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El crecimiento exponencial del comercio global y de los viajes internaciona-
les en las ultimas décadas ha tenido un impacto importante en la introduccién y
propagacion de plagas y patégenos de plantas en todo el mundo. Ademsds, el cam-
bio climéatico ha intensificado esta problemaética propiciando condiciones climéaticas
favorables para el establecimiento de estas plagas y patdgenos en nuevas areas
geograficas. Como resultado, las plagas y patogenos emergentes representan una
amenaza creciente para la seguridad alimentaria y la estabilidad socioeconémica a
escala global. Esta problematica plantea un desafio importante para la agricultura,
especialmente en un escenario en el que es necesario incrementar la producciéon de
alimentos para satisfacer las demandas de una poblacién mundial en aumento. Por
lo tanto, comprender los factores que intervienen en la entrada, establecimiento y
dispersién de los patdgenos vegetales, asi como analizar la dindmica de las enfer-
medades que causan, es crucial para prevenir y gestionar eficazmente nuevos brotes

y minimizar su impacto.

En la ultima década, la bacteria fitopatégena Xylella fastidiosa ha provocado
una crisis fitosanitaria en la Unién Europea, afectando, entre otros, a dos de los
cultivos mediterraneos mas importantes, olivo y almendro. Una de las complejida-
des en el estudio de este patdgeno es su amplia diversidad genética y su capacidad
para infectar a un amplio rango de vegetales hospedantes. A pesar de su presencia
durante décadas en el continente Americano y los numerosos estudios realizados al
respecto, aun sigue habiendo muchas incégnitas en torno a su epidemiologia, asi
como en cuanto a las estrategias de vigilancia, control y formas de prevencién. Este
patogeno ha sido el caso de estudio principal de esta Tesis, en la cual abordamos
diversas cuestiones que han ido surgiendo de forma dindmica a lo largo de su es-

tudio. Es importante destacar que durante el transcurso de la misma, se han ido
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incorporando tanto los datos disponibles en cada momento sobre la distribucién del

patégeno como los nuevos conocimientos proporcionados por los avances cientificos.

El objetivo general de esta Tesis es proporcionar distintas herramientas de mo-
delizaciéon espacial aplicables al estudio de epidemias de enfermedades de plantas,
que permitan analizar su distribucién espacial y los factores relacionados, asi como
servir de referencia para su control. En concreto abordamos diversos aspectos sobre
X. fastidiosa mediante métodos estadisticos avanzados novedosos en el ambito de la
fitopatologia, con especial atencién en el anélisis de su distribucién espacial. En este
contexto, se plantean los siguientes objetivos principales: i) el andlisis de los efectos
climéticos y espaciales sobre la distribucién de X. fastidiosa; ii) analizar el efecto
de la incorporacién de barreras de dispersion sobre la distribucién del patégeno;
iii) la implementacién de un modelo de dispersién espacialmente explicito basado
en individuos; y iv) la evaluacién de la eficacia y eficiencia de distintos planes de

gestion de brotes incluyendo estrategias de vigilancia y control.

La modelizacion espacial se enfoca desde la perspectiva de los modelos espa-
ciales jerarquicos bayesianos, particularmente usando la aproximaciéon de Laplace
anidada integrada (INLA) para realizar inferencia y prediccién. Por medio de es-
ta metodologia se modelizan distintos tipos de datos espaciales, en concreto datos
de drea y datos geoestadisticos, adaptando los modelos a cada uno de ellos. Como
extension de estos modelos, se emplea un modelo no estacionario para la incorpora-
cién de barreras de dispersion. Por otra parte, se propone un modelo de simulacién
de la dispersion de la enfermedad basado en individuos, donde una funcién de co-
rrelacién establece su relacién espacial. Este modelo permite establecer la base para

la implementacién y evaluacién de las estrategias de vigilancia y control.

En cuanto a los resultados y conclusiones més relevantes de esta Tesis, los
modelos espaciales jerarquicos bayesianos son eficaces para abordar los diferentes
tipos de datos espaciales de los brotes del patégeno. Destaca el fuerte efecto de la
componente espacial sobre la distribucién del patégeno en los brotes analizados, a
diferencia de la escasa relevancia de las variables climéticas, poniendo en evidencia
la importancia de la consideracién de la estructura espacial en la modelizacién. La
inclusion de barreras de dispersién mediante un modelo no estacionario reflejan la
gran influencia que estas estructuras presentan sobre la probabilidad de presencia
del patdgeno. La dispersion de la enfermedad a escala individual permite obtener
una perspectiva detallada sobre su propagacién, y el algoritmo propuesto permi-
te manejar de forma eficiente grandes poblaciones. La evaluacién de los distintos

planes de gestién de brotes destaca la importancia de la vigilancia temprana, asi
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como la necesidad de adaptar las medidas de control a la situacién epidemioldgica
especifica de cada brote. Las metodologias propuestas y aplicadas a X. fastidiosa

son flexibles y pueden ser aplicables a otras enfermedades de plantas.

Los contenidos de esta Tesis se presentan como se describe a continuacién. El
Capitulo 1 proporciona un contexto epidemiolégico completo sobre X. fastidiosa,
patégeno vegetal objeto de estudio central de esta Tesis. Se presentan las carac-
teristicas fundamentales de la bacteria, sus principales huéspedes y los mecanismos
de dispersion, lo que proporciona una vision completa de su biologia y ecologia.
Se incluye también una visién global de la situacion actual a nivel mundial, espe-
cificando su distribucion geografica y enfermedades principales que afectan a cada
regién. Para facilitar la comprensién de los conceptos abordados, se detalla el marco
legislativo que regula su control en la Unién Europea, lo que contribuye a contex-
tualizar la problematica. Ademas, este capitulo ofrece una revision general de los
modelos tanto espacialmente implicitos como explicitos que se han aplicado previa-
mente a este patégeno. Esto incluye modelos de distribucién de especies, los cuales
estudian las posibles asociaciones entre la distribucién geografica del patégeno y
factores climaticos relevantes. También se describen otros trabajos relacionados
con diversas enfermedades causadas por este patégeno que se centran en el estu-
dio de los patrones espaciales, asi como modelos que describen las dinamicas de la

enfermedad.

En el Capitulo 2 se presentan las bases de la metodologia y los modelos uti-
lizados para abordar los objetivos planteados en esta Tesis. En primer lugar, se
introducen los modelos jerdrquicos bayesianos, asi como una descripcién general de
la metodologia INLA. A continuacién, nos centramos en la modelizacién espacial,
comenzando por la descripcion de los distintos tipos de datos espaciales, sus carac-
teristicas generales y proposito de estudio. En mayor profundidad, detallamos como
modelizar datos de area y geoestadisticos. En este tltimo caso, también detallamos
el enfoque de ecuaciones diferenciales parciales estocdsticas (SPDE), el cual pro-
porciona una herramienta rapida y precisa para la inferencia y la prediccién. Estos
iltimos modelos asumen estacionariedad e isotropia de la componente espacial, de
forma que la dependencia espacial entre dos localizaciones inicamente depende de
la distancia euclidiana. Sin embargo, estos supuestos no son correctos cuando en
el area de estudio existen barreras que obstaculizan la dispersiéon del patégeno,
pudiendo dar lugar a resultados erréneos o predicciones poco precisas. Por ello, el
enfoque SPDE es adaptado a los modelos no estacionarios y la inclusién de barre-

ras. En la tltima seccién de este capitulo se expone una vision global de los modelos
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de dispersion de enfermedades, destacando la relevancia de los modelos basados en
individuos (IBMs) en el estudio de la propagacién de enfermedades en plantas. Se
exploran aspectos clave a considerar al modelizar la dispersion de enfermedades,
incluyendo la escala de estudio, la heterogeneidad espacial y las interacciones entre

los huéspedes.

Después de establecer el contexto del problema y presentar la metodologia gene-
ral en los primeros capitulos, los Capitulos 3 al 6 se centran en abordar los objetivos
especificos planteados. Cada uno de estos capitulos sigue una estructura similar a
los articulos de investigacién, incluyendo asi una introduccién donde se plantea el
problema en cuestion, una seccién que detalla la metodologia especifica empleada,
un analisis de los resultados obtenidos y, por ultimo, una discusién detallada sobre

estos resultados.

El Capitulo 3 se centra en el estudio de los efectos climaticos y espaciales sobre
la distribucién de X. fastidiosa en dos regiones de Europa: Alicante (Espafia) y
Lecce (Italia). Estos brotes difieren en cuanto a sus caracteristicas especificas desde
el punto de vista epidemiolégico, asi como en cuanto al tipo de datos espaciales
provenientes de los muestreos oficiales. En Lecce, X. fastidiosa subsp. pauca es la
causante de la enfermedad conocida como el sindrome del decaimiento stbito del
olivo. Los datos proporcionados de esta regién contienen las coordenadas geografi-
cas de las muestras recogidas para la deteccién del patégeno, considerdndose como
datos geoestadisticos. En Alicante, la enfermedad del chamuscado de la hoja del al-
mendro es causada por X. fastidiosa subsp. multiplex. En este caso, los datos de los
muestreos se presentan agregados en una cuadricula, representando datos en una
red fija de localizaciones. Los datos de presencia/ausencia de X. fastidiosa de las
encuestas oficiales se analizan utilizando modelos jerarquicos bayesianos a través
de la metodologia INLA. Debido a los distintos tipos de datos espaciales en cada
regién, la modelizacién es adaptada a cada uno de ellos. Para ello, en el caso de
los datos en una red fija de localizaciones, el efecto espacial se introduce mediante
una estructura condicional autorregresiva. La modelizacién de datos geoestadisticos
mediante la metodologia INLA implica el uso de la aproximacién SPDE. Junto con
las covariables climaticas de la base de datos WorldClim v.2, se incluye una varia-
ble categdrica (categorfas de Purcell) basada en umbrales de temperatura invernal
minima establecida para el riesgo de la enfermedad de Pierce en la vid, causada
por X. fastidiosa subsp. fastidiosa. Para evitar problemas de multicolinealidad, se
realiza una preseleccién de las covariables climaticas, asi como un anélisis de com-

ponentes principales. Una vez definidos los modelos y las covariables a incluir, se
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realiza el ajuste de los modelos con todas las posibles combinaciones de las cova-
riables junto con el efecto espacial. Posteriormente, se evalian los modelos y se
hace una seleccién en funcién de diversos criterios. Para esta seleccion de modelos
se emplea el criterio de informacién de Watanabe Akaike (WAIC) y la ordenada
predictiva log-condicional (LCPO). El modelo seleccionado en el caso de Alicante
es el que incluye unicamente el efecto espacial. En el caso de Lecce, ademés del
efecto espacial, se mantienen dos covariables climéaticas en el modelo seleccionado.
Sin embargo, esto puede deberse a que la distribuciéon heterogénea del muestreo
tiene un efecto de confusién con las covariables climéticas. Se concluye que en am-
bos casos la estructura espacial tiene una fuerte influencia en los modelos, pero no
las covariables climéticas, lo que sugiere que la distribucién del patégeno se defi-
ne principalmente por las relaciones espaciales entre las localizaciones geograficas.
Este efecto espacial estaria determinado por los mecanismos de dispersién propios
de X. fastidiosa, principalmente a través de los insectos vectores, aunque habria
que tener en cuenta también el movimiento de material propagativo infectado. Es-
tos resultados destacan la importancia de considerar la componente espacial en la
modelizacién para posteriormente poder disenar estrategias de vigilancia y control
efectivas.

Los modelos espaciales empleados en el Capitulo 3 son herramientas muy tutiles
para comprender y predecir la distribucién de los patdégenos, pero a menudo asu-
men estacionariedad e isotropia que pueden no reflejar adecuadamente la realidad.
Estos supuestos implican que la dependencia espacial es invariante a la direcciéon y
uniforme sobre el area de estudio. Sin embargo, estos supuestos son erréneos cuan-
do hay barreras que impiden u obstaculizan la dispersién del patégeno. A pesar de
esto, el problema de la no estacionariedad ha sido muy poco explorado en el con-
texto de la sanidad vegetal. El Capitulo 4 se centra en abordar esta problematica
y evaluar la influencia de las barreras sobre la distribucién de X. fastidiosa en el
area demarcada de Alicante. Para llevar a cabo este andlisis, se utiliza una base de
datos actualizada de la ocurrencia del patégeno en la regién. Se emplean modelos
espaciales jerarquicos bayesianos que permiten integrar de manera efectiva la com-
ponente espacial. Los datos georreferenciados de presencia/ausencia del patégeno
se consideran como datos geoestadisticos, de forma que la estimacion y prediccién
se realiza con la metodologia INLA mediante el enfoque SPDE. En este caso no se
consideran covariables climaticas, ya que el interés principal se centra en el efecto de
los distintos tipos de barreras sobre la componente espacial. Se plantea un modelo
estacionario y tres modelos que consideran la no estacionariedad mediante la in-

clusién de distintas barreras, fisicas y de control. El modelo estacionario representa
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un escenario en el que no se han aplicado intervenciones de control ni se consideran
accidentes geograficos. Los modelos no estacionarios incluyen un modelo con las
montanas como barreras fisicas, y dos modelos con una barrera perimetral conti-
nua y discontinua que representan intervenciones de control hipotéticas. Se destaca
el resultado de la media posterior del rango espacial del modelo estacionario, el
cual indica la distancia a partir de la cual dos observaciones pueden considerarse
no correlacionadas espacialmente. En base a ello, se compara con el tamano de la
zona tampon que determina la legislacion y se concluye que los resultados obteni-
dos pueden servir de referencia para definir la zona tampoén en el area demarcada.
Como parte de la discusién, los resultados obtenidos se contrastan con las hipdte-
sis sugeridas en otros trabajos, interpretando que en este caso el efecto espacial
estaria principalmente determinado por la capacidad de dispersién de los insectos
vectores. Los resultados del modelo estacionario se comparan con los modelos que
incorporan las distintas barreras. Debido a la reducida extensién de las montanas
como barreras, su incorporacién no tiene gran influencia. A diferencia de esto, la
incorporacién de las barreras de control perimetrales reducen considerablemente la
probabilidad de presencia del patogeno en el area externa de la barrera. Las dife-
rencias entre los modelos de barrera continua y discontinua muestran que en las
zonas de baja intensidad de muestreo, la falta de medidas de control incrementa la
probabilidad de presencia del patégeno. La metodologia implementada asume que
las barreras son impermeables, por lo que se interpreta como areas sin plantas hos-
pedantes y a través de las cuales los vectores infectados o el material propagativo
no puede pasar. Asumir estas propiedades sobre las medidas de control puede no
ser demasiado realista, por lo que en este caso, la barrera perimetral discontinua
estaria proporcionando una perspectiva mas flexible respecto a la barrera continua.
Sin embargo, se pone de manifiesto la necesidad de poder integrar barreras con dis-
tintos grados de permeabilidad para poder ofrecer un escenario mas realista en el
ambito de la sanidad vegetal. Finalmente, se concluye que los resultados obtenidos
pueden ayudar a las autoridades a priorizar las dreas para la vigilancia y el control
de la enfermedad.

En el &mbito de la epidemiologia de enfermedades en plantas, conocer la exten-
sién de la enfermedad en el drea de estudio, los posibles estados de la enfermedad,
los mecanismos de dispersién y alcance de los mismos, son algunos de los aspectos
fundamentales a la hora de estudiar la dispersion de la enfermedad y disenar pla-
nes de gestién efectivos. Asimismo, como se ilustra en los capitulos anteriormente
descritos, para el estudio de la dispersiéon de enfermedades es esencial considerar
la estructura espacial de la poblaciéon en cuestion. El Capitulo 5 se dedica a la
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presentacién de un modelo para la dispersién de enfermedades en plantas. Con-
siderando la importancia de conocer el estado de la enfermedad en cada uno de
los individuos, se plantea un modelo espacialmente explicito basado en individuos,
capaz de tener en cuenta la heterogeneidad espacial. En este enfoque, el proceso
de infeccién de un individuo susceptible (no infectado) estd determinado por la
fuerza de infeccion, la cual depende de la tasa de transmision de la enfermedad y
de la correlacién espacial existente entre el individuo susceptible y los individuos
infecciosos. Esta relacién espacial se introduce mediante la funciéon de correlacién
Matérn, que permite establecer la dependencia espacial entre dos individuos en
funcién de la distancia. La simulacién de la dispersién de la enfermedad se lleva a
cabo empleando como caso de estudio la enfermedad del chamuscado de la hoja del
almendro, causada por X. fastidiosa, en el area afectada de Alicante. Debido a la
falta de datos espacio-temporales para poder estimar apropiadamente los parame-
tros del modelo, la dispersién de la enfermedad se simulé bajo distintos valores de
los parametros partiendo de la informacién disponible en la literatura. Ademas,
el valor de referencia para la tasa de transmisién de la enfermedad se aproxima
mediante la optimizacién de un modelo compartimental con los datos disponibles
de los muestreos oficiales. Para estudiar el efecto debido a las caracteristicas de la
introduccién inicial de los individuos infectados, se consideran diversos escenarios:
introduccién aleatoria, introduccion agregada en 5 focos e introduccién agregada
en un unico foco. En base al modelo propuesto, se explora el efecto de los diferen-
tes parametros en la propagacién de la enfermedad, la variabilidad dependiendo de
la introduccién inicial, y la variabilidad intrinseca del modelo. Para ello, se reali-
zan multiples simulaciones de la dispersion de la enfermedad con cada una de las
combinaciones de pardmetros y tipo de introduccién inicial. Dadas todas las com-
binaciones propuestas, para la visualizacién de los resultados se ha desarrollado un
aplicacién en Shiny que permite visualizar todos los resultados obtenidos de forma
interactiva. La gran variabilidad obtenida en funcién del rango, asi como del tipo
de introduccion inicial considerada, pone de manifiesto que son dos elementos con
gran influencia sobre la dispersién de la enfermedad. Ademds, el modelo basado en
individuos evidencia la influencia que ejerce la distribucién espacial de los indivi-
duos en la propagacién de la enfermedad. En particular, se destaca que las areas sin
la presencia de arboles actiian como barreras en el proceso de dispersién, siempre y
cuando su extensiéon supere el valor del rango de la funciéon Matérn. Cabe destacar
que este modelo basado en individuos puede ser aplicado a otras enfermedades vege-
tales, adaptando los valores de los parametros a sus caracteristicas epidemiolégicas
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particulares. Ademads, este modelo de dispersion puede ser una herramienta til pa-
ra establecer areas de mayor riesgo, evaluar la vigilancia epidemiolégica y optimizar

estrategias de control.

La regulacion de brotes de patégenos y plagas de cuarentena en la Unién Euro-
pea se rige por la legislacién, sin embargo, los planes de gestiéon de brotes han sido
cuantificados de manera muy limitada en términos de su efectividad y eficiencia.
En el Capitulo 6 se plantea evaluar la eficacia y eficiencia de planes de gestién
de brotes para enfermedades emergentes de plantas a través de un enfoque epi-
demiolégico. Como caso de estudio nos centramos en el area afectada en Alicante
por la enfermedad del chamuscado de la hoja del almendro. El inicio del brote se
data en funcién de estudios filogenéticos, los cuales sugieren la primera aparicién de
este brote décadas atrds. Esto, por tanto, ofrece un escenario poco habitual donde
la enfermedad se ha estado dispersando durante un largo periodo de tiempo sin
ningun tipo de intervenciéon. La extensién de la enfermedad en el drea de estudio se
delimita a partir de los datos de vigilancia oficiales. En base a esto, haciendo uso
del modelo de dispersién basado en individuos detallado en el Capitulo 5, donde los
individuos son los almendros, se plantea un escenario de base donde la enfermedad
se dispersa a lo largo 30 anos sin ningtn tipo de intervencién de vigilancia o con-
trol. Los planes de gestion de brotes a evaluar contemplan distintas estrategias de
vigilancia y medidas de control, incluyendo los establecidos por la legislacién. Las
estrategias de vigilancia se definen siguiendo las “Directrices para las prospecciones
estadisticamente sélidas y basadas en el riesgo de la Autoridad Europea de Seguri-
dad Alimentaria (EFSA)”. De esta forma, el tamano de muestra representativo en
cada caso se calcula en base a la distribucién hipergeométrica, la cual depende del
tamano poblacional y de tres pardametros interrelacionados: el nivel de confianza,
la sensibilidad del método y la prevalencia del diseno. Se consideran dos enfoques
para la vigilancia: el enfoque en un paso, donde el tamano de muestra se calcula en
funcién del tamano de la poblacion; y el enfoque en dos pasos, donde tras dividir el
area de estudio en celdas, en el primer paso se calcula el nimero de muestras por
celda y en el segundo paso, el nimero celdas a inspeccionar. Las medidas de con-
trol incluyen distintos tamanos para la zona tampdn, distintos tamanos de radio de
erradicacion y el efecto de las medidas de control sobre los vectores y la reduccion
del inéculo mediante la reduccién de la tasa de transmisién de la enfermedad en la
zona tampdén. Se evalia la efectividad y eficiencia de los distintos planes de gestién
de brotes resultantes de las combinaciones de las estrategias de vigilancia y control
en relacién al escenario de referencia sin intervenciones, definiendo la efectividad

en funcién de la reduccién de individuos infectados, y la eficiencia en funcién de
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los drboles susceptibles no erradicados. Ademads, se cuantifica la intensidad de ins-
peccion, es decir, las celdas inspeccionadas al ano, y el esfuerzo de muestreo, es
decir, el nimero de muestras recogidas por ano. Como resultado de la simulacién
de la dispersion de la enfermedad en el escenario de referencia sin intervenciones,
practicamente todo el drea de estudio se infecta tras 30 anos, con una extensién
que puede asemejarse a la proporcionada por los datos de los muestreos oficiales.
La poca variabilidad observada resultante de las multiples simulaciones realizadas
con cada plan de gestién de brotes indica que los resultados son consistentes. Se
observa gran efectividad en todos los planes de gestiéon de brotes implementados
al ser capaces de reducir considerablemente el nimero de drboles infectados. Sin
embargo, la eliminacién por completo de los arboles infectados unicamente ocurre
en planes de gestion con el enfoque de vigilancia en dos pasos. Por otra parte, se
observan grandes diferencias en cuanto a la eficiencia, en términos de arboles sus-
ceptibles no erradicados, de los distintos planes de gestiéon de brotes. Se evidencia
que el aumento del nivel de confianza para el calculo del tamano de muestra, el
enfoque de vigilancia en dos pasos y la reduccion de la tasa de transmision de la
enfermedad implican una mayor eficiencia en los planes de gestién de brotes. A
pesar de que el enfoque de vigilancia en dos pasos destaca por su eficacia y efi-
ciencia, se debe considerar que supone un elevado esfuerzo de muestreo. Por otra
parte, este enfoque permitiria calcular el coste tanto de la intensidad de inspeccién
como del esfuerzo de muestreo, permitiendo un ajuste de los parametros en funcién
del mismo. Sin embargo, con el enfoque en un paso tnicamente podria calcularse el
coste que implica el esfuerzo de muestreo. Los resultados obtenidos con los distintos
tamanos de zona tampén y radios de erradicacién se comparan con otros estudios
que también emplean estas medidas de control. En este trabajo, no se observa ma-
yor influencia sobre la eficacia y eficiencia de los planes de gestion de brotes al
variar el tamano de la zona tampén y del radio de erradicacién. Sin embargo, estas
medidas de control ayudan a reducir la propagacion de la enfermedad. A pesar de
esto, destaca el efecto sobre la eficacia y eficiencia de las estrategias de vigilancia es
destacable. De esta forma, se pone en evidencia el papel fundamental de la vigilan-
cia y la deteccién temprana sobre los planes de gestion de brotes. Por otra parte,
aunque el enfoque de vigilancia en dos pasos se describe en las guias de EFSA, es
la primera vez que es evaluado en estos términos y que se cuantifica el esfuerzo de
muestreo que puede suponer. Ademads, como aporte novedoso, el proceso utilizado
para el enfoque de vigilancia en dos pasos, que normalmente parte del supuesto de
que hay un ntimero uniforme de individuos por celda, se ajusta a una situaciéon en

la que el niimero de individuos por celda puede variar.



xXvi Resumen

En el Capitulo 7 se exponen en conjunto las conclusiones més relevantes de-
rivadas de la metodologia y resultados de los trabajos presentados en esta Tesis.
Se destaca la importancia de las herramientas de modelizacién espacial en la com-
prensién y gestion de las epidemias de enfermedades en plantas, asi como las im-
plicaciones précticas de los resultados obtenidos. Siguiendo a este 1ltimo capitulo,
se proporciona un listado completo de la bibliografia utilizada en la elaboracion de
esta Tesis. Por 1ltimo, se incluyen tres anexos con figuras y tablas suplementarias

a los trabajos expuestos.
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Introduction

The exponential growth of global trade and international travel in recent
decades has had a major impact on the introduction and spread of pests
and pathogens affecting important crops around the world. In addition,
climate change has provided favorable climatic conditions for the establish-
ment of these pests and pathogens in new geographic areas. emerging pests
and pathogens threaten global food security and socioeconomic stability.
This presents a major challenge for agriculture in a context where there is
a need to increase food production to meet the needs of a growing world
population. Therefore, understanding the factors involved in the entry, es-
tablishment and spread of pathogens and disease dynamics, is crucial to
effectively prevent and manage new outbreaks and minimize their impact.

In the last decade, the plant pathogenic bacterium Xylella fastidiosa has
caused a phytosanitary crisis in the European Union, affecting, among oth-
ers, two of the most important Mediterranean crops, olive and almond trees.
One of the complexities in the study of this pathogen is its wide genetic di-
versity and its ability to infect an extensive range of host plants. Despite its
presence for decades in the American continent, and the numerous studies
carried out, there are still many unknowns regarding its epidemiology, as
well as surveillance, control and prevention strategies. This pathogen has
been the main case study of this Thesis, in which we address different issues
that have emerged dynamically throughout its study. It is noteworthy that

xxxiii
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during the course of this Thesis, both the available data on the distribution
of the pathogen and new knowledge from scientific advancements have been
incorporated.

The general objective of this PhD Thesis is to provide different spatial
modeling tools applicable to the study of plant disease epidemics, to analyze
their spatial distribution and related factors, as well as to serve as a reference
for their control. In particular, we address several issues on X. fastidiosa
through advanced statistical methods that are novel in the field of plant
pathology, with special focus to the analysis of its spatial distribution. In
this context, the following main objectives are proposed: i) the analysis of
climatic and spatial effects on the distribution of X. fastidiosa; ii) the effects
of the incorporation of dispersal barriers on the distribution of the pathogen;
iii) the implementation of a spatially explicit individual-based spread model;
and iv) the evaluation of the effectiveness and efficiency of different outbreak
management plans, including surveillance and control strategies.

Spatial modeling is approached from the perspective of Bayesian hi-
erarchical spatial models, particularly using the integrated nested Laplace
approximation (INLA) for inference and prediction. Through this methodol-
ogy, lattice data and geostatistical data are modeled, adapting the models to
each type of spatial data. As an extension of these models, a non-stationary
model is used for the incorporation of dispersal barriers. Moreover, a simu-
lation model of disease spread at individual level is proposed, where a cor-
relation function establishes their spatial relationship. This model allows
establishing the basis for the implementation and evaluation of surveillance
and control strategies.

Regarding the most relevant results and conclusions of this Thesis,
Bayesian hierarchical spatial models are effective in dealing with different
types of spatial data of pathogen outbreaks. The strong effect of the spatial
component on pathogen distribution in the analyzed outbreaks, in contrast
to the low relevance of climatic variables, highlights the importance of taking
into account the spatial structure in the models. The inclusion of dispersal
barriers using a non-stationary model illustrates the strong influence of the
incorporation of these structures on the probability of pathogen presence.
Disease spread at the individual scale provides detailed on its propagation,
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and the proposed algorithm allows for efficient management of large popu-
lations. The evaluation of different outbreak management plans highlights
the importance of early surveillance, as well as the need to adapt control
measures to the specific epidemiological situation of each outbreak. The
methodologies proposed and applied to X. fastidiosa are flexible and can be
extended to other plant diseases.

The contents of this Thesis are presented as outlined as follows. Chapter
1 provides a complete epidemiological background on X. fastidiosa, plant
pathogen that is the main subject of study of this Thesis. The principal
characteristics of the bacterium, its main hosts and dispersal mechanisms
are presented, providing a complete overview of its biology and ecology. An
overview of the current situation worldwide is also included, specifying its
geographical distribution and the main diseases affecting each region. To
facilitate the understanding of the concepts addressed, the legislative frame-
work that regulates their control in the European Union is detailed, which
helps to contextualize the problem. In addition, this chapter provides a
general review of both spatially implicit and explicit models that have been
previously applied to this pathogen. This includes species distribution mod-
els, which study possible associations between the geographic distribution
of the pathogen and relevant climatic factors. Other works, related to dif-
ferent diseases caused by this pathogen that focus on the study of spatial
patterns, as well as models describing disease dynamics, are also described.

Chapter 2 presents the basis of the methodology and the models used to
address the objectives of this Thesis. First, Bayesian hierarchical models are
introduced, as well as a general description of the INLA methodology. Next,
we focus on spatial modeling, starting with a description of the different
types of spatial data, their general characteristics and purpose of study.
In more depth, we detail how to model areal and geostatistical data. In
the latter case, we also detail the stochastic partial differential equations
(SPDE) approach, which provides a fast and accurate tool for inference and
prediction. Geostatistical models assume stationarity and isotropy of the
spatial component, so that the spatial dependence between two locations
depends only on Euclidean distance. However, these assumptions are not
correct when there are barriers in the study area that hinder the spread of
the pathogen, which can lead to erroneous results or inaccurate predictions.
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Therefore, the SPDE approach is adapted to non-stationary models and the
inclusion of barriers. The last section of this chapter provides an overview of
disease spread models, highlighting the relevance of individual-based models
(IBMs) in the study of disease spread in plants. Key aspects to consider
when modeling disease spread are explored, including scale of study, spatial
heterogeneity, and interactions between hosts.

After establishing the context of the problem and presenting the general
methodology in the first chapters, Chapters 3 to 6 focus on addressing the
specific objectives. Each of these chapters follows a structure similar to
research papers, thus including an introduction where the particular prob-
lem is presented, a section detailing the specific methodology employed, an
analysis of the results obtained and, finally, a detailed discussion of these
results.

