forest, L_merlot, and L_urban) characteriz-
ing the landscape within a zone of radius r. No interaction between
explanatory variables were considered, and all continuous explan-
atory variables were standardized. In all, 16 models M0 corre-
sponding to landscape scales r ranging from 0 to 6,000 m were
considered. The case r = 0 corresponds to a case in which only
local variables are considered. These 16 spatial models were com-
pared with their 16 nonspatial counterparts for which the spatial
random effect u(si) was removed. We estimated the Watanabe-
Akaike information criterion (Gelman et al. 2014; Watanabe
2010), which penalizes model complexity, and the deviance
information criterion (Spiegelhalter et al. 2002) to compare all
the models fitted.

In addition to the baseline model M0, we considered a model M1

to refine the study of the period of field inspection. In modelM1, the
variable “season” is eliminated from the set of fixed effects Xi and
replaced by a random walk of order 1 indexed by the weeks of
inspection. The weeks range from week 32 (second week of August)
to week 42 (third week of October). The notation ki denotes thereaf-
ter the week k of inspection of field i (k = 32,… , 42). In model M1,
the logit equation in 1 is replaced by logit(pi) = bXi + a(yeari) +
u(si) + w(ki) with wk = wk–1 + vk (k = 33,… , 42) and vk � normal(0,
rk

2). In this model, rk
2 is an additional hyperparameter for which

we used the default internal INLA prior penalized complexity prior
(0.5,0.01).

Preliminary analysis. A set of preliminary analysis was realized
with the baseline model M0 (not shown). First, a test for multicolli-
nearity was performed by fitting the model M0 without spatial ran-
dom effect for the 16 landscape scales considered. The variance
inflation factors for each variable were less than three (except for
“practice” and L_organic at the landscape scale of 50-m radius with
values <5), indicating an absence of collinearity between the explan-
atory variables (Zuur et al. 2009). Second, we compared the model
M0 with a binomial distribution to an alternative model relying on
a zero-inflated binomial distribution to account for a possible
excess of zeros (Martin et al. 2005), as 92.4% of the fields were
FD-negative. We found that the binomial models outperformed the

zero-inflated binomial models, suggesting the effectiveness of the
surveillance. Finally, we investigated the effect of six meshes on
parameter estimations. The meshes differ in the largest triangle edge
length (parameter max.edge) and the minimum allowed distance
between points (parameter cutoff; Supplementary Fig. S2). Overall,
the parameter estimates were consistent from the coarsest to the fin-
est meshes (Supplementary Fig. S3).

Predictive performance of the models. The predictive perfor-
mance of the baseline model M0 was estimated at two scales (field,
district) by cross-validation. The model was trained on 80% of the
data (training set) and tested on the remaining 20% (testing set). We
repeated this partitioning for cross-validation 50 times. We first
assessed the ability of the model to predict the FD detection status of
individual fields with precision-recall (PR) curve. PR curves were
preferred over receiver operating characteristic curve because they
are more informative when evaluating binary classifiers on imbal-
anced datasets, which is the case in our study, with 7.6% of FD
detection (Saito and Rehmsmeier 2015). For a given threshold
(between 0 and 1) above which a field is classified as infected by the
model, the recall, also known as sensitivity, is the probability that a
field is classified as infected by the model when FD was detected in
that field. Similarly, the precision, also known as positive predictive
value, is the probability that FD is detected in a field when it is clas-
sified as infected by the model. A PR curve is then a plot of the pre-
cision (y axis) and the recall (x axis) for all possible thresholds
between 0 and 1. Predictive performance was summarized by the
area under the PR curve. We also evaluated predictive performance
at the district scale. Using the same 80/20% rule applied at the dis-
trict scale, we evaluated the ability of the model to predict if the pro-
portion (thereafter termed prevalence) of FD detection in a district
exceeded a given threshold. Thresholds were varied from 3 to 15%,
and, for each threshold used, we calculated precision and recall for
each partitioning.

