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General Introduction  

 

          The olive tree (Olea europaea L.) is a very important crop in the Mediterranean area, both from 

an  economic and landscape point of view. In Italy, olive trees cover about two million hectares and 

produce about 2,733 tons of oil per year. Eighty percent of these olive trees are located in Apulia 

region (southern Italy), where olive oil production provides 37% of the Italian production, and where 

centenary olive trees represent a natural heritage.  

     However, for about a decade this valuable heritage of olive trees has been severely devastated by 

the Olive Quick Decline Syndrome (OQDS) caused by Xylella fastidiosa, which is a dangerous plant-

bacterium worldwide.  X. fastidiosa represents a huge menace to the European and the Mediterranean 

agriculture and environment for several reasons: different strains of the bacterium infecting a wide 

range of crops, ornamentals, forestry and wild vegetation; favourable environmental conditions; and 

the abundance of known and potential vectors. 

     The containment of the spread of X. fastidiosa is mainly based on the control of insect vectors, but 

the early detection of the infection represents a limiting factor for the efficiency of prevention and 

eradication measures. Indeed, a large-scale monitoring program has been established throughout the 

Apulian olive groves, but it is essentially based on visual inspection of symptoms. Taking into account 

the different susceptibility of olive cultivars and the latent period of the infection, the early detection 

of the bacterium before the onset of symptoms is very difficult.  

     The long-term objective of this study is to establish the conditions for developing an efficient early 

and large-scale detection of X. fastidiosa in olive trees through the use of remote sensing and 

predictive models. However, the specific objectives of this thesis are: i) the characterization of marker 

metabolites specific to X. fastidiosa infection in olive trees; these metabolites, related to hyperspectral 

data, will subsequently allow to select specific wavelengths to identify X. fastidiosa infections by 

remote sensing; such an approach has already been addressed for Erwinia amylovora (Rizzuti et al., 
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2018); (ii) to study the spatial distribution of X. fastidiosa infection in Apulian olive groves by 

applying Bayesian modelling to obtain an efficient sampling method at regional grove scale. 
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1. Chapter I: literature review  

1. Xylella fastidiosa  

1.1. Background  

      Xylella fastidiosa (Wells et al., 1987), is a gram-negative xylem-limited bacterium identified 

initially in the American continent.  It is one of the most dangerous plant bacterium that is transmitted 

exclusively by xylem sap-feeding insects (Frazier, 1944; Purcell, 1990; Almeida et al., 2005), and 

infecting more than 300 host plant species (EFSA, 2020). Indeed, Xylella fastidiosa is the causative 

agent of several crop diseases of economic relevance, such as Pierce’s disease (PD) of grapevine, 

Citrus Variegated Chlorosis (CVC), Phony Peach disease (PP), Plum leaf scald (PLS), Almond Leaf 

Scorch (ALS), Coffee leaf scorch (CLS), Oleander leaf scorch (OLS) and Olive Quick Decline 

Syndrome (OQDS) (Janse and Obradovic, 2010; Saponari et al., 2017). Xylella fastidiosa infects also 

wild weeds and shrubs from various species that may remain symptomless. In reality, symptoms of 

X. fastidiosa infection may differ upon several factors namely, bacterial strain, host species and 

cultivar, physiological status of the plant and climatic conditions. Generally, symptoms appear as 

those resulted from water stress like; marginal or apical leaf necrosis, premature leaf abscission, 

scorching of foliage, withering of branches, decline in vigour and in fruit production, stunting and/or 

reduced growth, dwarfism, delayed bud break, dieback and quick decline. The different names given 

to diseases describe relatively the symptoms on the corresponding plant hosts. Inside the plant host,  

X. fastidiosa cells proliferate in the xylem vessels constructing  the biofilm that is added to the 

compounds produced by the plant defence system  in particular pectins and tyloses, obstructing 

collectively the water passage and consequently the photosynthesis (Hopkins, 1989; Sun et al., 2013).  

Pierce’s disease was first X. fastidiosa-associated disease reported in grapevine in 1892.At that time, 

the causative agent was identified as a virus (Pierce, 1892). Pierce’s disease affects almost vineyards 

located between the wide area from Florida to California, threatening grape and wine industries. In 

California alone, Pierce’s disease cost was estimated over US$100 million per year to the grapevine 

industry (Alston et al., 2015), a cost that would increase in the lack of the glassy-winged sharpshooter 

(Homalodisca vitripennis) control (Sanscartier et al., 2012).  

 

1.2. Worldwide Distribution   

     As a global overview, X. fastidiosa is disseminated within the American continent from Canada 

(British Columbia, Ontario, Saskatchewan) to Argentina (La Rioja and Cordoba provinces). As for 

the Asian continent, it is present in Iran, Israel, and Taiwan. While in the European continent, it has 

been detected for the last few years in France, Italy, Portugal, and Spain (Figure1.1).  



 

4 
 

 

Figure 1.1:Distribution map of X. fastidiosa taken in January 2020. X fastidiosa presence is marked in orange for the states, a 
yellow dot indicates distribution, while a purple dot indicates that X. fastidiosa presence is reported as transient (EPPO, 2020). 

 

X. fastidiosa is endemic to the Americas. The Pierce’s disease of grapevine outbreak in California in 

1892, was followed by other Xylella- associated diseases such as Phony Peach disease recorded also 

in 1890 in Georgia. Until recently, the bacterial leaf scorch of blueberry was reported in the south 

Georgia (Chang et al., 2009). In Canada, X. fastidiosa was found initially on the American elm 

(Goodwin and Zhang, 1997). In South America, the diseases CVC, CLS, PLS and PD were reported 

from the 1980s, in Argentina (Brlansky et al., 1991), in Paraguay and Brazil (French and Kitajima, 

1978; Alves et al., 2004) and in Venezuela (Hernández and Corona, 1997). Central America is the 

region where X. fastidiosa is supposed to be native; this hypothesis was evidenced through several 

genomic studies (Nunney et al., 2014a).  

From the Asian continent, X. fastidiosa was reported in Taiwan causing disease in grapevines (Su et 

al., 2013). As well as in Iran, where it affects the grapevine and almond trees (Amanifar et al., 2014), 

and also Pistachio (Amanifar et al., 2019). Lately in Israel, it was detected in  almond (2019). 

In Europe, excluding interceptions, X. fastidiosa was firstly detected in Italy (Apulia region, 2013; 

Tuscany, 2018 ), then in France (southern region of Côte d’Azur and island of Corsica, 2015), Spain 

(Balearic Islands and province of Valencia, 2016), and Portugal (Vila Nova de Gaia, 2018). These X. 

fastidiosa introductions are assumed to be originated from the importation of X. fastidiosa-infected 

plant material (EFSA et al., 2018; EPPO, 2019a). 

Xylella fastidiosa infection was reported in some countries in which the presence of the bacterium  

has not been confirmed, yet. These reports are from the following countries: India (Jindal and Sharma, 
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1987), Kosovo (Berisha et al., 1998), Turkey (Güldür et al., 2005), Lebanon (Temsah  et al., 2015) 

and China (Chu, 2001). 

 

1.3.  Taxonomy 

      In 1987, the Gram-negative gamma-proteobacterium formed as rod-shaped cells (of 1.0–4.0 μm 

x 0.2–0.35 μm in size) without flagella (Figure 1.2), was accurately described for the first time and 

classified as an independent species: Xylella fastidiosa (Wells et al., 1987). It has the taxonomy as 

follows:  

Kingdom: Bacteria 

Phylum: Proteobacteria 

Class: Gammaproteobacteria 

Order: Xanthomonadales 

Family: Xanthomonadaceae 

Genus: Xylella 

Species: Xylella fastidiosa 

 

 

Figure 1.2: Xylella fastidiosa cells from of the Italian olive-infecting strain: a pure culture  (A); electron microscope 
views of X. fastidiosa cells (B and C). The arrow in B points to the rippled cell wall (source: IPSP/DiSSPA). 

 

Although, the genus Xylella contains a unique species, X. fastidiosa in turn has an important genotypic 

and phenotypic diversity, and a wide host range (Schaad et al., 2004; Schuenzel et al., 2005; EFSA 

et al., 2018). Indeed, there are three formally accepted subspecies of X. fastidiosa with a diverse 
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geographical origin and host range: fastidiosa, pauca, multiplex and sandyi (Table 1.1). In addition 

to another subspecies that was proposed and named morus, infecting several hosts among others 

mulberry and blueberry (Nunney et al., 2014b). 

 

Table 1.1: Currently known X. fastidiosa spp., their putative origin and main hosts 

Subspecies Possible geographical origin Main hosts 

X. fastidiosa fastidiosa Central America grapevine, almond 

X.fastidiosa multiplex Southern USA stone fruits, shade trees, olive (USA) 

X. fastidiosa sandyi Undetermined oleander, magnolia 

X. fastidiosa pauca South America citrus, coffee, olive (Argentina, Brazil, Italy, insular Spain) 

 

1.4. Biology and virulence 

     X. fastidiosa is the first plant pathogen whose genome was fully sequenced. It has approximately 

2.7 megabases with high GC-content (52.7%) (Simpson, 2000). As a bacterium, X. fastidiosa 

undergoes homologous recombination guaranteeing a genetic diversity, which is exhibited through 

the emerged strains having disparity only in few genes but behaving variously in terms of 

pathogenicity, host specificity and the resulting disease phenology. Examples are  the two strains 

Temecula and 9a5c that are causing  Pierce’s disease and citrus variegated chlorosis, respectively, 

even though they share 98% of the same genes (Van Sluys et al., 2003). Another example is X. 

fastidiosa strain EB92 colonizing grapevines without causing harm in contrary to  the pathogenic 

strain Temecula1 that owns 11 unique genes (Zhang et al., 2011).  

In terms of virulence, X. fastidiosa genome lacks a type III secretion system (Bhattacharyya et al., 

2002a; Bhattacharyya et al., 2002b), but possesses a type I secretion system along with hemolysins 

and bacteriocins as type I effectors (Simpson, 2000). Inactivation of tolC gene coding for the outer 

membrane component of the type I secretion system, resulted in avirulence and hypersensitivity to 

phytoalexins in X. fastidiosa (Reddy et al., 2007). Additionally, X. fastidiosa uses a self-regulating 

system to limit its growth and movement within plant and insect hosts. Cell-to-cell signaling regulates 

expression of genes in the rpf gene cluster. Thus, dense populations of  X. fastidiosa produce high 

concentrations of a diffusible signaling factor (XfDSF in grapevines) that downregulates genes needed 

for bacterial movement and possibly multiplication. (Chatterjee et al., 2008). 

The type II secretion system plays also an important role in virulence (Cianciotto and White, 2017). 

Example of the enzyme complex LesA,  which is a type II secreted lipase/esterase found abundant in 

secretome and in outer membrane vesicles, and it is a key pathogenicity factor for X. fastidiosa 

(Nascimento et al., 2016). 
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Generally, gram-negative bacteria own Lipolysaccharides (LPS) as a principal component of the outer 

membrane (OM). These complex molecules that secure the structural stability to the cell, are 

composed of three parts: lipid A, which represents the volume of the OM outer leaflet, core 

oligosaccharides, and a terminal o-antigen polysaccharide chain. The lipid A component of LPS is an 

elicitor of the defence response in both plant and animal systems, and even if X. fastidiosa expresses 

LPS, the bacterium is able to manipulate the host immune system by avoiding the initial detection 

and establishing infections in the respective hosts. It is  an important bacterial virulence approach that 

was revealed in the case of  the strain Temecula1, for which a long terminal o-antigen polysaccharide 

chain functionally covers the inner lipid A component of LPS from being detected by the plant host  

(Rapicavoli et al., 2018). 

 

1.5. Host colonization  

     Xylella fastidiosa infection in its hosts appears as two forms: motile bacterial cells proliferating 

up- and downwards through vessels; and the biofilm which consists of sticky cells soaked in a viscous 

fluid and attached to the host cells. Biofilm formation is a crucial step in the lifecycle of pathogenic 

bacteria, and its disturbance may  influence thoroughly the disease development (Monroe, 2007).  

Xylella fastidiosa can form biofilms in both the insect vector and its plant hosts. As it was detailed 

previously in cell-to-cell signalling, the rpf gene cluster encodes the synthesis and recognition of 

XfDSF, which regulates the balance between the motile form and the biofilm formation in both 

environments, plant and insect. Remarkably, the X. fastidiosa biofilm gene expression is likely to be 

influenced by the environment, since the bacterium biofilms have different appearance and 

morphology in the insect and the plant (Newman et al., 2004).  

Genomic assays revealed other genes implicated in the biofilm formation, indeed, pilA2 and pilC 

genes encode for two type IV pili proteins, while xadA1 and xadA2 genes encode for two afimbrial 

adhesins. The four X. fastidiosa adhesion proteins were shown to have a role in agglutination, 

attachment to host cells, and pathogenicity (Guilhabert and Kirkpatrick, 2005; Killiny and Almeida, 

2014). These proteins were found present in the xylem vessels of the plant during the infection at 

different times, showing that they are expressed separately along the stages of biofilm formation 

(Caserta et al., 2010). Moreover, knockout of the outer membrane protein mopB in X. fastidiosa 

affects biofilm formation and virulence, and also eliminates the twitching motility, which is a key 

process required for systemic colonization of the plant xylem, along with biofilm formation (Meng et 

al., 2005; Chen et al., 2017). 
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1.6. Vector transmission  

     All sap-feeding insects belonging to the Auchenorrhyncha suborder are believed to be potential 

vectors; a theory that has not been disproven so far. Xylella fastidiosa transmission is persistent during 

the adult stage with no latent period from the acquisition of the bacterium (Severin, 1950; Turner and 

Pollard, 1959).  As the bacterial cells populate and form a biofilm only on the cuticle of the functional 

foregut (Purcell, 1980; Backus and Morgan, 2011), the insect vector loses infectivity after moulting. 

Therefore, this transmission is not transstadial and newly emerged winged adults become infectious 

again only by feeding on infected plants. This transmission is not transovarial neither (Freitag, 1951) 

but it occurs via a propagative and non-circulative mechanism (Purcell and Finlay, 1979; Hill and 

Purcell, 1995).  In the Americas, X. fastidiosa is transmitted mainly by sharpshooters. Example of the 

glassy-winged sharpshooter (Homalodisca vitripennis) a very efficient vector of Pierce’s disease that 

was introduced in the 1990’s from southern states (Purcell and Feil, 2001), is now threatening the 

Californian grape industry. Populating citrus groves and some woody ornamentals in remarkably 

elevated numbers, the glassy-winged sharpshooter dominance increases the risk of the introduction 

of the CVC strain of X. fastidiosa into USA. In Europe, spittlebugs are much more abundant and 

diverse than sharpshooters.  

The transmission efficiency may differ from  a vector species-bacterial genotype system to another,  

since no vector specificity was revealed so far (Redak et al., 2004).  As for the case of the meadow 

spittlebug Philaenus spumarius L. (Hemiptera: Aphrophoridae) that transmits at least X. fastidiosa 

sequence types causing Pierce’s disease (Severin, 1950) and olive quick decline syndrome (Saponari 

et al., 2014). Furthermore, it was shown that X. fastidiosa  transmission efficiency is not affected by 

origin, gender or age of the insect vector (Krugner et al., 2012). 

 

2. The olive quick decline syndrome  

2.1. The current situation  

     Italy represents the preeminent point in the Mediterranean region in terms of olive production, due 

to its history and environmental conditions. In fact, olive production initiated in Italy back thousands 

of years and gained considerable economic importance thanks to the progressive development of 

advanced techniques and practices. Today, Italian olive groves cover approximately 1700000 ha, 80 

percent of which are located in Puglia (southern Italy) occupying for its own about 370000 ha 

(Fontanazza, 2005). Unfortunately, about 10 years ago this valuable patrimony of olive trees has 

experienced a severe disease named Olive Quick Decline Syndrome (OQDS) which is caused by X. 

fastidiosa (Saponari et al., 2017). The OQDS appeared initially in a restricted area near the city of 
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Gallipoli (Ionian coast of the Salento peninsula, Puglia region), and by 2020 the bacterium infection 

has expanded northward to the southern part of the province of Bari (Figure 1.3).  