Chapter 3 focuses on the study of climatic and spatial effects on the
distribution of X. fastidiosa in two regions of Europe: Alicante (Spain) and
Lecce (Italy). These outbreaks differ in their epidemiological specificities
as well as in the type of spatial data from official surveys. In Lecce, X.
fastidiosa subsp. pauca is the cause of the disease known as olive quick
decline syndrome. The data provided for this region contain the geograph-
ical coordinates of the samples collected for pathogen detection and are
considered as geostatistical data. In Alicante, almond leaf scorch disease
is caused by X. fastidiosa subsp. multiplex. In this case, sampling data
are presented aggregated in a grid, representing lattice data. The pres-
ence/absence data of X. fastidiosa from official surveys are analyzed using
Bayesian hierarchical models through the INLA methodology. Due to the
different spatial data types in each region, the modeling is adapted to each
of them. For this purpose, in the case of lattice data, the spatial effect is
introduced through a conditional autoregressive structure. The modeling
of geostatistical data using the INLA methodology involves the use of the
SPDE approach. Along with the climatic covariates from the WorldClim
v.2 database, a categorical variable (Purcell categories) is included. These
categories are based on minimum winter temperature thresholds established
for the risk of Pierce’s disease in grapevines, caused by X. fastidiosa subsp.
Fastidiosa. To avoid multicollinearity issues, a preselection of the climatic
covariates is performed, as well as a principal component analysis. Once
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the models and the covariates to be included have been defined, the mod-
els are fitted with all the possible combinations of covariates together with
the spatial effect. Subsequently, the models are evaluated and a selection
is made based on different criteria. For this model selection, the Watan-
abe Akaike information criterion (WAIC) and the log-conditional predicted
ordinate (LCPO) are used. The model selected in the case of Alicante is
the one that includes only the spatial effect. In the case of Lecce, in addi-
tion to the spatial effect, two climatic covariates are retained in the selected
model. However, this may be because the heterogeneous sampling distribu-
tion has a confounding effect with climatic covariates. It is concluded that
in both cases the spatial structure has a strong influence on the models, but
not the climatic covariates, suggesting that pathogen distribution is mainly
defined by the spatial relationships between geographic locations. This spa-
tial effect would be determined by the dispersal mechanisms of X. fastidiosa,
mainly through insect vectors, although the movement of infected propaga-
tive material should also be taken into account. These results highlight the
importance of considering the spatial component in modeling in order to be
able to design effective surveillance and control strategies.

The spatial models employed in Chapter 3 are very useful tools for un-
derstanding and predicting pathogen distribution, but they often assume
stationarity and isotropy that may not adequately reflect reality. These
assumptions imply that spatial dependence is directionally invariant and
uniform over the study area. However, these assumptions are erroneous
when there are barriers that prevent or hinder pathogen spread. Despite
this, the issue of non-stationarity has been little explored in the context of
plant health. Chapter 4 of this Thesis focuses on addressing this issue and
evaluating the influence of barriers on the distribution of X. fastidiosa in the
demarcated area of Alicante. To perform this analysis, an updated database
of the occurrence of the pathogen in the region is used. Bayesian hierarchical
spatial models are used to effectively integrate the spatial component. The
georeferenced pathogen presence/absence data are considered as geostatis-
tical data, so that inferential and prediction processes are performed with
the INLA methodology using the SPDE approach. In this case, climatic co-
variates are not considered, since the main interest is focused on the effect
of different types of barriers on the spatial component. A stationary model
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and three models that consider non-stationarity through the inclusion of
different physical and control barriers are proposed. The stationary model
represents a scenario in which no control interventions have been applied
and no geographical features are considered. The non-stationary models
include a model with mountains as physical barriers, and two models with
a continuous and discontinuous perimeter barrier representing hypothetical
control interventions. The result of the posterior mean of the spatial range
of the stationary model is highlighted, which indicates the distance from
which two observations can be considered spatially uncorrelated. Based on
this, it is compared with the size of the buffer zone determined by the legis-
lation and it is concluded that the results obtained can serve as a reference
to define the buffer zone in the demarcated area. As part of the discussion,
the results obtained are contrasted with the hypotheses suggested in other
works, interpreting that in this case the spatial effect would be mainly de-
termined by the dispersal capacity of the insect vectors. The results of the
stationary model are compared with the models that incorporate the dif-
ferent barriers. Due to the reduced extension of the mountains as barriers,
their incorporation does not have a great influence. In contrast to this, the
incorporation of perimeter control barriers considerably reduces the proba-
bility of pathogen presence in the area outside the barrier. The differences
between the continuous and discontinuous barrier models show that in areas
of low sampling intensity, the lack of control measures increases the prob-
ability of pathogen presence. The implemented methodology assumes that
the barriers are impermeable, thus interpreted as areas without host plants
and through which infected vectors or propagating plant material cannot
pass. These assumptions about control measures may not be too realistic,
so in this case, the discontinuous perimeter barrier would be providing a
more flexible perspective with respect to the continuous barrier. However,
the need to be able to integrate barriers with different degrees of permeabil-
ity is highlighted in order to provide a more realistic scenario in the field
of plant health. Finally, it is concluded that the results obtained can help
authorities to prioritize areas for disease surveillance and control.

In plant disease epidemiology, knowledge of the extent of the disease
in the study area, the possible disease states, the dispersal mechanisms
and their range are some of the fundamental aspects when studying disease
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spread and for the design of effective management plans. Likewise, as il-
lustrated in the chapters described above, for the study of disease spread
it is essential to consider the spatial structure of the population in ques-
tion. Chapter 5 of this Thesis is dedicated to present a model for plants
disease spread. Considering the importance of knowing the disease status
of each individual, a spatially explicit individual-based model based, able to
take into account spatial heterogeneity, is proposed. In this approach, the
infection process of a susceptible (uninfected) individual is determined by
the force of infection, which depends on the disease transmission rate and
the spatial correlation between the susceptible individual and the infectious
individuals. This spatial relationship is introduced by the Matérn correla-
tion function, which makes it possible to establish the spatial dependence
between two individuals as a function of distance. The simulation of disease
spread is performed using as a case study the almond leaf scorch disease,
caused by X. fastidiosa, in the affected area of Alicante. Due to the lack of
spatio-temporal data to properly estimate the model parameters, the spread
of the disease was simulated under different parameter values based on the
information available in the literature. In addition, the reference value for
the disease transmission rate is approximated by optimizing a compartmen-
tal model with the available data from official surveys. To study the effect
due to the characteristics of the initial introduction of infected individuals,
several scenarios are considered: random introduction, aggregated introduc-
tion in 5 foci and aggregated introduction in a single focus. Based on the
proposed model, the effect of the different parameters on the disease spread,
the variability depending on the initial introduction, and the intrinsic vari-
ability of the model are explored. For this purpose, multiple simulations
of disease spread are performed with each of the combinations of parame-
ters and type of initial introduction. Given all the combinations proposed,
a Shiny application has been developed for the visualization of the results,
which allows all the results obtained to be displayed interactively. The great
variability obtained depending on the range, as well as the type of initial
introduction considered, shows that these are two elements with a great
influence on the disease spread. In addition, the individual-based model
shows the influence of the spatial distribution of individuals on the disease
spread. In particular, it is highlighted that areas without the presence of
trees act as barriers in the spread process, as long as their extension exceeds



xl Introduction

the value of the range of the Matérn function. It should be noted that this
individual-based model can be applied to other plant diseases, adapting the
parameter values to their particular epidemiological characteristics. In ad-
dition, this spread model can be a useful tool to establish areas of higher
risk, evaluate epidemiological surveillance and optimize control strategies.

The regulation of outbreaks of quarantine pathogens and pests in the Eu-
ropean Union is regulated by legislation. However, outbreak management
plans have been quantified in a limited extent in terms of their effective-
ness and efficiency. In Chapter 6 we propose to evaluate the effectiveness
and efficiency of outbreak management plans for emerging plant diseases
through an epidemiological approach. As a case study, we focus on the
area affected in Alicante by almond leaf scorch disease. The onset of the
outbreak is dated based on phylogenetic studies, which suggests the first oc-
currence of this outbreak decades ago. This, therefore, provides an unusual
scenario where the disease has been spreading over a long period of time
without any intervention. The extent of the disease in the study area is de-
limited from official survey data. Based on this, using the individual-based
spread model detailed in Chapter 5, where the individuals are the almond
trees, a baseline scenario is proposed where the disease spreads over 30 years
without any type of surveillance or control intervention. The outbreak man-
agement plans to be evaluated contemplate different surveillance strategies
and control measures, including those established by legislation. Surveil-
lance strategies are defined following the “Guidelines for statistically sound
and risk-based surveys of the European Food Safety Authority (EFSA)”‘.
Thus, the representative sample size in each case is calculated based on
the hypergeometric distribution, which depends on the population size and
three interrelated parameters: the confidence level, the method sensitivity
and the design prevalence. Two approaches to surveillance are considered:
the one-step approach, where the sample size is calculated based on the
population size; and the two-step approach, where after dividing the study
area into cells, the number of samples per cell is calculated in the first step
and the number of cells to be inspected in the second step. The control
measures include different sizes for the buffer zone, different sizes of erad-
ication radius, and the effect of the control measures on the vectors and
the reduction of inoculum by reducing the disease transmission rate in the
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buffer zone. The effectiveness and efficiency of the different outbreak man-
agement plans resulting from the combinations of surveillance and control
strategies are evaluated in relation to the baseline scenario without inter-
ventions, defining effectiveness as a function of the reduction of infected
individuals, and efficiency as a function of susceptible trees not eradicated.
In addition, the inspection intensity, i.e., cells inspected per year, and the
survey effort, i.e., number of samples collected per year, are quantified. As
a result of the simulation of disease spread in the baseline scenario without
interventions, almost the entire study area is infected after 30 years, with an
extension that approximates to that provided by official survey data. The
low variability observed resulting from the multiple simulations performed
with each outbreak management plan indicates that the results are consis-
tent. All implemented outbreak management plans have been observed to
be highly effective in reducing the number of infected trees considerably.
However, complete elimination of infected trees only occurs in management
plans with the two-step surveillance approach. On the other hand, large
differences in the efficiency, in terms of susceptible trees not eradicated, of
the different outbreak management plans are observed. It is evident that
the increased confidence level for the sample size calculation, the two-step
surveillance approach and the reduction of the disease transmission rate
imply higher efficiency in the outbreak management plans. Although the
two-step surveillance approach outperforms in effectiveness and efficiency, it
should be considered that it involves a high survey effort. On the other hand,
this approach would allow calculating the cost of both inspection intensity
and survey effort, enabling parameter adjustment based on it. However,
with the one-step approach, only the cost of the sampling effort could be
calculated. The results obtained with different buffer zone sizes and eradi-
cation radii are compared with other studies that also employ these control
measures. In this work, these measures do not have a major influence on
the effectiveness and efficiency of outbreak management plans, however,
they contribute to reduce the disease spread. Despite the role of these con-
trol measures, the effect on the effectiveness and efficiency of surveillance
strategies is noteworthy. Thus, one of the most notable conclusions of this
work is the key role of surveillance. Moreover, although the two-step surveil-
lance approach is described in EFSA guidelines, it is the first time that it is
evaluated in these terms and that the survey effort involved is quantified. In
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addition, as a novel contribution, the process used for the two-step surveil-
lance approach, which usually assumes a uniform number of individuals per
cell, is adjusted to a situation where the number of individuals per cell may

vary.

Chapter 7 presents the most relevant conclusions derived from the
methodology and results of the work presented in this Thesis. The im-
portance of spatial modeling tools in the understanding and management of
plant disease epidemics is highlighted, as well as the practical implications
of the results obtained. Following this last chapter, a complete list of the
bibliography used in the development of this Thesis is provided. Finally,
three annexes with supplementary figures and tables are included.



CHAPTER 1

Diseases caused by Xuylella
fastidiosa. Epidemiology
and spatial analysis

This chapter aims to present the epidemiological context of X. fastidiosa and
the current global situation to provide the background and motivation for
the study objectives addressed. The regulatory framework in the European
Union is described to facilitate the understanding of the concepts discussed.
A general review of the spatially implicit and explicit models that have been
previously applied to this pathogen is also presented.

1.1 Epidemiology of Xylella fastidiosa diseases

Xylella fastidiosa (Wells et al., 1987) is a plant-pathogenic bacterium of
the Xanthomonadaceae family. It colonizes the xylem tissues of a wide
range of plant species: the latest update of the host plants database in-
cludes 690 species belonging to 306 genera and 88 different families (EFSA,
2023). However, not all of these plants develop disease symptoms, and both
infection and disease severity depend on the interaction between the host
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plant, the pathogen aggressiveness and the environment. It is only in some
combinations of host plant and bacterial strain that infections can result in
some of the most destructive diseases, such as Pierce’s disease of grapevine
(PD), olive quick decline syndrome (OQDS), and almond leaf scorch disease
(ALSD), threatening several crops of great economic importance.

A total of six subspecies of X. fastidiosa have been defined to date, al-
though based on genetic differences, host ranges, and associated diseases the
majority of the bacterial strains fall into four main subspecies. X. fastid-
iosa subsp. fastidiosa causes, among others, PD and ALSD; X. fastidiosa
subsp. pauca has been identified as the cause of OQDS, citrus variegated
chlorosis (CVC) and coffee leaf scorch (CLS). X. fastidiosa subsp. multiplex
has the widest host range, being found in more than 200 plant species. It
is associated with leaf scorch diseases in numerous tree species, including
ALSD (EFSA, 2023). X. fastidiosa subsp. sandyi has been associated with
oleander leaf scorch (Schaad et al., 2004; Janse and Obradovic, 2010). Nev-
ertheless, the Committee on the Taxonomy of Plant Pathogenic Bacteria of
the International Society of Plant Pathology (ISPP) only considers as valid
subspecies names fastidiosa and multiplexr (Bull et al., 2012). In addition to
these, the subsp. tashke (Randall et al., 2009) and subsp. morus (Nunney
et al., 2014b) have been proposed. Indeed, recently the X. fastidiosa strain
isolated from Pyrus pyrifolia in Taiwan has been proposed to form a distinct
species in the genus Xylella: the X. taiwanensis sp. nov (Su et al., 2016).

This pathogen was first described as the cause of PD in California, US.
For decades, the geographic distribution of X. fastidiosa was restricted to
the American continent (Janse and Obradovic, 2010), but in 2013 it was
first reported in Europe as causing OQDS in southern Italy, with thousands
of hectares affected and millions of trees killed (Martelli, 2016). Two years
later, X. fastidiosa subsp. multiplex was reported in Corsica and Provence-
Alpes-Cote d’Azur (PACA) in France, where X. fastidiosa subsp. pauca was
also detected. Three subspecies of X. fastidiosa (i.e., multiplex, pauca, and
fastidiosa) were later reported in the Balearic Islands. Outbreaks associated
with X. fastidiosa subsp. multiplex were detected in Alicante and Madrid,
Spain, Porto District, Portugal, and Tuscany and Lazio, Italy (DG SANTE,
2023). In 2019, the presence of X. fastidiosa subsp. fastidiosa was officially
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reported in Israel (EPPO, 2019a). In Lisbon and Algarve, Portugal, X. fas-
tidiosa was detected in 2021, subspecies not yet confirmed. The outbreaks
in Madrid and Algarve are considered closed, i.e., the infestation has been

officially eradicated (DG SANTE, 2023).

Xylem sap-feeding insects represent the only natural means of spread-
ing X. fastidiosa between plants. The bacterium colonize the foregut of
the insects that act as vectors. The human-assisted spread of X. fastidiosa,
however, is mainly through the movement of infected plants and grafting.
Therefore, two habitats are distinguished in the life cycle of X. fastidiosa,
one is the foregut of the insect vectors and the second is the xylem tissue
of the host plant (Almeida and Nunney, 2015). All confirmed vectors of X.
fastidiosa are hemiptera belonging to two groups of insects: sharpshooters
(Cicadellidae family, Cicadellinae subfamily) (Almeida and Purcell, 2003)
and spittlebugs (Aphrophoridae, Cercopidae and Clastopteridae families)
(Cornara et al., 2018). The transmission efficiency of X. fastidiosa by vec-
tors depends on several factors, such as the ecology and abundance of the
insects present in the area as well as the population density of the bacterium
in the host plants (Almeida et al., 2005). Vectors acquire the bacteria by
feeding on the xylem of infected plants, but lose infectivity with molting.
Adult vectors can inoculate healthy plants immediately after acquisition and
throughout 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 (EFSA, 2015). Human-assisted movement of infected
insect vectors on plants or on their own as ‘hitch-hikers’ in vehicles can also
disseminate X. fastidiosa, though information on these means of spread is
limited (EFSA, 2015).

In the American continent, species of sharpshooters are the main vectors
of X. fastidiosa. Most of the available information on these vectors is based
on studies conducted with Homalodisca vitripennis (Germar) (Hemiptera:
Cicadellidae), also known as Homalodisca coagulata (Say). It is an invasive
species and currently considered the main vector of PD in California, US.
In Europe, sharpshooters are not abundant or widespread. Different species
of spittlebugs have been found to play, or potentially play, a major role
in the transmission of X. fastidiosa (Cornara et al., 2018). In particular,
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Philaenus spumarius L. (Hemiptera: Aphrophoridae) has been considered
the main vector of X. fastidiosa subsp. pauca in Italy (Cavalieri et al.,
2019). This species of spittlebug is widely distributed and is character-
ized by its color polymorphism and the secretion of foam by nymphs. In
Alicante, of the potentially vector insects analyzed, X. fastidiosa subsp.
multipler has been detected in three species: P. spumarius, Neophilaenus
campestris Fallen (Hemiptera: Aphrophoridae) and Neophilaenus lineatus
L. (Hemiptera: Aphrophoridae) (GVA, 2023).

In Alicante, X. fastidiosa subsp. multiplex ST6 was identified, where of
the 5,540 positives confirmed in 21 different plant species until June 2023,
89,4 % of them were found in almond trees (GVA, 2023). Studies compar-
ing genetic sequences of X. fastidiosa strains from Alicante and elsewhere
managed to trace back to the origin of this introduction, which was likely
initiated with infected plant material from California, USA (Landa et al.,
2020). Phylogenetic studies have also suggested an approximate date of in-
troduction in Alicante as far back as the mid-1990s (Moralejo et al., 2020).
Starting in 2017, surveys have been conducted in Alicante to delimit the in-
fested zone and substantiate disease freedom in the surrounding buffer zone.
Eradication measures have been progressively applied over recent years, in-
cluding vector control and the removal of host plants in the infested zone.
With a demarcated area of 139,459 ha and 187,400 almond trees already
destroyed (GVA, 2023), this outbreak represents one of the largest plant
disease eradication campaigns ever attempted in Europe.

1.2 Regulatory framework in the European Union

Despite the implementation of phytosanitary measures for risk reduction
and border controls, new introductions of pests and diseases are likely to
occur. Between 1999 and 2019, a mean of 10 new introductions of diseases
and pests were reported in the European Union (EU), with up to 25 new
introductions per year (Rosace et al., 2023). In response to this situation,
plant health has acquired unprecedented prominence in the policy agenda of
the EU. The EU modernized the rules on plant health and in 2019 adopted
Regulation (EU) 2016/2031 on protective measures against plant pests and
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pathogens (EU, 2016) (hereinafter “EU Plant Health Law”). This new EU
Plant Health Law addresses the epidemiological surveillance of the EU terri-
tory, adjusting the intensity of the measures according to pest and pathogen
categorization and prioritization (Montanari and Traon, 2017). They are
the so-called Union quarantine “pests” by Implementing Regulation (EU)
2019/2072, which are subject to strict phytosanitary measures and 20 of
them are classified as priority “pests” by Regulation (EU) 2019/1702 with
enhanced requirements. To preserve the EU territory from its introduction
from areas where the presence of the bacterium is known, X. fastidiosa is
regulated as a quarantine organism and it is also included in the list of the
priority “pests” for the EU.

Eradication or containment of new outbreaks is only feasible in situations
where their extent and prevalence are still limited. Once the pest or disease
spreads due to delayed and incomplete detection of outbreaks, their man-
agement is much more costly and often not feasible (Véclavik et al., 2010;
Brown et al., 2020). In this regard, the EU Plant Health Law establishes en-
hanced risk-based surveillance of the EU territory for early detection of new
introductions. Additionally, contingency and action plans are also foreseen
for outbreak management in the case of priority “pests”.

Epidemiological surveillance of the territory is targeted to specific lo-
cations and hosts, following a risk-based structured design to provide a
statistical basis for the interpretation of the collected data (Brown et al.,
2020). The European Food and Safety Agency (EFSA) provides scientific
advice to EU Member States in different fields, including epidemiological
surveillance. The EFSA Plant Pest Survey Toolkit (EFSA, 2023) provides
the methodological framework and tools for survey planning, specifically to
prepare and design surveys under a statistical risk-based approach (EFSA,
2020a,b,c,d). Based on these EFSA guidelines, new requirements for en-
hanced statistically-based surveillance have been introduced for quarantine
pests and pathogens in the EU. Detection surveys are conducted to detect
outbreaks in their early stages or to substantiate pest freedom. Delimiting
surveys are carried out once a new outbreak is detected, to delineate the
infested zone. Monitoring surveys are implemented to quantify the preva-
lence of the pest or pathogen in infested zones (EFSA, 2020a; Brown et al.,
2020; Léazaro et al., 2021).
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After the first detection of X. fastidiosa in the EU, emergency phytosan-
itary measures were laid down under Decision (EU) 2015/789 in all EU
Member States with the aim of preventing further introduction and spread
within the EU territory. In southern Apulia, Italy, two years after the first
detection of X. fastidiosa, the demarcated area was declared a containment
zone, as the pathogen was widely established and eradication was consid-
ered not feasible. Since then, the demarcated area has been updated several
times as the disease spread north. Commission Implementing Regulation
(EU) 2020/1201 provides for containment zones intensive surveillance and
immediate removal of at least infected plants the last 5 km of the infected
zone adjacent to the buffer zone, as well as around places of high cultural
and social value.

In Alicante, since the first report in 2017 of X. fastidiosa, eradication
measures were adopted in accordance with the regulations, currently Com-
mission Implementing Regulation (EU) 2020/1201. Following this Regula-
tion, a demarcated zone has been established in the territory, consisting 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 demarcated area (GVA, 2021). According to the X. fastid-
iosa Regulation, surveillance strategies should follow the EFSA guidelines
for statistically sound and risk-based surveys (EFSA, 2020a,d). Eradication
measures include the removal of all host plants in the infested zone and
control of vector populations in the whole demarcated area by means of
chemical, biological or cultural treatments.

1.3 Spatial models for Xylella fastidiosa

A number of studies have been conducted on the epidemiology of diseases
caused by X. fastidiosa, through different methodologies and with differ-
ent specific objectives. Nevertheless, in general the main aim has been to
contribute to better understand epidemic dynamics and improve disease
management.
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Previous studies have focused on the study of the relationship between
the distribution of X. fastidiosa and climatic variables using different ap-
proaches, generally included in the so-called species distribution models
(SDMs), which will be addressed in more detail in Chapter 2. The Max-
ent model was used to evaluate the potential distribution of X. fastidiosa
in Italy based on climatic variables (Bosso et al., 2016b). Also, this ap-
proach was applied to predict the potential distribution of X. fastidiosa in
the Mediterranean basin including climate change scenarios (Bosso et al.,
2016a). The Maxent model has also been used to study the distribution
of X. fastidiosa in the Balearic Islands (Herndndez and Garcia, 2018), and
on a global scale (Herndndez and Garcia, 2019). It has also been used to
analyze the potential distribution of X. fastidiosa subsp. multipler and the
vector P. spumarius in southern Spain, including the regions of Alicante,
Murcia and Andalusia (Fernandez, 2020). Godefroid et al. (2019) analyzed
the potential effect of climate change on different subspecies of X. fastid-
i0osa. The SDMs Bioclim and Domain were fitted using presence data of
the subspecies multipler and pauca to estimate their potential geographic
distribution under current and future climate conditions. Furthermore, the
severity of PD and its relationships with climatic variables were modeled by
means of ordinal regression, using the PD risk maps proposed by Purcell
(Anas et al., 2008). These data, adapted and updated, were also used to
model, through GLMs, the distribution of PD and bacterial leaf scorch of
shade trees (BLS) in order to predict the potential extent and severity as a
function of climatic conditions under future climate change Godefroid et al.
(2022). EFSA (2019) used SDM ensemble modeling to asses the potential
establishment of X. fastidiosa in the EU.

The analysis of spatial patterns and the incorporation of spatial structure
have also been used for modeling diseases caused by X. fastidiosa, through
different approaches. A commonly used method to analyze the spatial ag-
gregation of infected plants between rows and fields is the ordinary run
analysis, where the null hypothesis that infected plants are randomly dis-
tributed indicating that the pathogen does not spread from plant to plant
(Madden et al., 1982). Da Rocha et al. (2010) used this approach for the
analysis of the spatial aggregation of CLS in Brazil, complemented by the
analysis of the spatial distribution of disease incidence using the modified
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Taylor’s law (Madden and Hughes, 1995). This approach was also used in
the study of the spatial aggregation of PD Tubajika et al. (2004) and ALSD
(Groves et al., 2005) in San Joaquin Valley, California. In addition, both
studies complemented the spatial analysis with geostatistical methods. The
anisotropy and spatial dependence of PD in grapevines over different years
(Tubajika et al., 2004), and the spatial dependence of ALSD in different al-
mond cultivars (Groves et al., 2005) was analyzed by fitting semivariogram
models. Park et al. (2011) also used semivariograms to characterize the
spatial distribution of PD in vine blocks in San Joaquin Valley, including
spatial analysis with distance indices (SADIE) to test the significance of
clustering in the distribution of PD. Geostatistical analysis, using semivari-
ograms and kriging, was used to analyze the distribution of CVC in Babhia,
Brazil (Laranjeira et al., 2008). In a recent study on unmanned aerial ve-
hicles (UAVs) image data of olive trees affected by X. fastidiosa subsp.
pauca in Ttaly, a geostatistical analysis incorporating a linear coregionaliza-
tion model and multi-factor kriging was performed (Belmonte et al., 2023).
Other methods for the analysis of spatial patterns, such as binomial disper-
sion index, Ripley’s K function, average minimum distance, and autologistic
models fitted for different neighboring structures, including temporal and
spatial covariates, were used to study the spatial aggregation patterns of
plum leaf scald in Sao Paulo State, Brazil (Ferreira et al., 2016).

Several modeling approaches have been employed to analyze the spread
of X. fastidiosa with the incorporation of a spatially explicit structure. In
Apulia, Ttaly, different studies on X. fastidiosa subsp. pauca spread in olive
trees have been developed. White et al. (2017) used a spatially explicit
spread model, with deterministic and stochastic kernels, which represented
short-distance and long-distance dispersion, respectively. This study also
incorporated control strategies such as buffer and eradication zones. Anita
et al. (2021) proposed a spatially structured model based on an integro-
partial differential system, including the spatial dynamics of susceptible and
infectious vectors and the spatial dynamics of susceptible and infected olive
trees, also including control strategies. Gilioli et al. (2023) proposed a spa-
tially explicit mechanistic model by which the spatio-temporal dynamics of
the disease and the vector were simulated based on the data available in this
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region. This model considered the growth of the bacterium in the host, the
dynamics of the vectors, their dispersal and the acquisition of the pathogen.

For Corsica (France), Abboud et al. (2019) used a mechanistic-statistical
approach based on parabolic partial differential equations, considering spa-
tial heterogeneity and a Bayesian inference approach with the aim of dating
and locating the origin of the introduction of X. fastidiosa. For this re-
gion as well, Martin et al. (2021) modeled pathogen and vector dynamics of
the pathogen using a spatially explicit compartmental model composed of
a Susceptible-Exposed—Infected (SEI) sub-model for hosts and a Suscepti-
ble-Infected (SI) sub-model for vectors.

Regarding the models related to the spread of X. fastidiosa in Spain,
Strona et al. (2020) modeled the spread through spatial networks con-
necting olive orchards in Andalusia based on geographic proximity and a
Susceptible-Infected-Removed (SIR) model. Camino et al. (2021) combined
remote sensing information from almond trees in Alicante with a stochas-
tic spatial spread model to improve detection of infected trees in the early
stages of disease caused by X. fastidiosa subsp. multiplex. Moreover, Monte
Carlo methods have been implemented to study the risk of infection risk due
to proximity in almond trees in California (Sisterson et al., 2012), and to
characterize the spatio-temporal pattern of transmission of pecan bacterial
leaf scorch disease (Li et al., 2011). On a global scale, from X. fastidiosa
occurrence data and potential insect vectors, Yoon and Lee (2023) analyzed
dispersal patterns based on the distances between occurrence points.






CHAPTER 2

Contemporary approaches in
spatial modeling

Epidemiology can be defined as “the study of the spread of diseases, in
space and time, with the objective to trace factors that are responsible for,
or contribute to, their occurrence” (Diekmann and Heesterbeek, 2000). It
involves the three components of the classic disease triangle: host, pathogen,
and environment. Thus, in epidemiological models, these three components
are implicitly interrelated and often include epidemic dynamics and rates
of change as well as the intensity or magnitude of the disease (Madden
et al., 2007). These models are useful for understanding how diseases spread
and affect populations. The development of new methods and computa-
tional advances has made epidemic modeling a useful tool for estimating
the dynamics of plant diseases, assessing risks, predicting their spread, and
optimizing plant health surveillance programs and control strategies. To
understand, analyze, and control plant diseases, it is important to consider
several aspects, including environmental conditions, transmission pathways,
human interventions in the spread of pathogens, and the distribution and
density of host plants (Cunniffe et al., 2015). The increased availability of
geo-referenced information and the development of geographic information
systems (GIS) and software for this type of data have encouraged research
on the spatial characteristics of diseases.

11
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This chapter is devoted to present the basis used in this Thesis for plant
disease modeling and spatial data analysis. In particular, the basis of dis-
ease dynamics modeling are presented. The analysis of spatial data using
Bayesian approach is also presented, which deals relatively easily with the
specification of complex models. Furthermore, the integrated nested Laplace
approximation (INLA) to perform Bayesian inference is also introduced,
along with specific aspects of spatial modeling under this approach.

2.1 Disease dynamics modeling

Disease spread models are motivated by the need to better understand the
dynamics of disease transmission, predict the disease spread in a population,
and assess the impact. These models also serve as tools for exploring ways in
which to address disease transmission, including the evaluation of strategies

to improve surveillance and control.

As in the epidemiology of human diseases, compartmental models are
widely used for the modeling of plant disease epidemics (Jeger et al., 2000).
The formulation of these models was initially developed by Kermack and
McKendrick (1927) in the field of medical epidemiology. However, Van der
Plank (1963) is recognized for the development of theory underlying this
type of models in plant disease epidemics, with no apparent influence from
what was developed in medical epidemiology (Jeger et al., 2000; Madden
et al., 2007). Compartmental models assume that the population can be
classified into different compartments according to disease status. The clas-
sical compartmental model comprises three compartments representing sus-
ceptible, infected, and removal individuals (SIR model), but there are many
variants with additional compartments. This approach involves explicitly
representing disease status categories and deriving linked equations for each
of these. The SIR model can be represented schematically as shown in Fig-
ure 2.1, where the transition from compartment S to [ is determined by
the transmission rate (), and the transition from I to R by the removal
rate (7). This model can be described mathematically by a set of ordinary



2. Contemporary approaches in spatial modeling 13

differential equations (ODEs) as:

ds

dl

— = IS —~I
7 BIS — I,
dR

— = I.

dt K

FIGURE 2.1: Schematic representations for the SIR (susceptible, infected,
and removed) model. 8 transmission rate and v removal rate.

