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A B S T R A C T

Xylella fastidiosa (Xf) is a plant pathogen of global concern, responsible for severe diseases in numerous crops, 
including Olive Quick Decline Syndrome (OQDS) in Europe. Understanding the eco-epidemiological processes 
governing the Xf infection and disease progression is essential for supporting the development of effective and 
sustainable management strategies against Xf outbreaks. We developed a novel physiologically based eco- 
epidemiological model to simulate Xf dynamics in olive agroecosystems. The model integrates vector popula
tion dynamics, vector–host interactions, transmission processes, disease progression in olive trees, explicitly 
accounting for the influence of temperature, water availability, and host plant composition. It is formulated as a 
system of ordinary and delay differential equations solved numerically, whose compartments represent vector 
life stages, herbaceous vegetation, non-host plants, reservoir plants, and successive olive tree disease stages 
defined by infection status and canopy desiccation severity. The model was calibrated and validated using field 
observations from 16 olive groves affected by Xf in Apulia (Italy), comparing simulated and observed distri
butions of olive trees across disease severity classes over time. Simulations successfully reproduced key epide
miological features, including the dynamics of disease severity classes, the duration of the asymptomatic period, 
the time from symptom onset to complete canopy desiccation, and the seasonal peaks in infected vector pop
ulations. This model advances our understanding of Xf epidemiology and provides a potential mechanistic tool to 
support pest risk assessment and integrated pest management by enabling scenario testing of disease spread and 
control strategies in olive-growing landscapes under different environmental conditions.

1. Introduction

Xylella fastidiosa (Xf) Wells (1987) (Proteobacteria: Xanthomonada
ceae) is a xylem-limited, Gram-negative bacterium that infects over 700 
plant species (EFSA, 2025). It is the causal agent of economically sig
nificant diseases, including Pierce’s disease of grapevine, citrus varie
gated chlorosis, almond leaf scorch, and olive quick decline syndrome, 
and poses a substantial threat to agriculture worldwide (EFSA PLH 
Panel, 2019). The pathogenic process of Xf begins with the colonization 
of the xylem vessels of the host plants, where it progressively multiplies 
and spreads, inducing xylem occlusions (i.e., tyloses, callose-like struc
tures, and gums/pectin gels) that impair plant hydraulic conductivity 
(Rapicavoli et al., 2018; Sicard et al., 2018; Sun et al., 2013). As a result, 

Xf infection induces primarily associated with water stress, such as 
marginal leaf necrosis and scorching, progressing to twigs and branch 
dieback until plant death (Rapicavoli et al., 2018). The successful 
establishment of infection and disease progression depends on multiple 
factors, such as pathogen genotype, host susceptibility, plant–pathogen 
interaction dynamics, environmental conditions (e.g., temperature, 
water availability), as well as vector population dynamics, abundance, 
dispersal capacity and transmission efficiency (Bodino et al., 2023; EFSA 
PLH Panel, 2019; Sicard et al., 2018).

Native to the Americas, Xf is currently present in Europe, Middle East 
and Asia. First severe European outbreak was documented in 2013, 
when Xf subsp. pauca triggered a devastating epidemic in olive groves in 
Apulia, Italy (Saponari et al., 2013, 2019). Since then, the three major Xf 
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subspecies (fastidiosa, multiplex, and pauca) have been reported in 
several countries across Europe, where they have caused significant 
outbreaks in diverse agroecosystems (Schneider et al., 2020; Sicard 
et al., 2018). Xf is transmitted by xylem-feeding insects, with the spit
tlebug Philaenus spumarius L. (1758) (Hemiptera: Aphrophoridae) 
recognized as the primary vector in European outbreaks up to date 
(Cornara et al., 2018; EFSA PLH Panel, 2019). In the vector, the bacte
rium colonizes and multiplies in the foregut, enabling persistent trans
mission without a latency period (Almeida et al., 2005).

Several modelling frameworks have been developed to investigate 
the epidemiology of Xf. A common approach for analysing transmission 
processes between vectors and plants uses compartmental models, such 
as the Susceptible-Infected-Removed (SIR) framework (Soubeyrand 
et al., 2018) and extensions that incorporate temperature-dependent 
variables to predict the global distribution of Xf (Giménez-Romero 
et al., 2022). Some studies have further refined these models, e.g., 
Susceptible-Exposed-Infected-Removed (SEIR) models, by including 
host infection stages and explicitly accounting for an asymptomatic 
phase to better represent disease progression (Jeger and Bragard, 2019; 
White et al., 2020).

Spatially explicit models have been developed to represent the 
spatio-temporal dynamics of Xf outbreaks across different spatial scales 
and outbreak scenarios. These include reaction-diffusion equations 
(Aniţa et al., 2021; Gilioli et al., 2023; Martin et al., 2021), ordinary 
differential equation systems (Cendoya et al., 2024), and lattice-based 
framework (Fierro et al., 2019). Models that explicitly integrate vector 
population dynamics provide a more comprehensive and mechanistic 
representation of vector-driven transmission processes (Fierro et al., 
2019; Gilioli et al., 2023; Giménez-Romero et al., 2023). Additionally, 
studies have explored the influence of ground cover plants on the Xf 
pathosystem, considering their potential role in disease persistence and 
vector ecology (Aniţa et al., 2021; Brunetti et al., 2020; Fierro et al., 
2019).

These modelling frameworks have provided valuable insights into Xf 
epidemiology, and some are already employed as tools to support Pest 
Risk Assessment (PRA) and pest risk management. Nonetheless, there 
remains a need for models that can inform the design and imple
mentation of effective management strategies under the Integrated Pest 
Management (IPM) framework to achieve effective and sustainable 
control of Xf-associated diseases in infected scenarios. Such models must 
mechanistically integrate the key physiological and bioecological pro
cesses underlying vector and bacterial population dynamics, including 
vector-host plant interactions, disease transmission and symptom pro
gression, to accurately simulate Xf epidemiology.

Our study presents a novel physiologically-based eco-epidemiolog
ical model for Xf in olive agro-ecosystems. The model adopts a mecha
nistic framework that explicitly incorporates the influences of 
environmental and meteorological variables on vector phenology, 
mortality, and disease dynamics within the host plants, as well as the 
seasonality of vector-host interactions and vector preferences on trans
mission. The model captures population dynamics and disease pro
gression through a compartmental model, where compartments 
represent both vector lifestages and host health status classes. The eco- 
epidemiological system is formulated as a system of ordinary and 
delayed differential equations, allowing for a detailed and dynamic 
representation of the plant-vector-bacterium interactions.