RESULTS

Model selection, goodness of fit, and spatial field. The base-
line model M0 was fitted to 16 landscape scales ranging from 0
(only local variables considered) to 6,000 m. As a first step, we com-
pared the 16 spatial models M0 with their 16 nonspatial counterparts
for which the spatial random effect u(si) was removed. The Wata-
nabe-Akaike information criterion and deviance information crite-
rion values of the spatial model were much lower at all scales (by
³400 points), highlighting the importance of the spatial structure
underlying FD detection in our data. The spatial model fitted with
landscape variables at the 150-m scale was the best of the models fit-
ted for both metrics considered (Fig. 2A). Similar results were
obtained with model M1. The second-best landscape scale was
200 m for both models, parameter estimates being consistent
between M0 and M1 at these two scales (Supplementary Fig. S5).
Thereafter, we then focused on the results obtained with a landscape
scale of 150 m, corresponding to a landscape area of 7.06 ha contain-
ing six fields on average (90% confidence interval, 2 to 12 fields).
Note also that, at this scale, the continuous explanatory variables
were weakly correlated (Supplementary Fig. S4).

The goodness of fit of the spatial model for a 150-m landscape
scale was highly satisfactory. In particular, the coefficient of deter-
mination for the linear regression between the observed and adjusted
prevalences of FD detection at the district scale was 0.99. Further-
more, this regression line is very close to the y = x line, suggesting
that the model explains most of the variability of the data at district
scale (Fig. 2B).

Compared with the nonspatial model, the spatial model strongly
reduces spatial autocorrelation, as evidenced by comparing the spa-
tial variograms of the residuals of both models (Fig. 2C). However,
a weak spatial autocorrelation remains for distances up to 3.6 km,
the estimated range (95% confidence interval, 3.1 to 4.2). This is
the distance beyond which the correlation between the FD detection
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status of two fields becomes negligible. The shape of the Mat�ern
function is itself instructive (Fig. 2D). In particular, the coefficient
of correlation between the detection statuses of fields located £1 km
apart is >0.5.

The distribution of spatial random effects provided evidence of a
strong spatial pattern (Fig. 3A). Positive effects are clustered in the
southern and western regions of the GDON des Bordeaux area,
whereas negative effects are clustered in the northwestern and the
eastern regions. On the logit scale, the spatial random effect ranges
from –1.33 (5% quantile) to 1.44 (95% quantile). These values cor-
respond to odds ratios of 0.25 and 4.23, respectively. Moreover, the
variation on the standard deviation is attributable to the clustering of
FD detection cases over the study area (Fig. 3B).

Intra- and interannual effects on FD detection. Inferences indi-
cate that the probability for the inspectors to detect FD during August
is lower (odds ratio, 0.24) than in September and October (Fig. 4A,
last panel). The random walk used in model M1 allows refinement of
the estimation of the effect of the weeks of field inspections and high-
lights a sharp increase from the first week of September (Fig. 5A).
Moreover, the probability of FD detection was remarkably consistent
for each of the 5 years surveyed except 2014, when it was somewhat
significantly lower (Fig. 4A, last panel).

FD risk factors at the field scale. Local variables describe the
physical and agronomic characteristics of each field in the vineyard
(Table 1). Their effects (posterior mean, 95% credible intervals,
and probability of being positive) are displayed in Figure 4A. The

Fig. 2. Comparison and fit of the spatial logistic models M0. A, Watanabe-Akaike information criterion (WAIC) and deviance information criterion (DIC) for the
spatial model M0 in 16 landscapes of increasing scales ranging from 0 m (only local explanatory variables considered) to 6,000 m. B, Posterior mean estimate of
the adjusted prevalence of FD detection against the observed prevalence aggregated at district scale. The fitted line between the adjusted and observed prevalences
is shown in red, and the y = x line is shown in black. C, Sample variogram of the Pearson’s residuals obtained for the spatial and nonspatial model M0 at 150 m.
D, The Mat�ern correlation function and its 95% credible band obtained with model M0 at 150 m. The dashed vertical line indicates the estimated range.
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corresponding odds ratios are obtained as the exponent of the posterior
means. The probability of FD detection increases with the age of the
plantation and its area but slightly decreases with planting density. No
significant effect of the farming practice was observed. The probability
of FD detection decreases significantly with altitude (Fig. 4B). A 20-m
increase in altitude is associated with an odds ratio of 0.72.