 
 
 

 
Figure 1.3: Distribution of olive quick decline syndrome in the Salento peninsula (March 2020). The infected area 
comprises the provinces of Lecce, Brindisi and the southern part of Taranto (source: http://www.emergenzaxylella.it). 

 

The olive trees decline was noticed presumably between 2008 and 2010, enticing the attention of 

growers and local farm advisors who doubted a number of causes: severe attacks of olive  leaf scorch, 

a recurrent long-known physiological disorder (Sanzani et al., 2012), phytotoxicity due to pollution 

of the ground water, acute attacks of olive antrachnose (Colletotrichum spp), abandoned or poorly 

managed olive groves and heavy infestations by the leopard moth (Zeuzera pyrina), a lepidopteron 

endemic in the area (Martelli, 2015). Then, in October 2013, systematic investigations for 

determining the aetiology leaded to disclose the presence of X. fastidiosa within the symptomatic 

olive trees (Saponari et al., 2013).  

The most severe symptoms are displayed by large centenarian olive trees in which, initial 

investigations identified the coexistence of three different pests: the leopard moth Zeuzera pyrina 

which is an endemic lepidopteron in the area; a set of fungi from different genera, Phaeoacremonium 

and Phaemoniella in particular (also Pleurostomophora and Neofusicoccum), that penetrate the 

tissues throughout the moth galleries; and X. fastidiosa, which invades, multiplies and occludes the 

xylem tissue (Nigro et al., 2013). Even though different pests co-occurred in markedly damaged olive 
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trees, X. fastidiosa subspecies pauca ST53 was proved to be the causal agent of the OQDS through 

the fulfilment of the Koch’s postulates (Saponari et al., 2017). 

In olive trees, the presence of X. fastidiosa subspecies multiplex was also reported from California 

(USA) and supposed to cause the "Quick Decline Syndrome". However, the inoculation of olive 

plants did not produce symptoms of the disease (Krugner et al., 2014). Furthermore, in Argentina and 

Brazil, olive trees manifesting symptoms of leaf scorch and dieback were also found to host X. 

fastidiosa subspecies pauca (Haelterman et al., 2015; Coletta-filho et al., 2016). 

2.2. OQDS Symptoms 

     The OQDS consists of the appearance of leaf scorching and scattered desiccation of twigs and 

small branches, prevailing on the upper part of the canopy during the early stages of the infection 

(Figure 1.4). As the time passes, these symptoms become progressively more severe and extend to 

the rest of the crown, conferring a burned appearance.  

 

 

Figure 1.4: Xylella-infected olive tree with the OQDS symptoms 
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The desiccation of the leaves initiates at the tip level and extends all-over the blade towards the 

petiole. Dead leaves remain hanged to the twigs until the rains discard them (Figure 1.5).      

Acting to save the most severely affected olive trees that are mainly centenarians and belong to the 

susceptible cultivars Cellina di Nardò and Ogliarola salentina (Martelli, 2015), local growers tried 

to stimulate new growth through an intense pruning. As a result, the new shoots wither after a short 

period, besides as well as the suckers produced at the base surviving no longer than the tree roots 

(Figure 1.6). 

 

Figure 1.6: The olive quick decline syndrome stages of the Olive quick decline syndrome. A. Beginning of symptom 
appearance. B. Extensive desiccation of the canopy. C. Heavily pruned trees with “burned” vegetation but pushing 

green symptomless suckers. D. Desiccated suckers. 

Figure 1.5: Scorched leaves attached to twigs of an OQDS-symptomatic tree 
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2.3. Pathogen detection  

 

     In order to contain the spread of the deadly X. fastidiosa, it was necessary to conduct an official 

monitoring program to early detect the bacterium infection across the whole olive groves of Apulia 

region. Therefore, the protocols of the molecular method Conventional Polymerase Chain Reaction 

(PCR) and the serological technique Enzyme-Linked Immunosorbent Assay (ELISA) were promptly 

applied, compared and validated via an interlaboratory ring-test (Loconsole et al., 2014b). Owning to 

its low cost, the ELISA is adequate for screening a large number of samples, while the PCR being 

more sensitive, is used particularly for confirming the positivity of the ELISA samples. Another 

serological test used is the Direct Tissue Blot ImmunoAssay (DTBIA), a simple and rapid technique 

that was applied for the mass detection of several plant viruses and a mycoplasma-like organism (Lin 

et al., 1990). DTBIA offers the advantage to perform tissue blotting directly in the field, thus reducing 

the risk associated with the movement of infected plant material to 'pathogen-free' areas, for 

laboratory analysis. Blotted membranes can be stored securely until their development. DTBIA was 

applied for the detection of X. fastidiosa infection in Apulia taking imprints from mature olive twigs 

(Djelouah et al., 2014).  

     Several Nucleic acid-based tests have been validated to detect X. fastidiosa infection in many hosts 

plant species (e.g. grapevine, citrus, almond, olive) and their related insect vectors, such as: 

conventional Polymerase chain reaction (PCR)-based tests (Minsavage et al., 1994), PCR RFLP 

(restriction fragment length polymorphism) and RAPD (random-amplified polymorphic DNA) 

analysis (Mehta et al., 2001), Nested PCR (Bextine et al., 2004) as well Real-Time PCR (RT-PCR) 

and Loop-Mediated Isothermal Amplification (LAMP) (Harper et al., 2010; Guan et al., 2013). 

Generally, PCR- based techniques have higher specificity and sensitivity than serological methods, 

in particular real-time quantitative PCR having a bacterial detection threshold of 102 CFU/ml 

(Loconsole et al., 2016). The LAMP PCR is a reliable test using plant material and insects (Yaseen 

et al., 2015). All above mentioned laboratory tests protocols are detailed and updated in the European 

and Mediterranean Plant Protection Organization (EPPO) diagnostic protocol for X. fastidiosa PM 

7/24 (4) (EPPO, 2019b). 

 

2.4. Strain identification  

     As it was previously mentioned, X. fastidiosa is classified into three formally accepted subspecies 

fastidiosa, multiplex and pauca (Schaad et al., 2004). Moreover, several X. fastidiosa subspecies have 

been proposed including sandyi (Schuenzel et al., 2005), tashke (Randall et al., 2009) and morus 
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(Nunney et al., 2014b). Outside of Italy, olive trees host two different X. fastidiosa subspecies, 

multiplex in California (Krugner et al., 2014), pauca in Argentina, in Brazil (Haelterman et al., 2015; 

Coletta-filho et al., 2016) and in France although X. fastidiosa was detected only in two olive trees 

(Alim’Agri, 2019). 

Multilocus sequence typing (MLST) applied to bacterial isolates from axenic cultures, allowed to 

determine that the Italian olive-infecting strain of X. fastidiosa (Figure 1.7) is genetically 

homogeneous, and categorised within subspecies pauca, where it represents a variant classified as 

"sequence type 53" (ST53) (Elbeaino et al., 2014a; Loconsole et al., 2014a), that is molecularly 

identical to a strain from Costa Rica (found in oleander, mango, coffee and other ornamental species), 

confirming the introduction from abroad (Nunney et al., 2014a; Giampetruzzi et al., 2017b). The 

genome sequencing of the Italian olive-infecting strain (a 2,508,465 bp DNA molecule) has been 

completed (Giampetruzzi et al., 2015; Giampetruzzi et al., 2017a). 

 

Figure 1.7: Phylogenetic tree of X. fastidiosa indicating the Italian olive-infecting strain (red circle) derived from 
MLST based on the concatenated sequences of seven genes (Loconsole et al., 2016). 

 

2.5. Vectors  

     Xylella fastidiosa is vectored by xylem sap-feeding insects within the Auchenorrhyncha 

suborder  (Frazier, 1944; Purcell, 1990), particularly the ones that are affiliated to Cicadellidae 

Cicadellinae (commonly known as sharpshooters) and Cercopoidea (froghoppers or spittlebugs) 

(Redak et al., 2004; Almeida, 2016). Yet no specificity vector-Xylella transmission is known, 

therefore, all xylem-sap feeders are considered potential vector of the bacterium (Almeida et al., 

2005). In Europe, Spittlebugs, froghoppers, and cicadas are the predominant xylem-sap feeders 

(Cavalieri et al., 2019). So far, surveys on X. fastidiosa transmission in Apulia led to the identification 
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of the widespread meadow spittlebug, Philaenus spumarius, as the first  ascertained vector (Saponari 

et al., 2014; Cornara et al., 2017).  

P. spumarius has an univoltine biological cycle in the Salento area (Figure 1.8). The adults of the 

spittlebug start to populate olive trees from late spring until mid-summer, and they acquire the 

bacterium by sucking upon the foliage of infected olive trees. Then, in mid-summer, the adults 

migrate to leafy shrubs as soon as the olives stop vegetating. In autumn, the mating begins, and the 

eggs are laid on weeds where the juveniles that emerge in late winter/early spring feed while shielded 

by the foam nests. In late spring, moulting takes place and the emerging adults move back to the olive 

trees (Cornara and Porcelli, 2014).  

 

 

Figure 1.8: Biological cycle of Philaenus spumarius in the Salento peninsula (source: Infoxylella®). 

 

Several investigations were carried out in the Apulian olive groves showed the presence of 15 

different species of Auchenorrhyncha and indicated that P. spumarius was the most abundant species 

followed by Neophilaenus campestris (Fallen) (Aphrophoridae) and Agalmatium flavescens (Olivier) 

(Issidae) (Ben Moussa et al., 2016). Among these species only P. spumarius L., Neophilaenus 

campestris (Fallen) and Euscelis lineolatus Brulle´ tested positive for X. fastidiosa. In fact, E. 

lineolatus which is a phloem fluid feeding insect, was previously reported to harbour X. fastidiosa 

similarly for the spittlebug  N. campestris (Elbeaino et al., 2014b).  Recently, transmission of X. 

fastidiosa was experimentally proved to infect different susceptible hosts, by Philaenus italosignus 

(Myrtle-leaf milkwort, olive ) and  N. campestris (Myrtle-leaf milkwort) (Cavalieri et al., 2019). 

 

2.6. Plant hosts in Apulia 

     Beside olive trees, the Italian olive-infecting strain of X. fastidiosa was found infecting a number 

of plant hosts (Table 1.2) surrounding the infected olive trees and showing the typical symptoms of 

leaf scorch as a general response to water stress (EFSA, 2018). The list of plant hosts can be still 
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uncompleted due to the capacity of Xylella spp. to inhabit plants classified in different botanical 

higher clades, such as Monocotyledons, Dicotyledons and also Gymnosperms, including species 

previously unknown as susceptible hosts of the bacterium (e.g. Polygala myrtifolia, Laurus nobilis, 

Myrtus communis, Myoporum insulare and Dodonaea viscosa purpurea) (EFSA, 2018). There is no 

evidence for grapevine or citrus for being hosts of X. fastidiosa subspecies pauca ST53. Plant host 

species can play an important role in the pathogen epidemiology, especially as asymptomatic 

reservoir plants for the bacterium.  

Table 1.2: List of the plant hosts species of X. fastidiosa subspecies pauca ST53 reported in Apulia (Saponari et al., 

2019) 

Host species Symptoms  Detection method 

Acacia saligna Severe dieback and 

desiccation 

Isolation, qPCR, ELISA 

Asparagus acutifolius Not recorded qPCR, ELISA 

Catharanthus sp. Not recorded Isolation, qPCR, ELISA 

Chenopodium album Not recorded qPCR, ELISA 

Cistus criticus Leaf-scorch and desiccation qPCR, ELISA 

Dodonaea viscosa Not recorded qPCR, ELISA 

Eremophila maculate Not recorded qPCR, ELISA 

Erigeron sumatrensis Not recorded qPCR, ELISA 

Erigeron bonariensis Not recorded qPCR, ELISA 

Euphorbia terracina Symptomless qPCR, ELISA 

Grevillea juniperina Leaf scorching qPCR, ELISA 

Hebe sp. Leaf-scorch qPCR, ELISA 

Heliotropium europaeum Not recorded qPCR, ELISA 

Laurus nobilis Leaf-scorch Isolation, qPCR, ELISA 

Lavandula angustifolia Desiccation Isolation, qPCR, ELISA 

Lavandula stoechas Leaf-scorch and dessication Isolation, qPCR, ELISA 

Myrtus communis Extensive yellowing Isolation, qPCR, ELISA 

Myoporum insulare Symptomless qPCR, ELISA 

Nerium oleander Leaf-scorch followed by 

severe dieback and desiccation 

Isolation, qPCR, ELISA 

Olea europaea Leaf-scorch followed by 

severe dieback and desiccation 

Isolation, qPCR, ELISA 

Pelargonium x fragrans Dieback qPCR, ELISA 

Phillyrea latifolia Leaf-scorch Isolation, qPCR, ELISA 

Polygala myrtifolia Leaf scorching followed by 

severe dieback and desiccation 

Isolation, qPCR, ELISA 

Prunus avium Leaf-scorch Isolation, qPCR, ELISA 

Prunus dulcis Leaf-scorch Isolation, qPCR, ELISA 

Rhamnus alaternus Symptomless qPCR, ELISA 

Rosmarinus officinalis Leaf-scorch followed by 

dieback and desiccation 

qPCR, ELISA 

Spartium junceum Severe dieback and 

desiccation 

qPCR, ELISA 
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Vinca sp. Symptomless qPCR, ELISA 

Westringia fruticose Leaf-scorch followed by 

dieback and desiccation 

Isolation, qPCR, ELISA 

Westringia glabra Symptomless qPCR, ELISA 

 

2.7. Olive cultivar susceptibility  

      Despite the fact that X. fastidiosa pathogenicity has been studied in the Americas for several 

decades, until this moment, there are no therapeutic solutions to suppress the bacterial development 

in infected plants (Sicard et al., 2018). However, various degrees of resistance and tolerance to X. 

fastidiosa have been observed between varieties of the same crop species, such as grapevine 

(Krivanek and Walker, 2005) and citrus (Coletta‐Filho et al., 2007). In fact, investigations made 

within the Apulian infected area, have revealed the high susceptibility to the infection of two main 

local cultivars: Ogliarola salentina and Cellina di Nardò (Giampetruzzi et al., 2016; Boscia et al., 

2017). Similarly to several plant species previously experiencing Xylella sp. infection, resistance 

phenotypic traits have been noticed in Leccino cultivar (Figure 1.9) owing to its milder expression of 

symptoms accompanied with a significantly lower bacterial titre in comparison with the susceptible 

cultivars  Cellina di Nardò and Ogliarola salentina (Giampetruzzi et al., 2016; Boscia et al., 2017; 

Saponari et al., 2017). Moreover, these genetic traits of resistance found in the Leccino cultivar have 

been explored through a quantitative transcriptome analysis comparing between this cultivar and the 

susceptible one Ogliarola salentina. It was determined that in X. fastidiosa-infected Leccino there is 

an up-regulation of genes encoding receptor-like kinases (RLK) and receptor-like proteins (RLP) 

involved in signal transmission of the plant immune response (Giampetruzzi et al., 2016). Another 

study comparing genetic traits between the resistant cultivar Leccino and the susceptible cultivar 

Cellina di Nardò, reported that  X. fastidiosa-infection generated different gene expression profiles 

among the two cultivars. Actually, some genes related to reactive oxygen species scavenging systems, 

and genes related to pathogen stress (leucine rich repeats-receptor like kinase LRR-RLK and 

pathogenesis-related protein PR) were found highly expressed in Leccino than in  Cellina di Nardò. 