While the model is calibrated using the Xf outbreak in Apulia as a 
case study, its mechanistic representation of disease dynamics in olive 
agro-ecosystems is designed to be generalizable across diverse contexts 
and environments. The results, based on this calibration, provide novel 
insights into infection dynamics and demonstrate the potential of the 
approach for broader applications to advance understanding and man
agement of Xf epidemiology. The model framework adheres to the 
principles of Good Modelling Practice (GMP) outlined by Jakeman et al. 
(2024), through detailed conceptualization and justification of model
ling choices, clear acknowledgment of limitations, and application to a 

relevant real-world case study, while retaining flexibility for extension 
and application to other plant–pathogen systems and management 
scenarios.

2. Material and methods

A physiologically-based eco-epidemiological model was developed 
to simulate the dynamics of Xf in olive agroecosystems. The model 
provides a mechanistic representation of Xf epidemiology (Fig. 1) by 
integrating key bioecological processes, including vector population 
dynamics, vector–plant interactions, disease transmission, growth of 
non-olive vegetation, and disease progression in infected olive trees. It is 
formulated as a compartmental system of ordinary and delayed differ
ential equations that explicitly incorporates vector life stages, host 
infection status, and environmental drivers.

The vector population is structured into three compartments: pre
imaginal stages (P), susceptible adults (VS), and infected adults (VI). 
Vegetation is structured into different groups: (i) non-host plants, 
composed by herbaceous vegetation (H) and non-host shrubs and trees 
(N); (ii) reservoir shrubs and trees, divided into susceptible (RS) and 
infected (RI) compartments; and (iii) olive trees (crops), represented by 
seven compartments corresponding to successive stages of disease pro
gression (CS, C0 − C5) (Table 1).

The vector population considered in this model refers to P. spumarius, 
which follows a univoltine life cycle. Briefly, preimaginal stage (P) 
overwinter in diapause and resume development when temperature 
conditions become suitable (Cornara et al., 2018). Their development 
rate is determined by a temperature-dependent model adapted from the 
P. spumarius phenological model developed by Gilioli et al. (2024). Adult 
vectors emerge non-infected in early spring and undergo ovarian para
pause, delaying oviposition during periods of extended photoperiod 
(Witsack, 1973). Mortality of both preimaginal (P) and adult vector 
stages (VS and VI) is modelled using temperature-dependent functions, 
and fecundity is defined by a constant rate during the reproductive 
phase. Preimaginal and adult stages are constrained within [0,KP], where 
KP (ha-1) denotes the carrying capacity for preimaginal vectors.

Adult vectors are assumed to move and interact with all vegetation 
compartments for shelter and food source, with infected vegetation also 
serving as a source of bacterial inoculum to susceptible vectors. This 
movement is implicitly modelled through a vector-plant contact func
tion dependent on vegetation abundance and vector preference for 
different vegetation compartments. This preference follows a seasonal 
pattern influenced by temperature and host plant suitability (Bodino 
et al., 2023), and is further affected by the disease status of olive trees, 
with highly symptomatic trees being less attractive to the insects 
(Daugherty et al., 2011). Contact between susceptible adult vectors and 
infectious vegetation may result in bacterial acquisition, with the 
effective acquisition rate depending on the level of infection assumed for 
the vegetation compartment. Contact between infected adult vectors 
and susceptible vegetation may result in bacterial transmission without 
a latent period (Cornara et al., 2018), with infection rate depending on 
the density of infected vectors in contact with susceptible vegetation and 
the susceptibility of the host compartment. Additionally, contact be
tween infected vectors and already infected olive trees is assumed to 
generate superinfection events, which contribute to accelerating disease 
progression within the host.

Olive trees are represented as the number of trees per unit area, 
determined by the planting density of the olive grove, and constitute the 
crop compartment. They are classified into seven categories according to 
infection status and percentage of canopy desiccation: susceptible olive 
trees (CS), latent trees (C0), infectious asymptomatic trees (C1), and 
symptomatic trees with (0%,25%] (C2), (25%,50%] (C3), (50%,75%]

(C4), and (75%,100%] (C5) canopy desiccation (Table 1). Symptomatic 
classes follow the definitions of Hornero et al. (2020). The total number 
of olive trees remains constant throughout the simulations. Disease 
progression dynamics are described by functions depending on 
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temperature, soil water availability, and the density of infected vectors 
(Godefroid et al., 2019; Sicard et al., 2018; Sun et al., 2013). Extreme 
temperatures are assumed to reduce bacterial populations within the 
plant (Feil and Purcell, 2001) allowing for partial disease regression, 
except in advanced disease stages (i.e., C5).

Herbaceous vegetation (H) non-host to Xf is assumed to uniformly 
cover the field and is modelled as biomass per area unit, constrained to 
non-negative values. Biomass varies over time and is limited by sub
optimal air temperature (TAD), limited incident solar radiation (IAD), and 
reduced proportion of soil water content (W).

Non-host shrubs and trees (N) are modelled as biomass per area unit, 
constrained within the range [0, KN], where KN (kg ha-1) represents the 
field’s carrying capacity for the N vegetation compartment. The com
bined biomass of reservoir shrubs and trees is constrained within [0, KR], 
where KR (kg ha-1) is the field’s carrying capacity for this compartment. 
The biomass of both non-host and reservoir shrubs and trees varies over 
time and is described by a temperature-dependent function. A propor
tion of these woody plants consists of deciduous species that shed their 
foliage in autumn.

The simulated landscape represents a one-hectare olive grove, 
structured into four vegetation compartments: ground cover vegetation, 
non-host shrubs and trees, reservoir shrubs and trees, and olive trees. 
Given the small spatial scale, spatial constraints are neglected, and the 
landscape is considered isolated with no in- or outflow of vectors, 
allowing only local epidemiological dynamics.

2.1. Formal model

Seven ordinary differential equations (ODEs) describe the dynamics 
of non-olive plants and vectors (i.e., H, N, RS, RI, P, VS, and VI). Delay 
differential equations (DDEs) were used to represent the progression of 
olive trees through consecutive disease stages. This approach in
corporates minimum delay period (τCi , with i ∈ {0, 1, …, 4}) for the 
infected olive tree compartments (C0–C4), which reflects the slow 
within-host dynamics of Xf and the prolonged duration of asymptomatic 

and early symptomatic phases (Saponari et al., 2019), ensuring that 
trees remain in each stage at least the specified duration before pro
gressing to the next. Fixed delays were adopted as a pragmatic 
compromise between biological realism, model tractability, and data 
availability for parameterization. The term C∗

i (t, τCi ) denotes the number 
of olive trees at time t that have persisted in stage i for at least the 
corresponding delay period τCi .