We analyzed the effect of cultivar choice at field scale using Mer-
lot, the most widespread cultivar in Bordeaux, as the reference
(Fig. 4A, second panel from bottom). The odds ratio of FD detection
in fields planted with Cabernet Sauvignon, Cabernet Franc, and
Muscadelle were, on average, 2.76, 2.29, and 2.08, respectively,
compared with fields planted with Merlot. These differences were
all highly significantly positive. Conversely, the odds ratio of FD
detection in a field planted with Semillon were 0.76. No significant
differences were found between Merlot and the cultivars Sauvignon
and others (a class containing all the other minority cultivars).

Finally, the variable AOCwas used as a proxy for the socioeconomic
conditions of vine cultivation, with AOC Bordeaux as the reference.
For the six AOC levels considered, the probability of FD detection was
significantly higher only in the southwestern part of the GDONdes Bor-
deaux area containing the AOCs Loupiac, Graves sup�erieures, and
Sainte-Croix-du-Mont (Fig. 4A, fourth panel). The odds ratio of FD
detection in these AOCswas 2.42 compared with AOCBordeaux.

FD risk factors at the landscape scale. The effects of the varia-
bles describing the composition and configuration of the landscape
surrounding a field within a scale of 150 m are displayed in Figure
4A (third panel). The probability of FD detection increases with the
proportions of forest and urban land and, more slightly, with the pro-
portion of organic fields. Conversely, the probability of FD detection
decreases substantially with the proportion of vineyards. These
effects are visualized in Figure 4B. For an increase of 20 percentage
points in the proportion of forest, urban areas, or fields with organic
practices, the odds ratios of detection are 1.28, 1.34, and 1.13,
respectively, whereas a 20 percentage points increase in the propor-
tion of vineyards is associated with an odds ratio of 0.84.

We also tested the effect of the varietal composition of the landscape
throughout the proportion ofMerlot area in the vineyard. The probabil-
ity of FD detection decreases substantially with increases in the

proportion of fields planted with Merlot (Fig. 5B). An increase of
20 percentage points in the proportion of fields planted with Merlot,
for a landscape scale of 150m, is associated with an odds ratio of 0.93.

Predictive performance of the model. We evaluated the ability
of the model to predict the FD detection status of individual fields.
The corresponding PR curve indicates a moderate predictive perfor-
mance (Supplementary Fig. S6A), as summarized by the area under
the PR curve of 0.59 (95% credible interval 0.54 to 0.64). The pre-
dictive performance was better at district scale. Specifically, we
evaluated the ability of the model to predict if the prevalence of FD
detection in a district exceeds a given threshold (Supplementary Fig.
S6B). Recall decreases with the threshold, whereas precision
remains constant. For a threshold of 10%, the posterior mean recall
(i.e., sensitivity) is 89%. This is the probability of the model cor-
rectly classifying a district as having a prevalence of FD detection
>10% of the fields. The posterior mean precision (i.e., positive pre-
dictive value) is then 50%. This is the probability that prevalence of
FD detection is >10% in a district when the district was classified as
such by the model.