Furthermore, genes involved in drought stress (dehydration responsive element binding DREB and 

dehydrin DHN) were interestingly more expressed in Leccino (a drought-susceptible plants) than in 

Cellina di Nardò (a drought-tolerant plant) (De Pascali et al., 2019).  
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Various olive cultivars have been screened for resistance traits to X. fastidiosa infection, indeed their 

seedlings have been either artificially inoculated under controlled greenhouse conditions or exposed 

to natural inoculum pressure in experimental plots in the infected area. Thus, besides the cultivar 

Leccino that has been categorized as resistant to X. fastidiosa infection, the selection FS17® exhibits 

also resistance traits by reason of its low incidence of infection,  no or mild symptoms expression 

when infected accompanied with a lower bacterial titre than those of the susceptible cv. Ogliarola 

salentina (Boscia et al., 2017; Catalano et al., 2019). 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.9: Adjacent rows of X. fastidiosa infected-olive trees from two different cultivars; Leccino and Ogliarola 
salentina, exhibiting different symptomatology to the bacterium infection. While Ogliarola salentina trees look 

severally damaged (right row), Leccino trees show very mild to absent symptoms (left row) (source: ©IPSP). 
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2. Chapter II: Characterization of the metabolites associated with Xylella 

fastidiosa infection in olive trees 

 

1.Introduction 

 

     Over the last years, scientific investigations have been directed to the X. fastidiosa epidemiology 

within the Apulian olive trees. Indeed, field observations report a diversity in olive cultivar responses 

to X. fastidiosa infection. Notably, the variety Leccino that develops milder symptoms compared to 

those observed on the varieties Cellina di Nardò and Ogliarola salentina (Giampetruzzi et al., 2016; 

Boscia et al., 2017). Correspondingly, the bacterial populations size measured in infected plants, 

showed significantly lower titre in Leccino than in the susceptible varieties Cellina di Nardò and 

Ogliarola salentina (Giampetruzzi et al., 2016; Boscia et al., 2017; Saponari et al., 2017). Following 

the same trend, consecutive studies under field conditions investigated cultivar responses to the 

bacterium infection in terms of metabolic compounds, analysed through Mass Spectrometric 

methods. Luvisi et al. (2017) assessed the phenolic compounds in four olive tree varieties (Cellina di 

Nardò, Ogliarola di Lecce, Frantoio and Leccino) and results showed a reduction in hydroxytyrosol 

glucoside and an increase in quinic acid contents within all X. fastidiosa-infected plants (Luvisi et al., 

2017). Sabella et al. (2018) reported that only in infected Leccino cultivar, increased the amount of 

the quinic acid, a precursor of lignin that is known important for disease defence and water transport 

in vascular plants (Ludwig and Sarkanen, 1971; Vance et al., 1980). It was also reported that the 

azelaic acid was accumulated in Cellina di Nardò and Leccino olive trees after being infected with X. 

fatidiosa (Nicolì et al., 2018). Another study explored volatile compounds amounts in Cellina di 

Nardò and Ogliarola olive trees and noticed a marked presence of methyl esters in Xylella-infected 

samples (Mentana et al., 2019). Additionally, it was reported that p-coumaric acid disappeared after 

the infection of  Cellina di Nardò and Leccino olive trees. Furthermore, only in infected Leccino trees, 

the amounts of flavonoids (like quercetin, kaempferol and genistein) and oleanolic, salycilic and 

kynurenic acids increased (Novelli et al., 2019). 

     Lastly, other studies conducted under field conditions, characterised the metabolic profile of X. 

fastidiosa-infected Ogliarola salentina and Cellina di Nardò, before and after applying a fertilizer 

(containing zinc, copper, and citric acid) by using the Nuclear Magnetic Resonance Spectroscopy 

technique. The first work showed that untreated Cellina di Nardò trees exhibited a lower polyphenols 

and a higher sugar content with respect to the treated ones. However untreated Ogliarola salentina 

trees showed a higher content of polyphenol molecules and  a lower sugar content with respect to the 
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treated ones (Girelli et al., 2017). The second work showed that in both varieties quinic acid, the 

aldehydic form of oleoeuropein, ligstroside and phenolic compounds, were found higher for the 

untreated olive trees in comparison with the treated ones. Moreover, only Ogliarola salentina treated 

trees exhibited an increase in malic acid (Girelli et al., 2019).  

     Information on the metabolic profile of infected olive trees can help to understand the chemical 

changes generated by X. fastidiosa colonization. This type of data can be achieved through the 

metabolomic approach that is defined as "the quantitative measurement of the dynamic 

multiparametric metabolic response of living systems to pathophysiological stimuli or genetic 

modification" (Nicholson et al., 1999; Nicholson et al., 2002). In orther words, it is a bio-analytical 

methodology applied to investigate complex metabolic patterns associated with the response of an 

organism to physiological or pathological events. Metabolomics datasets are commonly acquired by 

either MS or NMR (Dieterle et al., 2011), that are two complementary powerful tools. Genuinely, 

combining MS and NMR datasets greatly promotes the coverage of the metabolome and provides a 

detailed high-throughput analysis of metabolic changes due to diseases, drug treatments, or other 

environmental stimuli (Bingol and Brüschweiler, 2017). Comprehensive analysis of such metabolic 

profiles adopting chemometric and statistical methods, enables the identification of a particular or a 

combination of metabolites as reliable bio-markers (that are crucial in revealing and following 

changes in biosystems) (Nicholson et al., 2002). 

     Considering that X. fastidiosa infection has been outspreading through the southern Apulia and 

that all studies related to metabolomic profiling of olive trees were conducted under field conditions, 

it appears of utmost importance to study the metabolic response of olive trees to the infection under 

controlled conditions, along with the evaluation of other types of stresses known to occur in the field.     

This study aims therefore to evaluate the metabolomic profile changes of artificially inoculated young 

olive plants with X. fastidiosa subsp. pauca ST53. The test plants belonging to the variety Cellina di 

Nardò, one of the most susceptible olive cultivar in the infected area of Apulia region, were also co-

inoculated with some tracheomycotic fungi. The latter, known to be largely present in OQDS trees, 

were used to partially reproduce field conditions in terms of biotic stress. The investigations were 

performed by combining NMR spectroscopy and MS spectrometry under a non-targeted approach for 

the analysis of leaf extracts and by applying a multivariate statistical analysis to extract relevant 

information on metabolites from the spectra. 
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2. Materials and Methods 

2.1. Experimental design 

     Thirty-eight olive plants from the cultivar Cellina di Nardò were subjected to inoculations in a 

quarantine greenhouse under controlled conditions (temperature 24 °C±2 °C; relative humidity over 

80 %) at the CNR of Bari (Italy). Single and mixed inoculations were performed with the strain X. 

fastidiosa subspecies pauca ST53 in combination with the following isolates of tracheomycotic fungi 

(Table1): Phaeoacremonium aleophilum B1a (F1), Ph. rubrigenum N20 (F2), Pseudophaeomoniella 

oleae Fv84 (F3), Ps. oleicola M24 (F4) or Ps. oleicola M51 (F5). 

 

Table 2.1: Co-inoculation of X. fastidiosa with diverse isolates of tracheomycotic fungi 

X. fastidiosa non-inoculated plants (Xf-) X. fastidiosa inoculated plants (Xf+) 

 No. plants Replicates  No. plants Replicates 

Control 3 6 Xf 4 10 

F1 3 5 Xf-F1 4 6 

F2 3 6 Xf-F2 3 8 

F3 3 6 Xf-F3 3 6 

F4 3 7 Xf-F4 3 6 

F5 3 7 Xf-F5 3 5 

Total 18 37 Total 20 41 

  

Sampling was performed 2 years after inoculations, from plants that resulted positive to X. fastidiosa 

and fungal infection. Each sample was composed by a number of mature leaves statistically 

significant (10-15), giving a total of 78 samples. All the harvested samples were coded and stored in 

plastic bags at -20°C until the chemometric analysis.   

 

2.2. Olive plants inoculation procedure 

2.2.1. X. fastidiosa inoculation  

     Two-year-old olive plants were inoculated  with a culture of X. fastidiosa ST53  using pinprick 

inoculation method (Hill and Purcell, 1995) as reported in the EPPO PM7/24 (4). A  drop of inoculum 

(10-50 µL of the bacterial suspension) was placed at 3 consecutive nodes in the basal part of the trunk, 

and the plant tissue was pricked through the droplets, 5–6 times with a sterile entomological needle. 

The bacterial suspension was prepared by scraping and re-suspending in PSB buffer the 8 – 10 days 

old colonies grown on BCYE solid medium. Bacterial suspensions were standardized to an OD600 
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value of 0.5-0.6 and an estimated cell concentration of 109 CFU/mL. Control plants were inoculated 

in the same manner, using PSB buffer alone instead of the bacterial suspension. 

2.2.2. Fungi co-inoculations  

     One month after the bacterial inoculation the five fungal isolates under study where inoculated on 

the main trunk of the plants, at 50-60cm from the soil. The inoculation was performed by removing 

approximately 5mm of bark and placing the mycelial plugs (4 mm in diameter) obtained from the 

edge of 14-day-old cultures of each isolate grown on PDA. Sterile non-colonized PDA plugs were 

used to inoculate control plants. The points of inoculation were then wrapped with sterile wet cotton 

and parafilm to avoid dehydration. 

2.2.3. Real-time PCR 

     The inoculated plants were examined with the real-time PCR test (Harper et al., 2010) in order to 

confirm the X. fastidiosa infection. Extractions of DNA were performed by homogenising leaf 

petioles in CTAB buffer following the protocol recommended by EPPO PM 7/24 (4).  

 

2.3. Laboratory analysis  

2.3.1. Reagents  

     All chemicals were of analytical reagent grade. The hydrochloric acid (37 %), sodium oxalate 

(≥99.5 %), deuterium oxide (99 %D) and sodium azide (≥99.0 %) were purchased from Sigma–

Aldrich (Milan, Italy), while sodium salt of (trimethylsilyl)-propionic-2,2,3,3-d4 acid (TSP, 99 %D) 

was purchased from Armar Chemicals (Döttingen, Switzerland). Acetonitrile and methanol LC/MS 

grade and isopropanol HPLC grade were purchased from Sigma–Aldrich (Milan, Italy).  Water was 

doubly deionised (resistivity: 18 MΩ·cm) with a Milli-Q water purification system (Merck Millipore, 

Darmstadt, Germany).  

2.3.2. Samples preparation for NMR and HPLC-MS analysis 

     Olive leaves were freeze-dried at –50°C and 0.045 atm for 24 h in a lyophilizer (Martin-Christ 

GmbH, Model Alpha 1-4 LSC). Dried leaves were ground manually employing a mortar and pestle 

that were cleaned after each sample with absolute ethanol and an aspirator. The obtained powder was 

sieved (through a metallic sifter, pore size of 0.5 mm) and stored at room temperature under vacuum 

in a plastic bag protected from light, until the analysis.    

2.3.3. NMR measurements 

     From each sample, 50 mg of olive leaf powder were placed into a test tube. The sample solution 

was prepared by adding 1.5 ml of oxalate buffer at pH 4.2 (pH value was reached after addition of 

37% HCl to 100 mL an aqueous solution containing 0.25 M of Na2C2O4 and 2.5·10–3 M of NaN3), 

then agitated for 10 minutes through sonication at 40 kHz, shaken for 5 minutes in a VORTEX at 
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2500 rpm, and centrifuged for 15 minutes at 4700 g. 630 μL of the supernatant solution were 

transferred into NMR tube, in which were added 70 μL of 0.20% of sodium salt of 3-trimethylsilyl-

2,2,3,3-tetradeuteropropionic acid (TSP) solution in D2O. 

One-dimensional 1H NOESY spectra were recorded on a Bruker Avance I 400 MHz spectrometer 

equipped with a 5 mm inverse probe and with an autosampler. 1H NOESY spectra were collected 

with 128 scans of 64K data points with a spectral width of 8013 Hz, a pulse angle of 90°, an 

acquisition time of 4.09 s, a mixing time of 10 ms and a recycle delay of 3.0 s. Each spectrum was 

acquired using TOPSPIN 3.0 software (Bruker BioSpin GmbH, Rheinstetten, Germany) under an 

automatic process that lasts around 22 min and encompasses sample loading, temperature 

stabilization for 5 min, tuning, matching, shimming and 90° pulse calibration. Free induction decays 

(FIDs) were Fourier transformed, the phase was manually corrected, the baseline was automatically 

corrected, and the spectra were aligned by setting the TSP singlet to 0 ppm.  

2.3.4. HPLC/MS measurements  

     The polyphenolic fraction present in olive leaf was extracted using methanol. Particularly, 10 mg 

of olive leaf powder were added to 3 mL of methanol, then mixed for 20 minutes through sonication, 

and lastly the supernatant was separated by centrifugation at 4700g. The methanolic extract was 

filtered at 0.45 μm and was diluted with 1:10 in methanol. 

HPLC/ESI-MS analysis of olive leaf extracts were carried out in negative mode by a MicroTOF-Q II 

mass spectrometer (Bruker Daltonics, Macerata, Italy) in the range 50-1000 m/z, equipped with an 

ESI ion source with nitrogen as nebulizing gas (4 atm) and drying gas (10 L/min, 180°C); capillary 

voltage at 3500 V and end plate offset at –500 V.  

Mass accuracy was verified by infusing a solution of Na-formate made up of 10 mL of 98% formic 

acid, 10 μL of sodium hydroxide (1.0 M), 490 μL of i-propanol and 490 μL of deionized water. 

Extracts were introduced (20 μL) in the HPLC (Agilent 1200 Series), using an autosampler in a RP 

column Synergi™ 4 µm Fusion-RP 80 Å, 100 mm x 3.0 mm. Flow rate was set to 0.5 mL/min using 

deionized water (resistivity: 18 MΩ cm) and acetonitrile (LC/MS grade) with 0.1% of formic acid 

(solution A and B respectively), in gradient: 1% of B in the first minute and shifting to 100 % B 

within the following 15 min. The composition was held 2 min, returning to 1% in 2 min and keeping 

this condition for additional 3 min to achieve the column stabilization before next run (total run time 

was 18 min). The raw data were collected as continuum mass spectra at regular time interval (spectra 

rate of 1 spectrum/s); mass spectra were processed using Data Analysis 4.0 (Bruker Daltonik GmbH, 

Bremen, Germany). 
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2.4. Data analysis  

     The FIDs, relative to the 1D 1H NOESY NMR experiments executed on 78 aqueous extracts of 

olive leaves, were processed by using Topspin 3.0 software (Bruker BioSpin GmbH, Rheinstetten, 

Germany), and segmented into 475 regular intervals (0.02 ppm-sized  buckets) in the range of [10, 

0.50] ppm by using AMIX 3.9.13 (Bruker BioSpin GmbH, Rheinstetten, Germany). The underlying 

area of each bucket was normalized to the total intensity; the areas of the buckets in the region [5.10, 

4.60] ppm, corresponding to the residual water signal, were set to 0.  

Analogously, the respective 78 chromatograms produced by HPLC/ESI-MS were processed and 

stored in netCDF format by using Data Analysis 4.0 (Bruker Daltonik GmbH, Bremen, Germany), 

and then subjected to the advanced bucketing by using AMIX 3.9.13. This method of bucketing is 

internally based on picked peaks, and has two major advantages: 1) peaks existing in only one 

spectrum are stored in columns which have only zero entries otherwise, thus their significance is 

raised; 2) it allows a very fine bucketing, e.g. the spectrometers mass resolution may be taken as the 

bucket size. The advanced bucketing only creates columns if needed, thus reducing the table sizes in 

respect to a normal rectangular bucketing. The bucket regions were given in units of m/z, in the mass 

range [50, 750] m/z, with a delta mass of 0.01 m/z, from 0.60 min to 16.50 min of retention time. A 

noise level was selected as absolute counts (“min threshold” = 1000, “max threshold” = 700000); 

spikes coming from electronic instabilities and isotopic peaks were removed in order to include only 

relevant information. The resulting table consisted of 889 buckets. 

Both data matrices were imported into SIMCA 13.0.3 (Umetrics, Umea, Sweden) to carry out 

multivariate statistical analyses (MVA). MVA reduces the dimensionality of large datasets by 

providing new variables, named latent or principal components (PCs), describing a model. The new 

coordinates of the observations are called scores, the weight of the original variables on each PC are 

called loadings. In the present study, the NMR spectra and the MS chromatograms constituted the 

observations, the buckets constituted the x-variables. Buckets were centered and subjected to Pareto 

scaling (each xj-variable was scaled to 1/sqrt(sdj), where sdj is the standard deviation of xj-variable 

computed around the mean), giving each x-variable a variance equal to its own standard deviation 

and, thus avoiding noise inflation. Pareto scaling was considered the optimal scaling method for 

“omics” datasets with large dynamic ranges. First, an unsupervised MVA method, the Principal 

Component Analysis (PCA), was applied to get an overview of data. Then, a supervised approach, 

the Orthogonal Partial Least Square – Discriminant Analysis (OPLS-DA), was performed to identify 

those x-variables that discriminate between observations belonging to different classes a priori 

defined [in the present case, n. 41 samples infected by Xylella fastidiosa (Xf+) versus n. 37 samples 

not infected by Xylella fastidiosa (Xf-)].  
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3. Results and Discussion 

3.1. Inoculations results  

     Leaves from the X. fastidiosa-inoculated olive plants were tested six months post inoculation and 

the real-time PCR results confirmed that the bacterium was successfully inoculated in all the plants. 