Overall, the eco-epidemiological model consists of 14 differential 
equations, one corresponding to each compartment. For clarity, the 
functions are presented bellow as a system of equations without explicit 
parameters definitions, except for time and delay terms:

(a) dH
dt (t) = gH(t) − qH(t)⋅H(t)

(b) dN
dt (t) = gN(t)⋅N(t) − qN(t)⋅N(t)

(c) dRS
dt (t) = gR(t)⋅RS(t) − qR(t)⋅RS(t)+ rR,T(t)⋅RI(t)+ rR,n(t) −

iR(t)⋅RS(t)
(d) dRI

dt (t) = gR(t)⋅RI(t)+ iR(t)⋅RS(t) − qH(t)⋅RI(t) − rR,T(t)⋅RI(t) −
rR,n(t)

(e) dP
dt (t) = fP(t)⋅(VS(t) + VI(t)) − εP(t)⋅P(t) − mP(t)⋅P(t)

(f) dVS
dt (t) = εP(t)⋅P(t) − aV(t)⋅VS(t) − mV(t)⋅VS(t)

(g)
dVI

dt
(t) = aV(t)⋅VS(t) − mV(t)⋅VI(t) (1) 

(h) dCS
dt (t) = rCo ,T(t)⋅C∗

0
(
t, τC0

)
+ rC,n(t) − iC(t)⋅CS(t)

(i) dC0
dt (t) = iC(t)⋅CS(t)+ rC1 ,T(t)⋅C∗

1(t,τC1 ) − dC0 (t)⋅C∗
0(t,τC0 ) − rCo ,T(t)⋅ 

C∗
0(t, τC0 ) − rC,n(t)

(j) dC1
dt (t) = dC0 (t)⋅C∗

0(t, τC0 )+ rC2 ,T(t)⋅C∗
2(t, τC2 ) − dC1 (t)⋅C∗

1(t, τC1 ) −

rC1 ,T(t)⋅C∗
1(t, τC1 )

(k) dC2
dt (t) = dC1 (t)⋅C∗

1(t, τC1 )+ rC3 ,T(t)⋅C∗
3(t, τC3 ) − dC2 (t)⋅C∗

2(t, τC2 ) −

rC2 ,T(t)⋅C∗
2(t, τC2 )

(l) dC3
dt (t) = dC2 (t)⋅C∗

2(t, τC2 )+ rC4 ,T(t)⋅C∗
4(t, τC4 ) − dC3 (t)⋅C∗

3(t, τC3 ) −

rC3 ,T(t)⋅C∗
3(t, τC3 )

(m) dC4
dt (t) = dC3 (t)⋅C∗

3(t, τC3 ) − dC4 (t)⋅C∗
4(t, τC4 ) − rC4 ,T(t)⋅C∗

4(t, τC4 )

Fig. 1. Schematic representation of the eco-epidemiological model framework. Rectangles represent vegetation compartments, while circles denote vector com
partments. Solid black arrows denote vegetation dynamics, demographic processes, and transitions between compartments. Red arrows depict vector–host plant 
interactions that determine vector acquisition (dotted arrows) from infectious plants, infection events by infected vectors (solid arrows), and superinfection events 
(dashed arrows) by infected vectors. Definitions of model compartments and functions are provided in Table 1.
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(n) dC5
dt (t) = dC4 (t)⋅C∗

4(t, τC4 )

The state variables presented in Eq. (1) are summarised in Table 1. A 
detailed description of the model’s functions and parameters associated 
with vector population dynamics is provided in Section 2.2, while the 
functions describing vector–host contact, bacterial transmission, and 
disease progression are presented in Section 2.3. The biomass dynamics 
of non-olive vegetation compartments are described in Section 2.4.

The ODE-DDE system (Eq. (1)) is solved numerically in MATLAB 

(version R2024a) by the explicit second-order Runge-Kutta method 
(Quarteroni et al., 2014) with a constant time-step of one hour. Being the 
time-step constant, no interpolation is required to evaluate the delayed 
state variables. To compute the state variables at the new time-step tn+1, 
the ODEs are treated in a standard way by exploiting all the state vari
ables involved in the equation at time tn, while each DDE is integrated by 
using the corresponding state variable at the time-step tn− τ (where τ is 
the delay associated with the state variable) and the other state variables 
at time tn.

2.2. Vector population dynamics (P, VS and VI)

The vector population dynamic defined in Eqs. (1e)–(1 g) is governed 
by the fecundity function (fP(DOY , LDD), the emergence function (εP(t,
TAH)), the mortality function of preimaginal (mP(DOY ,TAH, P)) and adult 
stages (mV(DOY ,TAH)), and acquisition function (aV(RI,C1,C2,C3,C4), see 
Section 2.3).

2.2.1. Fecundity function (fP)
We assumed a constant oviposition rate function during the repro

ductive phase of vector females, described as: 

fP(DOY , LDD) =

{
fP,or⋅fP,sr if DP,min(LDD) ≤ DOY ≤ DP,max

0 otherwise
(2) 

where: 

• fP,or: oviposition rate per female vector (h-1), defined based on re
ports on the average fecundity recorded (Di Serio et al., 2019; Silva 
et al., 2015), and to maintain a stable vector population over the 
years of simulation,

• fP,sr: average sex ratio of P. spumarius population during the ovipo
sition period, estimated based on Bodino et al. (2023), representing a 
higher proportion of females during this period,

• DP,min(LDD): onset of oviposition period corresponding to the day of 
the year (DOY) when daylight duration (LDD) drops below a critical 
threshold (LP,f ) towards late summer (Avosani et al., 2021; Morente 
et al., 2021; Witsack, 1973),

• DP,max: end of the oviposition period and maximum adult longevity 
after which adult populations are rarely observed in the field, set at 
November 15 considering Apulian conditions (Bodino et al., 2023).

Parameter values for Eq. (2) are reported in Table S1 (Section S1) of 
Supplementary Material.