Compartmental models analyze changes in compartments in the global
population but without specifying the identities of individuals moving from
one compartment to another. In contrast, individual-based models (IBMs)
work from the perspective of the characteristics of each individual, as well
as their interactions with other individuals. Thus, the disease dynamics (or
event under study) emerge from the interactions between independent in-
dividuals and their environment (DeAngelis and Grimm, 2014). Therefore,
IBMs are useful for simulating phenomena characterized by stochasticity
and/or heterogeneity (Willem et al., 2017). Nevertheless, the main limita-
tion of these models is the high computational cost associated with a rela-
tively large population size or the simulation of long time periods (Keeling
and Rohani, 2008).

As in compartmental models, IBMs for disease spread modeling start
from the classification of individuals according to disease status. Therefore,
the different states to be considered and the interactions between them also
determine the complexity of the model. In addition to the possible disease
states to be considered, there are several aspects to be taken into account
when modeling disease dynamics, as the scale of the units of interest, the



14 2.1. Disease dynamics modeling

spatial heterogeneity, or the interaction between individuals, as discussed in
the following.

Despite the name individual-based model, these can be applied at dif-
ferent scales, which will determine the units of interest for the simulation
of disease spread (Kirkeby et al., 2021). The scale often depends on the
information available or the objective of the study. For instance, the units
of interest can be plants, plant parts or crop plots. IBMs can also be used
with data aggregated in areas or cells of a grid. In this case, the interac-
tions between different areas can be established by means of the neighbor-
hood relationship. Although the use of a larger scale can produce a bias in
the dynamics, it can greatly reduce the computational time (Keeling and
Rohani, 2008).

Often, disease spread models ignore spatial heterogeneity in the dis-
tribution of individuals, assuming that the population is homogeneously
distributed. When there is spatial heterogeneity, groups of hosts can be
found at considerable distances from the source of infection, resulting in
epidemiological isolation. Consequently, the risk of infection within these
isolated groups decreases (Keeling and Rohani, 2008). Addressing this issue
is especially critical in disease modeling. IBMs provide an alternative to
address this problem, as they can explicitly account for the spatial distribu-
tion of individuals and capture the disease dynamics accounting for spatial
heterogeneity.

In the study of disease dynamics it is important to establish the interac-
tion behavior between hosts, which in the case of plant diseases, is through
the associated transmission way. This type of interaction usually decreases
with distance, and it is common to use a transmission (or dispersal) ker-
nel to integrate the reduction of transmission as a function of distance. A
transmission kernel is a probability distribution function based on distance.
There are different functions for transmission kernels, Nathan et al. (2012)
reviewed them in detail. One of the characteristics of transmission kernel
functions is their shape and tail thickness, and the choice of the suitable
kernel function will depend on the transmission distance of the disease, i.e.,
whether the disease is spread over a short or long distance. Because of this,
one of the challenges is to estimate the shape and parameters of the kernel,
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which will depend on the particular disease (Keeling and Rohani, 2008). In
Chapter 5 of this thesis, we propose as an alternative the incorporation of a
spatial correlation function to take into account the interaction between in-
dividuals. Specifically, the Matérn correlation function defined in equation
(2.5) is used.

Following Keeling and Rohani (2008) in an IBMs for plant diseases
spread, the probability of a susceptible individual ¢ becoming infected can
be defined through the force of infection ¢; as:

P =1 —exp(—¢i), (2.2)

0i =By _ pijs

J

where ¢; depends on the transmission rate 8 and the interaction between
the susceptible individual ¢ and infected individuals j.

2.2 Spatial analysis in plant diseases

The spatial patterns of plant diseases are mainly determined by the relation-
ship between the disease status of neighboring plants, which is influenced
by the dispersal process and environmental factors (Madden et al., 2007).
Thus, analysis of spatial patterns can be useful for developing hypotheses
about underlying processes or obtaining quantitative information about dis-
ease dynamics (Ristaino and Gumpertz, 2003). Additionally, the study of
spatial patterns can be informative for the design of surveillance methods
or management strategies. The probability of an observation unit being dis-
eased depends on the pathogen, the hosts, and the environment (Madden
et al., 2007). Both individual and aggregated data sources can be used to
study spatial patterns in plant diseases by assessing the spatial distribu-
tion within sampling units and spatial dependence between sampling units
(Maanen and Xu, 2003).

Often, one of the objectives of studying plant disease epidemics is to
predict the distribution of the pathogen or disease in a specific area based
on environmental data. These models are usually referred to as species
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distribution models (SDMs). These models are usually built from data
on the presence or abundance of a particular species, with the objective
of studying how environmental conditions are linked to the phenomenon.
SDMs are widely used to associate the geographic settings of species with
biotic and abiotic factors, develop risk maps for the potential establishment
of pathogens, define favorable areas for the expansion of populations, and
predict the distribution of species in space and time under climate change
scenarios, among others (Martinez-Minaya et al., 2018a). SDMs can be
developed with different methodologies, such as generalized linear models
(GLM), generalized additive models (GAM), neural networks, maximum
entropy models (e.g. 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 Martinez-Minaya et al. (2018a) that compile
and describe the different modeling approaches. However, when the spa-
tial dependence of data is ignored, the degree of uncertainty can be largely
underestimated, generating imprecise parameter estimations and providing
relatively low predictive capacity (Latimer et al., 2006; Martinez-Minaya
et al., 2018b). Advances in computational methods have made it possible
to implement more complex models, and hence, a more straightforward in-
corporation of spatial dependencies in SDMs (Blangiardo and Cameletti,
2015). Among these advances, Bayesian hierarchical models allow random
effects and complex dependency structures to be incorporated easily taking
into account all non-observed uncertainties (Banerjee et al., 2004; Blangia-
rdo and Cameletti, 2015).

In spatial statistics, data are realizations of a stochastic process {Z(s) :
seDC Rd}, where Z is the observed process and s is the location of
the observation. Three types of spatial data are traditionally distinguished,
depending on the problem to be studied and the characteristics of the data:
areal data, geostatistical data, and point patterns (Cressie, 1993). In areal
data, or lattice data, the domain D is fixed and divided into a finite number
of spatial units. Areal data refer to irregular divisions, such as administra-
tive regions, and lattice data to regular spatial units. The interest in the
analysis of these data is usually in smoothing or mapping a result over the
spatial domain D. In geostatistical data, or point-referenced, the domain
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D is continuous and fixed, s varies continuously over D, and Z(s) can be
observed at any point of D. The interest in this context usually lies in
the prediction of unobserved locations in D. Unlike previous ones, in point
patterns, the spatial domain D is a set of points in R¢ where some events
occur, and Z(s) represents the occurrence of an event. If additional infor-
mation on the covariates is provided, this is referred to as a marked point
pattern process. In this case, the interest is usually to study whether the
observed event presents a clustering pattern or not. In this Thesis we will
focus on lattice data and geostatistics, where specific modeling methods for
both types of data are used in Chapter 3 and Chapter 4.

2.2.1 Areal data

Areal or lattice data are widely used in disease mapping to estimate the dis-
ease risk over the areas. Commonly, the spatial neighborhood relationship
between the n areas is provided by the sparse adjacency matrix W, with
non-zero entries at w; ;, 4,7 € {1,...,n}, when the areas ¢ and j are neigh-
bors (denoted as i ~ j) and 0 otherwise. The spatial correlated random
effects are can be modeled using a multivariate Gaussian distribution with
zero mean and precision matrix 7¢), where 7 is a precision hyperparameter,
and @ is based on the adjacency matrix W.

There are different ways to define spatially correlated random effects
through adjacency matrix. One of the common ways of modeling the spatial
random effects w = {u1,...,u,} is by an intrinsic autoregressive conditional
model (ICAR), known as the Besag model (Besag et al., 1991), where the
conditional distribution for wu; is specified as:

1 1 .
ui‘u—’hTuNN kzzz‘;u“'rukz ) 175]7 (23)
where 7, is the precision of the random effect and k; the number of neighbors
of area i.

As an extension of this model that only accounts for similarities between
areas, Besag et al. (1991) proposed the addition of an unstructured spatial
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random effect to account for independent area-specific noise, known as the
Besag, York and Mollié (BYM) model (Besag et al., 1991). In this model,
the spatial effect is the sum of an structured spatial (u) and unstructured
(v) components, so that b = u + v, with u ~ ICAR(7,) and v ~ N (0, 7,,).
However, the structured and unstructured components are not identifiable
and therefore cannot be seen independently. To deal with this problem,
different variants of the BYM model have been proposed, such as those de-
scribed by Leroux et al. (2000) or Dean et al. (2001). A reparameterization
of the BYM model (BYM2) has been proposed that accounts for scaling
and addresses the identifiability issue (Riebler et al., 2016; Simpson et al.,
2017). Here, the spatial random effect is reparameterized as:

b:\/l?b(\/l— v+\/$u*>, (2.4)
where wu, is the scaled ICAR model, and v is the vector of unstructured
component. This model includes a single precision parameter 7, > 0 wich
controls for the marginal variance of the weighted sum of u, and v, and a
mixing parameter 0 < ¢ < 1 for the proportion of the marginal variance
explained by the spatial structured effect. Therefore, ¢ = 0 will indicate only
the effect of the unstructured component, and only a spatially structured
model when ¢ = 1.

2.2.2 (Geostatistical data

Geostatistical or point-referenced data are observations of a continuous spa-
tial process that varies within a fixed domain. This spatial process is referred
to as a Gaussian field (GF) if the vector u(s) in the locations s follows a
multivariate Normal distribution with mean g and spatially structured co-
variance matrix 3. The covariance matrix 3 is determined by a covariance
function C as ¥;; = Cov(u(s;),u(s;)) = C(u(s;),u(s;)), which represents
the dependence between the random variables at two points s;, s;.

This random process is usually assumed to be weakly stationary, re-
ferred to as second-order stationarity, which requires that the process has a
constant mean, i.e, pu(s;) = p for each location 4, and that the covariances
depend only on the differences between locations, i.e., Cov(u(s;),u(s;)) =
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C(s;—s;). Moreover, it is usual to assume that the process is isotropic, this
implies that the covariance function depends only on the Euclidean distance
between the locations ||s; — s;|, and not on the direction.

Several covariance functions have been proposed when the process is
stationary and isotropic (Banerjee et al., 2004). One of the most widely
used in many fields is the Matérn covariance function due to its flexibility
(Guttorp and Gneiting, 2006). The Matérn covariance function for two
locations s; and s; at Euclidean distance ||s; — s;|| is defined as:

2

g
C(si,85) = 2100

(kllsi = s5[1)" Ko (k| si — s5]), (2.5)
where o2 is the marginal variance of the spatial field, I' is the Gamma
function and K, is the modified Bessel function of second kind and order
v > 0, which is the smoothness parameter, where for v = 1/2 the Matérn
covariance function is equivalent to the exponential covariance function. « is
a scale parameter related to the range parameter r, the distance at which the
correlation between two locations is approximately zero, where r = /8v /K.

However, the so-called “big n problem” is a recognized disadvantage of
the modeling approach that utilizes the spatial covariance function, which
arises from the computational costs required for performing algebra oper-
ations with dense covariance matrices (Banerjee et al., 2004). Specifically,
dense matrix operations scale cubically with the size of the matrix, which
is determined by the number of locations. Consequently, as the number of
locations increases, these operations become computationally expensive. To
address this issue, a computationally effective alternative is the stochastic
partial differential equation (SPDE) approach proposed by Lindgren et al.
(2011), which is introduced in section 2.4.

2.3 The Bayesian framework and INLA

Bayesian inference has experienced a resurgence in recent years due to com-
putational advances, being a tool that allows to deal with simple models
up to the incorporation of very complex structures. The Bayesian approach
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involves treating both the observed data and parameters as random vari-
ables, where uncertainty is expressed in terms of probability distributions.
An advantage of Bayesian models is that, in addition to the information
provided by the data, they allow the incorporation of additional or “prior”
information about the parameter* (Clark and Gelfand, 2006). such as knowl-
edge from experts or previous studies. This can be especially useful when
the information provided by the data is scarce and expert knowledge or
information from previous studies is available, as well as to update the
model based on new sources of information. Furthermore, the hierarchical
structure of this approach makes it possible to combine data from multiple
sources (Banerjee et al., 2004).

In the Bayesian paradigm, parameters are random variables whose ran-
domness accounts for the uncertainty about them. The probability distri-
bution, i.e, likelihood, p(y|x) comes from the observations y = (y1, ..., yn)
given a vector of unknown parameters . The inference on x is based on
the posterior distribution through Bayes’ theorem as:

p(y,x) p(y|z)p(z)

) =20 T Trlylop@)de’

where the denominator [ p(y|x)p(x)dz defines the marginal distribution of
the data y. Since it does not dependent on @, it can be fixed as a constant in
the posterior distribution of the parameters. Thus, the posterior distribution
is often expressed as:

p(zly) < p(y|x)p(x).

To interpret the results on the posterior distribution of the parameters,
it is usually summarized by different statistics, such as the posterior mean,
median, or mode, which are point estimates. In addition, posterior distribu-
tions can also be summarized by intervals instead of point estimates, which
in the Bayesian context are called credible intervals and represent the prob-
ability that the parameter lies within that interval. This allows to make
probabilistic statements and to account for the underlying uncertainty.

Structures such as spatial autocorrelation can be taken into account in
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a regression model by incorporating random effects that capture the in-
herent spatial dependence of the data. The Bayesian approach using a
hierarchical structure is very convenient for the incorporation of spatial or
spatio-temporal effects correlated by hierarchical specification of prior dis-
tributions. The first state or level of this structure is given by the likelihood
of the data p(y|x,61), where the observed data y are conditional on the
parameters & and hyperparameters 67; in the second state the parame-
ters are modeled through a prior probability distribution p(x|62), where
0 = (01,02) is a vector of hyperparameters; and a third state defines the
prior distributions of the hyperparameters, i.e., hyperpriors, p(8).

The main interest is to obtain p(x|y), however this usually involves mul-
tidimensional integration, which makes it a complex process. Markov chain
Monte Carlo (MCMC) methods have traditionally been used to solve this
issue. Moreover, the software developed for these methods, like WinBUGS
(Lunn et al., 2000), JAGS (Plummer, 2003), Stan (Carpenter et al., 2017),
BayesX (Umlauf et al., 2015) or NIMBLE (de Valpine et al., 2017), have made
their use easier and have had a great impact in several fields. These compu-
tational methods are a class of sampling methods rely on produce samples
from a Markov chain, whose stationary distribution is the same as the poste-
rior. Although they enable Bayesian inference for complex models, they can
be computationally demanding and may involve convergence issues (Clark

and Gelfand, 2006).

The integrated nested Laplace approximation (INLA) (Rue et al., 2009)
is a computationally less expensive alternative to the above. A large variety
of models are available for implementation through the R package R-INLA
(www.r-inla.org). The INLA methodology and its application with differ-
ent kind of models are described in detail in the literature, some of these
works are presented among others by Blangiardo and Cameletti (2015), Rue
et al. (2017), Bakka et al. (2018), Krainski et al. (2019) and Gdémez-Rubio
(2020).


www.r-inla.org
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2.3.1 The integrated nested Laplace approximation (INLA)

The INLA methodology is designed to perform Bayesian inference with la-
tent Gaussian models (LGM), which comprise a wide range of commonly
used models. These models have the general form of a linear additive model,
where the mean p; of the n observations y = (y1, ..., yn) is linked to a struc-
tured additive prediction n; through a convenient link function g(u;) = n;,
which includes fixed effects and random effects:

ng nf
mi=Po+ Y Bizji+ > fE(up) e i=1,..n,
Jj=1 k=1

where 3y is the intercept, §;, j = 1,...,ng the coefficients of covariates z,
%) are unknown functions for n ¢ random effects of the covariates u, which
can be defined to model, for example, spatial or spatio-temporal depen-
dence, and ¢; is an error term. This general model can be represented by a
hierarchical structure with the following components:

Likelihood: yile, 01 ~ p(yilzi, 61),i=1,...,n,
Latent Gaussian field: x|02 ~ N(1(02),Q71(62)),
Hyperpriors: 0 = (61,02) ~ p(0),

where the observations y depend on the latent field & and on a vector of
hyperparameters 61. The vector of latent effects is represented as x =
{m, Bo, B, f}. The distribution of x is assumed to be a Gaussian Markov
random field (GMRF), with zero mean and precision matrix Q(62), where
02 is a vector of hyperparameters, and 6 = (01,02) is the vector of all
hyperparameters.

The computational advantages of INLA are mainly based on three as-
pects: i) it is focused on obtaining the individual posterior marginal distri-
butions p(z;|y) and p(#;|y), instead of estimating the multivariate joint pos-
terior distributions; ii) the models can be expressed as GMRF, which offer
computational advantages due to their properties (Rue and Held, 2005); iii)
the approximation of the marginal distributions of the parameters through
Laplace approximations.
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The posterior marginals of each element x; of the latent field x, and for
hyperparameters ¢;, can be defined as:

p(zily) = / D110, 3)p(6]y)do,

p(6;]y) = / p(6ly)d6_;.

The posterior marginals p(z;|y) and p(6,|y) are approximated by nested
formulation, through analytical approximations to the full conditionals
p(z;]0,y) and p(0|y) and numerical integration. The joint posterior of the
hyperparameters p(8|y) is approximated by the Gaussian approximation of
the full posterior of the latent field pg(x|0,y), evaluated at the posterior
mode x*(0):
p(z,0,y)

POlY) o @i, y)

z=x*(0)

Then, the posterior marginals of x; and 6; is obtained through a numer-
ical integration as:

Plaily) =Y plwilbr, y) x p(6kly) x Ay,
K

where Ap are the weights corresponding to the vector of values 6.

The posterior marginals p(z;|0, y) can be approximated in three different
ways, by a Gaussian, a Laplace or a simplified Laplace approximation (Rue
et al., 2009). The Gaussian approximation is a fast method since the result is
derived from pg (2|0, y), but the results may not be accurate in terms of the
posterior mean location and skewness. The Laplace approximation is more
accurate but can be relatively costly. The simplified Laplace approximation
is considered the most efficient, as it is computationally fast and corrects
for the location and skewness of the Gaussian approximation.
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2.4 Spatial models under INLA methodology

As mentioned above, INLA exploits the computational advantages provided
by GMRFs. When working with areal data, neighborhood-based CAR mod-
els satisfy the Markov property, that is, z; and x; are conditionally indepen-
dent given all the other components x_; ;. Thus, the corresponding element
of the precision matrix @ will be zero if areas ¢ and j are not neighbors, i.e.,
z; L zjlx_; ; <= Q;; = 0. This specification is a GMRF (Rue and Held,
2005), and results in a sparse matrix @, which yields great computational
advantages.

To deal with continuous indexed GF's, Lindgren et al. (2011) proposed
the stochastic partial differential equation (SPDE) approach, which consists
of representing the GF using a discretely indexed spatial random process
(i.e., a GMRF). This approach allows to handle the “big n problem”, as it
reduces the computational cost from a magnitude of order O(n?) to O(n3/?).

2.4.1 SPDE approach

The SPDE approach allows to approximate a continuous spatial process in
a computationally efficient way using a GMRF representation of the GF. In
this approach, a GF u(s) with a Matérn covariance function is a solution to
the SPDE:

(K2 — A)*?(ru(s)) = W(s), seR? (2.6)

where A = Z?:1 (%22 is the Laplacian operator, a controls the smoothness,
T controls the Variaﬁce, and W(s) is a Gaussian spatial white noise process.
This SPDE is related with the parameters to the Matérn covariance func-
tion (equation 2.5) through the smoothness parameter v and the marginal

variance o2 as:

v=a-—d/2, (2.7)

o2 = I'(v)
I'(a)(4m)d/2x2r 72’
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A solution to the SPDE can be obtained using the finite element method
through a basis function representation defined on a triangulation of the spa-
tial domain D, resulting in a mesh. This approximation can be represented

as:

u(s) = > ils)w, (2.8)
k=1

where k = 1, ...,m with m the number of vertices in the triangular mesh, vy,
are the basis functions, and wy, are zero mean Gaussian distributed weights.
Assigning a Gaussian distribution to the joint distribution of the weight
vector, with zero mean and precision matrix @, approximates the solution
u(s) of the SPDE. Further details on this solution can be found at Bakka
et al. (2018) and Krainski et al. (2019).

2.4.2 Non-stationarity

Spatial models will usually consider the spatial process to be stationary (i.e.,
the spatial effect is invariant to the map translation) and isotropic (i.e., the
spatial effect is invariant to the map rotation), that is, the autocorrelation
between two locations only depends on the Euclidean distance. However,
assuming stationarity and isotropy of the spatial process is not always cor-
rect. Several approaches have been proposed to deal with non-stationary
GFs. Sampson and Guttorp (1992) were pioneers in dealing with this issue
using covariance functions based on the spatial deformation approximation.
Since then, different approximations have been proposed. Some of these
proposals include the Bayesian approach based on the method by Samp-
son and Guttorp (1992) (Damian et al., 2001, 2003; Schmidt and O’Hagan,
2003; Schmidt et al., 2011).

Under the SPDE approach presented by Lindgren et al. (2011) detailed in
the previous section, the modeling has been extended to the non-stationary
version (Lindgren et al., 2011; Bolin and Lindgren, 2011). In this approach
the non-stationary model is defined by the spatial variation of the parame-
ters k(s) and 7(s), rewriting the SPDE of equation (2.6) as:

(k(8)? = A)¥2(r(s)u(s)) = W(s), seR>. (2.9)
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A special case of the non-stationary approximation using the SPDE
approach is the barrier model proposed by Bakka et al. (2019). In this
approach the spatial process is interrupted by barriers, hindering the spa-
tial dependence between locations that are at a close Euclidean distance.
The underlying concept lies in approximating the range parameter r of the
Matérn covariance function close to zero (i.e.,  close to co) in the areas
covered by the barriers (referred to as barrier area), and a constant r value
in the remaining spatial domain (referred to as normal area). This method
provides a solution to non-stationary GFs with no increase in the computa-
tional cost and no additional complexity in the implementation compared
to the stationary approach.

For a better interpretation of the SPDE, a reparametrization of equation
(2.6) is proposed, and fixing @ = 2, so that:

r? T
u(s) — V- §Vu(s) = r\/;auW(s), (2.10)

where u(s), s € D C R? is the GF, r is the range, o, is the marginal

standard deviation, V = (a@’ g) and W(s) denotes white noise.
z’ Oy

In this case a system of two SPDEs is introduced, one for the barrier
area and one for the normal area. The correlation in the barrier area is
eliminated through a different Matérn field, with the same o, but r close
to zero. In particular, the barrier GF u(s) is the solution to:

u(s) — V- 7n—Vu(s) = r\/gauW(s), for s € Q,, (2.11)

rd T
u(s) = V-=>Vu(s) = n §UUW(S), for s € Q,

where (,, is the normal area and €}, is the barrier area. r and r, are the
spatial ranges for the normal and barrier areas, respectively.

The resulting fields have very few boundary effects compared to other
approximations, which makes it a useful alternative for many practical sit-
uations (Lindgren et al., 2022).



CHAPTER 3

Spatial Bayesian modeling

for lattice and geostatistical
data

After the background and the required tools have been presented, this chap-
ter presents our first study on the distribution of X. fastidiosa, where the
main objective is to analyze the effects of climatic covariates accounting for
the spatial dependence in two outbreaks in the Mediterranean basin.

3.1 Introduction

The current geographical distribution of X. fastidiosa comprises areas with
different climate types (EFSA, 2019). Although the highest prevalence of
the pathogen occurs in tropical and subtropical climates, it is also found
in regions that are much colder and/or drier. Despite the relatively wide
temperature range where X. fastidiosa develops, it should be noted that its
performance at low temperatures depends largely on the interaction between
the subspecies and the host plant. This would explain the differences in the
geographical range and prevalence of the different X. fastidiosa subspecies
on their associated hosts. For instance, in California, US, the severity of
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almond leaf scorch is much lower than that of Pierce’s disease in grapevines,
although they are caused by the same subspecies of X. fastidiosa (Purcell,
1997). Similarly, in North America, X. fastidiosa subsp. multiplez is present
in areas that are colder than those where X. fastidiosa subsp. fastidiosa is
prevalent (EFSA, 2015). It is not known whether the geographic distribution
of the different X. fastidiosa subspecies is associated with their ability to
thrive at low temperatures, to the distribution and abundance of their host
plants and vectors, or simply because they have not reached their maximum
geographical and/or environmental extent.

In this context, species distribution models (SDMs) can be a useful tool
to study the geographic range of X. fastidiosa given that they link spatial
occurrence data with multivariate environmental data that can be used to
estimate the relationship between the species and its habitat, and subse-
quently predict spatial occurrence in unsampled locations or time-periods
(Martinez-Minaya et al., 2018a). As reviewed in Chapter 1, SDMs have
been used in previous works to describe the relationship between X. fastid-
10sa and climatic factors. However, all these previous studies with SDMs
for X. fastidiosa have two characteristics in common: they used presence-
only data or generated pseudo-absences such as Maxent, and did not include
spatial autocorrelation. Models based on presence-only data may be useful
when absence data are not available (Franklin, 2010). However, without ab-
sence data the accuracy of the models can be overestimated (Brotons et al.,
2004). In addition, they did not explicitly include spatial dependence, which
may lead to an overestimation of the model parameters and thus inaccurate
results (Latimer et al., 2006; Martinez-Minaya et al., 2018b).

In this study, the geographic distribution of X. fastidiosa was analyzed
in two affected regions in Europe: Alicante (Spain) and the province of
Lecce in the Salento peninsula (Apulia, Italy). These two study regions
were selected due to them having different, but relatively simple scenarios
with regard to the prevalent subspecies of X. fastidiosa and the main hosts
affected. In Alicante, only X. fastidiosa subsp. multiplex ST6 was iden-
tified, mainly affecting almonds (Landa et al., 2020). On the other hand,
in Apulia, only X. fastidiosa subsp. pauca ST53 was identified, mainly
affecting olives (Saponari et al., 2013). The presence/absence data of X.
fastidiosa were analyzed in each study region with Bayesian hierarchical
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models, which allowed us to include different spatial dependencies of each
dataset. Furthermore, in Bayesian statistics observations and parameters
are considered as random variables and so their uncertainty can be incor-
porated in a natural way via Bayesian hierarchical models (Banerjee et al.,
2004). Computational advances have made it possible to approximate the
posterior distribution of the parameters involving these complex models
by means of integrated nested Laplace approximation (INLA) (Rue et al.,
2009). The primary scope of this study was to determine the influence of
climatic variables on the geographic distribution of the pathogen, as well
as the spatial relationship between the positive locations in each region.
Results in the form of risk maps will help Plant Health Authorities to opti-
mize the official delimiting surveys for X. fastidiosa as well as to implement
control strategies, such as eradication or containment, as established by the
Decision (EU) 2015/789.

3.2 Materials and methods

3.2.1 Database

As the kind of spatial data gathered defines the final hierarchical spatial
model used, it is necessary to describe in detail the two different databases
available. A georeferenced dataset was provided by the Plant Health Au-
thority (Sanitat Vegetal) of the Generalitat Valenciana, including the results
of the official delimiting surveys for X. fastidiosa in 2017 in the demarcated
area in the province of Alicante, Spain. Surveillance (i.e., inspection and
sampling) in the demarcated area was based on the specifications estab-
lished by Decision (EU) 2015/789, according to which, a visual examination
of the plants specified as susceptible and, in case of suspicion of infection by
the pathogen, the collection of samples and laboratory testing. A total of
3203 samples were considered, 206 of them were positive (i.e., presence) for
X. fastidiosa and 2997 were negative (i.e., absence) based on real-time PCR
(EPPO, 2019b) (Figure 3.1a). Only X. fastidiosa subsp. multiplex ST6 was
detected. Samples were taken from 57 different plant species, but all the
positives were in almond (Prunus dulcis). Nevertheless, all sampled plant
species were included in the analysis as they were considered susceptible to
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X. fastidiosa (EFSA, 2020). The total number of samples was presented ag-
gregated on the 1x1 km spatial grid used by Sanitat Vegetal. Non-sampled
grid cells were removed, since most of them corresponded to mountain peaks
with difficult access and/or the absence of host plants, thus the study area
had an extension of 638 km?2.

Data on the distribution of X. fastidiosa in Apulia (Italy) were obtained
from the official surveillance program conducted by the Plant Health Au-
thority of the Regione Puglia from 2013 to 2018. Due to the different
surveillance strategies each year, only data from the province of Lecce (2766
km?) during the first sampling campaign (from November 2013 to Decem-
ber 2014) were considered for further analysis. Samples were first tested by
enzyme-linked immunosorbent assay (ELISA), all samples yielding positive
reactions were confirmed by a second round of assay using real-time PCR
(EPPO, 2019b). The selected dataset included a total of 4205 samples, 224
of them were positive (i.e., presence) for X. fastidiosa and 3981 were neg-
ative (i.e., absence) (Figure 3.1b). Only X. fastidiosa subsp. pauca ST53
was detected. In this case, data were not presented aggregated on a grid
structure as before. As a result, samples were considered as georeferenced
observations in a continuous space.

FIGURE 3.1: Presence (o) and absence (o) of Xylella fastidiosa. (a) Sam-
pled grid cells (1 km?) in the demarcated area in Alicante, Spain, in 2017;
(b) sampling in the province of Lecce, Italy, during the 2013-2014 cam-

paign.
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Climatic data for the demarcated area in Alicante and the province of
Lecce were obtained from the WorldClim v.2 database with a resolution
of 30” arc sec (Fick and Hijmans, 2017). This database contains monthly
average data of temperature and precipitation from 1970 to 2000 and 19
derived bioclimatic variables. In addition, accumulated degree-days (Tpqse
15 °C) during the vegetative growth period of the main host species in each
region were also considered, i.e., from February to October for almond in
Alicante (Pou, 2004) and from April to October in olive in Lecce (Rallo
and Cuevas, 2017). The UTM coordinate system was used in all the spatial
datasets with the raster package for R software (Hijmans and van Etten,
2012; R Core Team, 2022).

For Alicante, the climatic variables considered relevant by Martinetti
and Soubeyrand (2019) for explaining the presence of X. fastidiosa in areas
of France where subsp. multipler is prevalent were also included in the
analysis. These variables were the average minimum temperature in winter
from December to March (tmin), the average precipitation during the dry
season from July and August (precd) and the solar radiation (srad).

Purcell’s classification, based on the minimum winter temperature
(bio6), was proposed in the USA to estimate the risk of PD (Anas et al.,
2008). This classification consists of four categories: severe (> 4.5 °C), mod-
erate (1.7 to 4.5 °C), occasional (-1.1 to 1.7 °C), and negligible (<-1.1 °C). A
categorical variable considering these four categories based on the minimum
temperature of the coldest month (bio6) in WorldClim v.2 was included in
the analysis in both study regions.