Regarding the fungal species, fungal colonization in the trunk was assessed 1.5-year post inoculation, 

through a destructive test allowing to perform symptoms observations and pathogen isolations at 

different distances from the inoculation point. Results of wood discolorations and fungal isolations 

confirmed the successful colonization of all the fungal strains especially Ps. oleicola M24 that showed 

the largest colonization pattern and the highest isolation frequency, compared to the other isolates 

tested.  

 

3.2. Data analysis 

     The non-targeted metabolomics approach allows the visualization of changes of metabolite 

composition of a sample. It provides suitable information to focus the specific molecules or groups 

of molecules involved in a given phenomenon. In the present study, metabolomics datasets were 

acquired by both MS spectrometry and NMR spectroscopy, two complementary techniques that give 

mass and structural details of the molecules. The spectral features related to the infection-induced 

metabolite changes were extracted by using both multivariate statistical analysis and were used to 

identify metabolites which were known and unexpected. While MS spectra contained mass details in 

the range 50-750 m/z and were taken into account as a whole, the 1H-NMR spectra (see supporting 

material for a typical 1H-NMR spectra) were considered without the region containing the residual 

solvent signal. 

Initially, Principal Component Analysis (PCA) was performed on each study group separately (Xf+ 

and Xf-) with the aim to assess the quality and homogeneity of the data. Quality of PCA models was 

evaluated basing on the parameters R2 (goodness-of-fit) and Q2 (goodness-of-prediction). By 

inspection of the Hotelling’s T2 plots, when NMR data were analysed, 4/78 outliers were identified 

in the Xf+ group and were removed from the dataset. PCA was carried out on all 74/78 samples, 

indicating that about 7% of the x-variance (R2X[6] = 0.039 and R2X[7] = 0.030) was related to the 

Xf infection of the plants (Figure 2.1a). The outliers were 3/78 when MS data were considered and 

13% of the x-variance was explained along PC4 and PC5 (R2X[4] = 0.065 and R2X[5] = 0.058, Figure 

2.1b). 
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Figure 2.1: a) PC6/PC7 scores plot obtained by NMR data , b) PC4/PC5 scores plot obtained by MS data 

                                                                   

Subsequently, Orthogonal Partial Least Square – Discriminant Analysis (OPLS-DA) was applied 

with the aim to emphasize the discrimination of the samples. In fact, OPLS-DA separates the variation 

of x-variables into two parts, the predictive part, correlated to the sample class, and the orthogonal 

part, uncorrelated to the class. As a result, model interpretability and identification of discriminating 

x-variables are improved. For OPLS-DA, quality of the models was evaluated taking into account the 

parameters R2Y (fraction of y-variance explained by the model), Q2, permutation tests and CV-

ANOVA tests, avoiding data overfitting. In the present case, with two possible classes (Xf+ vs Xf-), 

models presented only one predictive component and all other components reflected the orthogonal 

variation.  

Considering NMR data (Table A1; Figure A1; Annex1), a 1+5+0 OPLS-DA model was obtained 

with one predictive component (P1) and 5 orthogonal components (O1-O5). P1 explained 10.0% of 

x-variance (R2X = 0.100) and modelled 87.2% of y-variance (R2Y = 0.872). Most part of x-variance 

(68.5%) was explained by O1-O5 (R2X[cum] = 0.685). In figure 2.2.a, P1 vs O1 (t[1] vs t0[1]) scores 

plot shows the distribution of the observations which were much scattered along O1; in fact, O1 

explained alone 30.5% of systematic information in x-space, orthogonal to y-space (R2X[O1] = 

0.305). The robustness of the OPLS-DA model was ascertained by validation with a 200-permutation 

test (y-intercept for R2 was < 0.4 and for Q2 was < -0.05 for both classes, Figure A2; Annex1 ) and 

with CV-ANOVA test (the p-value computed was 2.06·10–13, Table A2). 

Considering MS data, a 1+2+0 OPLS-DA model was obtained (Figure 2.2b) with the predictive 

component P1 explaining 6.8% of x-variance (R2X = 0.068) and modelling 83.1% of y-variance 

(R2Y= 0.831). The two orthogonal components, O1 and O2, explained 35.4% of the x-variance 

(R2X[cum] = 0.354) (Table A2; Annex1). Also for MS data, the robustness of the OPLS-DA model 

was ascertained by validation with a 200-permutation test (y-intercept for R2 was < 0.4 and for Q2 
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was < -0.05 for both classes, Figure A3) and with CV-ANOVA test (the p-value computed was 

3.56·10–18, Table A3 ; Annex1) 

 

Figure 2.2:a) P1 vs O1 (t[1] vs t0[1]) scores plot, OPLS-DA applied on NMR data; b) P1 vs O1 (t[1] vs t0[1]) scores 
plot, OPLS-DA applied on MS data 

 

In order to identify the metabolites that were differently expressed between infected and not-infected 

samples, VIP (Variable Importance in the Projection) predictive values (Table 2.2) and S-plot (Figure 

2.3) were examined. VIP values indicate the importance of each x-variable on the predictive part of 

the model and are reported in tables 2.2 and 2.3. Values larger than 1 are the most relevant for 

explaining the y-response. The S-plot displays the p[1] vs p(corr)[1] vectors of the predictive 

component, where p[1] is the loading vector that expresses the weight of each x-variable on the 

selected component P1, and p(corr)[1] is p[1] scaled as a correlation coefficient between each x-

variable and t[1], ranking from -1.0 to 1.0. In the S-plot, the x-variables situated far out on the wings 

of the S combine high model influence with high reliability and are relevant in the search for up- or 

down-regulated markers. The variables related to metabolites with the highest potential as biomarkers 

were selected among those with VIP > 1.0 and |p(corr)| > 0.5 (Tables 2.2 and 2.3) (Wheelock and 

Wheelock, 2013). 

 

Figure 2.3: a) S-plot  by NMR data; b) S-plot by MS data 
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Table 2.2: Selected NMR variables (VIP > 1.0 and |p(corr)| > 0.5) 

 

 

Table 2.3: Selected MS variables (VIP > 1.0 and |p(corr)| > 0.5) 

 

 

3.3. Markers identification 

     NMR data analysis revealed that the buckets centered at 2.51, 2.53, 2.55, 2.57, 2.63, - 2.75, 4.33, 

4.35, and 4.37 ppm are characterized by higher intensity in Xf- samples with respect to Xf+ ones. 

These buckets can be attributed to the signals of malic acid. It is important to notice that the chemical 

Bucket VIPpred p[1] p(corr)[1] CoeffCS(Xf+) CoeffCS(Xf+)cvSE * 2,44693

4.07 2.1365 -0.1008 -0.6235 2.5915 1.2781

2.17 1.1265 -0.0531 -0.5710 2.5175 0.9371

2.65 1.7060 0.0805 0.5618 -0.8796 0.9398

2.63 1.1052 0.0521 0.5744 -1.2444 1.3800

2.57 2.8698 0.1354 0.6024 -1.8532 1.3380

2.51 2.5312 0.1194 0.6089 -1.3407 1.5300

8.43 1.0775 0.0508 0.6400 -2.4317 1.3750

2.53 2.9305 0.1382 0.6734 -1.8262 0.9116

2.75 4.1134 0.1940 0.6935 -4.0155 1.2951

2.55 3.0618 0.1444 0.6939 -1.8532 0.8928

4.35 3.7571 0.1772 0.7152 -4.0723 0.8394

4.37 3.2835 0.1549 0.7313 -3.8835 1.3005

4.33 3.1085 0.1466 0.7413 -2.8704 0.7539

MS Bucket VIPpred p[1] p(corr)[1]

487,3470 2,3961 -0,1191 -0,7475

491,1210 1,9123 -0,0951 -0,6940

299,0400 1,5957 -0,0896 -0,6740

695,4000 1,3664 -0,0679 -0,6216

299,0290 1,8027 -0,0793 -0,5894

623,1440 2,6166 -0,1301 -0,5835

379,0900 1,2551 -0,0624 -0,5767

609,1490 3,0210 -0,1502 -0,5632

469,3320 1,6273 -0,0809 -0,5494

215,0950 1,8982 -0,0944 -0,5452

615,2110 1,4210 -0,0706 -0,5440

491,1540 2,7100 -0,1347 -0,5355

539,1940 1,9076 -0,0948 -0,5332

603,0840 1,3106 -0,0651 -0,5231

715,2290 1,2820 -0,0637 -0,5226

577,2700 1,2920 -0,0642 -0,5171

331,0730 1,1573 -0,0575 -0,5156

439,0910 1,3476 -0,0670 -0,5080

607,3300 1,1494 0,0571 0,5075

405,1040 1,1761 0,0585 0,5126

133,0130 2,4626 0,1224 0,5166

115,0020 1,1206 0,0557 0,5185

511,1860 1,2433 0,0618 0,5851
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shifts of the malic acid are not constant for all the samples due to their dependence on ion strength of 

the solution and then, on the specific features of the sample. Moreover, in the same regions, also 

signals of other molecules overlapped and could be responsible for the observed trend. In order to 

avoid misinterpretation, a correlation matrix was created by combining NMR and MS data. It resulted 

that the abovementioned NMR buckets were correlated with two MS bucket corresponding to 

m/z=134.0215, the monoisotopic molecular weight (MMW) of malic acid. In particular, a correlation 

value of about 0.6 was found between the NMR buckets at 2.51 e 2.75 ppm and the MS buckets at 

133.013 and 115.002, the latter being attributable to [M-H]− and [M-H-H2O]− fragments, 

respectively. In figure 2.4, the statistics of the NMR buckets at 2.51 e 2.75 ppm and of the MS buckets 

at 133.013 and 115.002 are reported.  

 

Figure 2.4: Statistic of the buckets attributable to malic acid (a: 2.51 ppm; b: 2.75 ppm; c: m/z 115.002; d: 133.013) 

 

Malic acid is the most common organic acid in plant tissues in which it performs as a substrate for 

various cellular functions such as amino-acids biosynthesis and citric acid cycle (Freitas et al., 2015). 

Malate is implicated in several metabolic pathways such as that involving the NADP-malic enzyme. 

It is therefore linked to both the defence-related deposition of lignin and the synthesis of reactive 

oxygen species produced for microbial pathogens inactivation (Casati et al., 1999). Modifications in 

malate content was reported to be correlated with the plant response to stress condition.  

Also formic acid showed the same trend as malic acid, that is higher intensity in infected samples, as 

ascertained by statistics of the bucket at 8.43 ppm (Figure A9; Annex1).  
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The NMR bucket at 4.07 ppm resulted more intense in Xf+ leaves (Figure A4; Annex1). It was 

assigned to sucrose after ascertaining that it correlates with MS buckets at 341.111 [M-H]–, 377.096 

[M+Cl]–, 387.118 [M+HCOO]– and 683.229 [2M-H]– with high correlation values ranging from 0.60 

to 0.90. The same MS buckets correlated also with NMR buckets at 5.39 and 5.41 ppm. These buckets 

include the signal of the C1-H of the glucopyranosyl ring of the sucrose. Sucrose is a common non-

reducing disaccharide derived from the condensation of a molecule of glucose and a molecule of 

fructose via a β(1→2) O-glycosidic bond. The distribution of sucrose was evaluated along with other 

polyols. In fact, expanding the analysis to NMR buckets with 0.3 < |p(corr)| < 0.5 it was found that 

most buckets in the range 3.90 – 3.64 ppm followed a similar trend as that of sucrose. Especially, the 

buckets at 3.65, 3.69, 3.75, 3.77, 3.79, 3.81, 3.85, and 3.89 ppm (Figure 5; Annex1)correlated with 

the MS buckets at 181.073 [M-H]–, 163.061 [M-H-H2O]–, and  363.149 [2M-H]– (correlation values 

ranged from 0.60 to 0.87), thus they were ascribed to mannitol (MMW = 182.0790). Mannitol is a 

sugar alcohol product of the primary photosynthetic metabolism in mature leaves wherefrom it moves 

to sink tissues through the phloem (Stoop et al., 1996). It represents one of the major phloem-

translocated carbohydrate in olive trees (Zimmermann and Milburn, 1975; Flora and Madore, 1993). 

Mannitol may act as carbon and energy source for plant growth (Stoop et al., 1996), but also as an 

osmoprotectant against drought (Guicherd et al., 1997; Dichio et al., 2003), salinity (Stoop and Pharr, 

1994; Gucci et al., 1998) and oxidative stress in plants and fungi (Williamson et al., 1995). Mannitol 

is conveyed to sink tissues where it can be either stored or oxidized to mannose by an NAD-dependent 

mannitol dehydrogenase (MTD) (Stoop et al., 1996). The latter plays an important role in plant-

pathogen interactions when it is co-localized with pathogen-secreted mannitol. In fact, many fungi, 

including phytopathogenic ones, produce mannitol too and may use it to protect themselves against 

active oxygen-mediated plant defences. This fungal-secreted mannitol may be catabolized or oxidised 

by MTD as a plant mechanism counterbalance to resist the infection (Jennings et al., 1998; Jennings 

et al., 2002). In fact, mannitol may operate as a potent quencher of reactive oxygen species (ROS) 

(Smirnoff and Cumbes, 1989), in olive trees too (Bianco et al., 2011). ROS can be induced by heat 

stress (Hasanuzzaman et al., 2013)  or by pathogen infection (Sutherland, 1991; Jiménez-Ruiz et al., 

2017; Leyva-Pérez et al., 2018). 

In the present case, mannitol was found higher in all X. fastidiosa-infected plants with respect to the 

non-infected ones regardless their biotic conditions (fungal infections). Furthermore, ROS production 

was reported to occur more importantly in X. fastidiosa infected olive trees in regard to the Xylella-

negative ones (Novelli et al., 2019). Also, the activities of some antioxidant enzymes that are 

superoxide dismutase (SOD), catalase (CAT), and ascorbate peroxidase (APX), related to ROS-

scavenging activity, were increased in Xf-infected olive plants (De Pascali et al., 2019). As a 
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deduction, mannitol was probably produced in response to the X. fastidiosa infection, so to balance 

cell reinforcements against ROS Xf-induced increment. 

An opposite trend was shown by buckets centered at 5.77, 6.01, 6.03, and 6.05 ppm, whose intensities 

were found (on average) higher in Xf- leaf samples with respect to Xf+ ones (Figure A6 ; Annex1) 

Such buckets, strictly correlated with the bucket 2.65 (Table 2), correlated also with the MS bucket 

at 539.181 [M-H]– (correlation value of 0.75), thus they were assigned to oleuropein (MMW = 

540.1843). Moreover, a correlation was found also with the NMR buckets at 1.57, 1.59, 2.49, 5.75, 

and 7.51 ppm (correlation values ranging from 0.92 to 0.99), where the other signals of oleuropein 

are contained. Oleuropein is a chemical compound found in olive leaves, whose antioxidant properties 

are well-known. The fact that this kind of compounds resulted to be less abundant in infected leaves 

(Xf-) support their biological role of sacrificial molecules. 

Finally, two potential markers of the infection could not be identified by the available data but deserve 

mentioning. The evidence for such markers comes from the NMR bucket at 2.17 ppm and the MS 

bucket at m/z 487.374. Concerning the NMR bucket at 2.17 ppm, higher intensities were found in 

infected samples (Figure A7; Annex1). It was tentatively assigned to acetoin which is an important 

physiological metabolite excreted by many microorganisms (Xiao and Xu, 2007). Also, the intensities 

of the MS bucket at m/z 487.374 were found higher for infected samples (Figure A8; Annex1). 

Attention should be paid to these findings with the aim to unequivocally disclose the identity of the 

molecules generating such signals.  

