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Abstract

The spread of Xylella fastidiosa, a xylem-limited bacterial pathogen, has caused widespread
mortality among olive trees in Apulian region, Italy in more than a decade, and repre-
sents a significant threat to Mediterranean agroecosystems. To encourage evidence-based
containment strategies, we developed a stochastic, spatiotemporal simulation model that
represents pathogen transmission at the individual-tree level. This work integrates high-
resolution georeferenced olive-tree data and implicitly incorporates vector population
dynamics through a tree-specific vulnerability index, which considers local host density
and landscape connectivity. Vector dispersal is approximated using a radial transmis-
sion kernel, which preserves host–vector spatial interactions while avoiding the explicit
modeling of insect trajectories. The system’s spatial structure is additionally formulated
as a proximity graph, facilitating network-based analysis of spread pathways. A series
of Monte Carlo simulation experiments is employed for calibration against the observed
epidemic footprint, while validation utilizes independent infection records and global sensi-
tivity analysis of key parameters. The findings indicate that the model effectively replicates
realistic propagation patterns, and its calibrated parameters are consistent with out-of-
sample data. This makes it an appropriate exploratory tool for scenario testing, assessing
the potential impact of intervention strategies, and offering risk-based decision support
for handling Xylella fastidiosa outbreaks. Subsequently, graph centrality metrics are used to
identify epidemiologically critical trees that function as transmission bridges, thus repre-
senting priority targets for surveillance or removal efforts. Thus, multiple tests have been
conducted using betweenness and closeness centrality, while comparing both methods
leads to effective node-tree removal decisions.

Keywords: Xylella fastidiosa; spatial epidemiology; stochastic modeling; vector-borne plant
disease; disease management

MSC: 92D30; 65C05; 05C90; 60H30

1. Introduction
Xylella fastidiosa (Xf) is a Gram-negative, xylem-restricted bacterium discovered by

Wells et al. [1], belonging to the Xanthomonadaceae family [2]. It is recognized as one of the
most dangerous plant bacteria worldwide, categorized as a priority quarantine pest in
the European Union according to Bragard et al. in 2019 [3]. The pathogen colonizes the
xylem vessels of host plants, forming biofilms that obstruct water and nutrient transport,

Mathematics 2026, 14, 847 https://doi.org/10.3390/math14050847

https://crossmark.crossref.org/dialog?doi=10.3390/math14050847&domain=pdf&date_stamp=2026-03-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0009-0001-6547-5459
https://orcid.org/0000-0002-6427-5519
https://orcid.org/0009-0003-9486-8483
https://orcid.org/0000-0002-9470-2729
https://orcid.org/0000-0002-8575-0358
https://doi.org/10.3390/math14050847


Mathematics 2026, 14, 847 2 of 25

eventually leading to leaf scorching, canopy dieback, and plant death. According to
European Food Safety Authority (EFSA) [4], at least 696 different plant species are recorded
as hosts; however, not all of them are susceptible to every subspecies of the pathogen.
Xf (subspecies pauca) was first identified in Europe in October 2013, in the Gallipoli region
of the Salento peninsula (Apulia, Southern Italy) by Saponari et al. [5]. It was found to be
the causal organism of a devastating disease afflicting olive trees (Olea europaea) named
the Olive Quick Decline Syndrome (OQDS), which is marked by the rapid withering of
the trees.

Unlike airborne pathogens, Xf is transmitted exclusively by insect vectors. In
Europe, the primary vector, especially in olive orchards, is the meadow spittlebug,
Philaenus spumarius (Hemiptera: Aphrophoridae) [6]. The epidemiology of the disease is
strictly linked to the vector’s life cycle and feeding behavior. Nymphs, which appear in the
spring on herbaceous weeds, are not responsible for the transmission of bacteria between
the olive trees; spreading takes place only through adult insects, during the late spring
and summer months [7]. As a result, the probability of contracting is clearly seasonal and
increases during the peak period of the vector’s activity, a critical factor for any practical
epidemiological model. In addition, the bacteria are actively acting against the xylem
flow within the plant, rather than passively, which further complicates the window of
opportunity for vector acquisition and the timing of the appearance of symptoms [8].

The spread of Xylella fastidiosa, a xylem-limited bacterial pathogen, has caused
widespread olive tree mortality in the Apulian region of Italy for over a decade, pos-
ing a serious threat to Mediterranean agroecosystems. Mathematical and computational
modeling plays a crucial role in addressing such challenges by linking theory to practice
and serving as a virtual laboratory for exploring complex, non-linear interactions among
biological, environmental, and social factors [9]. In this work, we developed a stochastic
spatiotemporal simulation model that represents pathogen transmission at the individual-
tree level. The model integrates high-resolution georeferenced olive-tree data and implicitly
accounts for vector population dynamics through a tree-specific vulnerability index based
on local host density and landscape connectivity. Vector dispersal is approximated using
a radial transmission kernel, preserving host–vector spatial interactions without explicitly
modeling insect trajectories, while the spatial structure of the system is represented as
a proximity graph to enable network-based analysis of spread pathways. Model calibration
is achieved through Monte Carlo simulation experiments matched against the observed
epidemic footprint, and validation is performed using independent infection records and
global sensitivity analysis.

Motivation & Contributions

Considering the central importance of olive cultivation for Mediterranean countries,
the conservation of these crops is not only economically vital, but also essential to preserve
the cultural heritage that has been thriving in the region for millennia, as mentioned in these
studies [10–12]. Therefore, there is an urgent need to set up a comprehensive infrastructure
dedicated to the monitoring, research and management of Xf. This pro-active approach is
essential to protect the large olive groves, which contribute significantly to the local and
national economy.

Such infrastructure would set a precedent for agricultural preparedness, ensuring
an effective response to potential future outbreaks in Greece and elsewhere. Immediate and
decisive action is needed to safeguard the olive-growing tradition for future generations.
In this context, reliable computer modeling is the cornerstone of this defense infrastructure,
enabling authorities to test containment strategies in silico before an outbreak occurs.
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However, despite the availability of different modeling approaches, flexible simulation
tools are needed to integrate high-resolution spatial data with stochastic transmission
dynamics. This is particularly important in the Mediterranean regions currently classified
as free of Xf, where the lack of historical data on infections makes it impossible to use
purely statistical models. In such cases, biologically informed geometrical graphs provide
a proactive tool for what-if analysis, enabling the quantification of the risk based on the
current spatial arrangement of the host population.

The main motivation for this work is to contribute to this agricultural preparedness
framework by developing a spatially explicit geometrical simulation tool. By presenting
olive orchards as a network with nodes corresponding to the actual location of the trees, we
aim to provide a realistic risk assessment tool. In addition to its methodological contribution,
the effort is motivated by a local perspective: due to the geographical proximity of Corfu
to Italy and its location along plausible routes of pathogen introduction, the local olive
groves may be exposed to increased exposure, which reinforces the need for anticipative
and practical decision support tools.

The contributions of this study are:

1. Construction of a realistic spatial network of olive trees using real coordinate data, to
simulate the Xf spreading in the olive orchard.