DISCUSSION

In this study, we used species distribution models fitted in a
Bayesian framework to identify key biotic and abiotic factors driving
the detection and epidemiology of flavescence dor�ee, a major quar-
antine disease damaging European vineyards. To this end, and based
on our ecological knowledge of the disease, we integrated data from
different sources (e.g., FD survey data, agricultural management,
and environmental explanatory variables) to build a quantitative
understanding of FD infection. Our study makes use of a large spa-
tial dataset gathering 34,581 observations of the infection status of
vineyard plots. It relies on an accurate monitoring of symptoms real-
ized by trained inspectors completed with molecular detection of FD
phytoplasma on symptomatic plants performed by accredited labora-
tories. As a result of the costs of laboratory testing, no tests are con-
ducted on leaves from nonsymptomatic plants, possibly opening the
way to false-negative results attributable to cryptic infection (Parnell
et al. 2017). To this respect, our analysis highlights the importance

Fig. 3. Spatial random effect estimated in the Groupements de D�efense contre les Organismes Nuisibles des Bordeaux area for the baseline model M0 for a
landscape scale of 150 m. No data were available for the districts in white. A, Posterior mean of the spatial random effect. B, Posterior standard deviation of
the spatial random effect.
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of sampling period on FD detection (variables “season” in modelM0

and “week” in model M1). Both models indicate that the probability
of FD detection substantially increases after week 36 (first week of
September; Figs. 4A and 5A). The visual identification of FD symp-
toms is then much easier because this period is the ideal time for the
expression of certain specific symptoms such as grape shriveling and
nonlignification of canes (Tramontini et al. 2020). Accordingly, from
September onward, the risk of false-negative results is low. Further-
more, recent studies show that nonsymptomatic plants sampled at

the end of the summer in fields with high FD prevalence were actu-
ally not infected by the phytoplasma (Eveillard et al. 2016; Ripa-
monti et al. 2020). In particular, the study of Eveillard et al. (2016)
was conducted in the Bordeaux region over hundreds of Cabernet
Sauvignon and Merlot plants, the two most widespread cultivars in
our dataset (76% of the samples). Moreover, inspectors collected in
each field a wide diversity of symptomatic leaves possibly related to
phytoplasmas. Among the 4,554 molecular detections performed in
as many fields, 47% were positive for FD. Accordingly, based on

Fig. 4. Estimation of the parameters of the baseline model M0 for a landscape scale of 150 m. A, Fixed and random effects of the local and landscape explan-
atory variables. For each variable, the posterior mean (dots) and 95% credible intervals (solid lines) are displayed, together with the posterior probability of
the effect being positive. The dashed line corresponds to the value 0. B, Effects of altitude, proportions of forest, urban area, organic fields, and vineyard in
the landscape on the probability of FD detection for the two most widespread cultivars (Merlot and Cabernet Sauvignon) in vineyard plots under conventional
practices (mean probability and 95% credible bands). The effects were estimated by fixing all other numerical variables at their mean values, the variable
“Appellation d’Origine Contrôl�ee” to Bordeaux, and the variable “practice” to conventional, and considering a sampling period during the autumn. All varia-
bles and their levels are described in Table 1. We dropped the “L_” from the landscape variables to lighten notations.
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these premises, we are confident our analyses provide important
information on how local farming practices and landscape context
affect the probability of FD infection. At the local scale, our results
reveal in particular that the probability of detecting infected fields
increases with field area, the age of the plantation, and the use of spe-
cific cultivars (i.e., Cabernet Sauvignon, Cabernet Franc, and Musca-
delle). At the landscape scale, the probability of FD infection
increases with the proportion of susceptible cultivars as well as with
the proportions of forest, urban land, and organic farming, but
decreases with the proportion of vineyard.