 

4. Conclusions 

     In this work, a combined non-targeted NMR/MS study was carried out to identify the metabolomic 

changes in young Cellina di Nardò plants due to X. fastidiosa infection under controlled greenhouse 

conditions and co-infections of some tracheomycotic fungi. The combined approach involving NMR, 

HPLC-HRMS and multivariate statistical analysis showed that changes of the amounts of malic acid, 

formic acid, mannitol, sucrose and oleuropein were caused exclusively by X. fastidiosa regardless of 

the co-infections with tracheomycotic fungi. In particular, identification of mannitol as a discriminant 

metabolite in the case of X. fastidiosa infection in olive trees paralleled what was reported for citrus 

plants affected by Huanglongbing disease (Killiny, 2017). Among the observed changes, those of 

malic acid and oleuropein have been reported in previous studies on X. fastidiosa infections in olive 

groves, thus confirming that such a pathogen affects both primary and secondary metabolism in the 

olive trees. All of these findings suggest that further studies should follow this first trial conducted 

under controlled conditions with the aim to gain deeper insights on the role of primary and secondary 

metabolites at the level of olive cultivars tolerance to X. fastidiosa infections. 
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3. Chapter III: Study of the spatial  distribution of Xylella fastidiosa infection in 

the Apulian olive groves according to Bayesian modelling. 

 

1. Introduction 

 

      As to prevent the spread of X. fastidiosa within the European Union, a set of EU emergency 

measures were established under the Decision (EU) 2015/789. Subsequently, the Italian Ministry of 

Agriculture, Food and Forestry (MiPAAF) issued the second Ministerial Decree of Emergency 

measures (18/2/2016) that includes an intensive monitoring plan on specified plants (all X. fastidiosa 

host plants worldwide) for the prevention and eradication of X. fastidiosa in the Italian territory,  

particularly in the demarcated area of the Apulian region. Accordingly, the Apulian Regional 

Cartographic Grid made of about 1000 ha each regular mesh (1km × 1km), was subdivided into sub-

meshes of approximately 1ha each (100m ×100m) in order to facilitate the monitoring within the 

demarcated area. 

     A demarcated area is composed of an infected, a containment and a buffer zone. The infected zone 

(IZ) is where exist the infected plants, all the host plants likely to be infected due to their proximity 

and the ones showing symptoms.  In the IZ, the removal concerns at least infected plants and all host 

plants (such as weeds, shrubs and plants from nurseries). The containment area (CA) is northernmost  

strip of the IZ, covering 20km wide.  The eradication in the CA involves the infected olive trees and 

the surrounding plants within a radius of 100 meters, in addition to all ornamental and wild plants 

known to host X. fastidiosa (the same measures are applied in buffer zone (BZ). The BZ is an area of 

10 km wide surrounding the CA.  

        Regarding the monitoring procedure, in the containment zone, all host plants are visually 

inspected in all sub-meshes and symptomatic plants are sampled, or one asymptomatic plant/sub-

mesh is randomly chosen. Moreover, in the buffer zone, all specified plants are visually inspected in 

all sub-meshes and symptomatic plants are sampled, or one asymptomatic plant/sub-mesh is 

randomly chosen. Lastly, in the pathogen-free area, all specified plants are visually inspected in 5 

selected sub-meshes/regular mesh and symptomatic plants or a randomly chosen asymptomatic plant 

are sampled/sub-mesh. 

       In reality, this large-scale monitoring program is essentially based on the visual inspection of 

symptoms. However, there is an obvious diversity in olive cultivar responses to X. fastidiosa infection 

(Martelli, 2015; Boscia et al., 2017). Therefore, in addition to the symptomatic aspect that may vary 

according to the age and the olive variety, early symptoms of the X. fastidiosa infection can occur 

several months after a latent period (EFSA et al., 2019b). During this latent period, the plant host 
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becomes infectious allowing insect vectors to transmit the infection before symptoms development. 

This situation hinders the early detection of infection and consequently the immediate elimination of 

infected plants. 

     Photographing the spatial distribution of an epidemic in the territory emphasizes the areas with a 

significant risk and the main crops affected (e.g. the olive tree). Besides being useful for the 

geographical descriptive purposes of the epidemic expansion, it allows to suggest possible 

associations between factors of risk and the infection. In such a manner, the epidemiological 

modelling represents the starting point for planning further targeted analyses, assisting the 

investigation on the causes of the infection incidence variation in a given region, or the elaboration 

of possible sampling strategies.  

     By using the available geo-referenced data of X. fastidiosa movement during the last years, several 

modelling studies have been performed in order to simulate the disease spread along with the 

mandatory control measures. Bosso et al. (2016) used Maxent models for predicting X. fastidiosa 

presence outside of Apulia region on the base of some influencing eco-geographical variables. Strona 

et al. (2017) used Susceptible-Infected-Susceptible (SIS) models with a dispersion radius of 1km, as 

threshold distance, for the diffusion of X. fastidiosa in southern Italy through the network of olive 

groves. This made the chances of eradicating the bacterium from the region extremely weak. 

Short- and long-range spread models based on a number of assumptions and similar to that of White 

et al. (2017) were developed for the EFSA risk assessment on X. fastidiosa report. The simulation 

results from these models underlined that the application of highly effective vector control at nymph 

and adult stages, the early pathogen detection and the immediate implementation of control measures 

are the key factors for an effective local eradication of the bacterium (EFSA et al., 2019a). Similar 

conclusions were achieved by Schneider et al. (2020) that simulated current and future scenarios of 

the disease spread based on the modelling of the climatic suitability and the radial expansion of the 

invaded territories. They also developed an economic model to calculate the impact based on profits 

and losses of lost and unrealized investment.  

       Generally, spatial statistical modelling has been increasingly used to integrate experimental and 

observational studies of complex biological phenomena across different levels of organization (Chew 

et al., 2014). In particular, geostatistical models are becoming popular also because they allow to 

improve the understanding of plant epidemics through their spatio-temporal characteristics and to 

predict the underlying disease risk in relation to possible risk factors.  

     Our approach in this work is to estimate the disease prevalence in known locations through a 

hierarchical Bayesian spatial model, more precisely the Besag-York-Molliè (BYM) model which 

incorporates both a spatial structured effect and an unstructured random effect (Besag et al., 1991). 
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The BYM model is widely used in disease mapping studies and provides satisfactory results even in 

those contexts where analyses and risk estimates are conducted that exclude the influence of other 

possible abiotic and environmental factors (e.g. climatic covariates) and where different real residual 

spatial structures are simulated (Lawson et al., 2000; Ma et al., 2007).  

     The aim of this work is to propose an original statistical methodology able to of provide indications 

on the number of samples to be collected within a reference sampling epidemiological grid, in order 

to organize efficient monitoring plans according to the official phytosanitary protocols previously 

described. This was achieved through the application of the BYM model to three scenarios of 

sampling strategies selected according to the different incidences and capable of estimating the spatial 

structures of risks "in extreme conditions". 
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2. Descriptive analysis of X. fastidiosa monitoring data used in the study area 

 

     In this part, we will describe in detail the available data from the official monitoring program 2017 

for X. fastidiosa carried out in the Apulia region in the buffer and the containment zones.  

Additionally, we will justify the choice of the area of interest and the adjustment of the data to be 

used for the BYM statistical modelling approach.  

 

2.1.Sampling data from the official monitoring program 2017 in the ‘Containment’ and ‘Buffer’ zones  

A total of 124,348  olive trees samples were collected, from which 121,409 samples resulted negative 

and 2,939 samples resulted positive to the infection, forming an overall incidence of about 2.36 % 

(Table 3.1). 

From the containment zone alone, 113,137 samples were collected, from which 2,920 resulted 

positive, representing a proportion of about 2.6 %. While in the buffer zone, 11,211 samples were 

collected, from which only 19 resulted positive, representing 0.17 % of the total samples. 

 

Table 3.1: Total samples, infection status and relative incidence in the official monitoring 2017 

Samples [Number] Total Area* Containment zone Buffer zone 

Total 124,348 113,137 11,211 

Positive 2,939 2,920 19 

Negative 121,409 110,217 11,192 

Incidence rate 2.36 2.58 0.17 

                                                  * Containment and Buffer zones 

The containment and the buffer zones borders are illustrated in Figure 3.1, on which are displayed 

the positive and negative samples collected in 2017.   
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Figure 3.1: Containment and buffer zones with the monitored samples (red point=positive, green 
point=negative) of the year 2017: (a) within the Apulia region and (b) in zoomed extent with an 
overlapped grid of 1km2. 

      From the official monitoring results, X. fastidiosa infection started to appear in September 2017, 

reaching a maximum incidence in November with a value of 6.16% (Figure 3.2). We note a 

considerable inequality between months in terms of samples number. 

 

Figure 3.2: Sample distribution by month and by infection status of the year 2017 
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     This huge difference cannot be explained only by the appearance of symptoms on olive trees since 

the sampling procedure is based initially on the visual inspection, but also by the sampling program 

performed, as it is shown in Figure 3.3. Indeed, the region was inspected part by part starting from 

the buffer zone towards the containment zone.  

 
 

Figure 3.3: Sampling distribution by month and area for the year 2017 

 
 

          In the buffer zone, the samples are very sparse, and the incidence is only 0.17%. Reason why, 

the study area was restricted to the containment zone (Figure 3.4). However, there are some missing 

results for which some areas are empty. Following the indications on the sampling procedures 

established in the Apulian monitoring protocol, the whole area was divided into cells of 

approximately 1km2 each, by overlapping the reference epidemiological grid (the regional 

cartographic grid previously introduced). These cells are considered here as statistical units.  Table 

3.2 displays the summary of the sampling distribution data per cell. The number of samples per cell 

varies from 0 to 7,657 with a mean of 63.6 reflecting a huge disparity between cells in terms of the 

number of samples. This difference may due to the sampling’s concentration in sporadic areas.  
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Figure 3.4: Containment area with olive trees sampled in  2017 

 

Table 3.2: Samples density per cell in the containment area 

Samples [Number] Min. 1st Qu. Median Mean 3rd Qu. Max. 

Total 0  2.5 37 63.6 87 7,657 

Positive 0 0 0 1.503 0 1,247 

Negative 0 2.5 37 62.1 87 7,153 

 

In order to assess the outliers, we used Box and Whiskers plot (Figure 3.5) to describe the shape of 

the sample data distribution per cell. The boxplot function uses the standard rule to indicate an 

observation as a potential outlier if it falls more than 1.5 times the IQR (Inter-Quartile Range, 

calculated as Q3(75th percentile ) - Q1(25th percentile)) below Q1 or above Q3. The boxplot outputs 

are presented in Table 3.3, where the maximum value excluding outliers is 172 (this value is within 

the 75th percentile+ 1.5*IQR ).  
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Figure 3.5: Boxplot of samples density per cell of the containment zone (2017): (a) Boxplot displaying all the data from 
0 to 7,657 samples; (b) Zoomed area of the same Boxplot from 0 to 200 samples  (outliers are plotted in red triangles). 

  

Table 3.3: Boxplot numerical outputs 

Samples [Number] Min. Q1 
(25th percentile) 

Median 
(50th percentile) 

Q1 
(75th percentile) 

Max. 

Total 0 38 75 93 172 

 

The outlier values (>172) were found in 49 cells, in which we considered the maximum number of 

samples is 172 through a random sampling.   

 

2.2. The Epidemiological Reference Data  

     The reference data was made by excluding outliers in relation to the number of samples per cell. 

The obtained data of the containment zone that was delineated in 2017, contains information of 

85,787 olive trees samples. The containment zone was partitioned upon the reference epidemiological 

grid into 1,267 statistical cells of 1 km2. A total of 557 olive trees samples resulted positive with an 

overall incidence of about 0.64%.  

Table 3.4 and Figures 3.6, 3.7 and 3.8  describe the samples data distribution per cell. In fact, the 

number of samples varies between 0 and 172, including the 1st quartile, the median and the 3rd 

quartile that are 38, 75 and 93 samples/cell, respectively. Regarding the positive samples, their 

number varies from 0 to 65 with a very low mean of about  0.44. This is due to the sparse geographical 

distribution of the positive samples that are mostly aggregated within two important clusters. The first 
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one, between the municipalities of Carovigno, Ostuni, Ceglie Messapica and San Michele Salentino; 

and the second one, between the municipalities of Oria and Francavilla Fontana.  

 

Table 3.4: Description of the sample distribution data per cell. 

Samples [Number] Min. 1st Qu. Median Mean 3rd Qu. Max. 

Total 0  38 75 67.71 93 172 
Positives 0 0 0 0.4396 0 65 

Negatives 0 38 75 67.27 93 172 

 

Figures 3.6 and 3.7 illustrate what was summarized in the 1st two lines of Table 3.4 regarding the 

sample distribution per statistical unit (cell) within the containment zone. In particular, Figure 6 

highlights the sample density in each epidemiological unit (cell) with a heatmap that varies from 

yellow (the lowest unit) to purple colour (the highest unit).   

 

Figure 3.6: Number of samples per cell of the containment zone for the year 2017. 

 

Similarly, Figure 3.7 shows up a heatmap of the number of positives detected per epidemiological 

unit. The minimum density units are represented by light yellow colour up to the maximum density 

units that are revealed by red colour. 
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Figure 3.7: Number of positives per cell of the containment area for the year 2017. 

 

      Figure 3.8 diplays the grid cells of the presence-absence of X. fastidiosa infection. Considering a 

presence cell, when it contains at least one positive sample, on the contrary, an absence cell 

significates that all the samples contained in it are negative. We note in this graph obviously the two 

important aggregation areas of infected plants.  
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Figure 3.8: Presence-absence of X. fastidiosa infection in the containment zone for the year 2017. 

Lastly, the variable of interest in our study corresponds to the results of the samples analysed for X. 

fastidiosa infection, positive or negative, obtained in each epidemiological unit which is the grid cell. 

 

3. Statistical methodology 

 
     In this part the statistical methodology used will be presented. We will begin with a brief 

introduction to spatial statistics and hierarchical models Bayesians Subsequently, the Integrated 

Nested Laplace Approximation (INLA) methodology used for the modelling will be introduced. This 

methodology is based on the concepts of latent Gaussian models and the approximation of Laplace. 

Finally, the inference process that is carried out under the INLA methodology, will be detailed. 

3.1. Spatial statistics 

     The spatial statistics reveals a set of methodologies for the study of the spatial variability of 

georeferenced observations, that is based on the analysis of realizations of a stochastic process 

{𝑍(𝑠): 𝑠 ∈  𝐷 ⊂  ℝ𝑛}, where Z (s) is a random variable in the location s that belongs to a region D 

in the n-dimensional Euclidean space. 

The spatial statistical literature distinguishes three types of spatial data, namely lattice and areal data, 

geostatistical data, and spatial point pattern data  (Rathbun and Cressie, 1991; Schabenberger and 

Pierce, 2001; Cressie and Wikle, 2015). 
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Geostatistical data is an accomplishment of a stochastic process {𝑍(𝑠): 𝑠 ∈  𝐷 ⊂  ℝ𝑛}  over a 

continuous spatial region 𝐷 ⊂  ℝ𝑛. The main objective of geostatistics is the prediction in a point or 

in a set of points of the region observed. 

In spatial point pattern data analysis, the sampling locations s are random, and we investigate the 

patterns in the positions of the points. The main objective of the study of these data is to determine if 

the distribution of the set of observations { 𝑠 ∈  𝐷 ⊂  ℝ𝑛}  is random, aggregated or uniform, and if 

there is a phenomenon that intervenes in the process. 

Finally, areal or lattice data correspond to observations that come from a discrete and fixed set of 

locations 𝐷 ⊂  ℝ𝑛, which can be spatially distributed in a regular or irregular form in a continuous 

region. The objective of the analysis of lattice data is to model the spatial pattern in the attributes 

associated with the fixed areas. 

The classification of the spatial data type would determine the type of statistical analysis to be carried 

out (Cressie, 1992). For the study of the distribution of X. fastidiosa, the available data correspond to 

specific geo-referenced samples carried out in a grid of cells (that are epidemiological units). This 

category of spatial data is analysed considering the relation of each observation with the neighbouring 

observations. Accordingly, these spatial relationships are measured by establishing neighbourhood 

structures, on  the base of various criteria, such as distance or contiguity, the nature of the data and 

the phenomenon to be modelled. Any system of n sites, each with specified neighbours, clearly 

generates a Markovian random field (Besag, 1974).  

The incorporation of the spatial relationship in modelling leads to a hierarchical spatial model. This 

methodology allows including with relative ease sources of variability and uncertainty not observed. 