2. Implementation of a stochastic Susceptible-Infected (SI) epidemiological model using
Monte Carlo simulations to capture the uncertainty of disease spread.

3. Parameterization of the model with biologically relevant data, specifically the seasonal
transmission efficiency and dispersal kernel of the vector Philaenus spumarius.

4. Evaluation of the progression of the epidemic over time and identification of key
nodes-trees as transmission bridges.

5. Demonstration and assessment of targeted mitigation strategies via betweenness and
closeness centrality metrics.

The structure of the paper is as follows: Section 2 reviews the necessity of pathogen
analysis and existing modeling frameworks, while Section 3 details the proposed method-
ology. Section 4 outlines the simulation and mitigation results. The paper finally concludes
in Section 5 where results, discussion and future work are presented.

2. Background & Related Work
Olive cultivation (Olea europaea) is a cornerstone of the identity and economy of the

Mediterranean region. Paleobotanical and genetic studies show that olive trees are not only
a crop, but also a cultural symbol, which has shaped rural Mediterranean landscapes for
thousands of years [11,12]. The emergence of the phytopathogenic bacteria Xf, which is the
causative agent of Olive Quick Decline Syndrome (OQDS) is therefore an unprecedented
threat to this social and ecological system.

Since its initial detection, the epidemic has expanded northward at an alarming rate
of 10 to 20 km per year [13,14]. The consequences for the Apulian region have been
catastrophic, leading to what has been described as a “ten-year evaluation” of complex and
often fraught eradication efforts [15]. Beyond the irreparable cultural damage from the loss
of millions of centennial olive trees, the economic impact is severe [16]. Forecasts suggest
that without effective containment, cumulative losses could reach EUR 1.9–5.2 billion over
50 years, threatening major EU producers like Italy, Greece, and Spain [16]. The threat
to Greece is considered particularly high due to its geography, as the Hellenic Ministry
of Rural Development and Food confirms [17]. This economic danger is compounded
by the loss of ecosystem services and, as the EFSA notes, a long asymptomatic period in
infected trees that makes visual inspection ineffective and reinforces the need for advanced
modeling tools [3].

https://doi.org/10.3390/math14050847

https://doi.org/10.3390/math14050847


Mathematics 2026, 14, 847 4 of 25

2.1. Spatial and Network Modeling in Plant Epidemiology

Given the practical constraints and high costs of large-scale field experiments, math-
ematical modeling has become an essential tool for comprehending the epidemiology of
Xf [14]. Deterministic population dynamics and spatially explicit stochastic simulations are
just two of the modeling frameworks that have been put forth over the past ten years to
predict disease progression and assess containment tactics.

Much of the existing work relies on deterministic formulations, typically reaction-
diffusion equations or compartmental schemes (e.g., Susceptible-Infected-Recovered).
For example, Aniţa et al. [18] introduced a spatial reaction-diffusion model aimed at
optimizing control actions such as weed removal, showing that, at least theoretically,
the epidemic front could be stopped. Additionally, Gilioli et al. [19] proposed an eco-
epidemiological differential-equation framework (XEM) to represent interactions among
the host, the vector, and the bacterium. Although these continuous models are informative
for broad trends and mean-field behavior, they can struggle to represent the fine-scale,
discrete heterogeneity that characterizes real agricultural landscapes. In addition, cultivar-
level differences may matter in practice, since susceptible and resistant olive cultivars can
display distinct physiological responses to Xf infection [20].

Recent research is increasingly using statistical inference and methods that take spa-
tial characteristics into account, acknowledging the limitations of continuous models.
Soubeyrand et al. [21] highlighted the difficulties in reconstructing spread using moni-
toring records by employing temporal surveillance count data to determine the invasion
history in Corsica (France). Subsequently, Chapman et al. [22] evaluated dispersal char-
acteristics and compared different transmission methods using Approximate Bayesian
Computation (ABC). Through spatial Bayesian hierarchical modeling, Cendoya et al. [23]
significantly demonstrated that the geographical dependency indicated in the data can be
a more powerful predictor of Xf spread than climate factors alone.

In this context, Network Theory offers a robust alternative for modeling plant epi-
demics, treating trees or orchards as nodes and potential transmission pathways as edges.
Strona et al. [24] provided a pivotal analysis using network science, demonstrating that
the specific spatial configuration of olive groves in Southern Italy creates a highly con-
nected orchard network with large connected components and short effective distances
that facilitates rapid disease propagation and persistence. Building on this network-centric
view, Martinetti et al. [25] combined network analysis with machine learning to identify
high-risk “lookout” locations for early surveillance. Unlike mean-field models, network-
based approaches such as the lattice models explored by Fierro et al. [26] or the spatially
explicit simulations by White et al. [14] allow for the incorporation of stochastic events,
long-distance dispersal kernels, and vector seasonality. A critical challenge in network-
based approaches is specifying the dispersal kernel. Risk assessments and modeling studies
distinguish between predominantly local spread and less frequent longer-range dispersal
events, which can strongly influence regional dynamics [3]. In a geometric-graph setting,
this can be represented by combining dense, short-range connections (within and between
nearby orchards) with a sparse set of longer-range links, offering a pragmatic way to
capture the apparent leap-frogging of the epidemic front.

The integration of high-resolution spatial data into a geometric graph framework,
combined with Monte Carlo simulation, is therefore a promising frontier for developing
predictive tools that reflect the stochastic nature of pathogen invasions. The critical issue
remains the accurate representation of dispersal at scales: while local transmission processes
are relatively better characterised, rare long-distance events may disproportionately shape
regional dynamics and are difficult to capture by averaging. These jumps may be caused
by wind-borne passive transport or through human-assisted movement (e.g., vectors or
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infected plant material). By adopting a multi-scale dispersal kernel, network models can
reproduce the apparent leapfrog behaviour of the epidemic front reported in Apulia [3,14].

2.2. The Role of the Vector and the Anthropogenic Landscape

Epidemiological modeling of Xf requires a thorough understanding of the behavior
of its insect vector, Philaenus spumarius. Bodino et al. [7] analyzed the dispersal dynamics
of the vector between olive groves and natural vegetation, demonstrating that the insect’s
mobility exhibits seasonal fluctuations that are decisive for disease transmission.

Moreover, the structure of the terrain seems to be crucial. The anthropogenic environ-
ment, specifically the road network, acts as a key accelerator of disease diffusion, according
to recent research by Bajocco et al. [27]. This is probably because infected insects are
passively transported via automobiles (“hitchhiking”). These results support the idea that
high-resolution spatial data on agricultural distribution and human infrastructure must be
included in realistic spread models.

2.3. Deterministic Approaches and Control Strategies

Early research focused on using differential equation models (SIR-type) to comprehend
fundamental dynamics. In order to identify the best control tactics, Brunetti et al. [28]
and Anita et al. [18] created deterministic models with an emphasis on weed removal and
vector population reduction. Simultaneously, White et al. [14] used simulations to evaluate
the effectiveness of buffer zones, emphasizing how critical it is to remove affected trees
quickly in order to stop the invasion front. More recently, Ali et al. [29] suggested using
fractional-order models to better explain the system’s “memory” effect on the evolution
of disease.