At the field scale, cultivar choice, but not other viticultural practi-
ces considered, affected the probability of field infection. Cultivar
choice was a major determinant of FD infection. No major resistance
gene effective against FD is currently available, but substantial
differences in cultivar susceptibility have been reported (Eveillard
et al. 2016; Oliveira et al. 2019). In the GDON des Bordeaux
region, the most frequently grown cultivars are Merlot (in 61% of
the fields analyzed), Cabernet Sauvignon (in 15% of the fields),
and Cabernet Franc and Semillon (in 7% of the fields each). Pre-
vious studies involving controlled inoculations in greenhouses or
monitoring in production plots have shown that Cabernet Sauvi-
gnon and Cabernet Franc are more susceptible to FD than Merlot,
displaying a higher incidence of the disease, more severe symp-
toms, and higher rates of phytoplasma multiplication (Eveillard
et al. 2016). Our results therefore confirmed this ranking in a large
set of fields for the first time. They also suggest that Semillon
has low susceptibility to FD, whereas Muscadelle is highly sus-
ceptible to FD. In addition, our analyses revealed that the altitude
substantially affects FD infection: the higher the altitude of the
field, the lower its probability of infection (Fig. 4B). This effect fits
the empirical observation that, in the region studied, FD is more
likely to occur in wetland areas, which are frequently found at
lower altitudes, typically close to rivers. The slightly lower
goodness of fit obtained by replacing altitude by a wetland index
(Merot et al. 2003) led us to favor this variable, which is also

easier to access. Identification of the underlying biological fac-
tors deserves further study.

Our study reveals that field infection by FD is also affected by the
landscape context within the 150 to 200 m surrounding focal fields.
The best fit was obtained with the landscape scale of 150 m, fol-
lowed by 200 m. These landscape extents correspond to areas rang-
ing from 7 ha (150-m scale) to 12.5 ha (200-m scale) and contain
an average of 6 to 10 fields in the study area (the mean field area is
0.76 ha). This short range may result from the low dispersal capacity
of the vector of the FD phytoplasma. Indeed, 80% of S. titanus
adults disperse within 30 m of their source, although long-range dis-
persal over distances of as great as 330 m has occasionally been
observed (Lessio et al. 2014). Several effects of landscape composi-
tion were identified (Fig. 4B). Increases in the proportions of two
generic land-use classes, forest and urban land, increased the proba-
bility of FD infection. The interpretation of such effects is not
straightforward because generic land-use classes provide only an
imperfect description of the presence of host habitats involved in
epidemiological dynamics (Vanwambeke et al. 2019). In our case
study, it is tempting to consider the positive effect of the proportion
of forest as favoring wild reservoirs of FD, such as wild alders and
Clematis sp. However, recent studies have demonstrated that the
transfer of the phytoplasma from these plants to grapevine is rare, so
their impact as chronic reservoirs is likely to be minimal (Filippin
et al. 2009; Malembic-Maher et al. 2020). The hypothesis involving
vines, whether abandoned or cultivated, is more likely. Indeed, aban-
doned Vitis sp. plants in forest margins and outskirts constitute an
important source of FD inoculum and also of insect vectors (Lessio
et al. 2014; Ripamonti et al. 2020). In this respect, it could be inter-
esting to refine landscape description to investigate the role of the
size of forest patches because smaller patches offer more surface on
their outskirts compared with larger ones. Similarly, inventories and
cartography of Vitis sp. in two districts of the Bordeaux area have
shown that cultivated vines in individual gardens or uncultivated
Vitis sp. in wasteland are frequent in urbanized areas neighboring

Fig. 5. Effects of the week of field inspection and of the cultivar composition of the landscape on flavescence dor�ee (FD) detection for a landscape scale of
150 m. A, Effects of the week of field inspected for FD detection as estimated with model M1 at 150 m. In model M1, the fixed effect variable “season” is
replaced by a random walk of order 1 indexed by weeks. The mean standardized temporal effect (from week 32, the second week of August, to week 42, the
third week of October) is displayed along with its 95% credible band. B, Effect of the proportion of Merlot in the landscape on the probability of FD detection,
using the model M0 for the two most widespread cultivars (Merlot and Cabernet Sauvignon) in vineyard plots under conventional practices (mean probability and
95% credible bands). The effects were estimated by fixing all other numerical variables at their mean values, the variable “Appellation d’Origine Contrôl�ee” to
Bordeaux, and the variable “practice” to conventional, and considering a sampling period during the autumn.
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vineyards (unpublished data). They could also constitute an impor-
tant source of FD inoculum and insect vectors, especially as resi-
dents and gardeners have little awareness of the problem of FD.
Alternatively, it is also likely that fewer insecticide treatments are
performed by farmers in vineyards close to private houses or public
facilities and also by amateur gardeners, which might also explain
this result.