2.2.2. Emergence function (εP)
The emergence function of the preimaginal stage (εP(t, TAH)) is 

determined by a satellite model adapted from the P. spumarius pheno
logical model developed by Gilioli et al. (2024). This stage-structured 
population model is formulated as a system of Kolmogorov PDEs that 
accounts for both chronological time and the physiological age of insect 
stages. The relative cumulative emergence curve generated by this 
phenological model is integrated into the eco-epidemiological frame
work through the emergence function εP(t,TAH) defined as: 

εP(t,TAH) = Kolmogorov(t,TAH) (3) 

where Kolmogorov represents the PDE system defining the phenological 
model in Gilioli et al. (2024) as function of the average hourly tem
perature (TAH(t)). The simulation of the phenological model begins on 
January 1, when preimaginal individuals are assumed to be in diapause. 
Diapause termination is determined by the accumulation of degree-days 
by preimaginal stage according to Gilioli et al. (2024). Development rate 

Table 1 
Summary of model state variables and functions of the overall Eco- 
epidemiological model.

Symbol Description Units

​ ​ State variables ​
​ H Herbaceous vegetation kg ha-1

​ N Non-host shrubs and trees kg ha-1

​ RS Susceptible reservoirs kg ha-1

​ RI Infected reservoirs kg ha-1

​ P Preimaginal vector stage insects ha-1

​ VS Susceptible adults insects ha-1

​ VI Infected adults insects ha-1

​ CS Susceptible olive trees plants ha-1

​ C0 Latent olive trees plants ha-1

​ C1 Infectious asymptomatic olive trees plants ha-1

​ C2 Initial severity, with >0 to 25 % canopy with desiccated 
branches

plants ha-1

​ C3 Medium severity, with >25 to 50 % canopy with 
desiccated branches

plants ha-1

​ C4 High severity, with >50 to 75 % canopy with desiccated 
branches

plants ha-1

​ C5 Very high severity, with >75 % canopy with desiccated 
branches or fully desiccated trees

plants ha-1

​ C∗
i Number of olive trees that have persisted in infection 

stage i (with i ∈ {0,1, …,4}) for at least the 
corresponding delay period

plants ha-1

​ ​ Functions or parameters ​
Herbaceous vegetation ​
​ gH Growth function of herbaceous vegetation ​
​ qH Senescence function of herbaceous vegetation ​
Non-host shrubs and trees ​
​ gN Growth rate function of non-host shrubs and trees ​
​ qN Senescence function of the deciduous biomass of non- 

host shrubs and trees
​

Reservoir shrubs and trees ​
​ gR Growth rate function of infected and susceptible 

reservoir shrubs and trees
​

​ qR Senescence rate function of the deciduous reservoir 
biomass during autumn

​

​ iR Infection rate function of susceptible reservoir shrubs 
and trees by infected vectors

​

​ rR,T Temperature-dependent disease recovery rate function 
of infected reservoir shrubs and trees due to low winter 
temperatures

​

​ rR,n Non-systemic infection recovery rate function of 
infected reservoir shrubs and trees

​

Insect vectors ​
​ fP Fecundity rate function of adult vectors ​
​ εP Emergence rate function of adult vectors ​
​ mP Mortality rate function of preimaginal vectors ​
​ mV Mortality rate function of adult vectors ​
​ aV Acquisition rate function of susceptible vectors from 

infectious vegetation compartments
​

Crop - Olive trees ​
​ iC Infection rate function of susceptible olive trees by 

infected vectors
​

​ dCi Disease progression rate function describing the 
transition rate of olive trees from disease stage i to the 
next disease stage

​

​ rCi ,T Temperature-dependent disease regression rate function 
of infected olive trees of disease stage i

​

​ rC,n Non-systemic infection recovery rate function of 
infected olive trees of disease stage C0

​
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zP(TAH) (h-1) of post-diapausing preimaginal stage is determined by the 
temperature-based Brière equation: 

where zP,a is an empirical constant (dimensionless), TP,z inf and TP,z sup 

are the lower and the upper development temperature thresholds (◦C), 
defined according to the optimization procedure reported by Gilioli 
et al. (2024). The parameter estimates for Eq. (4) are reported in 
Table S1.

2.2.3. Preimaginal mortality function (mP)
The mortality function of preimaginal stage (mP(DOY ,TAH, P)) com

bines intrinsic temperature-dependent mortality (abiotic) with extrinsic 
mortality related to natural control factors. The function is defined as: 

mP(DOY ,TAH, P) =

⎧
⎪⎪⎨

⎪⎪⎩

mP,T(TAH)⋅
[

1 +

(
P(t)
KP

)2]

if DOY ≥ DP,m(TAH)

0 otherwhise

(5) 

where mP,T(TAH) represents the temperature-dependent mortality func
tion, incorporating both abiotic and extrinsic factors. This term is 
modulated by a density-dependent mortality component linked to the 
maximum insect abundance sustained in the landscape (KP) based on 
Yurtsever (2000). Preimaginal mortality is considered only after 
diapause termination (see Section 2.2.2). Accordingly, preimaginal 
mortality is neglected from oviposition in the previous year until 
diapause termination of following year.

Temperature-dependent mortality is modelled using a function 
adapted from Gilioli et al. (2016), and is expressed as: 

mP,T(TAH)=

⎧
⎪⎪⎨

⎪⎪⎩

mP,n⋅
[(

TP,z inf − TAH(t)
)2
+1

]
if TAH(t)<TP,z inf

− zP(TAH)⋅ln
[
1 − μP,T(TAH)

]
+mP,n if TP,z inf ≤TAH(t)≤TP,z sup

mP,n⋅
[(

TAH(t)− TP,z sup
)2
+1

]
if TAH(t)>TP,z sup

(6) 

where: 

• mP,n: extrinsic mortality due to natural control factors (h-1), defined 
based on field monitoring data of P. spumarius collected in 10 olive 
groves in the Apulian region in 2019 (C. Dongiovanni, unpublished 
data),

• zP(TAH): development rate function (Eq. (4)),
• TP,z inf , and TP,z sup are the minimum and maximum development 

temperature thresholds (◦C), respectively,
• μP,T(TAH): average stage proportional mortality of P defined as:  

where TP, μ opt =
TP,z inf+TP,z sup

2 .
Parameters values for Eqs. (5)–(7) are reported in Table S1.