2.4. Stochastic Models and Bayesian Inference

Given the inherent uncertainty of biological systems, research has shifted towards
stochastic and statistical methods. Strona et al. [24], applying Network Analysis, demon-
strated that the high connectivity of olive groves in Southern Italy makes the complete
eradication of the pathogen extremely difficult, suggesting that the disease tends to
become endemic.

A significant breakthrough was the introduction of Bayesian inference. Soubeyrand et al. [21]
developed mechanistic-statistical models that allowed for the reconstruction of the invasion
history, revealing that “cryptic” (asymptomatic) spread often precedes detection by several
years. This approach was extended by Cendoya et al. [23], who compared spatial models
across different geographical zones (Spain and Italy).

Regarding the most recent developments, Boters-Pitarch et al. [30] presented stochastic
models that account for climatic parameters, such as wind direction, to predict dispersal.
Finally, Chapman et al. [22] applied simulations based on Approximate Bayesian Compu-
tation (ABC) to accurately quantify the impact of various containment scenarios, explicitly
accounting for parameter uncertainty.

2.5. Research Gap and Contribution Positioning

Despite significant progress, a gap remains in integrating high-resolution spatial
data, seasonal vector dynamics, and multi-scale dispersal dynamics within a single, op-
erational simulation framework. Many models are either continuous systems that lack
fine-scale landscape detail and potential cultivar-level differences in susceptibility [18–20],
or statistical models that require extensive historical data, limiting their use in disease-
free regions [21,23]. Furthermore, few frameworks explicitly couple the crucial role
of anthropogenic structures like road networks [27], the biological seasonality of the
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vector [7], and the multi-scale nature of dispersal, which combines local spread with
long-range “jumps” [3,14].

Our work addresses this gap by developing a spatially explicit, network-based simu-
lation framework (available in [31]), that synthesizes these critical elements. We represent
individual trees as nodes in a unweighted undirected graph, applying principles from
network science to identify vulnerable components and transmission pathways [24,25].
Into this structure, we incorporate a multi-level dispersal kernel and a time-varying sea-
sonality factor to create a flexible tool for assessing risk. This allows for the evaluation of
targeted mitigation strategies (such as the removal of critical “bridge” nodes) in a way that
is sensitive to the real-world spatial configuration of the host population, extending prior
simulation studies [14,22].

3. Proposed Methodology
In this study, we developed a stochastic framework to simulate the spatiotemporal

dynamics of Xf. Our approach bridges high-resolution spatial data with a probabilistic
engine to capture both local and long-distance transmission events.

The proposed simulation pipeline is structured into five main layers, as depicted in
the methodological flowchart, Figure 1. The process integrates georeferenced tree data into
a graph-based structure, applies monthly seasonality factors and transmission kernels for
spread simulation, with a sensitivity-driven calibration and validation, and concludes with
two spreading mitigation methods.

Input Data Layer
(Georeferenced Tree 

Locations & Monitoring Data)

Graph Construction
(Individual Tree Nodes & 
Proximity-based Edges)

Stochastic Model
(Probability calculation via S(t)

& Transmission Kernel)

Sensitivity Analysis
(Parameter Tuning)

Model Calibration and 
Simulation Execution using 

Monte Carlo

Output & Validation
(Risk Forecasting Spreading 

Heat Maps & Mitigation 
Methods Testing)

Figure 1. Methodological workflow of the proposed stochastic simulation framework.

3.1. Study Area and Data Description

The study focuses on the Apulia region in southern Italy, an area severely affected by
the spread of Xylella fastidiosa subsp. pauca. The region is characterized by extensive olive
monocultures, creating a continuous landscape that facilitates vector-mediated transmis-
sion. The climatic conditions of mild winters and hot, dry summers strongly influence the
population dynamics of the primary vector, Philaenus spumarius.

The simulation employs a dataset of olive trees geolocated and monitored during
the 2017 epidemic wave, that of the official monitoring database of the Apulia Region
Phytosanitary Service [32]. The unfiltered data had been pre-processed to obtain a study
region with N = 262 trees (filtered_trees_2017.csv). The ground truth is represented by
the dataset on which the models are going to be calibrated and validated, and the entries are
determined by a unique Node ID, geographical coordinates, and disease status. In order to
simplify the process of estimating the infection time, the sampling plan was focused on the
high-density areas and locations where the changes in the state (i.e., negative to positive)
were reported. The latter dataset is comprised of the negative and positive observations
that had been verified in late 2017.
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3.1.1. Rationale Olive Orchard Selection

The selection of the study area was strategically focused on high-density olive orchards
where documented transitions from asymptomatic to symptomatic states (negative-to-
positive, N-to-P) were recorded during the 2017 monitoring cycle. This specific subset
was prioritized over larger, sparser regional datasets because N-to-P transitions are critical
for calibrating the stochastic transmission rate (β) and capturing the actual epidemic
progression, rather than a static snapshot of infection. Furthermore, the high host density
in this region was essential for the construction of a meaningful proximity graph, allowing
for the analysis of both local diffusion and long-range jump dynamics. In our approach, the
study area was not chosen randomly. Our simulation framework requires high-resolution
data that captures the transition of the pathogen’s state. Specifically, we required a subset
of the official Apulian monitoring database that met two critical criteria:

1. Dynamic Information (Negative-to-Positive Transitions): To calibrate a stochas-
tic spread model, it is essential to have records of trees that were initially asymp-
tomatic/negative and became confirmed positive during the monitoring period. Most
regions in the national database provide only static “snapshot” data; the selected area
is one of the few that provides the necessary temporal resolution to model the actual
progression of the disease.

2. Structural Integrity (Host Density): A key feature of our work is the Proximity Graph.
For the graph to be epidemiologically meaningful, the host (olive tree) density must
be high enough to allow for realistic transmission kernels. Sparse areas would result
in disconnected graphs that fail to capture the “bridge” dynamics we aimed to study.

Given that this specific subset provided the highest quality of both spatial (density)
and temporal (N-to-P transitions) data, the use of temporal splitting (30-day vs. Full
Year) was the most rigorous way to test the model’s predictive horizon without sacrificing
data quality. While this approach means the parameters are “tuned” to the local Apulian
context, the robustness of the conclusions lies in the model’s internal consistency and its
ability to identify “Super-Spreaders”. Even if the absolute transmission rate (β) might vary
in a different geographic region, the relative importance of nodes based on their network
centrality remains a valid and powerful insight for decision-support.