Due to the nature of the climatic variables, high linear correlations were
found among most of them (Appendix A, Figure A.1). In order to minimize
potential problems of multicollinearity, a variable selection was performed
based on the Pearson’s correlation coefficient excluding pairs of variables
with |p| > 0.7 (Dormann et al., 2013). Alternatively, principal component
analysis (PCA) was conducted to reduce the number of variables and ob-
tain new uncorrelated variables. Since the climatic variables had different
metrics, PCA was performed based on the correlation matrix. The corre-
lation of each variable with the principal components (PCs) was expressed
by a rotation with the Varimax method. The variable temperature annual
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range (bio7) was excluded from PCA because it is a linear combination
of the variables maximum temperature of the warmest month (bio5) and
minimum temperature of the coldest month (bio6).

3.2.2 Models

Two different Bayesian hierarchical spatial models were used to analyze
the variation of the presence of X. fastidiosa in the study areas. Bayesian
hierarchical models allow the incorporation of sources of variability and
non-observed uncertainty. Nevertheless, computational methods, such as
Markov chain Monte Carlo (MCMC) and integrated nested Laplace ap-
proximation (INLA) are generally required in order to obtain posterior
distributions of the parameters and hyperparameters. In particular, the
INLA methodology (Rue et al., 2009) is designed for latent Gaussian mod-
els (LGMs), a large class of models including the hierarchical spatial models
used here, and provides accurate results in shorter computing times com-
pared with MCMC (Blangiardo and Cameletti, 2015).

LGMs can also be considered as a particular case of the structured ad-
ditive regression models (STAR), (Fahrmeir et al., 2013), where the mean
of the response variable Y; is linked to a structured predictor that accounts
the various effects in an additive way:

ng nyg
;i :,Bo—i-Zﬁiji—l-Zf(k)(uki)—i—Ei; 1=1,..,n, (3.1)
j=1 k=1

where n; enters the likelihood through a link function, 5y is the intercept of
the model, 3; are the coefficients of covariates z, f (k) define random effects
in terms of the vector of covariates u, and ¢; represents unstructured terms.
The models which we deal with in this work include only fixed effects and in
some cases a structured spatial term. The prior knowledge of the additive
predictor is expressed using Gaussian prior distributions. In this context, all
the latent Gaussian variables can be seen as components of a vector known
as the latent Gaussian field. This class of models have several applications
due to their flexibility and can be fitted using the INLA methodology with
the R package R-INLA.
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In both case studies, logistic regressions were performed. In the case of
Alicante, as we considered the total number of positives of the total number
of samples in each grid cell, the response variable (y;) was assumed to be a
Binomial distribution, i.e., y; ~ Binomial(n;, 7;), where m; is the probability
of a sample being positive in the grid cell ¢, and n; is the total number
of samples in that grid cell. On the other hand, the response variable y;
in Lecce was assumed to follow a Bernoulli distribution where 0 indicates
the absence and 1 the presence of X. fastidiosa at location i, that is, y; ~
Bernoulli(m;), m; being the probability of presence at location i. But as
the samples were not collected in the same way, different structures for the
spatial random effect were employed in each case.

3.2.2.1 Model for Alicante

Data in Alicante come from a sampling carried out in a georeferenced regular
lattice. A common way to deal with the spatial dependence amongst the
grid cells is to consider an intrisic Gaussian Markov random field (GMRF)
model, also known as the Besag model presented by Besag (1974). The main
idea is to construct a model where each random effect u; conditionally to
its neighbor random effects has a Gaussian distribution with a mean equal
to the average of the neighbors and a precision proportional to the number
of neighbors:

1 1
Juiirun N [ =S, —— |, i #) 3.2
Uz’u i Tu N kz < uj’Tuk'i y 7’7&]7 ( )

where 7, is the precision of the random effect and k; the number of neigh-
bors corresponding to the grid cell 4, which has a set of neighbors j # i. As
some grid cells did not have any adjacent ones, the neighborhood relation
was established at a distance of 2.5 km, that is, two grid cells were consid-
ered neighbors if the distance between their centroids was < 2.5 km. Due
to the 1 x 1 km resolution of the data, 2.5 km was the minimum distance
resulting in at least one neighbor for all grid cells. However, this kind of
effect only accounts for similarities between grid cells, and it does not take
into account the individual variability of each grid cell. Then, the Besag,
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York and Mollié model (Besag et al., 1991) was used, simply adding an in-
dependent random effect to the model. In this way, n; = 8o + X8 + u; + v,
where fy is the intercept, B represents the effect of the covariates X, u; is
the spatial effect and v; is the independent random Gaussian effect. Simp-
son et al. (2017) proposed a reparameterisation of this model that allows
an straightforward incorporation of penalized complexity priors (PC-prior)
(Riebler et al., 2016; Simpson et al., 2017) to the model hyperparameters,
including a standardised spatial component u*:

1
where 7 controls the marginal variance of u* and v. In addition, it incor-
porates the mixing parameter 0 < ¢ < 1, which measures the proportion of
variance explained by uw*, so values close to 1 would imply a strong weight
of the spatial component, while ¢ = 0 only that of the independent random
effect.

Consequently, the complete model with covariates, random effects and
all the necessary prior distributions for the parameters and hyperparameters
involved had the following structure:

y; ~ Binomial(n;,m;), i =1,...,638,
. 1 X
logit(m;) = ﬁ0+Xzﬂ+\ﬁ <V1_¢Ui+ ¢U¢>,

P(By) o 1, (3.4)
Bmn ~ Np=0,7=10"%), m=1,...,Ng,

7 ~ PC-prior(0.5/0.31,0.01),
¢ ~ PC-prior(0.5,2/3),

where n; is the total number of samples for each cell ¢; m; is the probability
that a sample taken in cell 7 is positive; B is the vector of coefficients of
covariates X;, to which a non-informative prior has been assigned in the
form of a Normal distribution with mean 0 and precision of 10~3. The scaled
spatial effect u} is specified by an intrinsic conditional autoregressive (ICAR)
distribution, and v; is the independent random effect, where v; ~ N(0,I).
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Following Simpson et al. (2017), a PC-prior for the precision 7 was defined
as P(1/y/7 > 0.5/0.31) = 0.01. On the other hand, a prior distribution
was assigned for the mixing parameter ¢ that assumes that the independent
random effect explaining more variability than the spatial component, where
P(¢ < 0.5) =2/3.

3.2.2.2 Model for Lecce

Another Bayesian hierarchical spatial model, more specifically a Bayesian
geostatistical model, was used to analyze the presence of X. fastidiosa in
Lecce. As mentioned above, this was based on the fact that data were not
presented aggregated on a grid structure as in the other dataset, there-
fore samples were considered as georeferenced observations in a continuous
space. In this case, the spatial dependence is expressed via the spatial effect
u (geostatistical term) that is assumed to follow a multivariate Gaussian dis-
tribution whose covariance matrix o2 H(r) depends on the distance between
locations, and the hyperparameters o2 and r, the variance, and the range of
the spatial effect, respectively. In order to fit and predict using this kind of
model, where an indexed continuous Gaussian field (GF) is included in the
formula, Lindgren et al. (2011) proposed an explicit link between GMRF and
GF with a Matérn covariance structure via a weak solution to a stochastic
partial differential equation (SPDE). With this approximation, the spatial
term is reparametrized as u ~ N (0, Q" '(x, 7)), depending on two different

parameters, x and 7. More precisely, the range is approximately r = v/8/x
2 _ 1

U T Amrk272
of using the default parametrization, Krainski et al. (2019) recommended

and the variance is o (Lindgren et al., 2011). However, instead
using the one which is more intuitive to control the parameters through the
marginal standard deviation and the range.

Lastly, we specified prior distributions for the parameters and hyper-
parameters. In particular, Normal vague priors with mean and precision
were used for the regression coefficients. Following Fuglstad et al. (2019),
PC-priors were used for the range and the standard deviation of the spatial
field.
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Taking all this into account, the final model with covariates, random
effects, and all the necessary prior distributions for the parameters and
hyperparameters involved had the following structure:

y; ~ Bernoulli(m;), i = 1,...,4205,
logit(m) = Xzﬁ‘l—uz,

u ~ N(Oinl(ﬁ U’u))7
ﬁm ~ N(M=0,7'=1073),mzl,...,Nﬁ,

r ~ PC-prior(y,,0.5),
oy ~ PC-prior(1,0.5),

where 7; is the probability of the presence of the pathogen in the location ¢
and 3 is the vector of the coefficients of the covariates X; and u is the spatial
effect. The PC-priors were defined as P(r < p,) = 0.5 and P(o > 1) = 0.5
for the range and standard deviation, respectively, where u, was chosen as
50% of the diameter of the geographic region under study (Fuglstad et al.,
2019).

3.2.3 Model selection

Given the large number of models resulting from all the possible combina-
tions of covariates, model selection was carried out. Pearson’s correlation
coefficients among covariates were previously calculated to assist in variable
selection and minimize potential problems of multicollinearity. If the corre-
lation between two variables was greater than 0.7, one of those covariates
was taken out of the analysis (Dormann et al., 2013). With the resulting
covariates, all possible 2% (where k represents the number of components of
the model: covariates and the random effects) models were evaluated and
the best one was chosen according to information criteria (Heinze et al.,
2018). In this work, we used the Watanabe Akaike information criterion
(WAIC) (Gelman et al., 2014; Watanabe, 2010), which is the sum of two
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components, one quantifying model fit and other evaluating model complex-
ity. The predictive capacity of the models was evaluated by cross validation
using the logarithmic conditional predictive ordinate (LCPO) (Pettit, 1990;
Roos and Held, 2011). Models with the lowest values of WAIC and LCPO
were selected. When several models presented similar information criteria,
the parsimony criterion was applied and models with fewer covariates were
selected.

3.3 Results

3.3.1 Alicante

All the 23 climatic variables included in the analysis showed high linear
correlation (Appendix A, Figure A.la). Nevertheless, annual mean tem-
perature (biol), temperature annual range (bio7), and precipitation of the
wettest month (bio13) had |p| < 0.7. These covariates presented low vari-
ability in the study area, minimum and maximum values of bio! were 10.49
°C and 17.69 °C, respectively. The covariate bio7 varied between 24.70 °C
and 30.93 °C, and bio13 between 46 mm and 67.31 mm. Furthermore, the
distribution of X. fastidiosa in the study area was not coincident with those
covariates (Appendix A, Figure A.2). Despite the relative climatic homo-
geneity, the four categories defined by Purcell based on the minimum winter
temperature were represented in the study area. Nevertheless, X. fastidiosa
was detected in all of them. Moreover, the proportion of positive samples
in the area for each category was similar with 1.78% in the severe category
(> 4.5 °C), 8.28% in the moderate category (1.7 to 4.5 °C), 6.03% in the
occasional category (-1.1 to 1.7 °C), and 2.29% in the negligible category
(<-1.1 °C) (Appendix A, Figure A.2d).

All model combinations (n = 32) with the three selected climatic covari-
ates (biol, bio7 and bio13), Purcell’s categories and the spatial effect were
fitted. The model with the lowest WAIC value was the one including only
the spatial effect, with a WAIC of 617.627 and a LCPO of 1.638 (Appendix
A, Table A.1).
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The posterior distribution of the spatial effect was in the linear scale,
meaning that positive values imply a higher probability of the presence of
X. fastidiosa and negative values were associated with a lower probability,
and it was related to the data according to the neighborhood structure
defined. The posterior mean of the spatial effect took positive values in
areas where there was a high proportion of positives, while negative values
were concentrated where X. fastidiosa was not detected (Figure 3.2a). The
standard deviation of the posterior distribution of the spatial effect varied
between 0.32 and 2.44, with lower uncertainty in areas where the spatial
effect was greater, and the highest values in the isolated cells (Figure 3.2b).
The posterior mean of the mixing parameter ¢ was 0.931, indicating that
most of the variability was explained by the spatial effect (Table 3.1).

TABLE 3.1: Mean, standard deviation (sd), quantiles (@) and mode for
the parameters and hyperparameters (7, ¢) of the best model for the dis-
tribution of Xylella fastidiosa in the demarcated area in Alicante, Spain.

*Parameters and
Mean sd  Qo.025 Qos Qoors Mode

hyperparameters
Bo -3.524 0.173 -3.884 -3.516 -3.208 -3.500
T 0.936 0.264 0.529 0.898  1.557 0.827
10) 0.931 0.063 0.763 0.949 0.996 0.989

*Bo is the intercept, 7 is the precision of the spatial effect and ¢ the mixing parameter.

The mean of the predictive posterior distribution of the response variable
was expressed in terms of probability (0-1), in our case with values ranging
from 0.01 to 0.36. The highest probability of the presence of X. fastidiosa
was in grid cells where the posterior distribution of the spatial effect was
also highest. In grid cells where the pathogen was not detected nor in their
neighboring cells, the probability of presence was close to zero (Figure 3.2c).
The standard deviation of the predictive posterior distribution increased
with the probability of presence, with the highest value of 0.22 (Figure
3.2d).

PCA was performed with the original covariates, resulting in 96.4% ex-
plained variance with the first three PCs (Appendix A, Table A.2). The
covariates mean temperature of coldest quarter (biol1) and precipitation
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seasonality (bio15) had a strong influence on PC1, with positive coefficients
greater than 0.97. PC2 was mainly defined by the precipitation in the
wettest month (bio13), which had a coefficient of 0.94. In PC2, the co-
variates related with temperature had negative coeflicients, whereas other
covariates of precipitation were positive. In PC3, the covariate with the
highest weight (0.97) was the mean diurnal range (bio2). Nevertheless,
when plotting the PCs there was no clear coincidence with the distribution
of X. fastidiosa (Appendix A, Figure A.3). All model combinations were
fitted (n = 32) considering the three PCs, Purcell’s categories and the spa-
tial effect. Again, the model including only the spatial effect was selected
based on WAIC and LCPO values, and it was also found to be the most
parsimonious (Appendix A, Table A.1).
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FIGURE 3.2: Model with the spatial effect. (a) Mean and (b) standard
deviation of the posterior distribution of the spatial effect. (c) Mean and
(d) standard deviation of the posterior predictive distribution of the prob-
ability of Xylella fastidiosa presence in the demarcated area in Alicante,
Spain.
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3.3.2 Province of Lecce

All the 20 climatic variables included in the analysis showed high lin-
ear correlation (Appendix A, Figure A.1b). Among them, annual mean
temperature (biol), mean diurnal range (bi0o2), mean temperature of the
wettest quarter (bio8), mean temperature of the driest quarter (bio9), an-
nual precipitation (bio12), and precipitation of the driest month (bio14)
had |p| < 0.7. Most of the positives were observed in the southwestern area
of Lecce, coinciding with low values of bi02, bi09, bio12 and bio1/, and high
values of biol and bio8 (Appendix A, Figure A.4). Some positives were
observed in the eastern part of the province, where bio8 and biol4 had the
lowest values and bio12 displayed the highest. Climatic variables had low
variability, for instance, with biol ranging from 16.07 °C to 17.23 °C and
bio12 from 506.6 mm to 679.7 mm. With regard to Purcell’s categories based
on minimum winter temperatures, only two (moderate and severe) were rep-
resented in the province of Lecce (Appendix A, Figure A.4g). Hence, this
categorical variable was not further considered in the models.

All model combinations (n = 128) with the selected climatic covariates
(biol, bio2, bio8, bio9, bio12 and biol/), and the spatial effect were fitted.
The model selected was the one including the covariates bio2 and bio8 as
well as the spatial effect. This model was chosen because it was the most
parsimonious of those with the lowest values of WAIC and LCPO, meaning
good model fit and predictive capacity with fewer covariates (Appendix A,
Table A.3).

In the selected model, the posterior mean of the parameters of bi0o2 and
bio8 was negative (Table 3.2). Regarding the spatial effect, positive values
of the mean posterior distribution were associated with a higher probability
of the presence of X. fastidiosa, while negative values were related to a lower
probability. The mean of the posterior distribution of the spatial effect had
higher values and lower variability in the areas where X. fastidiosa was first
detected, on the southwestern coast (Figure 3.3). The posterior predictive
distribution of the response variable showed that the model was strongly
influenced by the spatial effect. Consequently, the probability of the pres-
ence of X. fastidiosa was much higher in the areas around positive findings,
along with higher values of the spatial effect, but practically null in the areas
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farther away from the positives (Figure 3.3). In addition, the standard de-
viation (uncertainty) of the predictive posterior distribution increased with
the probability of presence.

TABLE 3.2: Mean, standard deviation (sd), quantiles (@) and mode for
the parameters and hyperparameters (r, o, ) of the best model for the
distribution of Xylella fastidiosa in Lecce, Italy, based on mean diurnal
range (bio2) and mean temperature of wettest quarter (bio08).

*Parameters and

hyperparameters Mean sd Qo.025 Qo5 Qo.975 Mode
Bo 17.465 11.509 -4.153 17.087 41.300 16.413

bio2 -1.149 0.744 -2.639 -1.144 0.313 -1.133

bio8 -1.216 0.706 -2.727 -1.177 0.064 -1.107

r 5609.527 1112.976 3858.475 5455.545 8202.005 5132.501

Ou 4.837 0.753 3.527 4.778 6.480 4.662

*Bo is the intercept, bio2 and bio8 represent the parameters of the covariates mean
diurnal range and mean temperature of wettest quarter, respectively. r and o, are the

range and variance of the spatial effect, respectively.

The three PCs with climatic covariates explained an accumulated vari-
ance of 87.7% (Appendix A, Table A.2). PC1 was strongly influenced by
two covariates: the mean diurnal range (bio2), with a positive coefficient of
0.96, and minimum temperature of the coldest month (bio6), with a neg-
ative coefficient of -0.96. The precipitation of the wettest month (bio13),
the wettest quarter (bio16), and the coldest quarter (bio19) were the co-
variates that made a greater contribution in PC2, all of them with positive
coefficients higher than 0.95. PC3 was mainly driven by the accumulated
degree-days over 15 °C (ADD), with a coefficient of 0.97. The Ionian coast
in Lecce, where most of the positives were located, showed the lowest values
of PC1, although X. fastidiosa was also found in areas with high values for
PC1. Similarly, the pathogen was detected in areas with both positive and
negative values of PC2 and PC3 (Appendix A, Figure A.5).

All model combinations (n = 16) with the three PCs and the spatial
effect were fitted. The best model based on the WAIC criteria was the
one including the three PCs and the spatial effect. Considering that WAIC
values were virtually equivalent, the model including PC2, PC3 and the
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spatial effect was selected as the best one. Since the estimated parameters
associated with PC2 and PC3 were negative in the model including the
spatial effect (Table 3.3), higher values of these covariates were associated
with a lower probability of the presence of X. fastidiosa. Nevertheless,
the spatial component had the strongest effect on the model. Mean and
standard deviation of the posterior distribution of the spatial effect were
similar to those obtained with the model including climatic covariates, with
higher values and lower variability in areas where the pathogen was detected
(Figure 3.4). The predictive posterior distribution was also similar to that
obtained with the model including climatic covariates. However, due to the
effect of the PCs, in this case the highest probability of the presence of
X. fastidiosa was concentrated on the Ionian coast, and was lower in other
areas of the province. Moreover, the standard deviation (uncertainty) of
the predictive posterior distribution was higher in the areas with a higher
probability.

TABLE 3.3: Mean, standard deviation (sd), quantiles (@) and mode for
the parameters and hyperparameters (r, o,,) of the best model for the
distribution of Xylella fastidiosa in Lecce, Italy, based on the second and
third principal components (PC2 and PC3).

*Parameters and

hyperparameters Mean sd Qo.025 Qos Qo.975 Mode
5o -9.720 1.564 -13.316 -9.530 -7.203 -9.146

PC2 -1.139 0.543 -2.299 -1.110 -0.146 -1.056

PC3 -0.811 0.399 -1.628 -0.799 -0.056 -0.778

r 5609.527 1112.976 3858.475 5455.545 8202.005 5132.501

Ou 4.837 0.753 3.527 4.778 6.480 4.662

* By is the intercept, PC2 and PC3 represent the parameters of the second and third
principal components, respectively. r and o, are the range and variance of the spatial

effect, respectively.
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FIGURE 3.3: Model with the covariates mean diurnal range (bi02), tem-
perature of the wettest quarter (bio8) and the spatial effect. (a) Mean and
(b) standard deviation of the posterior distribution of the spatial effect,
(c) mean, and (d) standard deviation of the posterior predictive distribu-
tion of the probability of Xylella fastidiosa presence in Lecce, Italy.
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FIGURE 3.4: Model with principal components and spatial effect; (a)
mean and (b) standard deviation of the posterior distribution of the spa-
tial effect, (c) mean and (d) standard deviation of the posterior predictive
distribution of the probability of Xylella fastidiosa presence in Lecce, Italy.

3.4 Discussion

The climatic covariates presented low variability in both regions, probably
due to the limited extent of the study areas. Despite this, the four cate-
gories defined by Purcell based on the minimum winter temperature (Anas
et al., 2008) were all represented in Alicante. This was noteworthy, since it
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is not common to find all four categories in the same study area, and made
it possible to infer whether the geographic distribution of the pathogen was
somehow constrained by the low temperatures (Purcell, 1980; Lieth et al.,
2011). Several studies have shown that successful X. fastidiosa infections
(i.e., systemic host colonization) depend on certain factors like the temper-
ature. For example, exposure of infected grapevines to low temperatures
can effectively reduce or eliminate the pathogen, this phenomenon is known
as “cold curing” (Purcell, 1980; Feil and Purcell, 2001). Actually, the cli-
matic variables (temperature, rainfall) have a great influence on shaping the
ecological conditions, which can (i) be more or less favorable for the insect
vectors, in terms of population abundance, seasonal fluctuation, and atti-
tude for dispersal; and (ii) influence the abiotic stresses and consequently
the severity of the symptoms associated with X. fastidiosa infections.

Given the results obtained in Alicante, X. fastidiosa subsp. multiplex
was detected in similar proportions in all Purcell’s categories. This is in
agreement with the known global distribution of this subspecies, which is
present in warm climates, but also in areas characterized by cold winters
such as Canada (Goodwin and Zhang, 1997). This is also in line with the
results of Godefroid et al. (2019), suggesting that the subsp. multiplex may
be more tolerant to cold temperatures. On the contrary, recent studies
found a positive association with minimum winter temperatures in areas
of France where X. fastidiosa subsp. multiplez is prevalent (Martinetti and
Soubeyrand, 2019; Abboud et al., 2019). All this information together would
suggested a greater environmental plasticity of subsp. multipler compared
to subsp. fastidiosa, and thus Purcell’s categories for fastidiosa would not
be applicable to multiplex. Nevertheless, disease severity was not recorded
in the dataset from Alicante, but only the presence/absence of X. fastidiosa.
Our empirical observations in Alicante indicated that no major differences in
almond leaf scorch severity were observed among Purcell’s four categories.
In any case, formal quantification of disease severity in Alicante with a
proper sample size and standard area diagrams would be needed to confirm
this.

In Lecce, only two of Purcell’s categories were represented (i.e., severe
and moderate). Thus, no conclusions could be drawn in relation to the
potential effect of low winter temperatures on the geographic distribution
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of X. fastidiosa subsp. paucae in this region. This subspecies is prevalent
in southern Italy, including the study area in Lecce (Saponari et al., 2018),
and it is widespread in Central and South America (Nunney et al., 2014a;
Haelterman et al., 2015; Coletta-Filho et al., 2016). It was also detected in
Provence-Alpes-Cote d’Azur (France) (DG SANTE, 2020) and the Balearic
Islands (Spain) (EFSA, 2019). The climates in all these regions are char-
acterized by mild winters, suggesting that X. fastidiosa subsp. pauca has a
lower tolerance to cold temperatures. Nevertheless, data from experiments
under controlled conditions are needed to support this hypothesis.

Multicollinearity refers to the non-independence between the covariates,
which can lead to inaccurate estimation of the parameters of the model and
a bias in the statistical inference, thus inducing an incorrect identification of
the relevant covariates in the model (Graham, 2003; Dormann et al., 2013).
Climatic covariates are typically correlated, as was our case. In this study,
two different methods were used to minimize this problem. The first one
was based on the pairwise correlation of the climatic variables, selecting only
those with |p| < 0.7. On the other hand, PCA was performed including all
climatic variables. This is one of the most popular methods to reduce the
number of covariates and avoid multicollinearity (Jolliffe, 2002; Dormann
et al., 2013). Unlike the previous method based on pairwise correlations,
PCA makes it possible to retain all the information provided by the set of
variables through their linear combinations in PCs. Nevertheless, PCA has
the disadvantage that the interpretation of the PCs linking the response
variable and the covariates is not always straightforward. The zone near
the coast in the study area in Alicante was characterized by high values
of PC1 and low values of PC2 and PC3, meaning high values of the mean
temperature of the coldest quarter and the precipitation seasonality, but low
precipitation levels in the wettest month and in the mean diurnal range. In
contrast, the lowest values of PC1 and the highest values of PC2 were located
in a small central zone at a higher altitude, were samples not available. On
the other hand, in Lecce, the lowest values of PC1, meaning low mean
diurnal range and high temperatures in the coldest month, were found on
the Ionian coast, where most of the positive samples were concentrated.

In Alicante, the models showed that climate effects, included as climatic
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covariates or PCs, were not relevant. Therefore, no straightforward rela-
tionships could be established between the distribution of X. fastidiosa and
temperature or precipitation in the study area. As indicated above, this may
be due to the limited extent of the study area and the resulting relatively
low variability of climatic variables. Nevertheless, the greater environmen-
tal plasticity of X. fastidiosa subsp. multipler might have also played a role
(EFSA, 2019). The best model based on the WAIC, LCPO and parsimony
criteria included only the spatial effect. This implies that the areas close to
positive findings of X. fastidiosa are more likely to be infested than those
farther away. Our results also indicate that climatic factors are not likely to
prevent the colonization of neighboring areas by X. fastidiosa. Therefore,
control measures based on the reduction of inoculum and vector populations
should be enforced to limit further disease spread.

Nevertheless, this spatial effect depends on the predefined neighborhood
structure. In the case of Alicante, grid cells with a distance < 2.5 km
between their centroids were considered neighbors. This distance was es-
tablished as being the shortest at which all grid cells with a resolution of
1x1 km had at least one neighbor, considering that non-sampled grid cells
were not considered in the analysis. This might represent a limitation of our
spatial model, which could be improved by increasing the spatial resolution
of the dataset and defining alternative neighborhood structures based on
actual disease spread distances.

The ability of several insect species to transmit X. fastidiosa, like H. vit-
ripennis in southern California (Almeida and Purcell, 2003) or P. spumarius
in Italy (Saponari et al., 2014; Cornara et al., 2017), is well documented.
Daugherty and Almeida (2009) studied the ecology of two vectors of PD,
H. vitripennis and Graphocephala atropunctata (Signoret) (Hemiptera: Ci-
cadellidae), which are prevalent in coastal areas of California. Vector abun-
dance together with the duration of the acquisition and inoculation peri-
ods greatly influenced the transmission efficiency of X. fastidiosa by insect
species. Nevertheless, from a spatial epidemiology perspective, studies pro-
viding data on the actual distances of vector dispersal and disease spread
are needed, especially for those present in Europe for which quantitative
information is rather uncertain.
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The models for the study area in Lecce showed that some climatic co-
variates could be related to the distribution of X. fastidiosa subsp. pauca.
In particular, the mean diurnal range (bi02) and the mean temperature of
the wettest quarter (bio8) were negatively related to the presence of the
pathogen. That is, areas with higher variation in daily temperature and
higher temperatures during the wettest months would have a lower proba-
bility of X. fastidiosa presence. Likewise, effects were observed with PC2
and PC3 in the model with PCA. In PC2, climatic covariates related to pre-
cipitation in the wettest month and the coldest quarter (biol3 and biol9)
made the greatest contribution, while PC3 was mainly defined by the ADD
over 15 °C from April to October. Both PC2 and PC3 had negative coeffi-
cients in the model, indicating a lower probability of presence in areas with
more precipitation in winter and higher temperatures during the vegetative
growth period of the olive tree.

From these results it can be speculated that wet winters and hot summers
in Lecce would be detrimental to vector activity and/or bacterial multiplica-
tion in the host plants. Nevertheless, given the environmental homogeneity
found in the study area, the results of the model in terms of climatic co-
variates were inconclusive. The survey strategy was not uniform across the
study area and most of the positive findings were concentrated around the
first location of X. fastidiosa near Gallipoli (Martelli et al., 2016). Conse-
quently, the heterogeneous distribution of the samples could be confounded
with the climatic covariates.

Previous studies estimated the potential spread of X. fastidiosa in Eu-
rope, in order to implement control strategies and assess potential impacts.
These studies used different methodologies like network analysis (Strona
et al., 2017, 2020), spatially explicit process-based models (White et al.,
2017), compartmental Susceptible-Infected-Removed (SIR) Bayesian models
(Soubeyrand et al., 2018), or a coupled reaction-diffusion-absorption model,
considering the spread via insects and transportation of plants (Abboud
et al., 2019). Nevertheless, uncertainties on the actual vector dispersal and
disease spread distances in Furope as well as on the human-assisted dis-
persal component limit the predictive capacity of the models. In our case,
X. fastidiosa datasets from Alicante and Lecce were analyzed with different
methodologies because they were actually two different types of spatial data.
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In Alicante, the georeferenced samples were presented on a discrete space
(lattice data), so that the spacial dependence was incorporated through an
ICAR structure, which is a particular case of GMRF. In this way, the Be-
sag, York and Mollié model was implemented (Besag et al., 1991) using
the reparameterisation proposed by Simpson et al. (2017), which includes a
standardised spatial effect. In the case of Lecce, locations were considered
in a continuous space (geostatistical data), so the stochastic partial differ-
ential equation (SPDE) was used (Lindgren et al., 2011), where the GF is
represented through Matérn covariance as GMRF, in order to use the INLA
methodology.

The effect of spatial relationships in SDMs cannot be ignored, as is
clearly illustrated by our study, where the spatial effect explained virtually
all the variability found in the distribution of X. fastidiosa in both regions.
Therefore, in our particular case studies, models which did not consider
spatial autocorrelation could result in erroneous relationships between some
covariates and the presence/absence of the pathogen. The use of Bayesian
hierarchical models allowed a straightforward incorporation of the spatial
effect, which would indeed be challenging from a frequentist approach. This
methodology allowed sources of variability and unobserved uncertainty to
be incorporated in a convenient way. Furthermore, INLA has proven to
be a computationally efficient methodology to implement complex Bayesian
hierarchical models including spatial autocorrelation.