2.2.4. Adult mortality function (mV)
The mortality of adult stage (mV(DOY ,TAH)) is defined by combina

tion of ageing process and temperature-dependent mortality: 

mV(DOY ,TAH) = 1 −
[
1 − mV,T(TAH)

]
⋅
[
1 − mV,a

]
(8) 

where mV,a describes the mortality rate due to ageing process (h-1), 
assuming an average adult longevity in Apulian conditions of 170 days 
(Bodino et al., 2023), and mV,T(TAH) denotes a temperature-dependent 
mortality function that incorporates extrinsic mortality related to nat
ural control factors (h-1). The function mV,T(TAH) is defined as: 

mV,T(TAH) =

{
mV,n⋅

[(
TV,m inf − TAH(t)

)2
+ 1

]
if TAH(t) < TV,m inf

mV,Ta⋅
(
mV,Tb

)TAH(t)
+ mV,n if TAH(t) ≥ TV,m inf

(9) 

where: 

• mV,n: extrinsic mortality due to natural control factors (h-1),
• TV,m inf : lower temperature threshold (◦C) in which mortality formula 

changes,
• mV,Ta, mV,Tb: dimensionless parameters shaping the temperature- 

dependent mortality.

The functional form and the parameters of Eq. (9) were defined 
based on laboratory experimental data on the effect of temperature on 
P. spumarius adult mortality were used to estimate the temperature- 
dependent mortality rate function (J.A. Navas-Cortés, unpublished 
data). Parameter estimates for Eqs. (8) and (9) are reported in Table S1.

2.3. Epidemiological functions

2.3.1. Vector-plant contact function (nj)
Adult movement among vegetation compartments drives the acqui

sition (aV) and infection (iC, iR) processes through the contact between 
vector and host plant. It is modelled through a vector-plant contact 
function (nj(J)) described by a modified Monod functional response, 
which depends on vegetation abundance (J(t)) and vector preference 
(

pj) for different vegetation compartments (j). This formulation pro

vides a biologically realistic representation of how contact rates respond 
to changes in host abundance, capturing the limited capacity of adult 
vectors to exploit host plants. The vector-plant contact function is 
defined as: 

zP(TAH) =

{
zP,a⋅TAH⋅

(
TAH(t) − TP,z inf

)
⋅

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

TP,z sup − TAH(t)
√

if TP,z inf ≤ TAH(t) ≤ TP,z sup

0 otherwise
(4) 

μP,T(TAH) =

⎧
⎪⎪⎨

⎪⎪⎩

0.75⋅
(

TP,z inf

TP, μ opt
− 1

)− 2

⋅
(

TAH(t) − TP, μ opt

TP, μ opt

)2

+ 0.1 if TP,z inf ≤ TAH(t) ≤ TP,z sup

0.85 otherwise
(7) 
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nj(J) =
pj⋅J(t)

λj + J(t)
(10) 

where λj is the j-th semi-saturation constant of the functional response 
(with the same unit as the corresponding vegetation compartment; see 
Table S3, Supplementary Material). To obtain the proportion of vectors 
feeding on a given vegetation compartment per time unit (n̂j(J)), the Eq. 
(10) is normalized as: 

n̂j(J) =
nj(J)

∑
j́ nj́ (Jʹ)

(11) 

The seasonal dynamics of P. spumarius among the vegetation com
partments over the year observed in Apulian agroecosystems were 
described using preference values that varied across two distinct periods 
of the year (Bodino et al., 2023; Cavalieri et al., 2019; Cornara et al., 
2018): (i) higher preferences for olive trees (CS–C4) and for 
non-cultivated shrubs and trees (corresponding to vegetation 
compartments N, RS and RI), in the warm season (early June to late 
September in Apulia), (ii) higher preference for herbaceous vegetation 
(H) during the rest of the year. Monitoring data of P. spumarius adults in 
Apulian fields during 2019 (C. Dongiovanni, unpublished data) were 
used to estimate the vector preferences for each vegetation compartment 
and the transition between the two preference periods, determined by 
thermal and chilling requirements. Detailed description of parameter 
estimates is described in the Section S1.1 of Supplementary Material.

2.3.2. Acquisition function (aV)
Vector acquisition is assumed to depend on the bacterium titre 

within the infected plant and the feeding activity by the vector (Gilioli 
et al., 2023). Assuming that each vector feeds on one host plant per time 
unit, the acquisition rate is defined as: 

aV(RI,C1,C2,C3,C4) = aRI ⋅n̂RI (RI) + aC1 ⋅n̂C1 (C1) + aC2 ⋅n̂C2 (C2)

+ aC3 ⋅n̂C3 (C3) + aC4 ⋅n̂C4 (C4) (12) 

where the acquisition rate corresponds to the proportion of insects 
feeding on infectious vegetation (given by n̂j(J), Eq. (11)) per time unit, 
weighted by the probability of acquiring the bacterium from the 
respective vegetation compartment (aj, h-1).

The bacterium titres for each olive stage were assigned based on 
literature data (De Pascali et al., 2022; Hill and Purcell, 1997; Saponari 
et al., 2017, 2019) and are presented in Table S2 (Section S1.2) of 

Supplementary Material. For latent olive trees (C0), the same bacterium 
threshold level for effective acquisition observed in grapevines by Hill 
and Purcell (1997) was assumed. Considering a maximum acquisition 
rate at 0.1206 (EFSA PLH Panel, 2019), the acquisition probabilities (aj) 
were estimated from literature (Bodino et al., 2021; Cavalieri et al., 
2019; Cornara et al., 2017). The acquisition rate from infected reservoir 
shrubs and trees (aRI ) was assumed the same rate as for mild symp
tomatic olive trees (C2) (see Table S2).

2.3.3. Infection function (iC and iR)
Susceptible olive trees (CS) and reservoirs (RS) may become infected 

through contact with infected vectors (VI). The probability of infection 
depends on the number of VI feeding on a susceptible tree and follows a 
nonlinear pattern derived from the Poisson infection probability model 
described by Daugherty and Almeida (2009). The infection function of 
olive trees (iC(CS,VI); Fig. 2) is defined as: 

iC(CS,VI) = 1 − e
− iC,sp ⋅iC,ip ⋅

(
n̂CS (CS)⋅VI (t)

CS(t)

)

(13) 

where: 

• iC,sp: index of susceptibility of olive trees to Xf (it is a real value in 
[0,1]), estimated through model calibration (Section 2.6),

• iC,ip: vector inoculation rate (insect-1 • h-1, in [0,1]), it is equivalent to 
the probability of an infected vector transmitting the bacterium to 
the host plants. It was estimated based on experimental data of the 
proportion of olive plants infected after seven days of inoculation 
access period by different numbers of infected P. spumarius, reported 
by Cornara et al. (2017) (see Table S1),

• n̂CS (CS): fraction of VI feeding on CS (in [0,1]), defined in Eq. (11).