3.1.2. Olive Orchard Demarcation

The methodology for selecting the experimental area is outlined in this section. The
core process was to define a rectangular area of interest using a custom-made algorithm,
to ensure precision and repeatability, with the final subset of data being saved for further
analysis. The filtering process begins by loading a dataset of geographic coordinates from
a source file. The core logic for selecting the desired subset of data is described in the
following flowchart:

The filtering boundary limits are derived from the set of user-defined input points
P = {a1, b1, a2, b2}, as illustrated in Figure 2. The coordinates for the bounding box
corners z1 (top-left) and z2 (bottom-right) are calculated by extracting the extrema of the
input coordinates:

latmax = max
p∈P

(latp) latmin = min
p∈P

(latp)

lonmax = max
p∈P

(lonp) lonmin = min
p∈P

(lonp)

Consequently, the definitive corner points for the selection area are established as:

z1 = (lonmin, latmax) and z2 = (lonmax, latmin)
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This method ensures that a precise and well-defined geographic area is isolated for further
analysis. Figure 2 provides a detailed view of this selection with annotations.

17.608 17.610 17.612 17.614 17.616 17.618 17.620 17.622
Longitude

40.500

40.501

40.502

40.503

40.504

40.505

40.506

40.507

La
tit

ud
e

Area Selection for Analysis (Zoomed In)
Full Dataset
Filtered Trees
Selection Bounding Box
Conceptual Input Points
Bounding Box Corners

z1

z2

a1

b1

a2

b2

Figure 2. A zoomed-in view of the selected area.

3.2. Graph Construction and Representation

We replicate the olive orchard as a proximity graph G = (V, E), where the set of
vertices V = {v1, v2, ..., vn} represents n individual olive trees derived from georeferenced
field recordings that can be found in [32]. Each node is characterized by its geographic
coordinates (lati, loni) and a dynamic health state Hi(t) ∈ {0, 1}, where there are 2 distinct
states, NEGATIVO for negative and POSITIVO for positive result samples, respectively. Given
that Xf infection is chronic and currently incurable in the study area, the model follows
N → P transition dynamics without recovery. As Figure 2 shows the a zoomed-in view
of the selected area and represents the selected trees as the green points. The purple
squares represent the conceptual input points (a1, b1, a2, b2), and the orange circles
show the calculated bounding box corners (z1, z2). The resulting graph is treated as
an undirected and unweighted proximity graph, where edges merely signify a potential
pathway for transmission.

Edges (yellow lines in Figure 3) represent potential transmission pathways mediated
by the insect vector, while (red dots also in Figure 3) show individual olive trees. To capture
the multi-scale nature of the spread, we utilize a literature-based threshold approach [3,7,24],
where short-range edges (dij < 35 m): Representing canopy-to-canopy transmission and
local vector hopping, consistent with the median daily dispersal distance observed in field
studies. In addition, an edge eij is established between nodes i and j if their Euclidean
distance dij satisfies dij ≤ dmax, where dmax = 2.5 km represents the maximum dispersal
range under wind-assisted conditions [33].

The resulting spatial network structure, overlaid on high-resolution satellite imagery,
is illustrated in Figure 3. The hierarchical visualization distinguishes between dense local
clusters and the broader connectivity of the landscape.
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Graph-based Transmission Network Structure
Maximum Interaction Distance: 2500m

Olive Trees

Figure 3. Representative proximity graph of the study area overlaid on high-resolution satellite
imagery (Esri World Imagery [34]), note that he points correspond to the vertices of the graph and
the yellow lines correspond to the edges of the graph.

3.3. Network Properties and Metrics

The connectivity of the graph is formally represented by the adjacency matrix A,
where Aij = 1 if eij ∈ E, and 0 otherwise. To characterize the structural complexity of the
transmission network, we compute key topological metrics:

• Degree centrality (ki): Represents the number of neighbors connected to node i within
the dmax radius, serving as a primary indicator of local exposure risk.

• Local clustering coefficient (Ci): Quantifies the tendency of trees to form tightly
connected groups (cliques), which facilitates rapid localized saturation.

These metrics are used to find “epidemiological hubs” well-linked trees that magnify
and amplify the disease. The resulting degree distribution and spatial density of edges
(visualized in Figure 3) determine the balance between localized, diffusive spread and
long-range stochastic jumps. These properties are integrated into the simulation engine to
calculate the probability of multi-step infection pathways across the landscape.

3.4. Infection Probability Model

The infection model we developed consists of three different components. The
first describes the spatial structure, the second the seasonality, and the third presents
the stochastic propagation mechanism, which combines them. The distance buckets are
grounded in the distinct dispersal modes of the vector Philaenus spumarius.
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3.4.1. Spatial Kernel and Transmission Buckets

Furthermore, we use a multi-level decay function K(dij) based on Haversine distances
to describe the movement range of the vector, which we call buckets. This formulation offers
a substantial benefit over binary or uniform transmission models; it notably enables the
simulation to mimic both rapid neighborhood saturation and the infrequent, long-distance
‘leaps’ that initiate fresh outbreaks. This piecewise function is a semi-quantitative heuristic.
The short-range bucket (<35 m) corresponds to the vector’s active flight capability within
the canopy, based on findings presented in [7,33], designed to create a computationally
efficient proxy for the complex, multi-modal dispersal of the vector. The long-range bucket
(up to 2.5 km) captures wind-assisted passive dispersal (“leap-frogging”), consistent with
EFSA reports [3]; here is how we define the kernel structure:

K(d) =


1.0 if d ≤ 35 m (High risk, canopy-to-canopy)

0.15 if 35 m < d ≤ 200 m (Local dispersal)

0.05 if 200 m < d ≤ 1000 m (Medium range)

0.005 if 1000 m < d ≤ 2500 m (Wind-assisted long range)

(1)

3.4.2. Modeling Seasonal Dynamics

The seasonal forcing term S(t) is empirically informed by integrating independent
datasets on vector flight performance [33] and bacterial titer dynamics [35]. Although
the mathematical combination (the product of these factors) is phenomenological, the
resulting peak transmission window (June–July) shows high temporal congruence with
field-observed infection surges in Southern Italy. To assess the robustness of S(t), we
performed a sensitivity test by shifting the seasonal peak by ±30 days; the results showed
that while the timing of the epidemic curve shifts, the final spatial distribution of high-risk
nodes remains consistent, indicating that the structural connectivity of the host network is
the primary driver of the spatial pattern, while S(t) acts as a necessary temporal modulator.

To provide a precise mathematical description as required for stochastic simulation,
S(t) is defined as a periodic, piecewise constant function (step function) with a period of
T = 365 days. For any given time step t (day), the value of S(t) is uniquely determined by
the calendar month m and is calculated as the product of two dimensionless normalized
indices [0, 1]:

S(t) = Bload(m)× Vf light(m), for t ∈ month m (2)

where Bload(m) represents the Pathogen Availability Index and Vf light(m) the Vector
Mobility Index. This formulation ensures that S(t) maintains its periodic behavior
(S(t) = S(t + 365)) while correctly modulating the instantaneous transmission rate, as we
will discuss later as shown in Table 1.

The temporal evolution of S(t) is illustrated in Figure 4. As shown, the transmission
risk peaks in early summer (June, S(t) = 0.72) when bacterial titers reach maximum levels,
while it remains moderate in autumn due to the resurgence of vector flight activity.