In both study areas, the spatial component had a strong effect in the
models regardless of the climatic variables. This substantial contribution
of the spatial effect in the models might indicate that the current extent
of X. fastidiosa in the study regions had arisen from a single outbreak in
each zone or several nearby outbreaks that coalesced. Nevertheless, actual
disease spread rates based on time-series data would be needed to confirm
this hypothesis. In the case of Lecce, data were indeed available from 2013
to 2018, but with different surveillance strategies in each campaign, to com-
ply with the updates of Decision (EU) 2015/789. This temporal and spatial
heterogeneity in surveillance constrained the information that can be de-
rived from the dataset, and only data from the first campaign and related
to one province met the requirements to be used in model fitting. From an
epidemiological modeling perspective, a recommendation for risk managers
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would be to perform additional surveillance programs, complementary to
those established by Decision (EU) 2015/789, to gather more informative
epidemiological data and draw sound conclusions on the spatio-temporal
scale of disease spread. Finally, the spatial models developed here may as-
sist risk managers in designing more efficient surveillance strategies, where
inspection and sampling efforts would be adjusted considering the probabil-
ity of X. fastidiosa presence.

The study presented in this Chapter has been published in the
following paper:

e Cendoya, M., Martinez-Minaya, J., Dalmau, V., Ferrer, A.,
Saponari, M., Conesa, D., Lopez-Quilez, A., and Vicent, A.
(2020). Spatial Bayesian modeling applied to the surveys
of Xylella fastidiosa in Alicante (Spain) and Apulia (Italy).
Frontiers in Plant Science, 11:1204.

Data and code are available at: https://bitbucket.org/mcendoya/
xylella_alicante_lecce.


https://bitbucket.org/mcendoya/xylella_alicante_lecce
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CHAPTER 4

Non-stationary approach
with dispersal barriers

The updating of information on the distribution of X. fastidiosa in Alicante
through official surveys enabled further research, which led to the establish-
ment of new objectives. Thus, the incorporation of different structures that
may prevent the pathogen dispersal and the analysis of their effect on the
spatial distribution were considered. This chapter is devoted to present the
non-stationary modeling approached for the inclusion of these structures,
referred to as barriers.

4.1 Introduction

An often overlooked problem in the analysis of spatial data is 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. However, 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

51
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area. To address this issue, Bakka et al. (2019) introduced an approach that
makes it possible to deal with non-stationary spatial processes where, as in
our study, stationary also includes isotropy for convenience. This approach
has been applied in marine species distribution studies, where the coastline
was implemented as a physical barrier (Bakka et al., 2019; Martinez-Minaya
et al., 2019).

Barriers are an intrinsic part of the principles of plant disease control, i.e.,
exclusion, eradication, protection and resistance (Maloy, 1993). Exclusion
strategies aim to prevent the pathogens from entering new areas. Barriers
in the form of prohibitions restricting the import of plants, interceptions
through border inspections and subsequent elimination of the pathogen are
enforced by legal provisions worldwide. In the case of X. fastidiosa, the
Commission Implementing 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 Im-
plementing Regulation (EU) 2020/1201, demarcated areas consisting of an
infected (i.e., infested) zone surrounded by a buffer zone should be estab-
lished for X. fastidiosa. Eradication measures should then be implemented
to ensure the removal of the infected plants and control of vector popula-
tions. 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 (Daugherty and Almeida, 2009; Blua
et al., 2005). Resistant cultivars, either alone or in mixtures, limit the in-
fection and multiplication of plant pathogens, acting as a barrier for the
onset of disease epidemics. In this regard, recent advances have been made
to obtain grapevine and olive cultivars that are resistant to X. fastidiosa
(Krivanek et al., 2006; Giampetruzzi et al., 2016).
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All these examples described above illustrate to what extent the pres-
ence of barriers and their resulting non-stationarity can shape the spatial
dimension of plant disease epidemics. Nevertheless, apart from perform-
ing separate directional spatial autocorrelation analyses to study whether a
process is isotropic (Madden et al., 2007), the issue of non-stationarity has
been scarcely explored in the context of plant disease epidemiology.

Our study focuses on the demarcated area for X. fastidiosa in Alicante,
Spain (Appendix B, Figure B.1). Despite its relatively small extension, the
study area of Alicante presents a great orographic diversity, from the sea
level to mountain ranges rising to an altitude of above 1,500 m. This partic-
ular geographic setting must be taken into account to model the occurrence
of X. fastidiosa, since it can affect the presence of host plants and also af-
fect the behavior of the vectors, thus violating the stationarity and isotropy
assumptions. In addition to these geographic barriers, the control measures
for X. fastidiosa established by the EU legislation are aimed at limiting the
spread of the disease, which also represents a potential dispersal barrier to
be considered.

The aim of this study is to describe how overlooking non-stationarity
in spatial models in the presence of dispersal barriers would provide mis-
leading results when predicting plant pathogen distributions. In particular,
the occurrence of X. fastidiosa in Alicante was analyzed with four spatial
modeling scenarios, three of them including hypothetical dispersal barriers.
With more realistic predictions of pathogen distributions, more targeted in-
terventions can be implemented to reduce further disease spread, minimize
the associated impacts and optimize disease management.

4.2 Methods

4.2.1 Database

The georeferenced data from the official surveys carried out for X. fastid-
10sa in Alicante, Spain, in 2018 were provided by the plant health author-
ity (Sanitat Vegetal, Generalitat Valenciana). This database contained the
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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 (EPPO, 2019b), as well as the UTM 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 col-
lected during that period, all of them resulting negative for X. fastidiosa.
In order to avoid biases in the estimation due to this large number of neg-
ative samples from non-host 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: Prunus dulcis, P. armeniaca, P.
domestica, Calicotome spinosa, Rhamnus alaternus, Phagnalon sazatile, He-
lichrysum italicum, Polygala myrtifolia, Rosmarinus officinalis and Laurus
nobilis. The dataset consisted of a total of 4,205 samples, 1,151 were posi-
tive and 3,054 were negative for X. fastidiosa, distributed in the demarcated
area of Alicante with an extension of approximately 1,346 km? (GVA, 2019)
(Appendix B, Figure B.1).

4.2.2 Geostatistical model

The observations of our georeferenced database of X. fastidiosa in Alicante
were considered as geostatistical data, since they were made at continu-
ous locations within a defined spatial domain. One of the characteristics of
geostatistical models is that the main objective is to enable prediction in un-
sampled points within the study region (Cressie, 1993). A point-referenced
spatial hierarchical model (Diggle et al., 1998) was used to fit the geostatisti-
cal data, while inference and prediction were performed within the Bayesian
paradigm. As posterior distributions of the parameters and hyperparame-
ters, along with the posterior predictive distributions of the predicted values
in unobserved 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 distribution of the probability of X.
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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. Firstly, a probability distribution must be identified for the
observations available at the spatial locations. In this case, it was assumed
that y;, the occurrence of X. fastidiosa at location ¢, follows a Bernoulli dis-
tribution (1 indicating presence and 0 absence), that is, y; ~ Bernoulli(m;),
where m; represents the probability of presence at location 7. In a second
step, this probability of presence 7; 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 > depends on two hyperparameters: the vari-
ance o2 of the spatial effect and the spatial range r, i.e., the distance from
which two observations can be considered independent with a spatial corre-
lation close to 0.1 (Blangiardo and Cameletti, 2015). Finally, the third step
consists in assigning the corresponding priors and hyperpriors of the param-
eters and hyperparameters of the model. Despite its wide acceptance, INLA
cannot be directly applied when dealing with continuously indexed Gaus-
sian fields (GF). The underlying reason is that the cost of factorizing dense
covariance matrices can be computationally demanding. Lindgren et al.
(2011) proposed an alternative approach by using an approximate stochas-
tic weak solution to a Stochastic Partial Differential Equation (SPDE) as
a Gaussian Markov random field (GMRF) approximation to a continuous
GF with Matérn covariance structure. A GMRF is a discretely indexed GF
characterized by a sparse precision matrix @), the factorizing computational
cost of which is of order O(n3/ 2), a large computational improvement com-
pared to the factorization of a dense covariance matrix (of order O™) 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
construction of a mesh (Appendix B, Figure B.2a), which consists in the
triangulation of the study area (Bakka et al., 2018).

Using this approximation, the spatial term is reparameterized as u ~
N(0,Q '(k, 7)), where the parameters x and 7 control the spatial range (r)
and the variance (02). Specifically, r = v/8/k and 02 = m (Lindgren
et al., 2011). However, for a more intuitive interpretation, the spatial effect
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was parameterized in terms of the marginal 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:

y; ~ Bernoulli(m;), i =1,...,n,

logit(m) = o+ u;,
P(Bo) o 1, (4.1)
u ~ N(0,Q '(r,0u)),

r ~ PC-prior(u,,0.5),
o, ~ PC-prior(10,0.01),

where m; is the probability of the presence of X. fastidiosa at location 4, £y
is the intercept, and wu 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 dominating effect of the spatial component
compared to available covariates in the demarcated area (Cendoya et al.,
2020). This model already includes the scarce prior knowledge about pa-
rameters, expressed via a non-informative improper prior for the intercept,
and 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 P(r < p,) = 0.5, where p, was chosen as 50% of the diameter
of the study region, while a PC-prior P(o,, > 10) = 0.01 was defined for the
standard deviation of the spatial effect.

4.2.3 Non-stationarity

The model introduced in the previous subsection assumes stationarity and
isotropy. In order to deal with non-stationarity (i.e., non-stationary and
anisotropic spatial processes), the approach presented by Bakka et al. (2019)
was used. As happens in stationary models, estimating and predicting in
non-stationary models can be rather complicated. In their proposal, Bakka
et al. (2019) approximated them also by means of the SPDE approach using



4. Non-stationary approach with dispersal barriers 57

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 normal area, adapting their terminology.

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

u(s) — V- wu(s) = r\/ZUuW(s), for s € Qy, (4.2)

2
u(s) — V- %’Vu(s) = rb\/zauW(s), for s € O,

where u(s) is the spatial effect, €2, is the normal area and 2, is the barrier

area. 1 and 7, are the spatial ranges for the normal and barrier areas,
g 0
;7 0y
W(s) denotes white noise. Note that in the barrier area the correlation is

respectively. o, is the marginal standard deviation, V = ( ) and
eliminated by introducing a different Matérn field, with the same standard
deviation, but with a spatial range close to zero.

4.2.4 Models

To analyze the effect of including barriers on the occurrence of X. fastidiosa
in the study area, the following models were performed and compared:

i) Stationary model. Model in which both stationarity and isotropy
are assumed, without any barrier. This model represents a scenario with-
out any disease control interventions or geographical features potentially
affecting the spread of the pathogen (Figure 4.1a).

ii) Mountain barrier model. Non-stationary model with barriers de-
fined by the areas over 1,065 m. In absence of data on the maximum alti-
tude 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 interventions but with geographical features impeding the
spread of the pathogen (Figure 4.1b).
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iii) Continuous barrier model. Non-stationary model with a con-
tinuous barrier surrounding the infested area. This barrier consisted of a
perimeter band 1,000 m wide, 500 m away from the outermost 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 an 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 (Figure 4.1c).

iv) Discontinuous barrier model. The same non-stationary model
described above but with a discontinuous barrier surrounding the infested
area. In this case, breaks of different sizes (1,000-3,200 m) were made in the
perimeter band, facing sampled and non-sampled areas outside the barrier.
This model represents a cordon sanitaire where all host plants were removed,
but measures to impede the spread of X. fastidiosa have been implemented
only in some parts (Figure 4.1d).

In the non-stationary models (ii, iii and iv), following equation (4.2),
(), represented the area occupied by the barriers, i.e., the area above 1,065
m in the mountain barrier model and the area of the cordon sanitaire in
continuous and discontinuous barrier models. €2, 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, 2022).
For each model a mesh was built, specifying in each case the barrier areas
(Appendix B, Figure B.2). In the three non-stationary 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 (Figure
4.1).

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, were obtained by subtracting the
means of their corresponding posterior predictive distributions.


http://www.r-inla.org
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To visualize the spatial correlation between two observations as a func-
tion of distance, the Matérn correlation function was calculated using the
posterior mean of the spatial range obtained in each model, based on the
definition for this hyperparameter r = v/8/k.

1151 Postives
© 3054 Negatives

© 1151 Positives
© 3022 Negatives

o 1151 Positves baaT . o 1151 Positives
o 2736 Negatives pe g o 2736 Negatives

1000m /500 m

FIGURE 4.1: Positive (o) and negative () samples for Xylella fastidiosa
and barriers incorporated in each model (shaded area) in the demarcated
area in Alicante, Spain. (a) Stationary model, without barriers; (b) moun-
tain barrier model; (c) continuous barrier model; and (d) discontinuous
barrier model.

4.3 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 transformation of the intercept, in this case,
the probability of presence given only by the intercept was 0.19 (Figure
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4.2a). The posterior mean of the spatial range was 4,030 m, with a 95%
credible interval (CI) (2,907, 5,564) (Table 4.1). Therefore, we assume that
two observations separated by more than this distance were not spatially

correlated, that is, they are independent.

The posterior mean of the intercept in the mountain barrier, contin-
uous barrier and discontinuous barrier models was -1.61, -1.79 and -1.57,
respectively (Table 4.1). Therefore, in areas where there was no influence
of the spatial effect, through the exponential transformation of these val-
ues, 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 discontinuous barrier model (Figure 4.2).

TABLE 4.1: Mean and 95% credible interval (CI) for the parameter (8p)
and hyperparameters (r and o,) of the models for the distribution of
Xylella fastidiosa in the demarcated area in Alicante, Spain.

* Parameters and

Models Mean 95% CI
hyperparameters
Bo “1.68 (-2.21, -1.23)
Stationary T 4030.17  (2907.41, 5563.88)
ou 1.52 (1.28, 1.80)
. Bo -1.61 (-2.09, -1.19)
i/liiliniam r 3860.88  (2918.61, 5212.18)
arte ou 1.43 (1.20, 1.71)
. Bo -1.79 (-2.63, -1.15)
g;’gti:;‘mus r 6141.08  (4206.32, 9042.99)
ou 1.50 (1.20, 1.88)
o Bo 157 (-2.23, -1.04)
E;ifi‘:;tmuous r 5298.90  (3813.16, 7557.78)
ou 1.44 (1.17, 1.78)

*Bo is the intercept, r is the spatial range and o, is the standard deviation of the
spatial effect.

In the mountain barrier model, a posterior mean of the spatial range
of 3,861 m was obtained with a 95% CI (2,919, 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
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(4,296, 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,
7,558) (Table 4.1).
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FIGURE 4.2: 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, b) Stationary model; (c,
d) mountain barrier model; (e, f) continuous barrier model; and (g, h)
discontinuous barrier model.
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The Matérn correlation function was similar in the stationary and moun-
tain barrier models, where the spatial correlation decreases quickly in the
first 4,000 m. In the continuous barrier and discontinuous barrier models,
the spatial correlation as a function of distance had a more gradual decrease
due to the greater spatial range obtained in the estimation (Figure 4.3).

Model
Stationary (r = 4030.17 m)
Mountain barrier (r = 3860.88 m)

1.00-

=== Continuous barrier (r = 6141.08 m)

=== Discontinuous barrier (r = 5298.9 m)

0.75-

Correlation
o
P
3

0.25-

0.00-
0 2500 5000 7500 10000
Distance (m)

FIGURE 4.3: Representation of the Matérn 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).

Given the model described in equation (4.1), the mean of the posterior
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. fastidiosa was higher in the areas
where the positive samples were concentrated, being close to zero in the
areas where negative samples predominated. In the non-sampled areas at
distances from the observations outside the spatial range, and thus without
any influence of the spatial effect, the probability of the presence of X.
fastidiosa only depended on the intercept. Regarding the standard deviation
of the posterior predictive distribution, higher values were obtained in the
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non-sampled areas, while the sampled areas where X. fastidiosa was not
detected showed very low variability (Figure 4.2).

The range of values of the mean and standard deviation of the posterior
predictive distribution was similar in all four models (Figure 4.2). However,
the difference between the mean of the stationary model and the mountain
barrier model was negative in the area around the barrier (Figure 4.4a).
This implies that the probability of X. fastidiosa presence in those areas
was higher in the mountain barrier model than in the stationary model.

In order to help in the interpretation of the comparison of the results of
the stationary model, the continuous barrier model and the discontinuous
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 (Figure
4.2a), while it was 0.29 and 0.36 in the continuous and discontinuous barrier
models, respectively (Figure 4.2¢, g).

The mean of the posterior predictive distribution of the probability 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 pos-
terior predictive distribution of the stationary model and the continuous
barrier model, only positive values were obtained in the external area of
the barrier (Figure 4.4b). This same behavior was also observed, but to a
lesser extent, when the stationary and discontinuous barrier models were
compared (Figure 4.4c). 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 pres-
ence in the external area of the barrier increased through the breaks located
in the north, while no differences were observed in those in the south-west
(Figure 4.4d).

With respect to the mountain barrier model, the continuous and discon-
tinuous barrier models showed a higher probability of X. fastidiosa presence
in the areas adjacent to the barrier (Figure 4.2e, g). This increase in the



64 4.4. Discussion

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 (Figure 4.4b, c).

a)

)

FicURE 4.4: Differences in the mean of the posterior predictive distri-
bution 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) difference between stationary model and
discontinuous barrier model; and (d) difference between discontinuous
barrier model and continuous barrier model.

4.4 Discussion

The occurrence of X. fastidiosa in the demarcated area in Alicante 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 non-stationarity would
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result in misleading 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 situations.
Assuming stationarity and isotropy in this context would give inaccurate
results (Bakka et al., 2019). Non-stationary 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 Alicante. Previous
works indicated that these variables were not relevant in this specific sce-
nario, whereas a strong dominating effect of the spatial component was
observed (Cendoya et al., 2020). Our analysis confirmed the strong spa-
tial 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 to those where it was not detected
(Figure 4.2). These results are in line with other studies highlighting the im-
portance of incorporating the spatial structure in SDMs for plant pathogens
(Meentemeyer et al., 2008).

In contrast to previous studies on marine species (Bakka et al., 2019;
Martinez-Minaya et al., 2019), in the case of X. fastidiosa the overall values
of the posterior predictive distribution of the stationary model were rela-
tively similar to those obtained with the models that incorporated barriers
(Figure 4.2). 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. On the other hand, the results obtained here
somehow 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 distribution
of the probability of X. fastidiosa presence resulting from 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 difference 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
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barrier model than in the stationary model due to the smoothing effect that
occurred when mountains were not considered as barriers (Figure 4.4a).

The dimensions and characteristics of the cordon sanitaire, i.e., contin-
uous or discontinuous perimeter barriers, were based on the spatial range
of approximately 4 km obtained in the stationary model (Table 4.1). To
observe differences when incorporating the perimeter barrier, it should be
situated less than 4 km away from the positive samples. Due to 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 hypothetical 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 barrier was only
determined by the negative samples and the intercept (Figure 4.2¢), result-
ing in a lower probability of the presence of the pathogen compared to the
stationary model (Figure 4.4b). Differences between the discontinuous and
continuous barrier models showed that breaks in the perimeter barrier in
areas with low sampling intensity, due to the greater uncertainty, resulted in
a higher probability of X. fastidiosa presence (Appendix B, Figure B.3b).
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 sta-
tionary model (Figure 4.4c). 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 probability of X. fastidiosa presence (Appendix B, Figure
B.3c).

These results may assist plant health authorities in prioritizing the areas
for the implementation of surveillance and disease control barriers. The
highest priority would therefore be given to non-sampled 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)
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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 current approaches
aiming for a more targeted and risk-based management of emerging plant
pathogens (Parnell et al., 2014; Hyatt-Twynam et al., 2017).

In the context of our study, the spatial aggregation obtained with the
models resulted from the concurrent means of spread of X. fastidiosa acting
during the whole 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 bacterium, respectively. However, the references
quoted in this review do not report data on the prevalence of X. fastidiosa in
vector populations in this region. Official samplings conducted from 2017
to 2019 by the plant health authority in the demarcated area resulted in
prevalences of X. fastidiosa of 0.67% for N. campestris (n = 2,995) and
7.19% for P. spumarius (n = 3,157) (GVA, 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) (MAPA, 2021a). However, the
prevalence values in Alicante are much lower than those described for P.
spumarius in Corsica (>40%) and Apulia (>50%) (Cruaud et al., 2018;
Cornara et al., 2017; 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, transmission efficiency, the time period of the inoculation process and
the infectivity of the vectors (Purcell, 1981). For instance, EFSA (2019)
used expert knowledge elicitation (EKE) to estimate a median acquisition
rate of 12.08% and a transmission efficiency of 13.58% for spittlebug vectors
in olives.

The dispersal capacity of X. fastidiosa vectors in Europe is rather uncer-
tain, and no studies are available for the particular epidemiological 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
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at a distance of more than 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 Piedmont, Italy, resulted in a median dispersal
from the release point of 26 m day~! in an olive grove and 35 m day ! 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). EFSA (2019) conducted EKEs on the uncertainty dis-
tribution 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 km, 0.767 km and 2.204 km, respectively.
Percentiles for the mean distance of disease spread were 1.10 km, 5.18 km
and 12.35 km, this median value being included in the 95% CI of the pos-
terior distribution of the spatial range of our stationary model (Table 4.1).
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 conducted 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 vector 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 pathway for
the entry of X. fastidiosa into new regions EFSA (2019). After the in-
troduction of the pathogen 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 dis-
ease 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 per-
formed in this study resulted in a transmission of about 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,



4. Non-stationary approach with dispersal barriers 69

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 current 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
determine its actual role in the spread of X. fastidiosa. Therefore, the spa-
tial 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 approximately
4 to 6 km (Table 4.1), but to relate this parameter to the actual epidemio-
logical setting in the demarcated area in Alicante, only those from the sta-
tionary 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 to the other models studied. The models
assuming no control interventions presented similar spatial dependence 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, 5,564), whereas for
the mountain barrier it was 3,861 m with a 95% CI (2,919, 5,212) (Table
4.1). 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 determine when the pathogen was first introduced in the area and so
the temporal component is missing. Studies combining dendrochronology
and phylogenetic analysis indicated that the introduction of X. fastidiosa
in Majorca occurred around 1993 (Moralejo et al., 2020). Epidemiological
models dated the introduction of the pathogen in Corsica to around 2001
when hidden infection reservoirs are not considered, and around 1985 when
these non-observable hosts are included in the models (Soubeyrand et al.,
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2018). The rate of movement of the invasion front of X. fastidiosa in Apulia
indicated that the disease spread started in approximately 2008 (Kottelen-
berg 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. fas-
tidiosa 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 Matérn 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 less than
5% for distances longer than 5,698 and 5,459 m, respectively (Figure 4.3).
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 giving being
for X. fastidiosa. Therefore, these distances should be observed to define
the buffer zone where the surveillance activities will be conducted around
the infested area. Originally, the Commission Implementing 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 currently to 2.5 km by the Commission Implementing
Regulation (EU) 2020/1201. Based on our models, these minimum buffer
zone widths do not cover the entire area at risk for X. fastidiosa occur-
rence 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 con-
ducted (GVA, 2020).

It should be noted that the methodological improvement considering the
non-stationarity of the spatial process did not increase the computational
cost or the difficulty of its implementation (Bakka et al., 2019; Martinez-
Minaya et al., 2019). To our knowledge, this study is the first to apply non-
stationary models with barriers in the context of plant health. However,
imposing the condition that barriers are completely impermeable implies
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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 in which it is not
possible for infected vectors or propagating plant material to pass through.
Our discontinuous barrier model partially relaxed this assumption, allowing
the pathogen to spread in some areas but still assuming that parts of the
cordon sanitaire were completely impervious, which is seldom the case for X.
fastidiosa and plant pathogens in general. Building on the present 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.

The study presented in this Chapter has been published in the
following paper:

e Cendoya, M., Hubel, A., Conesa, D., and Vicent, A. (2022).
Modeling the spatial distribution of Xylella fastidiosa: A
nonstationary approach with dispersal barriers. Phytopathol-
ogy, 112(5):1036-1045.

Data and code are available at: https://doi.org/10.5281/zenodo.
4656029
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CHAPTER 5

An individual-based spatial
epidemiological model for
the spread of plant diseases

In the previous chapters we have focused on the spatial distribution of the
pathogen based on data from official surveys conducted so far. With a more
updated view based on information provided by other research works, in
this chapter we address the spatio-temporal perspective by means of a spa-
tially explicit individual-based model for the disease spread under different
settings with the aim to trace the potential progression of the outbreak from
the origin to the current situation.

5.1 Introduction

The development of new statistical methods and computational advances
have made disease modeling a widely used tool to assess risks and predict
the spread of diseases, which is useful in the design of effective strategies for
their control (Keeling and Rohani, 2008; Chen et al., 2014). Mathematical
models have been extensively used to study the epidemiology of diseases in

73
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humans and animals (Keeling and Rohani, 2008), and in plants (Gilligan,
2002; Madden et al., 2007). Compartmental epidemiological models assume
that the population can be divided into different compartments according to
the state of the disease. The simplest model is composed of three compart-
ments dividing the population into three states, i.e., susceptible, infected
and recovered individuals. Compartmental models are often built around
differential equations, which describe the behavior of the disease at the pop-
ulation level (Kermack and McKendrick, 1927). More complex models have
been developed including different compartments, sub-classes of each com-
partment, and even stochastic approximations with discrete time-steps con-
sidering spatial heterogeneity in different ways, as reviewed by Kleczkowski
et al. (2019). Parameter estimation in these models is usually performed,
in the simplest way, using classical techniques. One of these techniques,
known as least squares, consists of obtaining those parameters that min-
imize the distance between the model and the data (Matis and Hartley,
1971; Chowell et al., 2009; Capaldi et al., 2012). However, there are cur-
rently other methodologies that are becoming increasingly important. On
the one hand, a Bayesian framework through Markov chain Monte Carlo
(MCMC) methods (Gibson, 1997; Gibson et al., 2004). On the other hand,
metaheuristic algorithms such as the Genetic Algorithm (GA) and Parti-
cle Swarm Optimization (PSO) (Akman and Schaefer, 2015; Akman et al.,
2018).

A drawback of compartmental models based on differential equations
is that it is not possible to identify the individuals fluctuating between
the compartments. The rate of transmission is then proportional to the
number of susceptible individuals, the proportion of infectious individu-
als and the rate of contacts among individuals (Kermack and McKendrick,
1927; Kleczkowski et al., 2019). An alternative approach consists in using
individual-based models, which make it possible to monitor the state of each
individual and the interactions among them. Nevertheless, the number of
iterations increases substantially with large population sizes and long time
horizons, leading to high computational costs that can limit the implemen-
tation of these models (Keeling and Rohani, 2008).

Modeling spread requires a good knowledge of the spatiotemporal be-
havior of the disease. When including spatial structures in the models, it
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is usually assumed that interactions among individuals, and thus poten-
tial disease transmission, decrease with distance. However, long-distance
spread due to human interventions or other factors cannot be ignored, as
it plays an important role in shaping disease progress. It is also important
to consider the spatial heterogeneity of populations, since host aggregation
and distance from the source of transmission can strongly influence model
outcomes (Keeling and Rohani, 2008).

The spatial component of plant disease spread has been approached
from different methods, such as partial differential equations, distance class
methods, spatial autocorrelation, or metapopulations (Madden et al., 2007;
Meentemeyer et al., 2011). The scale and the type of spatial relationship
in the models is often determined by the availability of data and the com-
putational cost required for their analysis. Using a fine spatial scale can
have a high computational cost, but spatial effects cannot be detected when
aggregating the data at a larger scale. For instance, with lattice (aggre-
gated) data modeling, the neighborhood structure is an approximation of
the real dynamics, thus increasing the speed of the simulations (Keeling and
Rohani, 2008). However, working at a finer scale, i.e., the individual level
of a population, with individuals represented as discrete points in time and
space, allows the spread of the disease to be described more accurately.

The spatiotemporal dynamics of an individual-based model can be de-
scribed through the probability of a susceptible individual becoming in-
fected. This probability is quantified as a function of the surrounding infec-
tious population and the effect of distance between individuals on disease
transmission, which is usually incorporated by different forms of kernels
(e.g., Keeling et al. 2001; Deardon et al. 2010; Meentemeyer et al. 2011;
Hyatt-Twynam et al. 2017). Here, we integrated spatial dependence in the
model by means of a correlation function. Although several functions have
been proposed to handle the spatial effect, the Matérn correlation function
(Matérn, 1986) is widely used in several fields due to its flexibility, since it
encompasses several functions depending on the value of its smoothing pa-
rameter (Stein, 1999; Guttorp and Gneiting, 2006). Despite its advantages,
to date, the Matérn correlation function has not been integrated into spatial
individual-based models for plant disease spread.
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The main objective of this study was to develop a spread model for plant
diseases, i) based on individuals, thus identifying their state at any given
time, ii) considering spatial dependence, and iii) that was computationally
efficient. For this purpose, from the available data, an optimal value for
the disease transmission rate was obtained using the classical structure of
a compartmental model, to which the spatial dependence was also included
through the Matérn correlation function. Then, a spatially explicit algo-
rithm for the disease spread at individial level was designed.

Almond leaf scorch disease (ALSD), caused by X. fastidiosa, was used
as a case study. In particular, disease spread in almond trees in an area of
Alicante was simulated using this individual-based model. The effects of the
parameters on disease spread were evaluated, as well as the different types
and locations of initial disease introduction. A user-friendly tool to visualize
the results was also developed. Spatial individual-level prediction of disease
spread provides a better understanding of the epidemiology, thus allowing
the application of more targeted control measures and the optimization of
resources.

5.2 Epidemiological model

This section describes the proposed framework for modeling plant disease
spread (i.e., spatiotemporal progression), based on the disease status of
each individual and the influence of their spatial dependence. The proposed
methodology is structured into two distinct phases. Firstly, we employ a
compartmental model, considering all individuals at each moment in time.
This model is governed by a parameter-dependent system of differential
equations, determining the transitions of individuals among various states,
which also includes spatial dependence. Should real data be available, the
parameters involved in both phases can be estimated using either classical
deterministic techniques or stochastic methods, thereby acknowledging and
accounting for the inherent uncertainty. Since this model only provides us
with information at the population level, this concept is extended to a model
based on individuals. We conclude the section by presenting an algorithm
to simulate using our proposed model.
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5.2.1 Compartmental model

Based on the structure of the compartmental model, individuals are classi-
fied according to their disease status as susceptible, i.e., non-infected indi-
viduals, or infected. Depending on the disease and the organism affected,
the number of compartments and the transition between them can be highly
variable. Models with more compartments may be closer to reality but also
imply greater complexity in data fitting, require greater availability of infor-
mation, and are more case-specific. Here, following a basic model with the
usual states for most plant diseases, three possible disease states were de-
fined for individuals: susceptible (S), those that are susceptible but are not
infected; asymptomatic infected (I,), those infected and infectious but with-
out visible symptoms; and symptomatic infected (I), those infected and
infectious with visible symptoms. Following the scheme in Figure 5.1, infec-
tion of S individuals comes from both I, and I,. The disease transmission
rate of infectious individuals, i.e., I, and I, is defined by . Since asymp-
tomatic individuals have a lower pathogen concentration (EFSA, 2019), the
transmission rate of I, is reduced by the parameter A. After an asymp-
tomatic period, the transition from I, to I, i.e., the time elapsed for the
symptoms expression, is given by o. The transmission rate and population
size are assumed constant over time.