The infection rate function of susceptible reservoir (iR(RS, VI)) is 
defined by the same functional form of Eq. (13), where the parameters 
iR,sp and iR,ip are assumed equal to the parameters iC,sp and iC,ip of olive 
trees, respectively.

2.3.4. Delay periods of infected olive tree compartments (τCi )
The olive tree compartments are represented by a system of DDEs 

(Eqs. (1h)–(1n)), where the disease progression and regression functions 
act on the number of olive trees that have remained in the disease stage i 
(with i ∈ {0,1, …,4}) for at least corresponding delay period τCi , indi
cated by C∗

i (t, τCi ). The delay periods were defined based on evidence 
from experimental studies (EFSA PLH Panel, 2019; Saponari et al., 
2017), quantitative estimates (White et al., 2020), and complementary 
expert knowledge (see Table S1).

2.3.5. Disease progression function in olive tree compartments (dCi )
The disease progression function of infected olive trees is modelled 

through an implicit representation of the bacterium growth and spread 
within the plant, as well as the resulting symptom development in olive 
canopy. Disease progression is influenced by temperature (affecting 
bacterial replication), soil water availability (reflecting the impact of 
water stress on symptom severity), and the density of infected vectors 
(capturing the effect of superinfection events on disease dynamics) 
(Godefroid et al., 2019; Sicard et al., 2018; Sun et al., 2013). Extreme 
temperatures can reduce bacterial populations within the plant, limiting 
the progression of the disease. The disease progression is defined as: 

dCi (DOY ,TAH,AW,Ci,VI) = max
{
bCi ,TS(DOY ,TAH,Ci,VI)⋅wCi (AW)

− bCi ,m(TAH),0
} (14) 

where: 

• bCi ,TS(DOY , TAH, Ci, VI): disease progression rate due to cumulated 
bacterium growth (h-1) defined as function of the day of the year 

Fig. 2. Representation of the infection function iC(CS,VI) (Eq. (5)), illustrating 
the rate of infection of susceptible olive tree (CS) as function of the density of 
infected vectors (VI).

I.D. Weber et al.                                                                                                                                                                                                                                Ecological Modelling 516 (2026) 111546 

6 



(DOY), average hourly temperature (TAH, ◦C), and on the populations 
Ci and VI,

• wCi (AW): disease progression factor due to water stress (dimen
sionless) as function of soil available water (AW, mm),

• bCi ,m(TAH): disease regression rate (h-1) due to bacterium mortality by 
adverse temperature (TAH).

The disease progression rate due to cumulated bacterium growth 
(bCi ,TS(DOY ,TAH,Ci,VI)) is defined as:  

where bCi ,TS sp is the stage-specific shape parameter estimated from 
experimental data from Saponari et al. (2017). The 
temperature-dependent growth function (bCi ,T(DOY , TAH)) defines the 
cumulated bacterium growth rate during the delay period (τCi ) for each 
disease stage (Ci), and was modelled using the function adapted from 
Analytis (1977): 

bCi ,T(DOY ,TAH) =

∫t

t− τCi

bC,T1⋅
(
TAH(s) − TC,inf

)bC,T2 ⋅
(
TC,sup 

− TAH(s)
)bC,T3 ⋅χ(DOY ,TAH)ds (16) 

where: 

• bC,T1, bC,T2 and bC,T2: empirical constants (dimensionless),
• TC,inf and TC,sup: lower and upper temperature thresholds for bacterial 

growth (◦C),
• χ(DOY , TAH): defines the range of temperature and time of the 

function: 

χ(DOY ,TAH)

=

{1 if TC,inf ≤ TAH(t) ≤ TC,sup and DC,sp(TAH) ≤ DOY ≤ DC,dp(TAH)

0 otherwise 

Parameters of the Eq. (16) were estimated based on in vitro experi
mental data evaluating the growth of Xf subsp. pauca under different 
temperatures (J.A. Navas-Cortés, unpublished data; Fig. 3).

Bacterium growth and disease progression is assumed to occur be
tween the onset of the olive tree sprouting in spring (DC,sp(TAH)) and the 
onset of dormancy in late autumn (DC,dp(TAH)), while growth is arrested 
during dormancy period of olive trees due to unsuitable climatic con
ditions and low host plant physiological activity (Saponari et al., 2017). 
The sprouting phase in olive trees is defined by a chilling and forcing 

model adapted from Didevarasl et al. (2023). The onset of dormancy 
phase is defined by the accumulation of chilling hours according to the 
model proposed by López-Bernal et al. (2020).

The cumulative bacterium growth in infected olive trees can be 
accelerated by superinfection events (bCi ,S(Ci,VI)), which occurs when 
infected vectors (VI) transmit Xf to the infected olive trees (Ci) during 
the delay period. The contribution is defined as: 

bCi ,S(Ci,VI) = bCi ,Sp⋅min

⎧
⎪⎨

⎪⎩

1
bCi ,S max

⋅
∫t

t− τCi

n̂Ci (Ci)⋅VI(s)
Ci(s)

ds,1

⎫
⎪⎬

⎪⎭
(17) 

where bCi ,Sp (dimensionless) is a constant representing the maximum 
rate at which superinfection contributes to cumulative bacterium 
growth within an infected olive tree. This effect is modulated by the 
cumulative number of superinfection events experienced by a tree in 
stage Ci during the delay period, normalized by the maximum number of 
superinfection events bCi ,S max (vector ⋅ plant-1), which is assumed under 
high vector density based on Di Serio et al. (2019). Parameter values of 
bCi ,Sp were defined based on conservative assumptions reflecting the 
current limited empirical knowledge of this process. Specifically, lower 
values were assigned to advanced disease stages, assuming that super
infection in heavily infected olive trees has a lower relative impact on 
the bacterium population within the plant.