• Vector Mobility (Vf light): Based on flight-mill experiments [33], female spittlebugs
exhibit peak performance in spring and autumn. Activity is reduced in July and
August (0.50–0.60) due to high temperatures and estivation, which constrains the
transmission potential during peak heat.

• Pathogen Availability (Bload): Bacterial concentration in leaf petioles varies by phe-
nological stage [35]. Isolation success is negligible during spring vegetative growth,
peaks during the hull split stage (80–95%), and declines during senescence (10%).

https://doi.org/10.3390/math14050847

https://doi.org/10.3390/math14050847


Mathematics 2026, 14, 847 11 of 25

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Se
as

on
al

ity
 F

ac
to

r S
(t)

Monthly Disease Spread Seasonality Factor

Figure 4. Monthly variation in the disease spread seasonality factor S(t). The values reflect the
synergy between pathogen availability in the host plant and vector flight performance throughout
the year.

Table 1. Parameterization of the seasonality factor S(t) based on vector flight performance and
pathogen availability in the host plant.

Month Phenological Stage Pathogen Availability (Bload) Vector Flight (Vf light) Seasonality Factor (S(t))

January–March Dormancy/Nymphs 0.00 0.00 0.00
April Vegetative Growth 0.05 1.00 0.05
May Nut Growth 0.20 1.00 0.20
June Hull Split (Start) 0.80 0.90 0.72
July Hull Split (Peak) 0.95 0.60 0.57
August Harvest 0.90 0.50 0.45
September Leaf Fall 0.60 0.90 0.54
October Late Leaf Fall 0.45 0.70 0.32
November Senescence 0.10 0.20 0.02
December Dormancy 0.00 0.00 0.00

3.4.3. Stochastic Propagation Model

The transmission of the pathogen from an infected node i to a susceptible neighbor
j is modeled as a stochastic Poisson process operating on the proximity graph, which
is a standard approach for event-based phenomena in epidemiology. The instantaneous
rate of transmission, λij(t), from i to j at time t is defined as the product of three key
components:

λij(t) = β · K(dij) · S(t) (3)

where β is the baseline transmission rate (a calibrated parameter representing the in-
trinsic infectivity), K(dij) is the dimensionless spatial kernel that accounts for distance
(i.e., distance between i and j), and S(t) is the dimensionless seasonality factor.

Given this rate, the probability Pij(t, ∆t) that node j becomes infected by node i during
a discrete time interval ∆t (in our simulation, ∆t = 1 day) is derived from the cumulative
distribution function of the exponential distribution:

Pij(t, ∆t) = 1 − exp(−λij(t) · ∆t) (4)

This formulation correctly ensures that the probability is bounded between 0 and 1.
During the simulation, for each susceptible neighbor j of an infected node i, a random
number r ∼ U(0, 1) is drawn at each daily time step. Infection occurs if r < Pij(t, ∆t).
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3.5. Simulation Framework

The simulation is initialized with a single infection source. Based on the official moni-
toring records from the Apulia region [32], Node 72 is identified as the earliest confirmed
case in the study area and is therefore set as “Patient Zero” at t = 0 (21 March 2017) to
trigger the epidemic process. The simulation then proceeds in discrete daily time steps
(∆t = 1 day). For each day, the algorithm iterates through all currently infected nodes. For
each susceptible neighbor of an infected node, a stochastic event is triggered based on the
infection probability Pij(t, ∆t) defined in Equation (4). A random number r ∼ U(0, 1) is
generated, and if r < Pij(t, ∆t), the neighboring node transitions to the infected state for
the next time step.

Given the model’s stochasticity, a single run is insufficient to capture the complete risk
landscape. We therefore employ a Monte Carlo approach, executing N = 1000 independent
simulations for each parameter set. This allows us to calculate the Infection Probability for
each node v:

Pin f (v) =
∑N

k=1 Ik(v)
N

(5)

where Ik(v) is an indicator function that is 1 if node v is infected in simulation run k. Each
run terminates either when t = 365 days or when 100% of nodes are infected. The date of
infection for every node is logged for subsequent spatiotemporal analysis. In Figure 5, the
methodological workflow of the system is illustrated.

Input Data
(N = 223)

Params
(β, K(d))

Geometric Graph
(d < 2.5 km)

Init Monte Carlo
(N = 1000)

Simulation Loop
(t = 1 . . . 365)

Ensemble
Averaging

Match
Truth?

Ground Truth
(N = 41)

Outputs:
Risk Maps,

Curves, Hubs

Adjust β, Kernel

Yes

No

Figure 5. Methodological workflow of the simulation engine.

3.6. Identifying Critical Nodes and Super-Spreaders

While static network metrics like topological betweenness centrality can identify struc-
tural bridges, the dynamic nature of disease spread requires a more functional approach. In
this study, we use a “Functional Centrality” derived directly from the simulation outcomes.

Nodes that are infected early and frequently across the Monte Carlo runs are identified
as critical transmission hubs, or “Super-Spreaders”. These nodes act as crucial bridges,
facilitating the jump of the pathogen between distinct spatial clusters of trees. Identifying
these hubs allows for targeted control strategies. Prioritizing the treatment or removal of
these high-centrality nodes can theoretically fragment the transmission network far more
effectively than random interventions.

3.7. Model Calibration and Validation

To calibrate the model and evaluate its predictive accuracy, we validate it against
a ground-truth set of 41 confirmed cases from late 2017, with the goal of identifying
parameters that reproduce this specific spatial pattern. We utilize the Jaccard Similarity
Index (J) to quantify the spatial overlap between the simulated outbreak area (Ssim) and the
ground-truth infection cluster (Sreal), and the Count Error (∆N = Nsim − Nreal) to assess
systematic over- or under-estimation of the epidemic’s size. It is important to note that,
due to the limited availability of high-resolution datasets with comparable monitoring
efforts, the use of a single regional dataset for both calibration and validation, differentiated
only by a temporal split, which does not fully attests the model’s predictive power. Thus,
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the current validation should therefore be interpreted as a measure of the model’s ability
to self-consistently reproduce the observed epidemic dynamics, rather than as a proof
of its predictive accuracy in a different context. However, it is not excluded that, when
calibrated on a particular olive orchard, the proposed framework provides an estimation of
the dynamics of the spread based on the positioning of the trees inside the olive orchard.

To find the optimal parameter configuration, a systematic sensitivity analysis was
performed using a Grid Search to explore the parameter space of the transmission rate (β)
and the kernel dispersal multiplier (K). The parameter space was defined as follows:

• Transmission Rate (β): Tested values ranged from 0.05 (low-intensity, cryptic spread)
to 0.8 (rapid outbreak), to identify the threshold between silent spread and network
saturation.

• Kernel Multiplier (K): Tested values ranged from 1.0 to 3.0, assessing the impact of
extending the vector’s dispersal range beyond the baseline distance decay probabilities.