However, the spatial dependence of individuals and their spatial distri-
bution can influence disease spread. This can be taken into account by incor-
porating any possible spatial dependency between susceptible and infectious
individuals, such as a correlation function implying a distance-dependent de-
crease in disease transmission. In particular, we used the Matérn correlation
function (Matérn, 1986), a very flexible correlation family that generalizes
many of the correlation functions widely used in spatial statistics. For two
locations s; and s;, separated by a Euclidean distance d;; > 0, the Matérn
correlation is:

21—1/
C(d1J> = m(/ﬁdm‘)”fﬂ,(/ﬁdzj), (51)
where K, is the Bessel modified function of the second kind and order
v, which is the smoothness parameter of the function; and k is a scale
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parameter defined by the range parameter r, considered as the distance at
which two locations can be considered spatially uncorrelated. The Matérn
class comprises different special cases with only two parameters, providing
a wide range of forms of correlation functions, including the exponential
correlation function when v = 1/2 (Handcock and Wallis, 1994; Guttorp
and Gneiting, 2006). The literature contains different parameterizations
of the Matérn correlation function which define the scale parameter in a
variety of ways (see Handcock and Wallis 1994; Stein 1999; Diggle et al.
2003). We used the one described by Lindgren et al. (2011), which facilitates
the parameters interpretation, where from the empirically derived definition
r = \/8v/k. Through this relation,  represents the distance at which the
correlation is close to 0.1 for all v.

The flow of individuals from one compartment to another is unidirec-
tional and with no recovery option. Thus, as the number of infected in-
dividuals increases, the number of susceptible individuals decreases, with
no possible return to the susceptible state. Under these assumptions, we
can define a deterministic compartmental model that describes the disease
progression by means of the solution of the following Ordinary Differential
Equations (ODEs):

as

& (b, +bI,)S,
7 ( +0bl,)S
dl,

dl

s — 41,

a 7

The parameter b includes the transmission rate 8 and the spatial depen-
dence as:

b=p 3 Y o (5.3)
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such that Cj; is the spatial correlation between individuals ¢ and j, where
Qg1 is the set of susceptible individuals at time ¢ and {Qy, (1), Qr,+) } the set
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of infectious individuals, asymptomatic and symptomatic, at time ¢. Thus,
b encompasses, together with the transmission rate 3, the mean for the set
of susceptible individuals ¢ of the cumulative spatial correlation for each
individual 7 to the infectious individuals j.

R
Symptomatic
Infected

Asymptomatic

Infection Infected Symptom

expression

Susceptible

FIGURE 5.1: Compartments and dynamics of the epidemiological model.
The solid arrows indicate movement of individuals between states. The
population starts as susceptible (S), after infection goes through an
asymptomatic infected (I,) period and continues with the expression of
symptoms, becoming symptomatic infected (I). The dashed arrows indi-
cate the disease transmission (b) from infectious (I, and I;) to susceptible
individuals, where b is given by the transmission rate and spatial correla-
tion. A is a transmission reduction parameter for I, individuals.

When real data are available, specifically including the number of sus-
ceptible and infected individuals, both symptomatic and asymptomatic, at
different time points, it becomes feasible to estimate the parameters of the
system, A, 3, o, and the parameters of the Matérn correlation function.
From a deterministic perspective, one approach to estimate these parame-
ters is by minimizing the distances between the solution, which relies on the
parameters, and the observed data at each time point (least square method).
In this work, given the limited availability of data and that the main objec-
tive is to simulate the disease spread from the origin, we focus on analyzing
the impact of these parameters on the spread at individual level, where the
system of equations presented is used as a basis for obtaining a reference
value for the transmission rate.
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5.2.2 Spatial individual-based model

The system of ODEs in equation (5.2) provides a simplified representation
of disease progression at the population level. In contrast, individual-based
models allow a more detailed analysis of disease spread, taking into ac-
count individual characteristics, interactions and spatial distribution. In
individual-based models, the infection of a susceptible individual depends
on the force of infection (y;), which incorporates the prevalence of infected
individuals, i.e., the infected proportion of the total population, the trans-
mission rate, and the spatial interaction between individuals (Keeling and
Rohani, 2008). In line with this and with the proposed compartmental
model (equation 5.2), our proposal for the force of infection parameter ;,
for a susceptible individual 7 at the time ¢, includes a dependence on the
surrounding infected individuals through the Matérn correlation C(d;;) for
each pair of individuals 7 and j at a Euclidean distance d;;:

pilt)=A8 > Cldj)+B > Cldu), (5.4)

VSIUNOY ke{Qr 0y}

where j and k represent each of the I, and I; individuals, respectively,
of the infected population at time ¢ (i.e., Qp, ) and Qp )); B > 0 is the
transmission rate of infection; and 0 < A < 1 represents a decrease in the
transmission rate of I, with respect to Is.

Given this force of infection, the probability of a susceptible individual
becoming infected at time ¢ is P;(t) = 1 —exp(—¢;(t)) (Keeling and Rohani,
2008; Deardon et al., 2010).

5.2.3 Simulation algorithm

An algorithm to simulate disease spread based on the previous model was
implemented using the Python programming language (Python Software
Foundation, 2021). The Numba library (Lam et al., 2015) was also used due
to its computational efficiency with high-dimensional data and its ability to
run processes in parallel threads.
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Outbreak

Symptom expression count
SE;, = 1

=

Individuals classification
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Evaluate infected neighbors
I = I, + 1

SEr,, =SEr,, + 1
o = I
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Individuals state (1)

FIGURE 5.2: Diagram of the simulation algorithm. S and I indicate the
susceptible and infected states, respectively, where I differentiates asymp-
tomatic (I,) and symptomatic (Is). Ng, Ny and Ny, are the total number
of individuals in each corresponding state. d is the Euclidean distance and
dmaz 18 the maximum distance to evaluate neighbors. ¢ represents the
force of infection, § is the transmission rate of infection, reduced by the
A parameter for I,. C is the spatial correlation, P is the probability of
infection, and Be(P) denotes a random value of Bernoulli distribution
with probability P. t represents the time and t,,4, the maximum time set
for the simulation. The symptom expression SE counter starts when a
susceptible individual becomes infected (I,,), so that when the given time
for symptom expression (o) is reached, I, becomes I;. The dashed line
squares contain the loops performed by the algorithm.



82 5.3. Case study

As shown in the diagram of the algorithm in Figure 5.2, the landscape,
i.e., the georeferenced locations of the individuals, must first be defined.
The onset of the outbreak is initiated with an initial disease introduction
I, at t = 0. At each time ¢, S individuals are evaluated. For each S;, ¢; is
calculated based on the surrounding infected individuals at a distance less
than de, = 1.5r, taking into account whether they are I, or I, following
equation (5.4). This maximum distance to compute the spatial correlation
allows the algorithm to be optimized, considering that at a distance greater
than r the correlation between two locations is almost zero while capturing
the tail of the correlation function. The infection of individual S; is assessed
by the discretization of the probability of infection P;, through a random
variable X; from a Bernoulli distribution Be(F;), i.e., if X; = 1 individual 4

becomes infected I,, and if X; = 0 individual ¢ does not become infected.

Likewise, for each ¢ the I, individuals are evaluated. For this purpose, a
counter is initialized at ¢ = 1 for the symptom expression of the individuals
in this state. When the given value for the parameter o is reached, individual
i becomes I;. Finally, the result of the state of all individuals for each t is
obtained.

5.3 Case study

This section describes the rationale and the case study selected for the
application of the individual-based spread model. We performed several
simulations with the algorithm to assess disease spread. Simulations were
performed in the study area to compare the disease spread in space and time
under different scenarios, and to evaluate the efficiency of the algorithm with
a large number of individuals. To interactively visualize the results of all
scenarios, a Shiny application (Chang et al., 2021) was developed using R
software (R Core Team, 2022). It is available at https://spatial-ibm.
shinyapps.io/spread_results_app/.
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5.3.1 Study area, population and parameters

The study area covered the X. fastidiosa infested area in Alicante. To
simulate the spread of ALSD at the individual level, the Agricultural Plot
Geographic Information System (SIGPAC) database and the grid used in
the official surveillance program were merged to generate the georeferenced
distribution of almond trees. From SIGPAC, we selected the plots identified
as ‘nut trees’ and ‘nut trees with other associated crops’ (MAPA, 2021b).
The study area was defined to the boundary of the grid cells with samples
from the official surveillance program. As the locations of the trees were
not available in the databases, the georeferenced distribution of almond
trees was generated with a 7x7 m tree row spacing, which is frequent in
the traditional system of almond tree planting (Segura et al., 2018) in the
selected SIGPAC plots. Our study area thus consisted of 282,041 almond
trees (Figure 5.3).
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FIGURE 5.3: (a) Georeferenced distribution of almond trees (green) gen-
erated in the affected area of Alicante. The grid of cells aggregated to 1
km? is represented, where the cell marked in red has been zoomed in (b)
with the corresponding grid of of 1 ha cells used in the simulations, and
the almond trees corresponding to these cells (green).
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The effect of the model parameters (8,  and v) on disease progression
was compared by simulation. 100 I, infected individuals were initially in-
troduced and a 360-month time period was simulated. The disease spread
was also evaluated according to the type of initial introduction. Specifically,
three types of initial introduction were evaluated, referred to hereafter as
random, at 5 foci and at one focus. In the case of random introduction, the
initial 100 I, individuals were randomly assigned, generating a more or less
geographically dispersed distribution of infected individuals over the study
area. For the initial introduction at one focus, an individual was randomly
selected in the study area, defining the center of a circumference with a
radius of 1-km where the remaining the individuals were then randomly se-
lected. The same process was used for the introduction at 5 foci, initially
selecting 5 individuals randomly from the population, and assigning the re-
maining in a radius of 1-km around them so that each focus consisted of 20
individuals I,. In this way, each initial introduction type started with the
same number of [, with the different configurations relative to geographic
location. In all cases, random selection was performed by non-replacement
sampling where all individuals had the same probability of being selected.

Due to the relatively slow progression of the disease (Moralejo et al.,
2020), simulations were performed at monthly time-steps to improve com-
putational efficiency. Although molecular analyses indicate that the first
outbreak of the disease in Alicante was decades ago (Landa et al., 2020;
Moralejo et al., 2020), it was not detected until 2017. Therefore, data for
estimating parameters describing the disease from its origin are scarce. Of-
ficial surveillance data for X. fastidiosa from 2018 to 2021 were used to
compare the prevalence observed with the results of the fitted compart-
mental model in equation (5.2) and obtain a reference value for 3. The
compartmental model was fitted for 30 years with an initial outbreak of
100 individuals I, of the approximate almond tree population in the study
area (282,041 almond trees). Since there was unavailable information on the
asymptomatic period, the parameters related to a reduction in the trans-
mission rate of I, (A) and the rate of transition from asymptomatic to
symptomatic (o = 1/asymptomatic period) were set according to informa-
tion gathered from the literature as A = 0.015 (White et al., 2020) and o
= 1/(8 months) (EFSA, 2019). The spatial dependence introduced in the
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compartmental model was obtained from the spatial correlation through
the Matérn function (equation 5.1), between each susceptible individual,
i.e., negative sampling result, i.e., and each infected individual, i.e., with
positive sampling result. The correlation average C' of the set of individuals
S was used from the accumulated correlations for each individual S follow-
ing equation (5.3). The model was run with 100 values of 5 between 0.001
and 0.1 with C obtained given four values for the range parameter r of the
Matérn correlation function: 250 m, 500 m, 750 m and 1000 m (Table 5.1).
The value of 8 that minimized the sum of the squared error of the infected
individuals (I) predicted by the model and the observations was considered
optimal. The sum of the squared error was given as > ., (I(t;, 3) — I (t:))?,
where n is the total time t evaluated. For this purpose, the proportion of
infected individuals predicted by the model for the last 4 years, i.e., n = 4,
and the proportion of infected individuals accumulated from the samples in
relation to the total number of samples for each year were used. As a result,
the optimal value obtained for 8 was between 0.006 and 0.014 month™!,
with 7 = 1000 m and r = 250 m, respectively (Table 5.1). However, it must
be taken into account that this optimization was only based on the data
available for the last few years.

TABLE 5.1: Average of the spatial correlations C' obtained for the set
of susceptible individuals with each of the values of the range parame-
ter r of the Matérn correlation function, and the corresponding optimal
transmission rate 8 values obtained by by the sum of the squared error of
the surveillance data and values predicted values by the compartmental
model.

r(m) C B (month™!)

250  2.12 0.014
500  3.15 0.01
750 4.19 0.007

1000 5.39 0.006
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5.3.2 Results of disease spread simulations

In the following we present the results obtained when simulating with differ-
ent parameter values and different initial introductions in order to evaluate:
i) the effect of the different parameters on the disease spread, ii) the variabil-
ity depending on the initial introduction, and iii) the intrinsic variability of
the model. Because of the large number of simulations and computational
cost due to the large number of individuals, infection probabilities were
calculated using a grid of 1 ha cells (Figure 5.3). At each time-step, one
individual S per cell was randomly selected and the probability of infection
of this individual was assigned to the other individuals S in the same cell.
To test whether this approach produced biases in the results, we compared
the results obtained with the simulation of disease spread by calculating the
probability of infection of each individual S at each time t.

5.3.2.1 Effects of parameters

Disease spread was simulated with the combination of different values for
the parameters 8, r and v, with initial introduction of the infected individu-
als random, at 5 foci or at one focus. For each of these types of introduction,
the location of the initial infected individuals was fixed at the same loca-
tion. The disease spread simulations were performed with 3 values of 0.005
month™!, 0.015 month™" and 0.03 month~!, thus covering the range of op-
timal values of the transmission rate obtained from the surveillance data of
X. fastidiosa in the study area with the compartmental model. Different
values of the parameters of the Matérn r and v correlation function also
were tested. The values of r used, as for the [ optimization, were 250 m,
500 m, 750 m and 1000 m, representing a reasonable range of values for the
spread distance by insect vectors. The smoothness parameter v was set to
0.5, 1 and 1.5. The transmission rate reduction for I, was set as A = 0.015
and the time to symptom expression at 8 months for all simulations (EFSA,
2019).

The results were similar for the three values of v, regardless of the other
parameters (8 and r) or the type of initial introduction (Figure 5.4). The
slight variations when the initial introduction was aggregated at 5 foci or
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at one focus can be attributed to the intrinsic variability of the simulations.
Therefore, due to the lack of variation concerning this parameter, v = 1 was

fixed in subsequent simulations.
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FI1GURE 5.4: Percentage of susceptible individuals over time for the sim-
ulations with different values of the transmission rate (3), the parameters
of the Matérn correlation function, range (r) and smootheness (r) and
the type of initial introduction (random, 5 foci and one focus).

With the same r and the same type of introduction, few differences were
found when varying 8. With the lowest 3, the percentage of S decreased
moderately slower. Despite this, after 360 months, the results were almost
the same. The only notable difference after this time period were obtained
with the introduction at one focus and r = 750 m, where the percentage of
S was 36.24% higher with the lowest 8 compared to that obtained with the
highest 3, while in all other combinations this difference in the percentage
of S did not exceed 7%.

Simulations with a large r value resulted in a higher infection rate. Nev-
ertheless, the spread of the disease was different depending on the type of
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initial introduction. When the initial introduction was aggregated at one
focus, with low values of r the decrease in the percentage of S individu-
als stabilizes in a relatively short period of time. However, with » = 1000
m it continues to decrease at different rates over time. This behavior was
also observed when the initial introduction was aggregated at 5 foci. With
the two lowest values of r, however, the number of susceptible individuals
continues to decrease slowly without stabilizing, and with » = 1000 m the
fluctuations in the infection rate were less pronounced. These variations
were not observed with the random initial introduction, where the number
of infected individuals almost stabilized at 96 months at about 2 % and 0.6
% of S with r = 750 m and r = 1000 m, respectively, while with the lowest
values of r the disease continued to spread slowly.

Large differences were found depending on the type of initial disease
introduction and on the value of . While in the case of random introduction
the percentage of S fell rapidly in the first few months, the decline was
more gradual when introduction was aggregated, being slower the higher the
aggregation, i.e., when the introduction was at one focus. Disease spread
was limited in all cases by the value of r, so that at the highest value of r,
regardless of 8 or introduction, after 360 months only 0.6 % of S remained.
At r = 750 m, disease spread was rapid with random introduction and
stabilized after a few months at 2 % of S, whereas with both aggregated
introductions the decline continued without appearing to stabilize during
this period. At the two lowest values of r (250 m and 500 m), the percentage
of S practically stabilized in all cases. The higher r and the less aggregated
the introduction, the faster this stabilization point was reached and the lower
the percentage of remaining S, i.e. the disease affected a greater number of
individuals.

5.3.2.2 Variability due to initial introduction

To study the variability due to the type and geographical location of the
initial introduction, 10 simulations were performed for each type of intro-
duction, random and aggregated at 5 foci and at one focus, with each com-
bination of g and r parameter values. In each simulation, the location of
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the initially infected individuals was different, but in accordance with the
type of introduction, choosing the introduction of the I, as described above.

The dynamics of disease spread were similar to those observed previously
in all cases (Figure 5.5). However, while the variability between different
introduction configurations was very low for random introduction, large
differences were observed for aggregated introduction, depending on the
location of the initial foci of infected individuals.
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FIGURE 5.5: Minimum, maximum, interquartile range and median of
the percentage of susceptible individuals over time of the 10 different
geographical locations for each type of initial introduction (random, 5
foci and one focus), with different values of the transmission rate (3) and

range (7).

The difference between the maximum and minimum percentage of S at
360 months ranged from 0.22 to 5.4 with random introduction, this differ-
ence decreasing as r increased, while different values of 5 produced similar
results. With the two types of aggregate introduction and the lower values
of r, the variability gradually increased in the first months and then almost
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stabilized, with the median being closer to the minimum. In the simulations
with one initial focus located in an area at a greater distance than r of the
rest of the individuals, the spread of the disease was practically null.
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FIGURE 5.6: Simulations with which the greatest difference was obtained
depending on the geographic location of initial introduction. (a) and (b)
minimum and maximum number of infected individuals after 360 months,
respectively, with initial introduction at one focus, transmission rate § =
0.015 month~! and range r = 750 m. (c) and (d) minimum and maximum
infected individuals after 360 months, respectively, with initial introduc-
tion at 5 foci, transmission rate 3 = 0.03 month~! and range r = 500 m.

The greatest variability was observed when the introduction was at one
focus, with the largest difference with » = 750 m and 8 = 0.015 month—!,
where , where the percentage of S was 60 % when the initial focus occurred
towards the eastern end and 8 % when the introduction was in the central
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area, leading to a greater disease spread (Figure 5.6a, b). However, with the
same r and (3, this large difference was observed in earlier months, but after
360 months the difference decreased to 14.4 %. The initial introduction at
5 foci had the highest variability in the final percentage of .S with r = 500.
Specifically, with3 = 0.03 month~!, the final percentage of S ranged from
79 to 38 % (Figure 5.6¢, d). In these cases, the random introduction of the
5 foci resulted in two of them being very close together, even so, as shown in
Figure 5.6, the location of the foci and the distance between the individuals
themselves was a determining factor in the progress of the disease. For both
types of aggregate introduction and the higher value of r and 5 0.015 or
0.03 month™!, although differences were observed at the different times, the
difference in the percentage of S at the end was zero.

5.3.2.3 Variability due to intrinsic stochasticity

The intrinsic variability of the stochastic model was observed by running 10
times each combination of 3, r, and the three types of initial introduction.
For each type of introduction, the same configuration of the location of the
initially infected individuals was fixed. Disease dynamics showed the same
behavior as described above, with very little variability observed in the
different simulations for each combination (Figure 5.7). The only notable
differences were those obtained in the last few months with the introduction
at 5 foci, r = 500 m, and 3 = 0.03 month™!, where the difference between
the maximum and minimum percentage of S after 360 months was 19.3 %.
Despite this, the difference between the maximum and minimum of the final
S percentage was between 0 and 5 % with the introduction at 5 foci for the
rest of the combinations. With random introduction, the difference between
the maximum and minimum percentage of S at 360 months ranged from 0
to 1.2 %, converging with the highest r values. With the introduction at
one focus the difference ranged from 0 to 9.6 %, with the largest difference
corresponding to the simulations performed with » = 750 m and 8 = 0.005
month ™.

In order to test whether calculating the probability of infection per 1
ha cell produced a bias in the results, the simulation of disease spread was
performed by calculating the probability of infection for each individual
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S with = 0.03 month™!, r = 1000 m and each of the three types of
introduction. The results obtained with these simulations did not differ
from the approximation, with the percentage of S individuals within the
interval obtained with the previous simulations (Figure 5.7).
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FIGURE 5.7: (a) Minimum, maximum, interquartile range and median of
the percentage of susceptible individuals over time of the 10 simulations
with each combination of the different values of the transmission rate
(8), the range (r) of the Matérn correlation function, and the type of
initial introduction (random, 5 foci or one focus). (b) The dashed line
corresponds to the simulations in which the probability of infection was
calculated for each susceptible individual with B = 0.03 month™! and
r = 1000 m, for each type of initial introduction (random, 5 foci and
one focus), overlapping with the intervals of the 10 simulations obtained
with the same values of the parameters 5 and r, where the probability of
infection was calculated for each 1 ha cell.

Depending on the values of the parameters r and 8 and the type of in-
troduction, for simulations where the probability of infection was calculated
as a function of the 1 ha cell grid, the computation time varied between 53
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s and 609 s, with the slower the disease progression, the longer the compu-
tation time. However, for the simulations where the probability of infection
was calculated for each individual, the computational time varied between
12 min and 36 min.

5.4 Discussion

Epidemiological models are useful tools for the study of diseases, since they
assist in the design and implementation of control strategies to avoid or min-
imize disease spread. Many factors can influence disease progress, including
the environment, human interventions, and means of spread, among others.
Both the complexity of taking all these factors into account and the lack
of suitable data make these models an approximation of reality. Therefore,
model complexity and the factors to be taken into account are often de-
termined by the specific objectives to be achieved. Compartmental models
with differential equations are widely used in the study of disease epidemics,
allowing an overall description of the progression of the disease at the pop-
ulation level. However, these models do not allow identification of relevant
factors in the potential spread of the disease, such as disease status at the
individual level and spatial heterogeneity.

The main objective of this work was to develop a tool for the study
of disease spread at the individual plant level with heterogeneous spatial
distribution. This model can be used as a basis for different applications
including epidemiological surveillance, risk assessment, disease control, and
impact studies. One of the main issues when dealing with models at the
individual level is the high computational cost due to the large number of
iterations. In this study, the algorithm was applied to a simplified and
generalizable model based on three compartments (S, I, and I5) and their
respective interactions, also integrating the spatial dependence. This model
allowed us to simulate the spread of the disease under different conditions
with feasible computational times. The spatial correlation was included
by means of the Matérn correlation function, due to its flexibility and the
interpretability of its parameters, which is widely used in diverse scientific
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disciplines (Guttorp and Gneiting, 2006). Despite this, so far it has not
been integrated in individual-based models in plant disease epidemiology.

When data are available that collect the number of individuals in each
of the disease states at different times, it is feasible to estimate the param-
eters associated with the system. As detailed above, it can be approached
from a deterministic perspective, however, opting for a stochastic or ran-
dom scenario is more advisable due to the presence of measurement errors
in the data and the influence of external factors that can impact the system.
Two main classes of differential equations with uncertainty exist, stochas-
tic differential equations (SDEs) and random differential equations (RDEs).
In the case of SDEs, differential equations are influenced by an irregular
stochastic process. A classic example of an SDE is a differential equation
perturbed by a term dependent on a white noise variable, calculated as the
derivative of the Wiener process or Brownian motion (Oksendal, 2007; Gard,
1988). To solve an SDE, the so-called It6 calculus can be employed, based
on the application of the It6 lemma (Gard, 1988). On the other hand, an
RDE represents a natural generalization of the deterministic counterpart
(Soong, 1973; Strand, 1970). In RDEs, the input parameters are considered
random variables rather than fixed constants, respectively. Random differ-
ential equations constitute a natural generalization of their deterministic
counterpart. Random effects are directly manifested in parameters, which
are considered random variables or stochastic processes, i.e., parameters are
assumed to have regular sample behaviour described by standard probabilis-
tic distributions. By incorporating a stochastic approach and considering
the inherent uncertainty, both SDEs and RDEs offer valuable insights and
flexibility when dealing with real-world models.

In our case, given the limited availability of data, we employed a com-
partmental model, which includes the spatial dependence between individu-
als using the Matérn function, to obtain a reference value for the transmis-
sion rate parameter. Subsequently, based on this and information provided
by the literature, an individual-based model is used for disease spread, where
we compare how the parameters affect the solution of this spatiotemporal
model. If data were available, and as previously indicated, we could have
introduced uncertainty in the system of differential equations, considering
the parameters as random variables. On the other hand, even if data from
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the origin of the introduction are not available, the simulation model used

can provide a retrospective view.

The effects of the model parameters in disease spread were compared
individually by simulating all possible combinations of the selected values.
Due to the lack of suitable temporal data for inference on the 8 parameter,
it was approximated to a reasonable value based on official surveillance data
for X. fastidiosa in the study area. Due to the limitations of obtaining this
parameter, other values around this parameter were also compared by the
simulations. It was found that the r parameter of the Matérn correlation
function as well as the type and location of the initial introduction were
highly influential in the spread of the disease. For the highest values of r,
almost the entire population was infected, regardless of S or the type of
initial introduction. At lower r values, at certain times the spread of the
disease was stopped, even though not all individuals were infected. The time
of this interruption depended on the type of initial disease introduction and
the value of r. The number of infected individuals increased with r, but
the type of initial introduction also had a strong influence on the spread
of the disease. When the initial introduction was random, with » = 250 m
the incidence was even higher than when it was aggregated at a focus with
r = 500 m. These values of the range parameter can be associated with
the distance of natural spread of the disease, i.e. by insect vectors, so it
would be realistic to consider that if the insects have greater flight distance
capacity they can infect more distant trees. Therefore, information on these
could be used for the estimation of this parameter of the Matérn correlation
function.

The variability of disease spread as a function of the type of initial in-
troduction showed the importance of the location of this first introduction,
particularly if it was aggregated. When the infection was initiated at an
isolated location, the surrounding area without trees acted as a barrier to
spread when r was less than the extent of this area where host plants are
not present. On the contrary, in areas with higher population density, i.e.,
without large empty spaces, the infection rate was almost constant and de-
pended on r. While a random introduction such as the one employed is
unlikely to occur, aggregate introductions through the introduction of prop-
agative material may more closely approximate reality.
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Due to its simplicity, this individual-based model can be applied to the
study of the spread of plant diseases caused by other pathogens by adapt-
ing the parameter values. Furthermore, with this basic proposal, the model
could be extended with different disease states or dynamics adapted to each
case study, such as the recovery or death of individuals, entry of new in-
dividuals into the population, elements of disease control, among others.
However, it should be noted that more complexity in the model may imply
a higher computational cost, as well as a larger number of parameters to
estimate if data are available. Moreover, the complexity of the model would
imply that it would be more case-specific and therefore less flexible.

In human disease epidemiology the contact matrix is widely used to in-
clude the spatial relationship between individuals (Mahmood et al., 2021;
Amaral et al., 2023). However, in plant disease epidemiology, different spa-
tial interactions have been associated with plant disease spread, depending
on the host distribution, environmental conditions and the biology of the
pathogen (Madden et al., 2007). The Matérn correlation function in this
model allows the easy integration of diverse spatial relationships between
individuals, thus making it capable of handling a variety of plant disease
epidemics. This spread model can be used to establish areas at risk of dis-
ease, improve epidemiological surveillance, and optimize control strategies.
Identifying the disease status of each individual allows the model to oper-
ate at a fine scale. With this, more realistic disease spread simulations are
obtained and so the efficiency of control strategies can be better assessed.

The study presented in this Chapter has been submitted as:

e Cendoya, M., Navarro-Quiles, A., Lépez-Quilez, A., Vi-
cent, A., and Conesa, D. (2022). An individual-based spa-
tial epidemiological model for the spread of plant diseases.
PREPRINT available at Research Square. https://doi.org/
10.21203/rs.3.rs-2123353/v1

and is under review in an indexed journal.

Data and code are available at doi.org/10.5281/zenodo.7128855.
Results can be viewed at https://spatial-ibm.shinyapps.io/spread_
results_app/.
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CHAPTER 6

Outbreak management plans
for emerging plant diseases

In order to continue with a logical progression of the research, the last
main objective of this Thesis focuses on outbreak management plans. In
this chapter, we use the disease spread model presented in Chapter 5 to
explore the effectiveness and efficiency of different outbreak management
plans, including surveillance and control strategies.

6.1 Introduction

Emerging diseases and pests are an increasing threat to wild and cultivated
plants worldwide. The rates of introduction into new areas has risen over
recent years mainly as a consequence of climate change and the increased
volumes of travel and trade (FAO, 2019, 2021). Annually, 20-40% of the
world’s crop production is lost to plant diseases, at a cost of more than
$220 billion, and to arthropod pests, at a cost of $70 billion (Savary et al.,
2019; FAO, 2019). In a global scenario where food production must increase
to satisfy a growing population (FAO et al., 2019), effective management of
diseases and pests is crucial to ensure food security (Almeida, 2018; Ristaino
et al., 2021).

97
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In response to this situation, plant health has acquired unprecedented
prominence in the policy agenda of the European Union (EU). The EU
modernized the rules on plant health and in 2019 adopted Regulation (EU)
2016/2031 on protective measures against plant pests and pathogens (EU,
2016) (hereinafter “EU Plant Health Law”). This new EU Plant Health Law
addresses the epidemiological surveillance of the EU territory, adjusting the
intensity of the measures according to pest and pathogen categorization and
prioritization (Montanari and Traon, 2017). They are the so-called Union
quarantine “pests”, which are subject to strict phytosanitary measures and
20 of them are classified as priority “pests”, (EU, 2019) with enhanced

requirements.

Despite the implementation of phytosanitary measures for risk reduction
and border controls, new introductions of pests and diseases are likely to
occur. Between 1999 and 2019, a mean of 10 new introductions of diseases
and pests were reported in the EU, with up to 25 new introductions per
year (Rosace et al., 2023). Eradication or containment of new outbreaks is
only feasible in situations where their extent and prevalence are still limited.
Once the pest or disease spreads due to delayed and incomplete detection
of outbreaks, their management is much more costly and often not feasible
(Vaclavik et al., 2010; Brown et al., 2020). In this regard, the EU Plant
Health Law establishes enhanced risk-based surveillance of the EU territory
for early detection of new introductions. Additionally, contingency and
action plans are also foreseen for outbreak management.