The disease progression rate is modulated by water stress function 
wCi (AW) adapted from the water stress coefficient defined by Allen et al. 
(1998), and is determined by the accumulation of water stress during a 
period τw, set to 30 days (720 h), normalized by the maximum water 
stress during the same period. The function assumes that trees under low 
water stress conditions (i.e., low wCi (AW) values, where wCi (AW) ∈ [0,
1]) exhibit a slower progression of disease symptoms, and that advanced 
disease stages are more susceptible to water stress (De Pascali et al., 
2022). The function is defined as: 

wCi (AW) = 1 −
1
τw

⋅
∫t

t− τw

min
{

wCi ,k⋅
AW(t)

AWC − RAW
, 1

}

ds (18) 

where: 

• AW(t): soil available water (mm) (Allen et al., 1998),
• AWC: soil available water capacity at field capacity (mm) for olive 

trees, defined based on Castellini et al. (2020),
• RAW: readily available water (mm), defined based on the reference 

water stress coefficient for olive trees defined by FAO (Allen et al., 
1998),

• wCi ,k: parameter (dimensionless) describing the effect of Xf infection 
on olive tree susceptibility to water stress, estimated based on Fig. 3. Representation of the temperature-dependent bacterial growth function 

bCi ,T(DOY ,TAH) for Xylella fastidiosa subsp. pauca (Eq. (16)).

bCi ,TS(DOY ,TAH,Ci,VI) =

{
bCi ,TS sp⋅bCi ,T(DOY ,TAH)⋅

[
1 + bCi ,S(Ci,VI)

]
if DC,sp(TAH) ≤ DOY ≤ DC,dp(TAH)

0 otherwise
(15) 
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experimental data from De Pascali et al. (2022). The progression 
from C0 to C1 stages, both asymptomatic stages, was assumed inde
pendent of water stress.

The bacterial mortality rate (bCi ,m(TAH)), adapted from 
Giménez-Romero et al. (2022), is described by a temperature-dependent 
function that integrates the combined effects of cold and heat stress on 
bacterial survival. It is defined as: 

bCi ,m(TAH) = 1 −
bCi ,m sp

bCi ,m sp + (TF(TAH))
3 (19) 

where bCi ,m sp is a shape parameter (dimensionless) specific for the dis
ease stage Ci, and TF(TAH) represents the temperature factor accounting 
for the effects of cold and hot temperatures on bacterial mortality. 
TF(TAH) is defined as: 

TF(TAH) =
1
24

⋅
∫t

t− τCi

y(s)ds, with y(s)

=

⎧
⎪⎪⎨

⎪⎪⎩

TC,cold − TAH(s) if TAH(s) < TC,cold

15.4⋅
(
TAH(s) − TC,hot

)
if TAH(s) > TC,hot

0 otherwise

(20) 

where TC,cold is the lower temperature threshold for cold stress accu
mulation, defined based on Lieth et al. (2011), TC,hot is the upper 
threshold for heat stress, and 15.4 is a conversion parameter estimated 
based on in vitro experimental data (J.A. Navas-Cortés, unpublished 
data). The parameterization of bCi ,m(TF) was performed under the 
assumption that the accumulation of cold temperatures (TF(TAH)) dur
ing cold season in the northernmost commercial olive-growing regions 
in Europe (i.e., provinces of Sondrio and Trento in northern Italy; 
Gambella et al., 2021) is likely to induce high rates of disease regression, 
based on the climatic suitability patterns estimated by species distri
bution models (EFSA PLH Panel, 2019; Godefroid et al., 2019). Pa
rameters values for Eqs. (15)–(20) are reported in Table S1.

2.3.6. Temperature-dependent disease regression function in olive tree 
compartment (rCi, T )

Infected olive trees can regress to the previous olive tree compart
ment due to the negative effects of cold and hot temperatures on the 
bacterial population within plants during the delay period. The disease 
regression rate function due to temperature (rCi, T (DOY,TAH,AW,Ci,VI)) is 
defined based on Eq. (14) as: 

rCi ,T(DOY ,TAH,AW,Ci,VI) =
⃒
⃒min

{
bCi ,TS(DOY ,TAH,Ci,VI)⋅wCi (AW)

− bCi ,m(TAH), 0
}⃒
⃒

(21) 

which assumes that disease regression occurs when the negative effect of 
extreme temperatures to the bacterial survival surpasses the effect of 
cumulated bacterial growth and water stress in promoting the progres
sion of the disease.

2.3.7. Temperature-dependent disease recovery function of reservoirs (rR,T)
Infected reservoir biomass can recover from infection due to the 

negative effects of cold temperatures on the bacterial population within 
plants during winter. The recovery rate rR,T(DOY ,TAH) is defined as 
(Giménez-Romero et al., 2022): 

rR,T(DOY ,TAH) =

⎧
⎪⎪⎨

⎪⎪⎩

1 −
rR,sp

rR,sp +
(
CDD(TAH)

3) if DOY = April 1

0 otherwise
(22) 

where rR,sp is a dimensionless shape parameter, assumed equal to bC2 ,m sp 
(Eq. (19)) of olive trees in stage C2 to consider a recovery response 

comparable to that of olives at an intermediary disease stage. CDD(TAH)

represents the cumulative cold degree-days, calculated as the sum of 
hourly temperatures below the threshold TR,cold. Cumulative cold 
degree-days are calculated from November 1 of the year preceding the 
simulation until March 31 of the simulation year. For modelling pur
poses, recovery is assumed to occur instantaneously at the end of winter, 
on April 1. Parameters values for Eq. (22) are reported in Table S1.

2.3.8. Non-systemic infection recovery function (rC,n and rR,n)
In addition to the temperature-driven regression function, newly 

infected olive trees can recover due to the unsuccessful establishment of 
bacterium infection within the xylem following new inoculations 
(rC,n(CS,C0,VI)). This process is described by: 

rC,n(CS,C0,VI) = min
{
rC,np⋅C0(t), iC(CS,VI)⋅CS(t)

}
(23) 

The non-systemic infection recovery parameter (rC,np) was defined 
through model calibration (Section 2.6), with the constraint that the 
number of recovered plants cannot exceed the number of new infected 
plants occurring during the same time unit.

The non-systemic infection recovery function of susceptible reservoir 
(rR,n(RS,RI,VI)) is defined by the same functional form of Eq. (23), where 
the parameter rR,np is assumed equal to the parameter rC,np of olive trees.

2.4. Biomass dynamics of non-olive vegetation compartments (H, N, RS 
and RI)

2.4.1. Herbaceous vegetation (H)
Herbaceous vegetation dynamics defined in Eq. (1a) are governed by 

a growth function (gH(TAD,IAD,PDA,PET,W,H)) and a senescence function 
(qH(TAD)).