3.2. Bayesian Hierarchical Models 

     Bayesian inference deals adequately with hierarchical models’ analysis as it allows both the 

observed data and the model parameters to be random variables (Banerjee et al., 2014). Resulting in 

a more realistic and accurate estimation of uncertainty. Moreover, the Bayesian approach allows to 

incorporate prior distributions (informative or diffuse) for the parameters, and to quantify the degree 

of credibility of their estimated values through the posterior distributions. The latter are obtained by 

combing prior distributions with the likelihood of the data according to the Bayes’ theorem.   

By incorporating a random effect or spatial-type components into a model, the  prior distributions of 

the parameters would be nested by other parameters, known as hyperparameters, resulting in a 

structured model by layers or levels. This type of models allows the incorporation of complex 

structures with relative ease, as well as the definition of prior distributions to hyperparameters, giving 

more flexibility in adjusting the model. 

Bayesian hierarchical models have the following structure of levels 
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• Likelihood 𝜋(𝑦|𝜃). 

• Prior distribution of the parameters 𝜋(𝜃|𝜆) 

• Prior distribution of hyperparameters 𝜋(𝜆) 

Bayesian hierarchical models are widely used to address problems that include spatial component in 

the modelling structures (Cressie, 1992; Diggle et al., 2007; Banerjee et al., 2014). 

3.3. Integrated Nested Laplace Approximation (INLA) 

Bayesian inference has relied initially upon Markov chain Monte Carlo methods (Gilks et al., 1996) 

to compute the joint posterior distribution of the model parameters. Until the development of an 

alternative approach, the Integrated Nested Laplace Approximation (INLA) methodology (Rue et al., 

2009) and software (http://www.rinla.org). Firstly, this approach suggests focusing on individual 

posterior marginals of the model parameters rather than aiming at estimating their joint posterior 

distribution. Secondly, it relies on models that can be expressed as latent Gaussian Markov random 

fields (GMRF), providing the advantage to make calculations faster (Rue and Held, 2005).   

The INLA methodology has three fundamental concepts, the first one is based on the properties of 

the conditional probability described by Bayes' theorem,  for two variables (a; b): 

  

𝜋(𝑎/𝑏) =
𝜋(𝑎, 𝑏)

𝜋(𝑏)
 ⟺  𝜋(𝑏) =

𝜋(𝑎, 𝑏)

𝜋(𝑎/𝑏)
                                  (1) 

  

Considering a third variable c we can obtain an alternative of the expression (1): 

 

  

𝜋(𝑎/𝑏) =
𝜋(𝑎, 𝑏/𝑐)

𝜋(𝑎/𝑏, 𝑐)
                                  (2) 

  

The other two concepts in INLA are Latent Gaussian Models and the Laplace Approximation.  

3.3.1. Latent Gaussian models 

     Latent Gaussian models are part of the extensive class of structured additive regression models. 

They are known as models STAR (Structured Additive Regression) (Fahrmeir et al., 2013), that have 

several applications due to their great flexibility. This flexibility is conferred by different forms  of 

acquire the functions that model the covariates in the additive structure of the predictor. The general 

form that these models is as follows: 

𝑔(𝜇𝑖) = 𝛼 +  ∑ 𝑓(𝑗)

𝑛𝑓

𝑗=1

(𝑢𝑗𝑖)  +  ∑ 𝛽𝑘𝑧𝑘𝑖 

𝑛𝛽

𝑘=1

+    𝜖𝑖                    (3) 
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where, assuming that the distribution of the response variable yi belongs to the exponential family, 

the mean µi is added to the additive predictor by a function link g(),  f(j)() are unknown functions of 

the covariates u, βk represents the linear effect of the covariates z and  ϵi are the unstructured terms. 

Gaussian latent models are a subset of additive Bayesian models with a structured additive predictor, 

in which, the prior distribution of the set of parameters {α, f (j)(), βk, ϵi}, that form the latent component 

(unobservable) of interest in the inference, follow a normal multivariate distribution. This is what is 

known as the Gaussian latent field (𝜃). 

The main characteristic of these models is a non-observed multivariate Gaussian random variable θ, 

whose density π(𝜃 |λ) is controlled by a vector of hyperparameters (λ). The prior distributions of these 

hyperparameters do not necessarily have to be Gaussian. The data observed are conditionally 

independent given the latent field θ, that is to say 𝜋(𝑦|𝜃) = ∏ 𝜋(𝑦𝑖|𝜃𝑖).  

The latent Gaussian models belong to the set of Bayesian hierarchical models; therefore, their 

structure is formed following the general form detailed below: 

1.Likelihood function: 

𝜋(𝑦|𝜃, 𝜆) =  ∏ 𝜋(𝑦𝑖 | 𝜂𝑖 (𝜃), 𝜆), 𝑖 =  1, . . . , 𝑛; 

𝑛

𝑖=1

 

is the function of density defined for observations, where: 

• y = (y1, …, yn) is the vector of n realizations of the response variable, that is assumed 

conditionally independent given 𝜃 and λ, 

• 𝜃 =  (𝜃1, … , 𝜃𝑛) is the set n of parameters that form the Gaussian latent field, 

• 𝜆 =  (𝜆1, … , 𝜆𝑚)   is the vector of m hyperparameters, 

• 𝜂𝑖(𝜃) is the i-th linear predictor that joins the observations with the latent field. 

 

 

2. Gaussian latent field 𝜃  whose prior distribution is Normal multivariate, with mean 0 and precision 

matrix (inverse of the covariance matrix) Q (λ), that is  to say, 𝜃 ∼  𝑁(0, 𝑄−1(𝜆)), therefore the 

function of density is expressed:  

𝜋(𝜃|𝜆) ∝ |𝑄(𝜆)| 
1
2 𝑒𝑥𝑝 (−

1

2
 𝜃𝑇𝑄(𝜆)𝜃)                         (4) 

The latent Gaussian field admits the properties of conditional independence; therefore, it is a Gaussian 

Markov Random field (GMRF) with a precision matrix Q (λ). A GMRF is a random vector with 

Gaussian distribution that satisfies the properties of conditional independence, that is, for 𝑖 ≠ 𝑗:  𝜃𝑖 ⊥

𝜃𝑗|𝜃−{𝑖,𝑗}  , where - {i,j} are all elements of the vector of parameters excluding i and j. The precision 

matrix is sparse and not null only for neighbouring observations. This means that numerical methods 
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can be applied for sparse matrices, involving less computational time than the calculations with dense 

matrices (Rue and Held, 2005). 

3. Prior distribution of hyperparameters 𝜆 ∼ 𝜋(𝜆). 

The joint posterior distribution of θ and λ is given by the product of the likelihood, the density function 

of the GMRF and the prior distribution of the hyperparameters, so that it can be expressed as: 

                                           𝜋(𝜃, 𝜆|𝑦) ∝  𝜋(𝜆)𝜋(𝑦|𝜃, 𝜆)𝜋(𝑦|𝜃, 𝜆)                                               (5) 

                     ∝  𝜋(𝜆)𝜋(𝑦|𝜃, 𝜆) ∏ 𝜋(𝑦𝑖|𝜃𝑖, 𝜆)

𝑛

𝑖=1

 

                                                                                

∝  𝜋(𝜆) |𝑄(𝜆)| 
1
2 𝑒𝑥𝑝 (−

1

2
 𝜃𝑇𝑄(𝜆)𝜃)  ∏  𝑒𝑥𝑝 (𝑙𝑜𝑔(𝜋(𝑦𝑖|𝜃𝑖, 𝜆)))

𝑛

𝑖=1

 

                                                                                ∝  𝜋(𝜆) |𝑄(𝜆)| 
1

2 𝑒𝑥𝑝 (−
1

2
 𝜃𝑇𝑄(𝜆)𝜃  + ∑ 𝑙𝑜𝑔(𝜋(𝑦𝑖|𝜃𝑖, 𝜆))𝑛

𝑖=1 )  

 

The Gaussian latent field provides a flexible tool for modelling the spatial and temporal dependence 

between the data. Many statistical models can be formulated as a special class of Gaussian latent 

models, for example: Generalized Linear Models, Smoothing Spline Models, Space-State Models, 

Semi-Parametric Regression, Spatial and Time-Space Models, Log-Gaussian Cox Processes, and 

Geostatistical Models (Rue and Held, 2005). 

3.3.2. Laplace Approximation 

     The Laplace approximation is an old technique for the approximation of integrals (Barndorff-

Nielsen and Cox, 1996). The approximations are the basis for estimating unknown marginal 

distributions. 

Suppose we want to solve the following integral:  

∫ 𝑔(𝑥)𝑑𝑥 = ∫ 𝑒𝑥𝑝(𝑙𝑜𝑔 𝑔(𝑥))  𝑑𝑥                              (6) 

 

  

Where, g(x) is the density function of a random variable x. The main idea of the of Laplace approach 

is to approximate log g(x) by means of Taylor’s series around the mode x̂. Taylor's development is 

mainly based on approximating a function by polynomials: 

log g(x) ≈  log g(x̂)  + (x − x̂)
d log g(x) 

dx
+  

(x − x̂)2

2
 
d2log g(x) 

dx2
               (7) 

 

Since the mode x̂ is the maximum of the density function,  
d log g(x) 

dx
= 0, therefore: 
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log g(x) ≈  log g(x̂)  +
(x − x̂)2

2
 
d2log g(x) 

dx2
               (8) 

Then the integral of interest is approximated as:  

∫  g(x) dx =  ∫ exp ( log g(x̂)  +  
d2log g(x) 

dx2
) dx                     (9) 

                             =  exp( log g(x̂)) ∫ exp (
(x − x̂)2

2
 
d2log g(x) 

dx2
) dx                

 Establishing that, �̂�2 = −1/
d2log g(x) 

dx2    we get: 

   ∫ 𝑔(𝑥)𝑑𝑥 ≈  exp( log g(x̂)) ∫ exp (
(x − x̂)2

2�̂�2
 ) dx                             (10)    

Therefore, we can approximate 𝑔(𝑥) ~ 𝑁(x̂, �̂�2) 

3.3.3. INLA Methodology 

     The main objective of the INLA approach is to obtain the posterior distributions of both the 

parameters and the hyperparameters. Applying the Bayes Theorem, we obtain that 𝜋(𝜃𝑖, 𝜆|𝑦) =

𝜋(𝜃𝑖|𝜆, 𝑦)𝜋(𝜆|𝑦) therefore, the marginal distributions can be written as: 

π(𝜃𝑖|𝑦) = ∫ 𝜋(𝜃𝑖, 𝜆|𝑦) dλ =  ∫ 𝜋(𝜃𝑖|𝜆, 𝑦)𝜋(𝜆|𝑦) dλ                     (11) 

π(𝜆𝑗|𝑦) = ∫ 𝜋(𝜆|𝑦) dλ−𝑗                                                                          (12) 

In that respect, the marginal distributions of the parameters and the hyperparameters are obtained by 

means of numerical integration methods from the calculation of nested approximations, that is, 

approximations of the posterior marginal density of the hyperparameters 𝜋(𝜆\𝑦)  and the complete 

conditional posterior marginals of the latent variables 𝜋(𝜃𝑖\𝜆, 𝑦). 

The estimation of the marginal density 𝜋(𝜆\𝑦) is obtained from the conditional probability definition 

and by the Laplace approximation. This approach is based on the work proposed by Tierney and 

Kadane (1986) and expressed as: 

𝜋(𝜆|𝑦) =
𝜋(θ, 𝜆|𝑦)

𝜋(θ|𝜆, 𝑦)
 ≈

𝜋(𝑦|θ) 𝜋(θ|𝜆) 𝜋(𝜆)

�̃�𝐺(θ|𝜆, 𝑦)
 │𝜃 = 𝜃(𝜆)  ∝  �̃�(𝜆|𝑦)                       (13) 

 

where �̃�G(θ|𝜆, 𝑦) is the Gaussian approximation of the complete conditional density function of θ, 

and 𝜃(𝜆) is the mode of this conditional density for a given value of λ. The Gaussian approximation 

of 𝜋(θ|𝜆) is quite accurate, since the prior is distributed as a GMRF. 

 For the estimation of 𝜋(θi|𝜆, y), three different approaches can be used: the Gaussian approximation, 

the Laplace approximation and the Laplace simplification. These methods differ in the accuracy of 

approximations and computational time. The Gaussian approach uses Cholesky's decomposition of 

the precision matrix Q. This method is computationally fast, but the results may not be good in terms 
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of the location of the posterior median or symmetry. The approximation of Laplace is more precise 

but with a high computational cost, taking into account that 𝜃 =  {𝜃i, 𝜃−i}, from the property of 

conditional probability and is obtained as: 

𝜋(𝜃𝑖|𝜆, 𝑦) =
{𝜃𝑖, 𝜃−𝑖} |𝜆, 𝑦

𝜋(𝜃−𝑖|𝜃𝑖, 𝜆, 𝑦)
 

                     ∝  
𝜋(𝜃|𝜆, 𝑦)

𝜋(𝜃−𝑖|𝜃𝑖, 𝜆, 𝑦)
 

                                                                     ≈  
𝜋(𝑦|𝜃) 𝜋(𝜃|𝜆) 𝜋(𝜆)

�̃�𝐺𝐺(𝜃−𝑖|𝜃𝑖, 𝜆, 𝑦)
   |𝜃−𝑖  = 𝜃−𝑖 (𝜃𝑖, 𝜆)  

                                                                                       ∝    �̃�𝐿𝐴(𝜃𝑖| 𝜆, 𝑦)                                      (14) 

 

Where �̃�GG(𝜃−𝑖|𝜃𝑖 , 𝜆, 𝑦) is a Gaussian approximation to 𝜃−𝑖 |𝜃𝑖 , 𝜆 and𝜃−i (𝜃𝑖, 𝜆) is the mode. 

Finally, the simplified approximation of Laplace is proposed, considering it the most efficient, since 

it provides precise results with less computational time than the previous approach. It is based on the 

expansion of the Taylor series of third order around θi, both in the numerator and in the denominator 

of the expression (14). This allows to correct the problems of precision of the Gaussian approach 

(Rue et al., 2009). 

Once the posterior distributions are obtained �̃� (𝜃i|𝜆, y) and �̃� (𝜆|y), the posterior marginal 

distribution of the latent field θi is approximated as introduced in the expression (11), where the 

integral can be solved numerically through weighted finite sums as: 

�̃� (𝜃𝑖|𝑦) = ∑ �̃� (𝜃𝑖|𝜆𝑘, 𝑦) �̃� (𝜆𝑘|𝑦) ∆𝑘                                      (15)

𝐾

𝑘=1

 

Δk represents the weights associated with the set of values {𝜆𝑘} defined in a multidimensional grid 

over the space of the hyperparameters. 

The INLA methodology proceeds as follows: 

1. On the one hand, the exploration of the posterior joint distribution of the hyperparameters �̃� (𝜆|y) is 

performed. The main objective is to employ a numerical integration method to obtain an accurate 

approximation of the marginal distributions of interest. For this reason, it is not necessary to represent 

parametrically �̃� (𝜆|y), but only if you perform an exploration to locate the points that allow the 

realization of the numerical integration. This process follows the steps described below: 

a) The first step is the location of the mode of �̃� (𝜆|y)  from the optimization of log(�̃� (𝜆|y)). The 

obtaining of the mode 𝜆∗ is done by the quasi-Newton method. 

b) The second step consists in the calculation of the negative Hessian matrix H> 0, using finite 

differences. Whereas Σ = H-1, the eigen-decomposition of Σ into proper values and vectors is 

performed, so that Σ= VΛ1/2VT. To facilitate the exploration process, the standardized variables z are 
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used instead of λ. This reparameterization corrects the scale and rotation, and simplifies the numerical 

integration (Smith et al., 1987). Therefore, we define λ through z as λ(z) = 𝜆∗+ V Λ1/2 z. 

c) The third step is the exploration of the log (�̃� (𝜆|y)) using the z parameterization to locate the most 

likely zones. This exploration consists of locating those points that are considered relevant for their 

use in the numerical integration. Starting from the mode (z = 0), in a positive direction on the z1 axis 

and at a distance δz, the point will be valid as long as it meets: 

log(�̃� (𝜆(0)|y)) −  log(�̃� (𝜆(𝑧)|y))  <  δz                     (16) 

so that all the coordinates are treated in the same way. From the location of these points, the 

intermediate values that fulfil the condition (16) are completed. In this way, a regular grid of points 

is obtained where the area weights Δk are equal. 

d) After the exploration, the posterior marginal �̃� (𝜆𝑘|y) is obtained by interpolation algorithms 

based on the values of �̃� (𝜆|y), evaluated in the points of integration {𝜆𝑘} (Martins et al., 2013). 