In addition, we identify that the probability of FD infection
decreases with the proportion of vineyards in the landscape and also
with planting density. This effect, which appears counterintuitive at
first glance, may come from several processes. It may reflect a direct
dilution effect of the available inoculum or of the vector population
within larger cultivated vineyards. In line with this hypothesis,
Delaune et al. (2021) have recently shown that univoltine pest spe-
cies such as S. titanus are negatively correlated with the host crop
area in the landscape during the ongoing growing season. This effect
may also reflect that larger cultivated vineyards can benefit from a
more homogeneous insecticide protection (Meehan et al. 2011).
Alternatively, it might be an indirect effect mediated by the eco-
nomic value of vineyards. Indeed, areas with highly valued vine-
yards are generally more specialized, with more financial incentives
for farmers to control the infection (Ay and Gozlan 2020).

Interestingly, effects of cultivars detected at the field scale were
also found at the landscape scale, suggesting upscaling of these
effects that may be mediated by dispersal abilities of S. titanus popu-
lations. We show that the probability of FD infection decreases with
increasing proportions of Merlot (Fig. 5B). Several studies have
shown that the landscape composition in plant species (i.e., between-
species diversity) affects plant disease epidemiology (Meentemeyer
et al. 2012; Plantegenest et al. 2007). However, studies on the effect
of varietal (i.e., within-species diversity) composition at the land-
scape scale are much rarer and mainly based on theoretical analyses
(Rimbaud et al. 2021). Few empirical studies have suggested such an
effect, and they mainly considered regional or national scales (Finckh
and Wolfe 2017; Papaïx et al. 2011; Priestley and Bayles 1980). By
contrast, our study suggests an effect of the varietal composition of
the landscape at an intermediate spatial scale, typically over an area
of 7 to 12 ha, containing approximately 6 to 10 fields. Finally,
although no effect of farming practices (organic versus conventional)
was detected at the field scale, our results suggest that the probability
of FD infection may slightly increase with the proportion of organic
fields in the landscape (Fig. 4B). Note first that this variable indicates
if organic practices are used at a farm scale rather than for each indi-
viduals field (fields being attached to their farm in our study). It could
possibly explain this mismatch between the results at local and land-
scape scales. The positive effect at landscape scale could suggest a
lower efficacy of vector control in organic systems. The natural prod-
ucts used in organic vineyards to control S. titanus are as effective as
synthetic insecticides in controlling nymphs but less effective in con-
trolling adults, the most dispersive instar (Chuche and Thi�ery 2014;
Gusberti et al. 2008; Tacoli et al. 2017). Combined with the stricter
conditions governing field applications, it might account for this
effect. However, this hypothesis needs further investigation because
we did not have the information about the number of mandatory
treatments actually realized. Moreover, other practices used in con-
ventional and organic viticulture (e.g., soil tillage, cover crops, or
canopy management) that were not considered here might have
affected the spread of FD and the dynamics of its vector (Muneret
et al. 2018).

The local and landscape factors identified can be used to improve
vineyard surveys, thereby decreasing the economic and environmen-
tal impacts of managing this disease. The use of the model as a pre-
dictive tool is potentially interesting for the targeting of new districts
in which future surveys are most likely to be valuable, as suggested
by the ability of the model to discriminate districts with prevalence
of FD detection >10% of the fields (Supplementary Fig. S6B). Out-
of-sample predicted probabilities of FD presence could be used in a
benefit-cost framework to determine the optimal size of future