For each combination of (β, K), the simulation was executed for N = 50 iterations
to smooth out stochastic variations. The model’s performance was evaluated using the
Jaccard Similarity Index (J), which measures the spatial congruence between the
simulated infected set (Ssim) and the ground-truth infected set (Sreal):

J(β, K) =
|Ssim ∩ Sreal |
|Ssim ∪ Sreal |

(6)

Figure 6 presents the results of our parameter tuning process through a systematic
grid search. The heatmaps visualize the model’s performance, measured by the Jaccard
Similarity Index, across a range of values for the transmission rate (β) and the kernel
multiplier (K).

Two distinct validation scenarios were evaluated:

• Scenario A (Figure 6a): This panel shows the model’s performance against the ground-
truth data from only the first 30 days of the outbreak. It tests the model’s ability to
capture the initial, localized spread.

• Scenario B (Figure 6b): This panel validates the model against the complete, year-end
dataset of infections. It serves as the primary benchmark for the model’s ability to
replicate the overall epidemic progression.

From these results, we can draw a key conclusion for selecting the optimal parameters.
In both scenarios, we observe that for high values of the transmission rate (β ≥ 0.2), the
Jaccard index plateaus to a uniform score. This indicates a “saturation regime,” where the
transmission is so high that the model unrealistically infects most of the network, losing its
ability to discriminate between high and low-risk areas.

A crucial insight from this analysis is the trade-off between maximizing the Jaccard
score and ensuring model stability. While the absolute highest score might occur at slightly
higher values, those regions are on the edge of the saturation regime, where the model is
over-fitted. Therefore, we selected our optimal parameters not by simply picking the single
“brightest” cell, but by identifying a region that offers a high Jaccard score while remaining
safely below the saturation threshold. The combination of β = 0.1 and K = 1.5 represents
this optimal balance. It achieves a near-maximal Jaccard score in the long-term scenario
(Scenario B) while ensuring the model produces selective, structured outbreaks, thus
providing more robust and credible simulation dynamics. The model correctly identifies
nodes that will become infected later in the year, which are not yet positive in the short-term
dataset, thus demonstrating its utility as an early warning tool that can be used beyond the
immediate visible spread. This is further discussed in the validation results in Section 4.2.
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Finally, the use of a single regional dataset for both calibration and validation was
deemed the most rigorous given the rarity of high-resolution datasets containing docu-
mented N-to-P transitions. By validating the model’s performance across two different
time horizons (30-day vs. Full Year), we demonstrate strong internal consistency and the
model’s ability to replicate the complex local transmission dynamics. The robustness of the
subsequent centrality-based conclusions is supported by the high Jaccard scores achieved in
the long-term scenario (J = 0.659), confirming the model’s reliability as a decision-support
tool for prioritizing interventions in high-density host landscapes where similar vector-host
interactions occur.
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Figure 6. Sensitivity analysis heatmaps showing the Jaccard Similarity Index for varying Transmission
Rates (β) and Kernel Multipliers (K) on Scenario A (a) and Scenario B (b).

4. Experimental Evaluation
The geometric graph construction resulted in a spatial network comprising N = 223 nodes.

Using a cutoff distance of dmax = 2.5 km, the resulting graph is highly connected, reflecting
the dense planting patterns typical of olive monocultures in Apulia. The connectivity
analysis indicates that the network forms a single giant component, implying that without
intervention, a pathogen introduced at any node has the theoretical topological path to
infect the entire orchard.

4.1. Spatial Spread Dynamics

The simplified model was developed as a baseline for comparison, simulating
a Susceptible-Infected (SI) process using a Monte Carlo method over 1000 iterations. This
baseline assumes a constant infection probability (p = 0.001) for all susceptible hosts within
a fixed radius of 400 m from an infectious source, without incorporating seasonal or other
environmental factors.

The results in Figure 7 illustrate that the simplified distance-only model, while fol-
lowing a general logistic growth pattern, significantly deviates from the empirical data,
predicting a more rapid initial outbreak. In contrast, the proposed simulation model demon-
strates a much closer correspondence with the real-world progression of the epidemic. This
comparison highlights the critical importance of the nuanced parameters integrated into
our proposed framework such as the distance-decay kernel and seasonal variability in
capturing accurately the complex spatio-temporal dynamics of the disease spread.
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Figure 7. Comparative analysis of epidemic progression curves. The figure presents the cumulative
number of infected trees over a 365-day period from three distinct sources: (i) the proposed epidemi-
ological model (Simulation—Baseline), (ii) a simplified distance-only model (Random Spread), and
(iii) field observations (Real Data).

Figure 8 illustrates the temporal evolution of the epidemic over the simulated annual
cycle (T = 365 days) using the calibrated parameters (β = 0.1, K = 1.5). The model was ex-
ecuted for N = 1000 Monte Carlo iterations to ensure statistical robustness. The cumulative
infection curve exhibits a sigmoidal but flattened trajectory. Unlike explosive outbreaks
often modeled with high β, the simulation reveals a “Silent Spread” dynamic. The infec-
tion progresses slowly during the spring months, accelerates moderately during the peak
vector activity season (Summer, Days 200–300), and plateaus at approximately 52 infected
trees (mean value). This pattern suggests that while the disease is persistent, its effective
transmission rate is constrained by environmental factors, preventing the rapid saturation
of the network.
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Figure 8. Cumulative epidemic curve of Xf over one year, based on the mean of 1000 Monte Carlo
simulations. The shaded region represents the standard deviation across all runs, illustrating the
stochastic variability in the epidemic’s progression. The curve plateaus at approximately 52 infected
trees, confirming the “Silent Spread” dynamic.
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4.2. Model Validation

The Monte Carlo simulations (N = 1000 iterations) provided a probabilistic risk
assessment for each tree. Instead of a binary outcome, the model output defines an
infection probability map. As shown in the probabilistic risk map (Figure 9, Right Panel),
the risk is not uniformly distributed. The simulation effectively filters out stochastic
noise: approximately 80% of the orchard exhibits a low infection probability (Pin f < 20%),
indicating that transmission chains in these areas frequently go extinct. Conversely, distinct
high-risk clusters emerge in the central and northwestern sectors, where Pin f consistently
exceeds 30%, marking these areas as established infection hotspots.

A deeper analysis of Figure 9 reveals several key insights. The left panel shows the
ground truth, the actual locations of the 41 trees confirmed positive in 2017. These infections
are not randomly scattered but are concentrated in specific geographic clusters. The right
panel, our simulated risk map, shows the model’s output as the probability of infection for
every tree in the network after 1000 simulations. The color gradient, from blue (low risk) to
red (high risk), visualizes this probability.

The crucial finding is the strong spatial correspondence between the two panels. The
areas colored yellow, orange, and red in the simulated map, representing probabilities from
30% to over 60%, align almost perfectly with the locations of the true positive cases. This
demonstrates that the model, driven by the unweighted undirected graph and the seasonal
transmission kernel, successfully learned and reproduced the underlying factors that made
these specific areas vulnerable to infection. It did not simply predict a random spread
but identified the same corridors and clusters of infection that occurred in reality. The
model’s ability to recreate these hotspots, even when initialized from a single “patient zero”,
underscores its capacity to capture the essential dynamics of the local spread. The model’s
validity was assessed by comparing the simulation outputs against the ground-truth dataset
of 41 trees confirmed to be infected in late 2017.
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Figure 9. Spatial model validation.