2. On the other hand, for each element {𝜆𝑘} of the grid, the posterior conditional distribution 

�̃� (𝜃𝑖  |𝜆𝑘, y) is evaluated and the posterior marginal distribution �̃� (𝜃𝑖 |𝑒𝑡 y) is obtained through 

numerical integration as specified in (15). 

3.4.Prediction 

     Bayesian inference deals with missing observations as any other parameter in the model  (Little 

and Rubin, 2002). When the missing observations are in the response variable, INLA automatically 

computes the predictive distribution of the corresponding linear predictor and fitted values. These 

missing observations in the response will be assigned a warning symbol indicating that the result has 

been performed on invalid operands (e.g. "Not a Number", NaN, in development environment R), so 

that INLA knows that they are missing values.  

 

4. Statistical modelling 

 

     In this part, we begin by specifying the response variable of the current analysis, since it is crucial 

for defining the model that will be used. Subsequently, and based on the methodology specified in 

the previous chapter, the general structure for modelling the distribution of X. fastidiosa infection in 

the sampled area will be detailed. The last section of this chapter is dedicated to the description of the 

proposed sampling strategies. 

The analysis of the data is done with the R software (R Core Team, 2016), making use of the R-INLA 

package for the application of the INLA methodology in the modelling. 
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4.1. Response variable  

     The objective of this analysis represents the study of the distribution of X. fastidiosa infection in 

the containment zone delineated in 2017. Several possibilities are presented for the analysis of the 

available data. The first one is to consider the presence or absence of the bacteria in each cell of the 

grid; understanding for the presence of at least one positive result in a cell. Thus, the categorical 

response variable, where 0 represents absence and 1 indicates presence, follows a Bernoulli 

distribution: 

𝑦𝑖 ∼  𝐵𝑒𝑟 (𝜋𝑖), 𝑖 =  1, . . . , 𝑛, 

Where, n is the number of locations and π represents the probability of presence of X. fastidiosa in 

the i-th location. 

The other possibility is to account both positive and negative samples in each cell, considering 

therefore the response variable as a Binomial: 

𝑦𝑖 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝑛𝑖, 𝜋i), 𝑖 = 1, … , 𝑚, 

where m is the number of locations (cells), πi is the probability that a sample taken in cell i is positive 

and ni is the total number of samples in the location i. 

Lastly, the second proposal was chosen considering the information that can be provided by the 

proportion of positive samples within each cell is relevant. 

 

4.2. Statistical modelling of the Xylella fastidiosa prospections 

     The data corresponding to the official monitoring carried out on the X. fastidiosa infection are data 

in a network of locations. Hence, it is necessary to establish the spatial dependence through a 

neighbourhood structure between the sampled cells. 

This structure of spatial dependence was established based on the neighbourhood relation of 

1km distance. We can say that two cells are neighbouring if the distance between their centroids is 

1km or less. The choice of this distance is based on the fact that it is the minimum for all 

the cells to own at least one neighbour.  

 Observing the locations of the sampling results we found that the positive samples are positioned 

importantly within two clusters; one in the eastern centre and the second in the northern centre of the 

containment zone (2017) (Figure 3.5).  It is obviously displayed that the presence of the bacteria 

adheres to spatial autocorrelation. 

For our analysis, the spatial correlation is modelled by a Gaussian distribution of zero mean and a 

precision matrix Q gathering the correlation between neighbours. In this precision matrix the element 

Qii is ki (the number of neighbours in area i) and the element Qij (where i ≠j) is only different from 

zero if areas i and j are neighbouring. This produces that the matrix Q is very sparse and therefore 
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computationally efficient (Rue and Held, 2005; Bivand et al., 2015). This structure, that assumes the 

properties of Markov is definitely a GMRF. Spatial dependence is included in the model through the 

specification of an intrinsic conditional autoregressive effect (iCAR) (Besag et al., 1991). In this way, 

the structured random effects vi are distributed as: 

𝜈𝑖|𝑗 ~ 𝑁( 
1

𝑘𝑖
∑ 𝑣𝑗

𝑖~𝑗

,
1

𝜏𝑣𝑘𝑖
), 𝑖 ≠ 𝑗                           (17) 

Where, Ƭv is the conditional precision of the random effects and ki the number of neighbours of the 

location i. 

The CAR distribution depends on a single parameter, its precision; in this way the correlation 

structure will depend exclusively on the study area. Therefore, it is usual to incorporate this structure 

together with another independent Gaussian random effect to describe the variability that cannot be 

explained by this distribution. The obtained model, which comprises both a spatial structured effect 

and an unstructured random effect, is known as Besag-York-Molliè (BYM) model (Besag et al., 

1991). The peculiarity of the BYM model, which allows modelling both spatial autocorrelation and 

the existing heterogeneity in different areas, has made it commonly used in the spatial modelling of 

diseases.  

Once the distribution of the response variable and the neighbourhood structure for the spatial 

correlation modelling is established, we can specify the complete model. Differentiating the different 

levels that make up the hierarchical structure, we define the model as: 

• Likelihood  

                  𝑦𝑖 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝑛𝑖, 𝜋i),           𝑖 = 1, … , m, 

                                   𝑙𝑜𝑔𝑖𝑡(𝜋𝑖) = 𝑋𝑖 𝛽 + 𝑉𝑖 + 𝑈𝑖                                                  (18) 

 

• Latent field 

𝜈𝑖|𝑗 ~ 𝑁( 
1

𝑘𝑖
∑ 𝑣𝑗

𝑖~𝑗

,
1

𝜏𝑣𝑘𝑖
), 

𝑢𝑖~ 𝑁(0, 𝜏𝑢), 

𝛽𝑚 ~ 𝑁(𝜇 = 0, 𝜏 = 10−3) 

• Hyperparameters 

𝜏𝑣  ~ 𝑙𝑜𝑔𝐺𝑎𝑚𝑚𝑎(1,5.10−5) 

𝜏𝑢 ~ 𝑙𝑜𝑔𝐺𝑎𝑚𝑚𝑎(1,5.10−5) 

 

Where, ni stands for the number of total samples in cell i , πi signifies the probability of presence of 

the bacteria in cell i, m represents the number of locations and β is the vector of coefficients of the 

covariates Xi.  Regarding the spatial components; Vi represents the structured random effect, specified 
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by  CAR distribution, and Ui designates the unstructured Gaussian random effect. Finally, Ƭv  

describes the precision of the random effects, ki the number of neighbours for the location i and Ƭu 

expresses the precision of the independent random effect. 

For our study, we adjusted the model by considering only the spatial components without 

incorporating any covariate , so the  expression (18) will be modified to : 

𝑙𝑜𝑔𝑖𝑡(𝜋𝑖) = 𝛽0 + 𝑉𝑖 + 𝑈𝑖                                                    

Where, 𝛽0 symbolises the fixed parameter or  the intercept. 

 

4.3. The proposed sampling scenarios   

     On the basis of the European and national emergency measures foreseen for the intensive 

monitoring of X. fastidiosa host plants, and for the bacterium prevention in the territory of "olive" 

species, the effect of the sampling intensity on the estimates of incidence of X. fastidiosa of three 

generated datasets (the proposed sampling scenarios) was assessed from the reference database.  

For each scenario, a fixed limit of the number of samples per cell was chosen. These limits correspond 

to the quartiles of the reference data (Table 3.4), more precisely, the 1st quartile, the median and the 

3rd quartile that are respectively 38, 75 and 93 samples/cell.   

The number of samples or sampling intensity/cell unit for each scenario was established as follows: 

• Scenario 1 (S93): 93 samples / cell: S93 

• Scenario 2 (S75): 75 samples / cell: S75 

• Scenario 3 (S38): 38 samples / cell: S38 

The dataset generation of the three scenarios (S93, S75, S38) was based on combining sample data 

from cells containing less than the fixed limit, and sample data issued from a random sampling 

realized in cells with greater number of samples regarding the selected “limit”.  

The random sampling mentioned before was replicated 100 times (R = 100), resulting in 100 datasets 

with different sampling configurations for each number of samples limit. 

All the generated scenarios evoke a reduction of the number of total samples comparing to the 

“reference situation” and subsequently different positive and negative samples distributions are 

obtained as shown in Figures 3.9 and 3.10, and also detailed in Table 3.5.  

The numerical and graphical representation of the whole area for each sampling strategy related to 

the reference data are detailed in Table 3.5 and illustrated in Figures 3.9 and 3.10. They were built 

considering the replicate that shows the median behaviour in relation to the  number of positives per 

cell. 

From Table 3.5, the S93 represents 92% of the reference data, but the positive samples percentage 

was reduced  by around 34. While for the S75, it represents  81% of the reference data, and the 
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positive samples were reduced by 46%. Finally, for the S38, it represents less than 50% of the 

reference data, and the positive samples  are decreased by about 72%. 

             

Table 3.5:Numerical description of samples data for the reference data and the proposed sampling strategies. 

Scenario 
  

N samples  N positives N negatives   

Reference  85787 (100%) 557 (100%) 85230 

S93 78969 (92 %) 368 (66%) 78601 

S75  69694 (81 %) 302 (54%) 69392 

S38  39922 (47 %) 156 (28%)   39766 

 

 

Figure 3.9:   Number of samples per cell of the containment zone for the year 2017 for the reference data and each of 
the three scenarios. 

 
 

 

Figure 3.10: Number of positive samples per cell of the containment zone for the year 2017, for the reference data 
and each of the three scenarios. 

Table 3.6 and Figure 3.11 inform about the X. fastidiosa infection presence in each cell for the 

reference data and the three scenarios. The scenario S93 represents 88% of the reference situation in 

terms of infected cells, followed by the scenario S75 with  87% and finally the scenario S38 with 

55%. 
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Table 3.6:Number of infected cells for each scenario. 

         Scenario 
  

Infected cells Non-infected  
cells 

Missing data  
cells 

Reference  127 (100%) 1035  105 

S93 114 (88%) 1048  105 

S75  111 (87%) 1051  105 

S38  70 (55%) 1092   105 

 

 

Figure 3.11: Maps of the presence-absence of the X. fastidiosa infection of the containment zone for the year 2017, for 
the reference data and each of the three scenarios. 

 

4.4. Summary of the model BYM 

     The applied model consists essentially on a spatial component (𝑉𝑖) through a CAR distribution 

and an independent random effect (𝑈𝑖),  along with the logit link function, as follows:  

𝑦𝑖 ∼ 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 (𝑛𝑖, 𝜋i), 𝑖 = 1, … , m,   m=1267 

𝑙𝑜𝑔𝑖𝑡(𝜋𝑖) = 𝛽0 + 𝑉𝑖 + 𝑈𝑖                   

The sampling intensity reduction effect on the model performance was assessed by comparing the 

posterior distributions of the parameters of interest, between the reference data with each sampling 

scenario dataset. The model outputs will evaluate the stability of the following parameters: 

• Fixed effect parameter β0 (regression coefficient or the intercept) 

• Spatially-structured and independent random effect hyperparameters σv and σu 

• Spatially-structured effect and independent random effect posterior distributions 

• Predictive distribution of the probability of presence, assuming the term probability of 

presence equivalent to the disease incidence for this analysis. 
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4.5. Discrepancy measures for the model output assessment  

Lastly, the outcomes discrepancies between the reference data and the three proposed scenarios were 

assessed through the following metrics: 

• Bias: Difference between the average of the replicas posterior sample means and the 

posterior mean obtained with the reference data, (∑  𝑟=1
𝑅  �̅�0(𝑟)/𝑅) − 𝛽0 , where R is the 

number of replicas (R = 100), and �̅�(𝑟) the sample mean of the posterior sample in the r-

th replica. 

• Standard Error (SE): Square root of the average of the posterior variances of the replicas,  

√∑  𝑟=1𝑠2/𝑅𝑅   , where s(r) 
2

 is the sample variance of the posterior sample for the replica 

r. It is the mean of the standard deviations of all the 100 replicates. 

• Standard Deviation (SD): Standard deviation of the set { �̅�0(1), . . . , �̅�0(𝑅)} that includes 

the posterior sample mean of the regression parameter of all replicas. It measures the 

dispersion of the sample posterior distribution means  among the 100 replicas.  

 

5. Results  

     The objectives of this study suggest estimating the incidence in the containment zone (2017) and 

assessing the effect of the sampling intensity reduction in the incidence estimates. Also, the variable 

of interest is binomial and represents the infection-status of the samples analysed for X. fastidiosa in 

each epidemiological unit (positive=1, negative=0). 

 

5.1. Reference dataset  model results  

     The posterior distribution of parameters of interest are described in Table 3.7 and Figure 3.12. The 

mean posterior distribution of the spatial effect hyperparameters σv  was estimated at 2.38, while the 

one of the independent effect hyperparameter σu was estimated at 0.01. Furthermore, by comparing 

both distributions (Figure 3.12) we observe that the variability explained by the structured random 

effect 𝝈𝒗 is much greater than the variability of the independent random effect 𝝈𝒗. 

                           

Table 3.7:Estimation of the intercept and the hyperparameters of the model. 

 Mean Standard deviation  Q2.5% Q50% Q97.5% 

𝜷𝟎 -8.114     0.272      -8.689    -8.098 -7.624 

𝝈𝒗 2.380    0.308 1.967 2.315 3.135 

𝝈𝒖 0.010 0.007 0.004 0.008 0.028 
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Figure 3.12: (a) Posterior distribution of the fixed effect β0. (b) Posterior distribution of the hyperparameter of the 
structured random effect σv. (c) Posterior distribution of independent random effect hyperparameter σu. 

 

Figure 3.13: (a) The mean posterior distribution of the spatially-structured random effect. (b) The mean posterior 
distribution of the independent random effect. 

The posterior distribution means of the random effects represented in Figure 3.13 are on the scale of 

the linear predictor, thus the positive values indicate an increase in the probability of presence of the 

bacteria.  

The mean posterior distribution of the structured random effect (Figure 3.13a) is very related to the 

to the distribution of data obtained from the samplings, that is, in areas where there is a high 

proportion of positive samples, the posterior mean of the spatial component takes higher values, while 

lower values are located in cells where the bacteria was not detected (2017).  

The unstructured independent random effect (Figure 3.13b) explains the variability that could not be 

explained by the other components of the model. Higher values of this random effect are also located 

in cells where an important number of positive samples was found. However, there is a huge 
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difference in magnitude between the absolute values of the spatially-structured random effect 

reaching a maximum value of about 8, and the independent random effect attaining a maximum value 

close to 0.0004.  

These differences emphasize the importance of the spatial effect in the estimation of the probability 

of presence. 

 
Figure 3.14:  (a) The mean posterior distribution of the presence probability. (b) The mean posterior distribution of 
the standard deviation of the presence probability. 

Analysing the results of the posterior distribution of the presence probability represented in Figure 

3.14, we found that the greatest probabilities of the bacterium presence are obtained in cells with the 

highest number of positive samples (maximum probability close to 0.35). The same thing was noticed 

in the posterior distribution of the spatial effect. Generally, the values of the presence probability 

decrease gradually from the infected cells to the neighbouring ones, until they are reduced to zero in 

cells where the bacterium was not detected (2017).  

Regarding the posterior distribution of the standard deviation (Figure 3.14), we observe that the 

greatest variability is concentrated in cells where the posterior probability of presence shows the 

highest values. In that respect, the uncertainty of the presence probability in these cells is accounted  

the largest through the area. Nevertheless, the values of this standard deviation are generally very 

low, approaching to a maximum value close to 0.05. Furthermore, it is noteworthy to mention that 

the relative uncertainty observed within the cells with no samples states the capability of our model 

prediction, that was marked  also previously in the estimation of the independent effect. 

As Recap for the reference model analysis, the spatial effect has a strong influence on the probability 

of the bacteria presence, which was reflected in the posterior distribution of the spatial effect (Figure 
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3.13) and in the posterior distribution of the presence probability (Figure 3.14). In such manner, the 

presence of the bacteria in a cell will be closely related to the presence of the bacteria in the 

neighbouring cells. Thus, the spatial effect has greater relevance on the presence of the bacteria. 