Epidemiological surveillance of the territory is targeted to specific lo-
cations and hosts, following a risk-based structured design to provide a
statistical basis for the interpretation of the collected data (Brown et al.,
2020). The European Food and Safety Agency (EFSA) provides scientific
advice to EU Member States in different fields, including epidemiological
surveillance. The EFSA Plant Pest Survey Toolkit (EFSA, 2023) provides
the methodological framework and tools for survey planning, specifically to
prepare and design surveys under a statistical risk-based approach (EFSA,
2020a,b,c,d). Based on these EFSA guidelines, new requirements for en-
hanced statistically-based surveillance have been introduced for quarantine
pests and pathogens in the EU. Detection surveys are conducted to detect
outbreaks in their early stages or to substantiate pest freedom. Delimiting
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surveys are carried out once a new outbreak is detected, to delineate the
infested zone. Monitoring surveys are implemented to quantify the preva-
lence of the pest or pathogen in infested zones (EFSA, 2020a; Brown et al.,
2020; Léazaro et al., 2021).

The epidemiological information on invading diseases is often limited to
the areas of current distribution. Once an outbreak is detected in a new
region, risk managers should design and implement a response plan in the
absence of exhaustive information on the epidemiology of the disease in this
particular area. This lack of knowledge can misguide outbreak response,
leading to ineffective plans when actions are too weak or inefficient ones
when they are too harsh.

Epidemiological models are increasingly used to understand and predict
disease spread as well as to compare different surveillance strategies and
control measures for outbreak management (Gilligan, 2008; Ojiambo et al.,
2017; Parnell et al., 2017; Hyatt-Twynam et al., 2017; Mastin et al., 2020;
Léazaro et al., 2021). These models use different methods to analyze and
simulate the spread of diseases and their impact on host plant populations,
considering factors such as the environment, host characteristics, and disease
spread patterns. Overall, epidemiological models are essential for developing
evidence-based disease management strategies, and thereby reducing the
economic and environmental impacts of plant diseases.

Although outbreak response is mandatory under the EU Plant Health
Law, the performance of outbreak management plans has not been sys-
tematically quantified. Control measures should be applied as soon as an
outbreak is detected, and thus a baseline scenario of disease spread without
control interventions from which to calculate the effectiveness and efficiency
of outbreak management plans is seldom available. Over the last few years,
individual-based models, also called agent-based models, have gained im-
portance for the study of the outbreak management of invading plant dis-
eases (Parnell et al., 2010; Hyatt-Twynam et al., 2017; Mastin et al., 2020).
This type of bottom-up models predict population dynamics by modeling
multiple individual agents that interact with one another and with their
environment (Zhang and DeAngelis, 2020). In the context of plant disease
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epidemiology, individual-based models allow the incorporation of the inter-
actions between individual plant hosts and the pathogen within a spatially
explicit landscape. This approach captures the effects of host heterogeneity
as well as the spatial structure of disease dynamics, which are essential to
design and evaluate outbreak management plans (Cunniffe et al., 2015).

Studies comparing genetic sequences of X. fastidiosa strains from Ali-
cante and elsewhere managed to trace back to the origin of this introduction,
which was likely initiated with infected plant material from California, USA
(Landa et al., 2020). Phylogenetic studies have also suggested an approxi-
mate date of introduction in Alicante as far back as the mid-1990s(Moralejo
et al., 2020).

Starting in 2017, surveys have been conducted in Alicante to delimit the
infested zone and substantiate disease freedom in the surrounding buffer
zone. FEradication measures have been progressively applied over recent
years, including vector control and the removal of host plants in the infested
zone. With a demarcated area of 139,459 ha and 187,400 almond trees al-
ready destroyed (GVA, 2023), this outbreak represents one of the largest
plant disease eradication campaigns ever attempted in Europe. Considering
that the outset of the outbreak has been suggested by molecular epidemiol-
ogy studies (Landa et al., 2020; Moralejo et al., 2020) to have likely occurred
decades ago together with the absence of disease control interventions until
after 2017, this case study offers a unique opportunity for a backcasting ex-
ercise, where the baseline disease dynamics can be simulated and compared
with those with different outbreak management plans.

The main objective of this study was to evaluate the performance of
outbreak management plans for emerging plant diseases through an epi-
demiological approach. Different surveillance and control strategies were
considered according to zoning (i.e., buffer zone and infested zone delimita-
tion), including those established by the X. fastidiosa Regulation. Almond
leaf scorch disease (ALSD) caused by X. fastidiosa in Alicante, mainland
Spain, was selected as a case study. Surveillance was approached following
EFSA (2020a) and EFSA (2020d), comparing the one-step and two-step sur-
vey approaches for the first time in plant health, and also including control
strategies with a different buffer zone size and eradication radius covering
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the minimum values set by the X. fastidiosa Regulation. The effectiveness
and efficiency of different outbreak management plans were evaluated in
relation to a baseline scenario without interventions.

6.2 Methods

6.2.1 Baseline scenario

An epidemiological model was used to simulate the spread of ALSD, caused
by X. fastidiosa subsp. multiplex in the affected area of Alicante, main-
land Spain (hereinafter “study area”) over a period of 360 months (i.e., 30
years), based on the likely outset of the outbreak dated by the molecular
epidemiology studies (Landa et al., 2020; Moralejo et al., 2020) and the ab-
sence of disease control interventions until after 2017. The size and shape
of the study area were set based on the georeferenced data from the official
survey programs implemented from 2017 to 2020. A georeferenced layer
with the size and shape of almond plots was extracted from the Spanish
Geographical Information System of Agricultural Plots (SIGPAC) (MAPA,
2021b) and overlaid onto the study area. The corresponding georeferenced
distribution of individual almond trees within the almond plots was defined
considering a 7 x 7 m tree row spacing (Segura et al., 2018). A total of
282,041 almond trees were allocated on a grid of 8,443 cells of 100 x 100 m
(1 ha) resolution.

The epidemic process of ALSD was simulated starting with 5 introduc-
tion foci, each containing 10 infected trees. Five trees were randomly se-
lected in the study area as the center of each focus. The remaining 9 infected
trees in each focus were randomly allocated within a 1 km radius around the
center. This pattern depicted a hypothetical introduction of infected propa-
gating plant material imported from California (Landa et al., 2020; Moralejo
et al., 2020) and then grafted in a few almond orchards in the study area.
Disease spread from the introduction foci was based on an individual-based
model that accounted for spatial dependence between individual almond
trees (Cendoya et al., 2022b). The same parameterization by Cendoya et al.
(2022b) was used to simulate the baseline scenario of disease spread without
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surveillance or control interventions, referred to hereinafter as the baseline
scenario without interventions. One of the features of most plant diseases,
and in particular of those caused by X. fastidiosa, is the highly variable
asymptomatic period after infection (i.e., incubation period), the duration
of which depends on the characteristics of the host and the pathogen and
their interactions with the environment (EFSA, 2019). Therefore, here indi-
viduals were classified according to their disease status as: susceptible (.5),
i.e., not infected, asymptomatic infected (I,), and symptomatic infected

(Zs)-

The probability of infection P; of a susceptible tree ¢ depended on the
force of infection ¢; at each monthly time-step t defined as:

Pi(t) = 1—exp(—ypi(t)),
pi(t) = > AiBC (dij), (6.1)

NSIURTRUROY:

which was determined by the transmission rate 5 > 0 and the spa-
tial dependence between the susceptible tree ¢ and the infectious trees
J € {91, Q@) where Qp ) and Qj () represent the set of trees I,
and I at time ¢, respectively. This spatial information was included in the
model by means of the Matérn correlation function C(d;;) for two individ-
uals ¢ and j at a Euclidean distance d;;, where the spatial range parameter
r approximates the maximum distance at which two individuals are consid-
ered spatially correlated (Matérn, 1986).

The transition from I, to Iy determining the duration of the asymp-
tomatic period (i.e., time for symptom expression after infection). The
model considered a transmission rate reduction parameter \; related to a
lower infectivity of I, with respect to I, where 0 < A\; < 1. For j € Q)
was defined as a constant. Since symptom expression (i.e., j € Qy,), A; in-
creased each time ¢ until A; =1 (i.e., no transmission rate reduction). This
gradual increase in \; after symptom expression was included in the model
to account for both the variability of the duration of the asymptomatic
period and the increasing amount of inoculum and infectivity over time.
Model parameter specifications and values considered for the disease spread
are summarized in Table 6.1. The probability of infection of each .S; was
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approximated at the cell level to optimize the computation. Thus, at each
time, P; was calculated for a single individual in each 1 ha cell. Given the
probability obtained, infection occurred at an individual level by a random
variable from a Bernoulli distribution Be(P;).

TABLE 6.1: Definition of symbols and values of the disease spread model
parameters (8, A\, SE and r).

Parameter Description Value Units

8 Transmission rate 0.015 month~!

0.015if j € Qla(t)

Aj Transmission rate reduction [0.03,1] if j € Q. 1 -
SE Symptom expression 8 month
r Spatial range 800 m

6.2.2 Outbreak management plans

Outbreak management plans were defined here as the combination of surveil-
lance strategies and control measures in relation to the X. fastidiosa Reg-
ulation. The surveillance strategies include: i) annual detection surveys in
areas where the presence of X. fastidiosa is not known; and ii) surveys upon
the detection of an outbreak, to demarcate the area for eradication by de-
lineating an infested zone around the infected trees surrounded by a buffer
zone where detection surveys are implemented. According to the X. fastid-
10sa Regulation, surveillance strategies should follow the EFSA guidelines
for statistically sound and risk-based surveys (EFSA, 2020a,d). Eradication
measures in the X. fastidiosa Regulation contemplate the removal of all host
plants in the infested zone and control of vector populations in the whole
demarcated area by means of chemical, biological or cultural treatments.

Surveillance strategies

Based on the X. fastidiosa Regulation, the outbreak management plans that
were evaluated considered detection surveys in the non-demarcated area



104 6.2. Methods

and surveys in the buffer zone (Figure 6.1). According to the X. fastidiosa
Regulation, annual surveys (i.e., 12 months survey time) were considered in

all surveillance strategies.

According to EFSA (2020a), representative sample sizes for detection
surveys outside the demarcated area and in the buffer zone were calculated
independently based on the statistical design methodology developed by
Cannon (2002) taking into account the hypergeometric distribution:

(1-(1-CcL)YWNbPPy . (N-L.(N-DP-MS 1))
MS ’

12

n (6.2)
where the sample size (n) depends on the population size (N) and three
interrelated parameters: confidence level (C'L), design prevalence (DP),
and method sensitivity (MS).

The confidence level measures the reliability of the survey procedure
(Montgomery and Runger, 2010) by indicating the statistical confidence that
the pathogen is absent in the survey area, or that its prevalence is lower
than the design prevalence. The design prevalence denotes the minimum
prevalence of the pathogen in an area that the survey would detect given a
confidence level. That is, if there are no detections in a survey, the prevalence
of the pathogen in the survey area should lie between zero and the design
prevalence. The method sensitivity captures the probability of a tree testing
positive for the pathogen given that it is actually infected. This parameter is
determined by the product of the sampling effectiveness (i.e., the probability
of selecting infected plant parts from an infected tree) and the diagnostic
sensitivity of the laboratory test.

Following the EFSA guidelines (EFSA, 2020a,d), one-step and two-step
survey approaches were considered in the detection surveys outside the de-
marcated area and in the buffer zone. These two approaches basically differ
in how the target population is structured in epidemiological units in the
survey area. As defined in the EFSA guidelines (EFSA, 2020a,d), an epi-
demiological unit is the structural unit for which sample size is estimated,
assuming that it is a homogeneous area resulting in similar disease epidemi-
ology. In the one-step survey approach, the non-demarcated area and the



6. Outbreak management plans for emerging plant diseases 105

buffer zone are considered two different epidemiological units. In the two-
step survey approach, the non-demarcated area and the buffer zone are also
considered separately, but divided into a grid of 1 ha cells, each of which
represents a single epidemiological unit.

t+12

t=0 t+12
Detection survey

t+12

Delimitation

Demarcated area fe——

Non-demarcated area

Buffer zone Infested zone

t+12 t+6

Buffer zone survey Eradication

New detections?

t+12

| Update demarcated area “

FIGURE 6.1: Flowchart outlining the surveillance and control actions
addressed in the proposed generic outbreak management plan over time,
with monthly time steps, for a disease that continues to spread within each
time step. The outbreak management plan includes detection surveys,
zoning of demarcated areas: infested and buffer zones, buffer zone survey,
and eradication measures.

One-step survey approach. In the one-step survey approach, sam-
ple sizes (n) were calculated by quantifying N as the number of trees in
either the non-demarcated area or the buffer zone, respectively, following
equation (6.2). The C'L was set according to the X. fastidiosa Regulation,
with CLp = 0.8 for detection surveys outside the demarcated area and
CLpyz = 0.9 for detection surveys in the buffer zone, referred to hereinafter
as C'Ly, 1o In a second setting for the one-step survey approach, C'Lp and
CLpyz were increased to 0.99 for both types of detection surveys, referred to



106 6.2. Methods

hereinafter as C' L1, pign. In all cases, DP was set to 0.01 (X. fastidiosa Reg-
ulation) and M S to 0.8 (Table 6.2). The samples were randomly selected
from the corresponding zone based on the resulting sample size.

Two-step survey approach. In the two-step survey approach, cal-
culations were carried out to determine, first, the number of trees to be
sampled per cell (step 1) and then the number of cells in the grid to be
inspected, both in the non-demarcated area and the buffer zone (step 2)
(EFSA, 2020d). In both steps, the number of samples and the number of
cells were calculated using equation (6.2). In step 1, the sample sizes per
cell (n;) were estimated based on the mean number of trees per cell N;, and
it was updated at each survey time according to the cells selected for the
detection surveys in the non-demarcated area and the buffer zone. Addi-
tionally, the confidence level (C'L;) at this stage was set separately for the
non-demarcated area and the buffer zone, referred to as CLp, and CLpz,,
respectively. DP; was set at 0.01 and M .S; at 0.8.

In step 2, the number of cells to be inspected (n;) was calculated based
on the total number of cells in the grid (/Vy) for the the non-demarcated area
and the buffer zone separately, by assigning the confidence level value set in
step 1 as the method sensitivity value (M Sy, = CL;). Thus, a higher CL;
implies a larger sample size per cell but fewer cells to inspect. D P, was set
at 0.01, and C'L;, was defined considering the minimum values established
by the X. fastidiosa Regulation, CLp, = 0.8 and CLpyz, = 0.9 (referred to
hereinafter as C'Ly, pign) and compared with lower confidence levels, CLp,
= 0.6 and C'Lpy, = 0.7 (referred to hereinafter as C'Ly ;5,) (Table 6.2).

To maintain the balance between n; and ny, CL; (= M Sy) was adjusted
at each survey time based on the mean number of trees per cell (V;) and the
total number of cells (N},) according to the following condition n; < N; and
np < Np. The subsequent specifications were considered to set the value
of these two parameters, denoting min(M Sy) as the M Sy, that guarantees
np < Np and max(CL;) as the CL; at which n; < Nj:
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(MS), = 0.5, if 0.5 € [min(MS},), max(CL;)],

M Sy, = maz(CL;), if 0.5 ¢ [min(MSy), max(CL;)]

and maz(CL;) < 0.5,
CL;

M Sy, = min(MSy,), if 0.5 ¢ [min(MS},), max(CL;)]
and min(MSy) > 0.5,

| max(CL;) and ny, = Ny, if min(MSy) > max(CL;).

If min(MS}y) < max(CL;), only a few cells were available for inspection,
and thus all cells were surveyed (n, = Np,) considering the max(CL;).

After n; and nj; were calculated, the cells to be surveyed were selected
randomly. The selected cells were restricted to those with a total number
of trees equal to or greater than the total number of samples to be surveyed
and survey efforts were estimated as n = n; - np. Thus, once the cells
were selected, n was reallocated proportionally to each cell based on its
population size.

Control measures

Disease control measures for eradication were based on the X. fastidiosa
Regulation, including the control of vector populations in the whole demar-
cated area and the removal of host plants in the infested zone, in our case
6 months after a positive finding. Two buffer zone sizes (BZ = 2.5 km
and BZ = 5 km) and two eradication radii (£ = 50 m and £ = 100 m)
were compared, with the lower values corresponding to the minimum estab-
lished by the X. fastidiosa Regulation. For each combination of BZ and
E, three different transmission rates were applied in the buffer zone (8pz)
to assess their impact on disease spread. This Sgz accounts for the effects
of vector control in the whole demarcated area and inoculum reduction due
to the removal of host plants in the infested zone. Three Sz values were
compared representing different reductions in the transmission rate due to
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vector control and inoculum removal: i) No reduction (8gz = fB); ii) 50%
reduction (Bpz = 0.50); and iii) 90% reduction (Bpz = 0.15).

TABLE 6.2: Parameter setting values of the surveillance strategies. CLp
and C'Lpz denote confidence level for detection and buffer zone surveys,
respectively; M .S is the method sensitivity and DP is the design preva-

lence.
CLp CLpz MS DP
CL1 jow 0.8* 0.9* 0.8 0.01*
One-step
CL1 high 0.99 0.99 0.8 0.01%
- Step 1  Variable Variable 0.8 0.01*
CLZ,low
- Step 2 0.6 0.7 CL from step 1  0.01%
Two-step
- Step 1  Variable Variable 0.8 0.01*
CLQ,high
- Step 2 0.8% 0.9* CL from step 1 0.01*

*Minimum values established by the X. fastidiosa Regulation.

Note that in our case the host plant population in the study area cor-
responds only to almond trees. Following the X. fastidiosa Regulation, all
host plants in the infested zone should be eliminated, so the extent of the
infested zone was defined by the eradication radius. The settings of the dif-
ferent outbreak management plans evaluated in this study are summarized
in Table 6.3.

The simulation algorithm was implemented in Python (Python Software
Foundation, 2021). Due to the variability inherent to the spread and the
outbreak management plans, 50 simulations of the baseline scenario were
performed without interventions as well as with the incorporation of each
outbreak management plan (Table 6.3), all starting from the same initial 5
introduction foci. The results of these simulations were summarized graphi-
cally and numerically using R software (R Core Team, 2022). To compare the
outbreak management plans with each other and with the baseline scenario
without interventions, the simulation with the median number of susceptible
trees at ¢ = 360 months was used as a reference in each case. This reference
simulation is hereafter referred to as the median of the simulations.
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TABLE 6.3: Summary of the outbreak management plan settings that
were evaluated. Surveillance strategies assessed included the comparison
of one-step vs. two-step survey approaches and various confidence level
values, C L. The control measures compared considered two widths for
buffer zones (BZ) and eradication radius (F) and also addressed the im-
pact of vector control measures and inoculum reduction by varying the

transmission rate among individuals within the buffer zone Spz.

One-step Two-step
C1L1,low* CLl,high CLQ,lou) CfL2,high>‘<
Bz = B Bz = B Bz = B Bz = B
E=50m" ppy =053 ppz =058 ppz =058 ppz=058
BZ — 2.5 km* Bz =018 Bpz =018 pBpz =018 ppz =0.108
Bz = B Bz = B Bz = B Bz = B
E=100m ppy =058 PBpz =058 fpz =058 [ppz =058
Bz =018 Bpz =018 pBpz =018 ppz =0.108
Bz =B Bz =B Bz =B Bz =B
E=50m" ppy =053 fpz =058 ppz =058 ppz=058
BZ — 5 km Bz =018 pBpz =018 ppz =018 ppz =0.1p3
Bz =B Bz =B Bz =B Bz =B
E=10m ggy; =058 By =058 pBpz =058 ppz =053
Bpz =018 pBpz =018 ppz =018 ppz =0.1p8

*Minimum values established by the X. fastidiosa Regulation.

Effectiveness and efficiency of outbreak management plans

Outbreak management plans involving different configurations of surveil-

lance strategies and control measures were compared in terms of both effec-

tiveness and efficiency. Effectiveness was defined as the reduction in disease

spread, measured by the percentage reduction in the number of infected

trees with each outbreak management plan (1,,) in relation to the baseline

scenario without interventions (Ip). Thus, for each m outbreak management

plan, effectiveness,, = ((Io—I,,)/1o)-100, where 0% effectiveness means that



110 6.3. Results

I, = Iy, while 100% effectiveness implies the total removal of infected trees
with the outbreak management plan (I,, = 0). Efficiency was measured by
the percentage increase in susceptible trees that were not eradicated with
each outbreak management plan (S,,) in relation to the baseline scenario
without interventions (Sp). Thus, for each m outbreak management plan,
efficiency,,, = ((Sm — S0)/S0) - 100, where 0% efficacy implies that S,, = So,
while 100% efficacy means that S,, = 2 - S.

In addition, inspection intensity (i.e., number of cells to be visited and
inspected per year) and survey effort (i.e., number of samples collected per
year) were calculated for each outbreak management plan.

6.3 Results

6.3.1 Baseline scenario

The disease spread model without interventions was used as the baseline
scenario to compare the different outbreak management plans. The 50 sim-
ulations over 360 months starting from the same initial 5 introduction foci
showed low variability (Appendix C, Figure C.1). As the disease spread over
the study area, these initial 5 foci gradually coalesced and at 360 months
they were no longer distinguishable—only the most distant trees remained
susceptible (Appendix C, Figure C.2). In all simulations the disease spread
quickly during the first months but gradually slowed down over time, par-
ticularly as the percentage of infected trees increased. From the initial
introduction foci, which accounted for 0.02% of the infected trees, 25% of
the population became infected within the first 42-48 months. In all simu-
lations, 50% of the population became infected between months 96 and 102,
and 75% between months 186 and 192. The percentage of infected trees at
t = 360 months ranged from 92.45% to 94.16% and the median percentage
of susceptible trees was 6.73%, ranging from 5.84% to 7.55%.
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6.3.2 Outbreak management plans

The percentage of infected trees at ¢ = 360 months showed little variability
among the 50 simulations in each configuration of the outbreak management
plans, while the percentages of susceptible and eradicated trees were more
variable. The greatest variability was obtained with the two-step survey ap-
proach, with a maximum interquartile range of 19.61% for both susceptible
and eradicated trees (Appendix C, Figure C.3). In general, the results of
these simulations were consistent for all the outbreak management plans,
with reduced variability in the final percentage of susceptible, infected, and
eradicated trees at ¢ = 360 months (Appendix C, Figure C.3). The ac-
cumulated surveillance effort and inspection intensity at ¢ = 360 months
in the simulations for each outbreak management plan showed almost no
variability, indicating the consistency of surveillance strategies despite their
inherent randomness (Appendix C, Figure C.5).

The percentage of infected and susceptible trees in ¢ = 360 months of
the median of the simulations obtained with the different outbreak manage-
ment plans was compared to the median of the simulations of the baseline
scenario without interventions. The percentage of infected and susceptible
trees in ¢ = 360 months of the median of the simulations obtained with
the different outbreak management plans was compared with the median of
the simulations of the baseline scenario without interventions (Figure 6.2).
With the outbreak management plans, the maximum percentage of infected
trees relative to the initial population was 36.44%. This value was obtained
at ¢t = 180 months using the one-step survey approach with CL1 oy, BZ =
2.5 km, £ = 50 m and Bz = 8. The percentage of infected trees at t = 360
months ranged from 0% to 17.79% depending on the surveillance strategy
and control measures. With the one-step survey approach, the percentage
of infected trees was between 1.17% and 17.79% with CL; ;4, and between
0.37% and 7.43% with C'Ly, pign. With the two-step survey approach, the
percentage of infected trees ranged from 0.002% to 5.66% with C'Lg ;4 and
from 0% to 1.67% with CLy pign. These results implied an effectiveness of
an 80.93 - 100% decrease in the percentage of infected trees relative to the
baseline scenario without interventions (Appendix C, Table C.1). Complete
eradication of infected trees, i.e., 100% effectiveness, was only achieved with
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three configurations using the two-step survey approach with C'Ly p;g, and
BZ = 2.5 km. In contrast, the lowest effectiveness was obtained with con-
figurations using the one-step survey approach, with CLy o, BZ = 5 km
and E = 50 m. Furthermore, the highest effectiveness in each surveillance
strategy was obtained with BZ = 2.5 km and £ = 100 m, and the lowest
effectiveness with BZ = 5 km and F = 50 m.
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FIGURE 6.2: Effect of outbreak management plans on the spread of al-
mond leaf scorch disease (ALSD) in the study area: percentage of (a)
susceptible and (b) infected trees relative to the total population over
time for the median of simulations with each outbreak management plan.
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The reduction in the transmission rate in the buffer zone gave rise to the
most notable differences in the percentage of susceptible trees at ¢ = 360
months. With the one-step survey approach, the percentage of susceptible
trees was 6.79 - 8.43% with 8z = 8, 10.93 - 17.15% with Sgz = 0.58, and
36.09 - 41.13% with Sz = 0.18. In all cases, the lowest percentage of sus-
ceptible trees was obtained with C'L; 4, and the maximum with C'L;_pigp.
With the two-step survey approach, the greatest effect on the percentage of
susceptible trees at ¢ = 360 months was also associated with the reduction
in the transmission rate in the buffer zone. However, greater differences
were observed depending on C'L, BZ, and E than with the one-step survey
approach. With Spz = J the percentage of susceptible trees was 7.77 -
19.02% with CLQ7 low and 10.02 - 43.04% with CLhigh~ With Bz = 0.558
the percentage of susceptible trees was 15.70 - 23.89% and 21.09 - 46.95%,
respectively, at CLy joy and CLy pign. With Spz = 0.98 the percentage of
susceptible trees was 42.92 - 48.68% and 46.53 - 54.75% with both C'Ly 4y
and CLy pign, respectively. Overall, the two-step survey approach was more
efficient in terms of percentage increase of susceptible trees that were not
eradicated in relation to the scenario without interventions (Appendix C,
Table C.1). Regardless of the survey approach, reducing the transmission
rate in the buffer zone, as well as the combination of BZ = 2.5 km and
E = 100 m, increased the efficiency of the outbreak management plan. In
contrast, the combination of BZ = 2.5 km and £ = 50 m was the least
efficient across all configurations.

The georeferenced distribution of tree status and surveillance results with
more extreme values of efficiency for the outbreak management plans are
shown in Appendix C, Figure C.7 and C.8. The outbreak management plan
with the lowest efficiency was the one that combined the one-step survey
approach with CLj,,, 2.5 km buffer zone, and 50 m eradication radius
(Appendix C, Figure C.7). With this configuration, the buffer zone covered
practically the entire study area at ¢ = 180 months, and the infested zone
was still widely distributed over the study area at ¢ = 360 month despite
the high number of eradicated trees. The outbreak management plan that
combined the two-step survey approach with CLy;gp, 2.5 km buffer zone
and 100 m eradication radius was the most efficient (Appendix C, Figure
C.7). With this configuration, the buffer zone was substantially reduced
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compared to the previous one, resulting in 40% fewer trees eradicated and

almost all the infected trees eliminated.

The one-step survey approach with C'Ly pign resulted in a reduction in
the percentage of infected trees compared with C'Lq, o, but with a simi-
lar percentage of eradicated trees (Figure 6.3). Likewise, in the two-step
survey approach CLg p;gn resulted in a reduction in the percentage of in-
fected trees, but with a lower percentage of eradicated trees, resulting in a
higher percentage of susceptible trees than with C'La ;,,. With the one-step
survey approach the percentage of eradicated trees was about 91% for the
most effective outbreak management plan with both C'Ly ;4 and CL1 pigh-
The most effective outbreak management plans with the two-step survey
approach implied 80.98% of eradicated trees with C'Ly, jo,, and 56.97% with
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FIGURE 6.3: Percentage of susceptible, infected, and eradicated trees
relative to the total population at ¢ = 360 months for the median of the
simulations with each outbreak management plan. Eradicated trees are
differentiated into susceptible or infected at the time of eradication, and
infected trees that were also detected by the surveillance strategy.
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Increasing the eradication radius from 50 m to 100 m in the one-step
survey approach led to an increase in the percentage of total eradicated
trees at ¢ = 360 months, while it had the opposite effect with the two-step
survey approach (Figure 6.3). In both survey approaches, the largest erad-
ication radius of 100 m increased the removal of susceptible trees but also
resulted in a lower percentage of infected trees that were not eradicated.
Nevertheless, with 100 m eradication radius a higher percentage of suscep-
tible trees not eradicated remained after ¢ = 360 months compared to a 50
m eradication radius. For the same eradication radius, a lower percentage
of susceptible trees and a higher percentage of infected trees were removed
with the 5 km buffer zone compared to the 2.5 km one, but this also resulted
in a higher percentage of infected trees that were not eradicated. The high-
est percentage of susceptible trees removed was obtained with the two-step
survey approach with a 2.5 km buffer zone and 100 m eradication radius,
removing 45.31% of the susceptible trees and leaving 0.02% of infected trees
without being eradicated. The lowest percentage of susceptible trees re-
moved was obtained with the one-step survey approach with a 5 km buffer
zone and 50 m eradication radius, removing 3.22% of susceptible trees and
leaving 14.76% of infected trees without being eradicated.

The percentage of detection relative to the total number of infected
trees varied greatly over time (Figure C.9). In general, the percentage of
detection was higher with the two-step survey approach and increased with
the confidence level in both survey approaches. The highest percentage of
detection was obtained with the combination of a 2.5 km buffer zone and
100 m eradication radius. The maximum percentage of detection in a single
survey campaign (i.e., survey at time t) with the one-step survey approach
was 2.73% and 5.27% with CL1 ;o and CLy, pigh, respectively. With the
two-step survey approach, a maximum percentage of detection of 87.88%
and 100% was obtained with CLj ;5 and C' Lo, pigh, respectively.

The annual survey effort (i.e., number of samples collected per year)
increased with the confidence level and was higher in the two-step than the
one-step survey approach (Figure 6.4a, b). In the one-step survey approach,
the annual survey effort ranged between 200 and 486 samples with C' L1 ;o
and between 573 and 1,145 samples with CL; pign. In the two-step survey
approach it ranged between 7,491 and 17,751 samples with CLy ;,, and
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between 13,138 and 31,998 samples with CLy p;gn. In the one-step survey
approach, the variability in survey effort was mainly due to fewer samples in
the first two years, remaining relatively constant in subsequent years. Fewer
samples were also collected in the first two years with the two-step survey
approach, but the survey effort was also rather variable in subsequent years.
The buffer zone size, eradication radius, and transmission rate had little
effect on the survey effort. In relation to the reduction in the transmission
rate in the buffer zone, lower variability was obtained with the two-step
survey approach but resulted in a similar overall survey effort.
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FIGURE 6.4: Number of samples per year (survey effort) (a, b) and num-
ber of inspected cells (inspection intensity) (c¢) for the median of the sim-
ulations with each outbreak management plan.