Spatial Validation: Figure 9 presents the side-by-side comparison of the actual infec-
tion status (Left) and the simulated risk (Right). The model successfully reproduces the
spatial distribution of the real cases. The high-risk clusters predicted by the model spatially
coincide with the locations of the confirmed infected trees. The left subfigure refers to the
Ground Truth with red dots indicating the confirmed cases, while on the right (Simulated
Risk Map), the infection probability for each is represented with gradient color. The model
correctly identifies the location of the main infection clusters.

Quantitative Metrics: The calibration performance was quantified using the Jaccard
Similarity Index against two validation sets (Figure 10). The model achieved a high
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Jaccard score of 0.659 when compared against the full-year 2017 dataset, confirming strong
agreement between the predicted hotspots and the final observed state.
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Model Robustness: Validation across Datasets

Figure 10. Validation Metrics across datasets.

Comparison against the initial 30-day target yielded a score of 0.205. This quantitative
difference between the initial and final validation scores (0.205 vs. 0.659) reflects the temporal
progression of the epidemic simulation over the annual cycle, capturing infections that
developed after the first month of observation.

4.3. Centrality-Based Analysis

Through the analysis of recurrent infection patterns across the simulation runs, specific
nodes were identified as functional hubs or “Super-Spreaders”. Nodes located in the high-
density areas of the geometric graph (e.g., IDs 129, 178, and 180) demonstrated the highest
frequency of acting as transmission bridges. These nodes facilitate the jump of the pathogen
between the primary infection cluster and secondary zones. Their identification is crucial,
as they represent the most effective targets for prioritized sampling or removal to break the
transmission chain.

The analysis systematically varies the number of removed nodes, denoted by ∆ (Delta),
to observe the corresponding changes in epidemic outcomes. For each scenario, we present
two key visualizations.

• The Epidemic Curve: Illustrates the number of newly infected nodes over time,
providing insight into the speed and magnitude of the spread.

• The Geographic Risk Map: Displays the spatial distribution of infection risk, high-
lighting high-risk and low-risk zones post-intervention.

This first strategy focuses on removing nodes with the highest Betweenness Cen-
trality scores. The second strategy implements an alternative approach by removing
nodes with the highest Closeness Centrality. The results of each strategy are depicted
in Figures 11 and 12 deploying the first strategy and in Figures 13 and 14 deploying the
second strategy, where in both cases it is investigated the impact of key node removal (∆)
from the baseline (no removal) to the removal of 175 key nodes.
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Figure 11. Epidemic Curves for the Betweenness Centrality strategy at varying levels of node
removal (∆), ∆ = 0 (a), ∆ = 0.35 (b), ∆ = 0.70 (c), ∆ = 105 (d), ∆ = 140 (e), and ∆ = 175 (f).
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Figure 12. Geographic Risk Maps for the Betweenness Centrality strategy at varying levels of node
removal (∆), ∆ = 0 (a), ∆ = 0.35 (b), ∆ = 0.70 (c), ∆ = 105 (d), ∆ = 140 (e), and ∆ = 175 (f).

Comparative Assessment

A direct comparison of the two strategies reveals that targeting nodes by Betweenness
Centrality offers a more effective mitigation outcome. As shown by contrasting Figure 11
with Figure 13, the reduction in the epidemic’s final size is consistently greater under the
Betweenness strategy for any given number of removed nodes (∆). This finding is spatially
corroborated by the risk maps (Figures 12 and 14), where the fragmentation of high-risk
clusters is more pronounced when removing high-betweenness nodes.
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Figure 13. Epidemic Curves for the Closeness Centrality strategy at varying levels of node removal (∆),
∆ = 0 (a), ∆ = 0.35 (b), ∆ = 0.70 (c), ∆ = 105 (d), ∆ = 140 (e), and ∆ = 175 (f).
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Figure 14. Geographic Risk Maps for the Closeness Centrality strategy at varying levels of node
removal (∆), ∆ = 0 (a), ∆ = 0.35 (b), ∆ = 0.70 (c), ∆ = 105 (d), ∆ = 140 (e), and ∆ = 175 (f).

Concluding, cumulative epidemic figures have been produced to summarize the
simulated mitigation results in the comparative plots in Figure 15. These plots show the
average final size of the epidemic as a function of the number of removed nodes (∆) for
each strategy.

Table 2 provides a quantitative evaluation of the two targeted node removal strate-
gies, which are based on betweenness and closeness centrality. The results reveal that
both methods achieve a substantial reduction in the final epidemic size compared to the
baseline scenario. A clear dose–response relationship is observed, where the efficacy of
both strategies scales with the number of removed nodes (∆).
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Table 2. Quantitative Comparison of Mitigation Strategies.

Removed Betweenness Centrality Closeness Centrality
Nodes (∆) Final Size (Mean) Reduction (%) Final Size (Mean) Reduction (%)

0 (Baseline) 52.012 0.0% 52.012 0.0%
35 25.011 51.91% 23.889 54.07%
70 11.596 77.70% 11.909 77.10%
105 6.442 87.60% 7.678 85.24%
140 3.715 92.86% 3.369 93.52%
175 1.885 96.38% 1.736 96.66%

A comparative analysis of the two strategies uncovers a non-linear relationship in
their relative performance. For a low level of intervention (∆ = 35), the closeness-based
strategy is marginally more effective, yielding a 54.07% reduction compared to 51.91% for
the betweenness-based strategy. Conversely, at intermediate intervention levels (∆ = 70
and ∆ = 105), the betweenness-based strategy exhibits superior performance, achieving
a reduction of 87.60% for ∆ = 105. Notably, at high levels of node removal (∆ = 140
and ∆ = 175), the closeness-based strategy regains a slight advantage, culminating in the
highest overall performance with a 96.66% reduction at the maximum intervention level.
In summary, both approaches demonstrate the remarkable potential of centrality-based
measures for epidemic control, as they are capable of reducing the final epidemic size by
over 96% at the highest levels of intervention studied.
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Figure 15. Comparative performance of mitigation strategies. Both plots show the final epidemic size
as a function of the number of removed nodes (∆), illustrating diminishing returns.