surveys or to improve the current control policy (Ay and Gozlan
2020). The grubbing costs associated with FD presence would be
derived from the farm’s gross margins or vineyard prices and com-
pared with the monitoring costs from professional organizations such
as GDON. Moreover, the Bayesian method used (INLA) allows
uncertainty to be quantified and visualized in risk map outputs. This
is important for fostering dialogue with stakeholders and policy-
makers. However, and importantly, use of the model as a predictive
tool must first be restricted to make interpolation to unsampled sites
within the GDON des Bordeaux area and not as a tool that is able to
make predictions in remote vineyards. Moreover, given the impor-
tance of the spatial effects (as discussed below), the model has also
to be fitted again annually by taking into account the new FD survey
to update the spatial field to the current state of the epidemic in the
area. A short-term operational output of the result to improve FD
monitoring concerns the effect of the sampling period. It suggests
that the harvest period in Bordeaux (September) is a more favorable
period for maximizing the efficacy of vineyard surveys (Figs. 4A
and 5A). Note that part of the size of this effect could also be
explained by the GDON internal organization of field surveys
because the last weeks of the survey, mostly after week 38 (i.e.,
>2.8% of the sample), are realized by more experienced teams of
inspectors sometimes targeting districts closer to previously identified
infected fields. This result strongly suggests that equipping grapevine
harvesting machines with cameras and automatic symptom-
recognition tools could greatly improve FD detection, especially
because harvesting machines travel through a large part of the vine-
yard every year. Recently, the use of convolutional neural networks
has shown promise for detecting FD symptoms from in-field images
(Boulent et al. 2020). Finally, our results may have important conse-
quences for the management of vineyard landscapes, echoing the
land sparing/land sharing debate (Phalan et al. 2011). Our study sug-
gests that promoting landscapes with large amounts of vineyards and
lower proportions of forests limit FD infections, while maintaining
seminatural habitats in such landscapes is known to be of major
importance for biodiversity conservation and mitigation of climate
change effects (Barbaro et al. 2021; Rusch et al. 2022). Policy-
makers and land-use planners may therefore include this if they are to
design multifunctional vineyard landscapes.

In addition to the effects of the fixed factors, a large proportion of
the biological process of interest was captured by the spatial effects
included in our models. In our case study with >35,000 observations,
the INLA method proved effective for implementing complex
Bayesian hierarchical models, taking spatial autocorrelation into
account. The spatial component, as revealed by the Mat�ern function
(Fig. 2D), had a strong effect, suggesting that some biotic (e.g., spe-
cific cultural practices) and abiotic (e.g., climatic variables) factors
are missing or misspecified (e.g., nonlinear terms are required) (Elith
and Leathwick 2009). However, the strong spatial pattern observed
may also be the result of several epidemics developing simulta-
neously at a local level over small scales, consistent with the short
dispersal distances of the vector, whereas the distribution model
is based primarily on a static vision of the disease risk factor in an
environment at equilibrium (Elith and Leathwick 2009). This
assumption does not hold for invading pathogens (Purse and
Golding 2015). In recent years, the idea of coupling niche model-
ing with spatially explicit models of disease dispersal to provide
better information about potential disease spread and ultimately
improve epidemiological surveillance strategies has been explored
by several authors (Adrakey et al. 2017; Cunniffe et al. 2016; Hyatt-
Twynam et al. 2017; Martinetti and Soubeyrand 2019; Parnell et al.
2017; Purse and Golding 2015; Rimbaud et al. 2018). This approach
merits implementation in this context to improve prediction accuracy
at the field scale. This implementation could make use of existing
models of FD epidemics at the field scale (Lessio et al. 2015). The
insights gained from our correlative study could be incorporated into
mechanistic models of epidemic spread (Hartemink et al. 2011;
Meentemyer et al. 2011). Moreover, it should also be recognized
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that correlative models, which can easily take into account large
numbers of predictors, sometimes outperform mechanistic models
and can have a major impact on policy decisions (Leach and
Scoones 2013). From this point of view, it may also be useful to
explore the rapidly developing research fields of machine learning
and data mining. These methods have been successfully applied to
the surveillance of X. fastidiosa (Martinetti and Soubeyrand 2019).
This possibility is particularly attractive given that machine-learning
methods have recently been adapted to take spatial autocorrelation
into account (Georganos et al. 2021).
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