5.2. Model discrepancies of the proposed strategies 

5.2.1. Numerical analysis 

     Model discrepancies measured for each sampling scenario regarding the reference model are 

detailed in Table 3.8. Starting with the fixed effect parameter (β0),  bias values for the three scenarios 

are negative, meaning that this parameter was underestimated through the scenarios.  The SE of β0 

represents the mean of standard deviations of the parameter (β0) among the 100 replicates. For S93 

and S75, the SE of β0 are respectively 0.29 and 0.32 and are close to the β0 standard deviation of the 

reference model that was 0.267. However, the SE for β0 for S38 reached a value of 0.42, revealing a 

larger uncertainty. Moreover, the SD of β0 that represents the standard deviation of the set of β0 means 

among 100 replicates, with the S38 we observe a wider dispersion of β0 means (0.28) than in S75 

(0.13) and S93 (0.09).  

 Regarding the spatial random effect hyperparameter σv, bias values are negative in all the scenarios. 

Meaning that the spatial effect is underestimated when assuming less samples within the 

epidemiological unit. Importantly this occurs with the limit 38 having a large bias value of -2.14 

knowing that σv of the reference data is equal to 2.38. The SE of σv for S93 and S75  are respectively 

0.21 and 0.27. They are close to the σv standard deviation of the reference model that was 0.3, 

reflecting a close degree of uncertainty. While for S38 the SE of σv is 0.03, revealing very low 

uncertainty about the spatial effect underestimation. Additionally, the SD of σv for the S38 is at 0.68, 

expressing a larger dispersion of σv means than in S75 (0.32) and S93 (0.41).  

 Touching on the independent random effect hyperparameter σu, bias values are positive in all the 

scenarios, indicating a further independent effect added with the reduction of samples per cell. 

Nevertheless, these bias values increased  gradually from S93 (at 0.10) , S75 (at 0.17) to  the S38 

where a considerable large value of 2.09 is noticed.  The SE of σu for S93 and S75  are respectively 

0.03 and 0.02. They are higher than the σu standard deviation of the reference model that was 0.007, 

reflecting a greater uncertainty of the independent effect when assuming less samples per cell. 

Furthermore, the SE of σu for S38 expresses much higher uncertainty with a value of 0.26. 

Additionally, the SD of σu for the S38 is at 0.71, expressing a larger dispersion of σu means than in 

S75 (0.53) and S93 (0.50).  

 In summary, the spatial effect was moderately underestimated in the case of S93 and S75, but  largely 

undervalued in the case of S38. On the other hand, the independent effect increased when a smaller 

number of samples per cell was assumed, clearly in S38 compared to S75 and S93.   
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Table 3.8:Model outcome discrepancies of the proposed scenarios 

 

 

 

 

 

 

 

 

5.2.2. Graphical analysis 

     As regards to the graphical representation of the model estimation, Figure 3.15 displays the mean 

posterior distribution of the spatial effect and its bias, for the three scenarios and the reference data. 

We observe an approximate similitude in the posterior distribution of the spatial effect from the 

reference situation, for the S93 and S75, but the spatial effect configuration differs for the S38.  In 

fact, the graphical representation of the spatial effect bias confirms this distinction, since the S38 

illustration reveals the highest bias values. 

Scenario  Param. /Hyper Bias SE SD 

 
S93 

𝜷𝟎 -0.12 0.29 0.09 

𝝈𝒗 -0.14 0.21           0.41 

𝝈𝒖 0.10 0.03 0.50 

 
S75 

𝜷𝟎    -0.22 0.32 0.13 

𝝈𝒗 -0.08 0.27 0.32 

𝝈𝒖 0.17 0.02 0.53 

 
S38 

𝜷𝟎 -0.21 0.42 0.28 

𝝈𝒗 -2.14 0.032 0.68 

𝝈𝒖 2.09 0.26 0.71 
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Figure 3.15: (a) The mean posterior distribution of the spatial effect for the three scenarios and the reference data. 
(b) The bias of mean posterior distribution of the spatial effect for the three scenarios from the reference data. 

 

 Regarding the independent effect, Figure 3.16 illustrates the mean posterior distribution of the 

independent effect and its bias, for the three scenarios and the reference data.  We remark that the 

posterior distribution of the independent effect for the reference situation, the S93  and the S75 are 

reasonably similar. Nevertheless, this independent effect configuration differs for the S38, for which 

the independent effect bias figure displays extreme values. This, that supports the observation made 

above.  
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Figure 3.16:  (a) The mean posterior distribution of the independent effect for the three scenarios and the reference 
data. (b) The bias of mean posterior distribution of the independent effect of the three scenarios from the reference 

data. 

Regarding the presence probability, Figure 3.17 represents the mean posterior distribution of the 

presence probability and its bias, for the three scenarios and the reference data. We observe a relative 

resemblance in the probability of presence between the reference  situation, the S93 and the S75. 

Nonetheless, the presence probability illustration for the S38 reveals a different configuration 

comparing to other cases.  In fact, there is a predominance of a probability of presence starting from 

about 0.05 all over the area, whereas in the first three cases we noticed a clear contrast of values from 

0 to the maximum of about 0.35. The graphical representation of the probability of presence bias 

states that the relative similitude between the S93 and S75 with very low bias values regarding  the 

reference situation, while extreme bias values appear with the S38.  
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Figure 3.17: (a) The mean posterior distribution of the probability of presence for the three scenarios and the 
reference data. (b) The bias of mean posterior distribution of the probability of presence for the three scenarios from 

the reference data. 

Finally, Figure3.18 displays the Standard deviation of probability of presence and its bias for the 

reference data and the three scenarios. Generally, there is no obvious difference between all cases. 

We can say that in the case of S38, the standard deviation of presence probability records the highest 

values in cells where was found high incidence of the bacterium, comparing to the rest of the cases. 

The uncertainty, in cells where no samples were found, is also slightly higher for the reference cases 

S93 and S75 than S38. Nevertheless, this uncertainty has a magnitude ranging from 0 to a maximum 

value close to 0.07 which is notably low. The standard deviation of the presence probability bias gives 

more clarity about the discrepancy observed in S38 comparing to the other cases. 



 

62 
 

 

 

Figure 3.18: (a) The mean posterior distribution of the Standard deviation probability of presence for the three 

scenarios and the reference data. (b) The bias of mean posterior distribution of the Standard deviation probability of 

presence for the three 
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5. Discussion  

 

     Modelling techniques are fundamental to predict the incidence or the geographical presence of X. 

fastidiosa in Apulia and the information obtained can be used to develop invasion risk criteria in a 

specific area. This enables effective, targeted and sustainable control strategies to be established by 

the phytosanitary authorities, as well as preventing further spread over time.  

Today, the control strategies implemented in Apulia are mainly based on massive monitoring plans 

of the main host species involved (the olive tree), the eradication of infected plants, the control of the 

vectors involved and restrictions on the production and movement of plant materials within and along 

the border of the demarcated area, in order to act as a sanitary cordon that reduces the spread of the 

bacterium (EFSA, 2015). 

     However, it has been shown that the effectiveness of these control interventions depends on the 

variability of the underlying ecology (e.g. asymptomatic host plants, movement of the vectors, etc.), 

on the large size of the monitoring area (not always ascertainable), on the timeliness of the decision-

making chain of eradication processes, and on the socio-cultural processes of dispersion of the 

bacterium over long distances (e.g. displacements along communication routes, pressure from local 

and international tourism) creating uncertainty mechanisms that are difficult to implement in the 

spatial prediction of X. fastidiosa (White et al., 2017; Schneider et al., 2020). 

Meanwhile, the rapid invasion of the bacterium causing OQDS is generating substantial damage to 

the olive production and the Apulian economy, raising serious alarm in neighbouring Italian olive-

growing regions and other Mediterranean countries (Bosso et al., 2016; Schneider et al., 2020). 

In this work we have estimated the incidence of X. fastidiosa infection by means of the Bayesian 

hierarchical spatial model Besag-York-Molliè (BYM), in an Integrated Nested Laplace 

Approximation (INLA) computational core, capable of maximizing the quality of available official  

monitoring  data and the rigor of inference (Johnson et al., 2013; Pacifici et al., 2016). 

     Subsequently, our model provided criteria for establishing the optimal sampling intensity for three 

hypothesized sampling scenarios, S38, S75 and S93, allowing to establish the "presumed" statistical 

configuration of samples under which the inference of the X. fastidiosa presence loses significance 

with respect to the reference scenario (within the single epidemiological cell of 1km2). The analysis 

of the scenarios, conducted on the official monitoring data of the containment zone in force in 2017, 

was not intended to identify the "optimal" statistical configuration of the samples, but to build a 

methodology capable of establishing it. 

    Essentially, it is worth mentioning that the INLA methodology has computationally facilitated the 

implementation of the BYM models used, as well as the inclusion of the spatial and the independent 
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random effects, related to the structure of the data used and which are not considered in others Species 

Distribution Models (Bosso et al., 2016; White et al., 2017; Hernández and García, 2019; Schneider 

et al., 2020). 

    The spatial effect cannot be ignored in an epidemiological study; indeed many studies reported the 

importance of the spatial component in the prevalence of diseases (Barber et al., 2016), as has been 

demonstrated in this analysis. The spatial component explained almost the variability found in the 

distribution of X. fastidiosa infection. Actually, the posterior distribution of the hyperparameters 

indicates that the spatial component explains greater variability than the independent random effect. 

Accordingly, the spatial effect has a strong influence on the probability of the bacterium presence, 

which was reflected in the posterior distribution of the spatial effect and in the posterior predictive 

distribution.  In this way, the presence of the bacterium in a cell will be closely related to its presence 

in the neighbouring cells. This is likely due to the natural spread of X. fastidiosa that is mediated by 

the short distance dispersal of the insect vector. In fact, the movement of the P. spumarius adults was 

estimated for about 100 meters within 24 hours, basically carried by wind (Weaver and King, 1954). 

Although they are not strong fliers, they can jump to an average height of 428±26.1 mm , with the 

highest jumps reaching 700 mm (Burrows, 2006). 

     On the one hand, the olive tree, the main host plant species which covers a large part of the surface 

of Apulia, favours a wide spread of X. fastidiosa (Strona et al., 2017). On the other hand, other host 

plant reservoirs, which may remain asymptomatic, favour the radial spread of the bacterium often 

superimposed on that of the olive trees. This certainly contributes to give spatial continuity to the 

phenomenon, as already highlighted by our model. 

     The low explained variability of the independent random component (hyperparameter σu) of the 

BYM model is probably linked to the "long-distance" spread of X. fastidiosa, presumably caused by 

the passive transport of infectious vectors through human movement. In fact, only two important 

sporadic areas have been observed in the central-northern part and in the middle-eastern part of the 

containment zone, with a significant influence on the surrounding environment (at shorter distances). 

This is linked to the sudden appearance in 2015 of an OQDS focus in the municipality of Oria, in 

Brindisi province, coming from the infection front of the province of Lecce (EFSA et al., 2019b).  

     Our model proved to have a powerful prediction capacity, since it was able to estimate the actual 

incidence of the X. fastidiosa infection with a relatively low uncertainty (the maximum standard 

deviation was near to 0.05). In fact, the INLA-BYM approach introduces the spatial autocorrelation 

and also uses the missing data to estimate marginal distributions (Little and Rubin, 2002) which in 

other approaches are ignored. 
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     In terms of the proposed sampling strategies, our model was able to estimate the disease incidence 

for S93 and S75 in a relatively similar configuration and magnitude extent to the reference situation. 

However, the S38 has influenced the model performance, since the spatial effect was largely 

underestimated while the independent random effect was notably inflated, so the predictive capacity 

of the model worsened. Both strategies S75 and S93 can be used for a reasonable degree of detection. 

Nevertheless, it is important to consider that in the S93 sampling strategy, where a 46% sample 

reduction is expected, 90% of infected cells (or 66% of infected plants) can be detected, assuming 

that one grid cell is the epidemiological unit. Similarly, the S75 sampling strategy, in which the total 

number of samples is reduced by about 55%, allows 87% of infected cells (or 54% of infected plants) 

to be detected. It can therefore be reasonably assumed that the optimal sampling intensity should 

definitely exceed 39 samples per 1km2 cell. 

     The study conducted has resulted different insights and possible future developments on the 

INLA-BYM modelling approach. The strong influence of the spatial effect demonstrates that the 

areas close to infected plants are more likely to be infested consistently with the aggregate behaviour 

of this bacterium through its vectors. The spatial structure linked to the epidemiological grid was 

assumed equal to a predefined distance of 1 km measured between the centroids of the adjacent cells. 

By reducing this constraint, the model can provide even more precise estimates and new starting 

points for the analysis.  

     Furthermore, to define the spatial correlation more accurately, new covariate variables could be 

added to the model, if available, such as; the transmission rate of the vectors, the number and the 

abundance of other potential species of insect vectors, the long-range movement of the infected insect 

vectors mediated by human activities and wind, and the latent period of the host plant.  

New calculations on sampling strategies would allow to size the sample upon an optimal statistical 

basis. Finally, accomplishing the samplings for the same area for consecutive years would allow a 

spatio-temporal analysis of the distribution of X. fastidiosa. All these enhancements could give 

answers on the feasibility of the management plans, on the dynamics of the disease in the infested 

area and on the effectiveness of the targeted control tactics. 
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Annex 1 

 

 

Figure A1: 1H NOESY NMR spectrum of a water extract obtained from an olive leaf sample. Peak numbering is 

reported in first column of Table A1; “W” refers to the residual water signal 

 

Table A1: Assignment of relevant metabolites in the 1H NMR spectrum of X. fastidiosa infected leaves  

Signal Metabolite δ (ppm) MMW 
Correlation values 

with MS [M-H]- 

1 Oleuropein 1.57, 2.49, 2.65, 5.76, 6.03, 7.51 540.184 539.182 

2 Oleuropein aglycone 2.85 – 2.89, 8.91, 9.33 378.132 377.118 

3 Malic acid 2.54, 2.75, 4.45 134.022 133.013 

4 Mannitol 3.66 – 3.90 182.079 181.073 

5 Glucose 3.25, 3.38 – 3.56, 3.65 – 3.90, 

4.65 (anomeric-H -glucose), 

5.24 (anomeric-H -glucose) 

180.063 179.057 

6 Sucrose 5.40, 4.21, 4.06 342.116 341.111 

7 Aromatic compounds 6.80 – 7.00 - - 
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Table A2: Permutation plots obtained for the OPLS-DA model built on MS data: a 200-permutation test was applied 

for both classes (a: Xf-; b: Xf+). 

Component R2X R2X(cum) R2 R2(cum) Q2 Q2(cum) 

Model 
 

0.422 
 

0.831 
 

0.742 

Predictive 
 

0.0678 
 

0.831 
 

0.742 

P1 0.0678 0.0678 0.831 0.831 0.742 0.742 

Orthogonal in X (OPLS) 
 

0.354  0 
  

O1 0.245 0.245 0 0 
  

O2 0.109 0.354 0 0 
  

       

CV-ANOVA test SS DF MS F p SD 

Total corr. 74.000 74.000 1.000   1.000 

Regression 54.897 6.000 9.150 32.570 3.563E-18 3.025 

Residual 19.103 68.000 0.281   0.530 

 

 

 

Figure A2. Permutation plots obtained for the OPLS-DA model built on NMR data: a 200-permutation test was 

applied for both classes (a: Xf-; b: Xf+). 

 

Figure A3. Permutation plots obtained for the OPLS-DA model built on MS data: a 200-permutation test was applied 

for both classes (a: Xf-; b: Xf+). 
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Figure A4. Statistic of the NMR bucket attributable to sucrose (4.07) 

 

 

Figure A5. Statistics of the NMR buckets attributable to mannitol (a: 3.75 ppm; b: 3.85). 

 

 

Figure A6. Statistics of the NMR buckets attributable to oleuropein (a: 1.57 ppm; b: 7.51). 
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Figure A7. Statistic of the NMR bucket attributable to acetoin (2.17 ppm). 

 

 

Figure A8. Statistic of the MS bucket = 487.347 m/z, not-assigned. 

 

 

Figure A9. Statistic of the buckets attributable to formic acid. 