5. Conclusions
This study has demonstrated that the Xf spreading in olive orchards follows a dual

dispersal mechanism. Initially, the pathogen spreads locally through short-range, tree-to-
tree interactions, leading to a localized saturation. However, as the epidemic progresses, it
transitions into a regional outbreak driven by long-distance “jumps”. These long-distance
dispersals, facilitated by key nodes in the proximity graph, help to expand the epidemic be-
yond the initially affected area. This combination of local and regional dynamics highlights
the complexity of pathogen spread in olive orchards. Furthermore, the validation results
support this, with a moderate Jaccard index of 0.205 in the short-term scenario, which
improves to 0.659 in the long-term. This suggests that the model can replicate the cryptic
spread of the pathogen, confirming its potential as a risk-assessment and early warning
tool to identify areas vulnerable to future outbreaks.
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One of the main contributions of this study is the use of graph centrality metrics to
identify “super spreaders”. Our analysis shows that a small group of strategically placed
trees plays a key role in disease transmission. These high-centrality nodes act as amplifiers,
facilitating the spread of Xf across the orchard. Targeting these trees for early intervention
or surveillance could be a more effective and cost-efficient strategy compared to traditional
area-wide approaches, such as buffer zones. This targeted approach not only reduces the
socio-economic impact of large-scale interventions but also helps to contain the disease
more effectively in high-risk areas.

5.1. Temporal Validation Analysis

A critical insight from the dual validation process is the divergence between the
short-term (30-day) and long-term (Full Year) similarity scores. The moderate Jaccard
index of 0.205 against the 30-day target is not an indicator of poor performance, but rather
a reflection of the model’s predictive horizon.

Since the simulation projects the risk over a full annual cycle, it identifies trees that are
currently asymptomatic or healthy in the initial 30-day window but are highly probable to
become infected later in the season. When validated against the full-year dataset, the score
rises significantly to 0.659. This trajectory confirms that the model correctly anticipated
the latent spread of the pathogen that was not yet visible in the first month of observation,
thereby validating its utility as an early warning tool for future infection risks.

5.2. Centrality as a Decision-Support Metric

A key contribution of this study is the application of graph centrality metrics to
identify “epidemiological hubs”. Our analysis reveals that a small subset of trees, due to
their strategic geographic position, acts as a primary conduit for disease amplification.

Prioritizing these high-centrality nodes for intensive surveillance or early-stage in-
terventions could theoretically fragment the transmission network more effectively than
random culling. This transition from area-wide management to centrality-based control
could mitigate the loss of cultural heritage while maintaining high containment efficacy in
high-risk zones.

Observing Section 4.3, several key conclusions can be drawn. First, both Betweenness
and Closeness Centrality are viable and effective metrics for identifying critical nodes for
epidemic mitigation. Second, the relationship between the number of removed nodes and
the reduction in spread is non-linear, exhibiting diminishing returns. This observation
is critical for policy-making, as it suggests that an optimal, cost-effective intervention
point exists. Concluding, for this specific network, both strategies perform comparably,
with neither showing a consistent and significant advantage over the other across all
intervention levels.

5.3. Parameter Interpretation

A key aspect of our modeling approach is the use of a distance-based, multi-level
transmission kernel. The specific distance buckets (0–35 m, 35–200 m, etc.) and their
corresponding transmission multipliers are intended to serve as proxies for different modes
of vector dispersal. The shortest range (d ≤ 35 m) represents the high-probability, canopy-
to-canopy spread and local hopping within a dense orchard block. The intermediate
ranges reflect the typical daily dispersal behavior of P. spumarius, while the longest range
(d > 1000 m) accounts for rare, wind-assisted or accidental long-distance jumps that are
crucial for establishing new satellite infection clusters.

Furthermore, to fully quantify the added value of our structured approach, a comparison
against simpler baseline models would be beneficial. For instance, a null model assuming
random spread (where any node can infect any other with uniform probability, regardless of
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distance) would likely fail to reproduce the observed spatial clustering. A more informative
baseline would be a simple distance-dependent SI model, where the transmission probability
is a continuous, decaying function of distance (e.g., an exponential or power-law kernel)
without the seasonal component S(t) or the multi-level bucket structure. Comparing our
model’s validation score (Jaccard index) against such a baseline would explicitly demonstrate
the predictive gain obtained from incorporating vector seasonality and a multi-modal disper-
sal kernel. While this quantitative comparison is beyond the scope of the current manuscript,
it remains an important direction for future work to rigorously establish the value of each
model component.

5.4. Comparison with Other Studies

In contrast to continuous reaction-diffusion models [14,18], our geometric graph
method offers the essential spatial resolution needed to assess risk at the level of individual
trees. Although statistical models like those of Cendoya et al. [23] effectively identify
major environmental influences, our mechanistic simulation enables hypothetical scenario
exploration in regions before epidemics occur. Incorporating pathogen load dynamics, as
proposed by Chatterjee et al. (2008) [8], guarantees that the simulation aligns with the true
biological context of the Xf infection cycle, offering a more accurate early warning tool
compared to solely topological models. We must not overlook that traditional containment
strategies, such as uniform buffer zones, are often criticized for their high socio-economic
costs [16], our framework offers a “precision-targeting” alternative.

5.5. Model Sensitivity

A key aspect of our modeling approach is the use of a distance-based, multi-level
transmission kernel. The specific distance buckets (0–35 m, 35–200 m, etc.) and their
corresponding transmission multipliers are intended to serve as proxies for different modes
of vector dispersal. The shortest range (d ≤ 35 m) represents the high-probability, canopy-
to-canopy spread and local hopping within a dense orchard block. The intermediate
ranges reflect the typical daily dispersal behavior of P. spumarius, while the longest range
(d > 1000 m) accounts for rare, wind-assisted or accidental long-distance jumps that are
crucial for establishing new satellite infection clusters. The Grid Search presented in
Section 3.7 provides a preliminary sensitivity analysis for the overall transmission rate (β)
and kernel multiplier (K), revealing that the model is highly sensitive to β, with a clear
transition to network saturation. The model is less sensitive to the kernel multiplier K in
the tested range, suggesting the fundamental bucket structure is a primary driver of the
spatial pattern. Finally, to fully quantify the added value of our approach, a comparison
against a simpler baseline (i.e., the basic approach that assumes random spread where any
node can infect any other with uniform probability using also standard distance over SI
epidemic model properties) failed to reproduce the observed spatial clustering.

5.6. Future Research Directions

Despite the promising results, there are limitations to the model. It assumes a static
host landscape and does not consider real-time changes in tree health or human-mediated
actions, like tree removal. Additionally, while the model includes seasonal dynamics, it
does not account for microclimatic factors, such as extreme weather events, which can
impact vector behavior and pathogen transmission. The model also assumes that long-
distance dispersal is limited to 2500 m, but human-mediated movement of infected plant
material could extend this range, making the spread even more unpredictable. Future
improvements could focus on incorporating these factors to make the model more accurate
and reflective of real-world dynamics.
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For future work, it is important to address several limitations of the current model.
Incorporating almost real-time data on tree health, as we developed in a previous work [36],
and tree removal would make the model more dynamic and responsive. Additionally,
including microclimatic variables and accounting for extreme weather events could im-
prove the model’s accuracy in predicting vector behavior. Additionally, the model could be
used as an inverted tool to calculate the optimal distance to plant new crops so that they
maintain a low probability of spread, or, if the crop already exists, suggest which trees to
cut down. Finally, since the model has been calibrated, it is emphasized that this novel
approach can be used in other geographical areas in the future.
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