Despite the results obtained in relation to the survey effort, no substan-
tial differences were observed in the inspection intensity with both survey
approaches. With the one-step survey approach the numbers of cells in-
spected per year ranged from 192 to 468 and from 378 to 1,009 with C'L1 ;o
and CL1, pign, respectively. With the two-step survey approach the numbers
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of cells inspected per year were CLg o, between 227 and 629 and between
398 and 1,139 with CLg pign. Inspection intensity was lower in the first
two years, before zoning. In subsequent years, higher variability was ob-
served with C'Ly;4, compared to CLj,,, particularly in the one-step survey
approach (Figure 6.4c). In all cases, lower variability was obtained with the
buffer zone of 2.5 km and when reducing the transmission rate.

6.4 Discussion

The disease spread model framework used in our study incorporated infor-
mation from the molecular epidemiology studies available so as to be able to
estimate a plausible starting time of the outbreak, which dated the possible
origin of the introduction in the mid-1990s by sequencing and comparing
different X. fastidiosa strains (Landa et al., 2020), as well as epidemiolog-
ical and dendrochronological data on X. fastidiosa infected almond trees
(Moralejo et al., 2020). Through this approach, it was possible to simulate
the progression of the disease over time in the absence of diagnosis-based
evidence on the date of introduction. A scenario of the dynamics of the
epidemic was obtained for a period of 360 months, in which the current
situation in the infested zone of Alicante closely resembles that obtained
with the model between months 240 and 360. In the baseline scenario
without interventions, the disease progressed quickly and 50% of the popu-
lation was infected after 96 months. When the percentage of infected trees
reached about 75%, disease spread slowed down considerably, becoming al-
most asymptotic even though not all the population was infected (Appendix
C, Figure C.1). Control measures for X. fastidiosa have been progressively
implemented in the study area since the first detection in 2017. However,
due to the particular surveillance strategy first established by the EU legisla-
tion, where survey activities were strongly concentrated around the positive
findings(Lazaro et al., 2021), the full extent of the infested zone was not
delimited with relative accuracy until the current X. fastidiosa Regulation
came into force. Therefore, the cumulative survey data from 2017 to 2020
used in our study provided an approximation of the extent of the infested
zone that the disease would have reached without any interventions.
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The disease spread model developed in our study was characterized by
its simplicity and ease of application, which facilitate its generalization to
other plant diseases. Although the incorporation of other elements in the
model such as vector dynamics may provide more accurate results in the
study of disease spread (Giménez-Romero et al., 2023), they also make it
more complex and disease-specific. Despite not explicitly incorporating the
role of vectors and other means of disease spread, they are considered in the
model through the transmission rate and spatial correlation (White et al.,
2020). The distribution of almond trees in the study area was drawn from
the available official crop statistics, reproducing the heterogeneity of host
distribution that characterizes this region. In contrast to the most com-
mon approach using differential equations, the individual-based model used
in our study allowed us to deal with this issue, where the spatial hetero-
geneity of the host plants can affect disease spread. Furthermore, with
the individual-based model at the tree level it was possible to quantify the
number of infected and eradicated trees, inspection intensity, and survey
effort for each outbreak management plan. Based on this quantitative data,
further modeling work could provide an estimate of the economic and envi-
ronmental costs of the different outbreak management plans, allowing risk
managers to select not only the most effective or efficient in terms of disease
control, but also the most economical.

As new scientific information was obtained from the different X. fastid-
10sa outbreaks in the EU, the regulation was progressively updated making
the use of the EFSA guidelines mandatory for statistically sound and risk-
based surveys for X. fastidiosa (EFSA, 2020a; EU, 2020). Nevertheless,
currently our understanding of the effectiveness and efficiency of those es-
tablished standards is limited, particularly with regard to long-term and
fine-scale disease control. In this study we assessed the effectiveness and
efficiency achieved with the minimum requirements set by the X. fastid-
10sa Regulation for surveillance and disease control, compared with several
variations of these parameter settings. All the outbreak management plans
evaluated included early detection, with annual surveys following the intro-
duction of X. fastidiosa in the study area. Other studies have also con-
sidered the evaluation of X. fastidiosa disease outbreak management plans
under different zoning strategies, introducing variations in the buffer zone
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size or eradication radius (White et al., 2017; EFSA, 2019; Gilioli et al.,
2023). These studies also used different surveillance scenarios, under differ-
ent conditions of surveillance efficiency (White et al., 2017), high inspection
efficiency in the first kilometer of the buffer zone and lower in the rest
(EFSA, 2019), or whether detection is early or late (Gilioli et al., 2023).
Here, surveillance was addressed in greater depth by comparing one-step
and two-step survey approaches at different confidence levels, evaluating
the effectiveness and efficiency of the different surveillance strategies, and
quantifying the survey effort and inspection intensity of each of them.

The two-step survey approach is described in EFSA (2020a), Appendix
C. This approach was originally developed for animal health (Martin et al.,
1987; Cameron and Baldock, 1998; Wagner and Salman, 2004; FAO, 2014),
but to our knowledge there are no precedents of its application to plant
health. As an improvement of the methodology described in EFSA (2020a),
in our study the two-step survey approach was adapted to consider the het-
erogeneity of the host plant population in each cell, resulting in varying
densities of inspection units. For this purpose, in step 1 of the two-step sur-
vey approach the confidence level was varied as a function of the population
density per cell in each survey. With this added feature, the methodology
could be used to estimate the most cost-effective confidence level for the
surveillance strategy (Martin et al., 1987; Cameron and Baldock, 1998).

To compare the outbreak management plans, the initial 5 introduction
foci were the same for all the outbreak management plans that were tested
in order to remove any possible effect of their location or size. Neverthe-
less, the disease spread model and surveillance strategies had associated
randomness. Therefore, 50 simulations were performed for each outbreak
management plan to capture the variability resulting from this randomness.
Despite the intrinsic stochasticity of the spread model, simulations for the
baseline scenario without interventions showed little variability (Appendix
C, Figure C.1). Hence, the differences observed with the outbreak manage-
ment plans were not attributable to the underlying disease spread. Overall,
simulations for each outbreak management plan showed low variability, ex-
cept in the two-step survey approach without reduction in the transmission
rate (Appendix C, Figure C.3). In these cases, differences were observed in
the percentage of susceptible trees due to eradication, while the percentage



120 6.4. Discussion

of infected trees remained relatively constant in all simulations. However,
this variability was not observed in the resulting inspection intensity and
survey effort, which were relatively similar in all the simulations for each
outbreak management plan (Appendix C, Figure C.5).

All the outbreak management plans implemented were effective in con-
trolling the spread of the epidemic. Notable differences were observed until
60 months after the introduction, compared to the baseline scenario with-
out interventions (Figure 6.2). After 360 months of surveillance and control,
the percentage of infected trees in relation to the original population was
lower than 18% in all the outbreak management plans. Differences in the
outbreak management plans as well as the definitions of the epidemiological
units here and in EFSA (2019) mean that these two studies are not quanti-
tatively comparable, although in both cases the outbreak management plans
implemented were successful in controlling disease spread.

In the outbreak management plans evaluated in EFSA (2019), a larger
buffer zone was found to be more effective in disease control, although the
effect was not very pronounced. However, in our study, increasing the size of
the buffer zone did not result in greater effectiveness. The sample size cal-
culated from the hypergeometric distribution converges to that given by the
binomial distribution for large population sizes (EFSA, 2020a). Considering
the high population densities and the fact that the same design prevalence
was set in all strategies (i.e., DP = 0.01), similar sample sizes and thus
similar survey efforts were obtained for the buffer zones of 2.5 km and 5 km
(Figure 6.4). These results highlight the importance of adjusting the design
prevalence based on the population size. For a same proportion of infected
trees, the actual number of infected trees increases with the population size,
resulting in quite different disease dynamics.

In general, a larger eradication radius was more effective in reducing
the percentage of infected trees. Reductions in the transmission rate in the
buffer zone to account for the effects of vector control in the buffer zone and
inoculum removal in the infested zone did not have a substantial effect on the
number of infected trees, but they did have a strong effect on minimizing the
number of susceptible trees that were removed. That is, a greater reduction
in the transmission rate reduced the number of susceptible trees that were



6. Outbreak management plans for emerging plant diseases 121

removed due to eradication, while still eliminating the infected ones, and
thus increasing efficiency (Figure 6.2). The reduction in the transmission
rate in the buffer zone was set at three levels (0, 50, 90%) to reflect the
uncertainty regarding the actual effect of these control measures. Further
research is thus needed to quantify the effect of different vector control and
inoculum reduction approaches to select those that are more effective when
it comes to improving outbreak management plans.

Despite the effectiveness of the outbreak management plans in reducing
the number of infected trees, there were large differences in their efficiency
depending on the surveillance strategy. These differences were reflected in
the percentage of susceptible trees not removed as well as in the inspection
intensity and survey effort. Increasing the confidence level resulted in greater
survey efforts, associated with better effectiveness and efficiency with higher
numbers of susceptible trees left without being removed by eradication. The
two-step survey approach also resulted in greater survey efforts and better
effectiveness. In fact, only the outbreak management plans including the
two-step survey approach managed to completely control the epidemic, while
leaving a higher percentage of susceptible trees without being removed due
to eradication. Nevertheless, these results obtained with the two-step survey
approach were achieved by implementing high survey efforts. Differences in
the inspection intensity were, however, not as large between the one-step
and two-step survey approaches as with both C'L;,, and CLj;g,. That is,
although the two-step survey approach resulted in larger survey efforts, it
involved inspection of a similar number of cells as in the one-step survey
approach. Survey effort and inspection intensity are important criteria for
risk managers when planning surveillance programs, as they are directly
related to the logistics and working capacity in the field and in diagnostic
laboratories.

The assessment of different outbreak management plans combining
surveillance strategies and control measures with the same baseline scenario
allowed us to quantify their effect in terms of efficacy and efficiency. Zon-
ing and eradication measures controlled disease spread, but surveillance was
the key factor enhancing the efficacy and efficiency of outbreak management
plans. Surveillance strategies that involved a greater survey effort, either
with a higher confidence level or through the two-step survey approach,
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were more effective in terms of detection and resulted in more effective and
efficient disease control.

Only outbreak management plans with the two-step survey approach
were able to completely remove all infected trees. However, this approach
involved a much greater survey effort compared to the one-step approach.
In the two-step survey approach the confidence level and method sensitivity
were set according to the number of available epidemiological units, main-
taining a trade off between the two parameters. Nevertheless, these param-
eters can also be set based on the costs of inspection intensity and survey
effort. In contrast, the one-step survey approach could only be adjusted
based on the cost of survey effort, but not inspection intensity. Although
the two-step survey approach implied higher cost due to the large survey
effort, its higher efficiency reducing the number of susceptible trees removed
by eradication should be considered along with the environmental and social
impacts associated.

The study presented in this Chapter has been submitted to an
indexed journal with the title: “Performance of outbreak manage-
ment plans for emerging plant diseases: the case of almond leaf
scorch caused by Xuylella fastidiosa in mainland Spain”



CHAPTER 7

Conclusions and future work

In this thesis different models for the study of the distribution and epidemi-
ology of plant diseases have been presented. Specifically, the presence of
X. fastidiosa in the Mediterranean basin has been addressed as a real and
current problem. In general, tools to better understand the epidemiology
have been provided, as well as results that can assist in the management of
the disease. The most noteworthy conclusions were:

e Spatial hierarchical Bayesian models using the INLA methodology
have allowed us to effectively estimate and predict the probability of
pathogen presence in the study areas based on different types of spa-
tial data and to analyze the effect of climatic covariates taking into
account the spatial component.

e The analysis of climatic and spatial effects has yielded consistent re-
sults despite the different epidemiological settings and the use of two
modeling approaches adapted to the characteristics of the spatial data,
highlighting the importance of taking into account the spatial compo-
nent. Furthermore, it has been found that the effect of climatic vari-
ables may not be extrapolable, and may depend on the epidemiological
characteristics of the outbreak.

e The analysis of the georeferenced data from the X. fastidiosa surveys
in Alicante using a geostatistical model suggests that the minimum size
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of the buffer zone established by the legislation could be insufficient,
and has served as a reference for extending the buffer zone in this
area. This highlights that control measures should be tailored to the
epidemiological setting in each outbreak.

The spatial hierarchical Bayesian model under the non-stationary ap-
proach has allowed to take into account physical barriers, which cannot
be ignored when present in the study area due to their potential ef-
fect on pathogen spread. Furthermore, this approach has also enabled
the inclusion of barriers that simulate phytosanitary control measures
that can prevent the spread of the pathogen. This can be especially
useful in establishing areas where control efforts should be increased.

In order to simulate the disease spread from the origin of the out-
break, an individual-based model has been implemented. This model
has allowed to handle large populations and to take into account the
spatial distribution of hosts. Furthermore, the importance of both the
spatial distribution of individuals and the characteristics of the initial
introduction is highlighted due to the impact on disease progression.

To assess the potential performance of outbreak management, back
casting simulations and the use of genomic data to date and locate
potential introduction foci have been useful. Comparison of the dif-
ferent outbreak management plans has highlighted that surveillance
for early detection is critical. Furthermore, we provide a comparison
of the effectiveness and efficiency of the surveillance strategies and
control measures applied. The results indicated a higher effectiveness
and efficiency of the two-step surveillance approach with respect to
the one-step approach, but involving a much higher surveillance ef-
fort. Additionally, the important role of reducing the transmission
rate in the buffer zone leading to an increase in the effectiveness of
outbreak management plans is shown.

Overall, the models presented and applied to X. fastidiosa can be ex-

tended to plant diseases caused by other pathogens. However, the scope of

research is still very broad and several challenges remain to be addressed in

this context. Therefore, several proposals are presented in the following for

future consideration:
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e The incorporation of vector information, as well as taking into ac-
count other environmental variables, such as wind or plant biodiver-
sity, which may affect pathogen distribution and disease progression,
could provide more accurate results.

e The non-stationary approach used assumes that the barriers are im-
permeable, however, it is a strong assumption in plant health when
considering dispersal control barriers. Therefore, further method-

ological developments needed to consider permeable barriers in plant
health.

e New spatio-temporal data could be used to estimate the parameters
involved in the disease spread model to provide a more realistic un-
derstanding of disease progression in the study area.

e Based on the disease spread model, the integration of surveillance and
control data in the study area could be used to predict disease spread
taking into account these measures. Also, further consideration should
be given to the impact of design prevalence according to population
size on surveillance strategies. Furthermore, data on different control
measures, such as vector control or inoculum reduction, could be used
to accurately predict the effect of these measures.
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FIGURE A.1: Correlation matrix. (a) Pearson correlation coefficient
for bioclimatic variables (bio), accumulated degree-days over 15 °C from
February to October (ADD), average minimum temperature in winter
(tmin), average precipitation during the dry season (precd) and solar ra-
diation (srad) in Alicante, Spain; (b) Pearson correlation coefficient for
bioclimatic variables (bio) and accumulated degree-days over 15 °C from
April to October (ADD) in Lecce, Italy.
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FIGURE A.2: Geographical distribution of (e) presence and (e) absence
of Xylella fastidiosa over climatic covariates in the demarcated area in Al-
icante, Spain; (a) annual mean temperature (biol), (b) temperature an-
nual range (bio7), (c) precipitation of the wettest month (bio13), and (d)
Purcell’s categories based on minimum winter temperature (Anas et al.,
2008).
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FIGURE A.3: Geographical distribution of (e) presence and (e) absence
of Xylella fastidiosa in the demarcated area in Alicante, Spain, over the
principal components, (a) PC1, (b) PC2 and (c) PC3.
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FIGURE A.4: Geographical distribution of (e) presence and (o) absence of
Xylella fastidiosa over climatic covariates in Lecce, Italy (a) annual mean
temperature biol, (b) mean diurnal range bio2, (c) mean temperature of
the wettest quarter bio8, (d) mean temperature of the driest quarter bio9,
(e) annual precipitation bio12, (f) precipitation of the driest month bio14,
and (g) Purcell’s categories based on minimum winter temperature (Anas
et al., 2008).
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FIGURE A.5: Geographical distribution of (e) presence and (e) absence of

Xylella fastidiosa in Lecce, Italy, over the principal components (a) PC1,
(b) PC2, and (c) PC3.
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TABLE A.1: Best models for the distribution of Xylella fastid-
10sa in the demarcated area in Alicante, Spain.

Model? WAICP LCPO°

Models with climatic covariates

1. Bo+u 617.627 1.638
2. Po+bio7T+u 617.922 1.650
3. Po+biol +u 618.027 1.639
4. B+ biol + biol3 + u 620.013 1.653
5. Po+biol3+u 620.293 1.641
6. fBo+ biol + bio7 +u 620.530 1.636
7.  Bo+ bio7+ biol3 +u 620.620 1.661
8. Bo+ PRC +u 621.386 1.672
9.  fBo+ biol +bio7 + biol3 +u  622.304 1.641
10. By + biol + PRC 4+ u 622.520 1.675
Models with principal components (PC')

1. Bo+u 617.627 1.638
2. Po+PC2+u 618.887 1.656
3. Bo+PCl+u 619.558 1.635
4. Po+PC1+PC2+wu 620.005 1.656
5. Bo+PRC+u 621.399 1.672
6. [o+PC2+PRCH+u 622.634 1.689
7. Bo+PC2+PC3+u 623.140 1.599
8.  Po+PCl4+PC2+4+ PC3+u 623.171 1.634
9. [o+PCl+PC3+u 623.364 1.608
10. Bo+PC3+u 623.530 1.584

2 Intercept (fp), annual mean temperature (biol), tem-
perature annual range (bio7), precipitation of the
wettest month (biol3), first principal component
(PC1), second principal component (PC2), third
principal component (PC3), Purcell’s risk categories
(PRC') and spatial effect (u).

b Watanabe Akaike information criterion (WAIC).

¢ Logarithmic score of conditional predictive ordinate
(LCPO).
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TABLE A.2: Principal component analysis (PCA) loadings for climatic
variables in the demarcated area in Alicante, Spain, and Lecce, Italy.

Alicante Lecce

Climatic covariates PCl1 PC2 PC3 PC1 PC2 PC3

biol 0.963 -0.260 0 -0.636 -0.152 0.731
bio2 -0.236 0 0.967 0.955 0 0.138
bio3 0.750 0 0.633 0.923 -0.117 0.160
bio4 -0.926 0 0.347 0919 0.102 0
biod 0.888 -0.267 0.343 0.804 0 0.506
bio6 0.947 -0.146 -0.277 -0.964 0 0
bio8 0.934 -0.217 0.107 -0.502 -0.388 0.236
bio9 0.900 -0.388 0.119 0.286 -0.170 0.930
biol10 0.930 -0.320 0.134 0.216 -0.130 0.952
bioll 0.972 -0.202 -0.107 -0.870 -0.147 0.350
biol2 -0.882  0.460 0 0.228 0.922 0
biol3 0.297 0.936 -0.110 0 0.969 0
biol4 -0.937  0.322 0 0.458 -0.782 0
biol5 0.976 0 0 -0.397 0.869 -0.148
biol6 -0.404  0.902 0 0 0.967 -0.16
biol7 -0.967  0.222 0 0.755 -0.327 0
biol8 -0.445  0.836 0 0.796 -0.240 0
bio19 -0.659 0.721 0 0.101 0.959 0
ADD 0.968 -0.228 0 -0.141 -0.121 0.973
tmin 0.949 -0.179 -0.257 - - -
precd -0.925  0.346 0 - - -
srad -0.789 -0.147 0.258 - - -
% variability 69.7 18.2 8.5 38.9 28.7 20.1
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TABLE A.3: Best models for the distribution of Xylella fastidiosa in Lecce,
Italy.

Model® WAIC® LCPO¢

Models with climatic covariates

1. Bo+ biol + bio2 4 bio9 + u 1091.485 0.131
2. B+ bio2 4 bio8 + bio9 + biol2 4+ u 1095.184 0.132
3. Po+ bio2 + bio8 + biol2 +u 1095.307 0.132
4. By + biol + bio2 + bio8 + biol2 + u 1095.709 0.132
5. Bo + bio2 4 bio8 + bio9 + u 1095.959 0.132
6. Bo+ bio2 + bio8 + bio9 + biol2 + biold +uw  1096.218 0.132
7.  Bo+ bio2 + bio8 + u 1096.343 0.132
8. Bo+ bio2 + bio8 + biol2 + biold + u 1096.348 0.132
9.  [Bo+ bio2 + biol2 4+ u 1096.362 0.132
10. B + biol + bio2 + bio8 + u 1096.692 0.132
Models with principal components (PC')

1. Bo+PCl1+PC2+ PC3+u 1078.769 0.130
2. Bo+PCl+ PC3+4+u 1079.789 0.130
3. Bo+PC2+ PC3+u 1080.430 0.130
4. Bo+PCl+PC2+u 1081.277 0.130
5. Po+PC3+u 1081.607 0.133
6. Po+PCl4+u 1081.974 0.133
7. Bo+PC2+4+u 1082.573 0.133
8. pfo+u 1083.363 0.133
9. po+ PC1+ PC2 1711.042 0.133
10. pBo+ PC1+ PC2+ PC3 1712.478 0.133

& Intercept (By), annual mean temperature (bio1), mean diurnal range
(bio2), mean temperature of the wettest quarter (bio8), mean tem-
perature of the driest quarter (bio9), annual precipitation (bio12),
precipitation of the driest month (bio14 ), first principal component
(PC1), second principal component (PC2), third principal compo-
nent (PC3), and spatial effect (u).

b Watanabe Akaike information criterion (WAIC).

¢ Logarithmic score of conditional predictive ordinate (LCPO).
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FIGURE B.1: Study area (delimited by the grey line) in Alicante, Spain,
in UTM coordinate system, with the positive (o) and negative (o) samples
for Xylella fastidiosa in 2018.
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FIGURE B.2: Triangulation of the study region (mesh) for each model.
(a) Stationary model; (b) mountain barrier model; (c) continuous barrier
model; and (d) discontinuous barrier model.
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a)

b) 9]

FIGURE B.3: (a) Difference in the mean of the posterior predictive dis-
tribution of the probability of Xylella fastidiosa presence between discon-
tinuous and continuous barrier models, with the positive (o) and negative
(o) samples for X. fastidiosa. (b) Detail of a break with non-sampled area
adjacent to the outer border of the barrier. (c) Detail of a break with high
sampling intensity adjacent to the outer border of the barrier.
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FIGURE C.1: Percentage of susceptible (green) and infected (red) trees
relative to the total population over time for 360 months for the baseline
scenario without interventions. The line represents the median of the
simulations, based on the median number of trees in the 50 simulations
at t = 360 months. The shaded area represents the interval between the
minimum and maximum of the 50 simulations.
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a) Initial outbreak (t = 0) b) Spread (t = 60 months)
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F1GURE C.2: Georeferenced distribution and number of susceptible and
infected trees in the study area. (a) Initial outbreak at ¢ = 0 distributed
at 5 foci. Disease spread in the baseline scenario without interventions for
the median of the simulations at (b) ¢ = 60 months, (c) ¢ = 180 months,
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FicUure C.3: Percentage of susceptible, infected, and eradicated trees rel-
ative to the total population at ¢ = 360 months of the 50 simulations with
each outbreak management plan, including surveillance strategies with the
one-step and two-step survey approaches at different values of the confi-
dence level (CLjpy and CLp,gp), and control strategies including buffer
zone (BZ), eradication radius (F), and reduction in the transmission rate
in the buffer zone (8pz).



162 Supplementary figures and tables for Chapter 6

One-step Two-step
CL1.jow CLi,nigh Clo, 0w CLa,high
Paz=p Pez=0.58 | Pez=0.1p Baz =P Boz =050 | Paz=0.1p Poz =P Paz=0.56 | Paz=0.1p Paz =P Boz=05p | Paz=0.1p

100

i

wos

=28

w G°g

ok

wook

wos

=g

3
uyg

B ERE BuRE

B
e
e
e

wook

EE=SpnEyininEan

e
B e
e
B

e
S

T T T T T T T T T T T [
0 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 3600 120 240 360

Time (months)

— Median Min. - Max.

FicUre C.4: Percentage of susceptible trees relative to the total popu-
lation over time with each outbreak management plan, including surveil-
lance strategies with the one-step and two-step survey approaches at dif-
ferent values of the confidence level (C'Ljow, and CLpign), and control
strategies including buffer zone (BZ), eradication radius (F), and reduc-
tion in the transmission rate in the buffer zone (8pz). The line represents
the median of the simulations, based on the median number of trees in
the 50 simulations at ¢ = 360 months. The shaded area represents the
interval between the minimum and maximum of the 50 simulations.
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FicUure C.5: Number of hectares and total accumulated samples after t =
360 months of the 50 simulations with each outbreak management plan,
including surveillance strategies with the one-step and two-step survey
approaches at different values of the confidence level (C'Ljo,, and C'Lp,gp),
and control strategies including buffer zone (BZ), eradication radius (F),
and reduction in the transmission rate in the buffer zone (85z).
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FicURrE C.6: Percentage of susceptible, infected, and eradicated trees rel-
ative to the total population over time for the median of the simulations
with each outbreak management plan, including surveillance strategies
with the one-step and two-step survey approaches at different values of
the confidence level (C'Ljyy, and C'Lp,gp), and control strategies including
buffer zone (BZ), eradication radius (E), and reduction in the transmis-
sion rate in the buffer zone (8pz).
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FIGURE C.7: Georeferenced distribution and number of susceptible, in-
fected, and eradicated trees (left), and surveillance and buffer zone de-
limitation (right), for the less efficient outbreak management plan, which
included the one-step survey approach, CL;y,, BZ = 2.5 km, E = 50 m,
Bz = B, at (a, b) t = 60 months, (c, d) ¢ = 180 months, and (e, f) t =
360 months.
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FiGURE C.8: Georeferenced distribution and number of susceptible, in-
fected, and eradicated trees (left), and surveillance and buffer zone delim-
itation (right), for the most efficient outbreak management plan, which
included the two-step survey approach, C'Lpign, BZ = 2.5 km, E = 100
m, gz = 0.13, at (a, b) t = 60 months, (c, d) ¢ = 180 months, and (e,
f) ¢ = 360 months.
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FIGURE C.9: Percentage of infected samples (detections) per year relative
to the total of the infected population for the median of the simulations
with each outbreak management plan, including surveillance strategies
with the one-step and two-step survey approaches at different values of
the confidence level (C'Ljyy, and C'Ly,gp), and control strategies including
buffer zone (BZ), eradication radius (E), and reduction in the transmis-
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TABLE C.1: Ranking of outbreak management plans in terms of effec-
tiveness, i.e., percentage reduction in the number of infected trees with
each outbreak management plan in relation to the baseline scenario with-
out interventions, and efficiency, i.e., percentage increase in the number
of susceptible trees that were not eradicated with each outbreak man-
agement plan in relation to the baseline scenario without interventions.
The ranking position for both effectiveness and efliciency is indicated in

parentheses.
Surveillance CL BZ (km) FE (m) ppz Effectiveness Efficiency

approach

Two-step  CLanign 2.5 100 058 (1) 100 (5) 597.9603
Twostep  CLanigh 2.5 100 8 (1) 100 (9) 539.7196
Twostep  CLanigh 2.5 50 058 (1) 100 (11) 524.9091
Two-step CL2jow 2.5 100 I3 (2) 99.9977 (25) 182.6965
Twostep  CLanigh 2.5 50 018 (3) 99.9973  (2) 663.1055
Twostep  CLanigh 2.5 100 018  (4) 99.9962 (1) 713.8407
Two-step  CLanign 2.5 50 B (5) 99.9943 (23) 202.3349
Two-step  CLaiow 2.5 100 0.158  (6) 99.9776  (4) 623.5861
Twostep  CLajow 2.5 100 058 (7) 99.9753 (21)  255.0625
Two-step  CLaiow 5 100 B (8) 99.9723 (38)  39.435
Twostep  CLanigh 5 100 0.158  (9) 99.9658  (3) 649.3016
Twostep  CLanigh 5 50 B (10) 99.9574 (37)  48.9011
Two-step  CLanign 5 100 B (11) 99.8886 (24) 186.4544
Twostep  CLanigh 5 50 0.15 (12) 99.8719  (6) 591.6724
Twostep  CLajow 2.5 50 0.8 (13) 99.8308  (8) 557.3763
Two-step  CLaiow 5 100 0.18 (14) 99.6491  (7) 569.1983
Onestep  CLi1nign 2.5 100 B (15) 99.6066 (40)  25.3044
Twostep  CLaow 2.5 50 B (16) 99.4735 (39)  25.5099
One-step CLi1 high 2.5 100 0.18 (17) 99.4507 (12) 511.353
Twostep  ClLazow 2.5 50 058 (18)  99.196 (26)  179.397
Onestep  CLinign 5 100 B (19) 99.1538 (42)  12.755
Twostep  CLanigh 5 100 058 (20) 99.1303 (20) 313.9145
Onestep  CLiiow 2.5 100 B (21) 987482 (44)  8.6017
Twostep  CLaow 5 100 058 (22) 98.6673 (27) 177.6419
Onestep  CLinign 2.5 50 B (23) 985566 (43)  8.8652
Onestep  CLipigh 2.5 50 0.18 (24) 98.4057 (14) 488.7208
Onestep  CLinign 2.5 100 058 (25) 98.3768 (28) 154.9465
Onestep  CLinigh 5 100 0.15 (26) 98.3442 (13) 496.1682
Twostep  CLanigh 5 50 058 (27) 98.2354 (22) 213.4507
Twostep  CLajow 5 50 0.8 (28) 97.8941 (10) 538.0014
One-step CL1 0w 2.5 100 0.18 (29) 97.7337 (17) 467.9545
Onestep  CL1 10w 5 100 B (30) 96.8913 (45) 5.803
Onestep  CLinign 5 100 058 (31) 96.672 (30)  96.3685
Two-step CL3ow 5 50 153 (32) 96.572  (41) 15.4272
Onestep  CLipigh 5 50 B (33) 96.4382 (46)  4.3377
Onestep  CL1tow 5 100 0.8 (34) 95.9664 (16)  475.228

Continued on next page
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a}s)gizz}c,h CL BZ (km) FE (m) gz Effectiveness Efficiency

Onestep  CL1.iow 25 100 058 (35) 095.9588 (32)  83.076
Onestep  CLipigh 2.5 50 058 (36) 95.7391 (31)  92.8794
Onesstep  CLinigh 5 50 0.8 (37) 95.3423 (15) 487.6561
Two-step  CLajow 5 50 058 (38) 93.9362 (29)  133.321
Onestep  CL1jow 5 100 0.58 (39) 92.3837 (34)  72.9616
Onestep  CLinigh 5 50 058 (40) 92.0359 (33)  78.0952
One-step  CL1 10w 2.5 50 0.18 (41) 91.7151 (19) 436.4413
Onestep  CLiiow 2.5 50 B (42) 91.4623 (48)  0.9593
One-step CL1 iow 2.5 50 0.58 (43) 88.1476  (36) 62.4256
Onestep  CLiiow 5 50 0.8 (44) 87.6614 (18) 467.8174
One-step CL1 10w 5 50 B (45) 84.1794 (47) 1.3493
One-step  CL1.jow 5 50 058 (46) 80.9228 (35)  65.9095
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