Growth follows the model of McCall and Bishop-Hurley (2003), 
refined by Romera et al. (2009), selected for its simplicity and effec
tiveness in simulating herbage production under diverse environmental 
conditions. The growth function gH(TAD, IAD,PDA,PET,W,H) is defined 
as: 

gH(TAD, IAD,PDA, PET,W,H) = α(IAD)⋅IAD⋅gH,T(TAD)⋅gH,W

(PDA,PET,W)⋅gH,l(H)⋅10
(24) 

where: 

• TAD(t): average daily temperature (◦C),
• IAD(t): incident solar radiation (MJ m-2 day-1),
• PDA(t): daily precipitation (mm day-1),
• PET(t): potential evapotranspiration (mm day-1),
• W(t): proportion of soil water content (dimensionless),
• H(t): biomass of herbaceous vegetation (kg ha-1).
• α(IAD): net photosynthesis efficiency function (g DM MJ-1),
• gH,T(TAD): temperature growth factor,
• gH,W(PDA,PET,W): soil water factor,
• gH,l(H): efficiency of green canopy light interception factor.

A detailed description of the model structure and parameter values is 
provided by Romera et al. (2009).

The senescence rate of herbaceous vegetation is described by the 
temperature-dependent function qH(TAD) based on Romera et al. (2009), 
which accounts for the leaf lifespan (LLS, ◦C) expressed in degree days 
and a remobilization coefficient (rem) that represents the proportion of 
leaf content reabsorbed during senescence: 

qH(TAD) = max
{

TAD(t)
LLS

⋅(1 − rem),0
}

. (25) 

2.4.2. Non-host shrubs and trees (N)
The dynamics of non-susceptible shrubs and trees defined in Eq. (1b) 

are governed by a logistic growth function (gN(DOY ,TAH,LDD,N)) and a 
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senescence function (qN(LDD)).
Biomass growth is assumed to occur from spring to autumn, coin

ciding with the period of active vegetative growth and reproductive 
tissue development. The growth rate function (gN(DOY , TAH, LDD, N)) is 
defined as: 

gN(DOY ,TAH, LDD,N) = gN,T(DOY ,TAH, LDD)⋅
(

1 −
N(t)
KN

)

, (26) 

where, KN is the field’s carrying capacity for the vegetation compart
ment (kg ha-1), and gN,T(DOY,TAH, LDD) is the temperature-dependent 
growth term adapted from Yan et al. (1996):  

Parameters are set as follows: 

• gN,max: growth rate at optimal temperature, defined based on Pasa
lodos-Tato et al. (2015),

• gN,sp: shape parameter (dimensionless, analytically defined)
• TN,g opt : optimal growth temperature for woody plants (Rossi et al., 

2007; Dombrowski et al., 2022).

The parameters DN,min(TAH) and DN,max(LDD,H) define the start and 
end of the active vegetative growth period, corresponding to bug break 
at spring and the onset of foliage senescence at autumn, respectively. 
Bud break is assumed to occur simultaneously with olive trees (Section 
2.3.5). Autumnal senescence was defined based on Jeong and Medvigy 
(2014) and Liu et al. (2020).

At the onset of autumnal senescence, biomass growth stops, and the 
deciduous fraction of the vegetation begins to lose foliage. Senescence is 
described as (adapted from Dufrêne et al., 2005): 

qN(LDD) =

[

1 −

(
LDD(t) − LN,min

LN,ts − LN,min

)qN,l
]

⋅
(
1 − qN,e

)
⋅max

{
N(t) − Ne

Nts − Ne
, 0

}

(28) 

where: 

• LN,min: daylight duration of the shortest day of the year (hours),
• LN,ts: daylight duration of the day of senescence onset (hours),
• qN,l: leaf ageing parameter,
• qN,e: fraction of evergreen biomass within the N vegetation 

compartment, considering that most of the biomass consists of 
trunks, branches, and twigs, and that the majority of species in the 
study area are evergreen.

• Ne: biomass of the evergreen non-host shrubs and trees,
• Nts: N biomass at the time of onset of senescence of the current year.

This formulation prevents evergreen biomass from reduction during 
senescence, specifically, when the current biomass N equals Ne, senes
cence ceases. The values of the parameters of Eqs. (26)–(28) are reported 
in Tables S1 and S3 of Supplementary Material.

2.4.3. Reservoir shrubs and trees (RS and RI)
The growth and senescence dynamics of susceptible (RS) and infec

ted (RI) reservoir compartments defined in Eqs. (1c) and (1d) are gov
erned by a logistic growth function (gR(DOY , TAH, LDD, RS, RI)), a 
senescence function (qR(LDD)). The biomass growth rate (gR(DOY , TAH,

LDD,RS,RI)) is modelled using the same function as described in Eq. (26): 

gR(DOY ,TAH, LDD,RS,RI) = gR,T(DOY ,TAH, LDD)⋅
(

1 −
RS(t) + RI(t)

KR

)

, (29) 

where gR,T(DOY ,TAH, LDD) is defined analogously to Eq. (27).
The senescence rate function qR(DDL) is modeled using the same 

function described in Eq. (28): 

qR(LDD)=

[

1 −
(

LDD(t) − LR,min

LR,ts − LR,min

)qR,l
]

⋅
(
1 − qR,e

)
⋅max

{
RS(t)+RI(t) − Re

Rts − Re
,0
}

(30) 

where: 

• Re: biomass of the evergreen reservoir shrubs and trees (kg ha-1),
• Rts: total biomass of reservoir vegetation at the time of senescence 

onset (kg ha-1),
• LR,min, LR,ts, qR,l, and qR,e are set equal to the corresponding parame

ters defined for non-host shrubs and trees (N) in Section 2.4.2.

2.5. Case study

The case study was designed to represent the outbreak of Xf in olive 
groves of Apulia, southern Italy. To this end, the model (Eq. (1)) was 
applied to capture the dynamics of disease dynamics in naturally 
infected olive trees from 16 olive groves in the Xf-infected area of Lecce 
province, in which qPCR had confirmed the presence of Xf (Zarco-Tejada 
et al., 2018, 2021). Between 2016 and 2019, a total of 3099 olive trees 
were monitored for 1 to 3 years, with disease severity visually assessed 
between two and nine times per tree. Most groves consisted of old trees 
(over 50 years old) of the highly susceptible cultivars Ogliarola Sale
ntina and Cellina di Nardò, within a landscape dominated by olive 
groves.

The study area is characterized by a Mediterranean climate (Cs ac
cording to the Köppen-Geiger classification), with mild, wet winters and 
hot-dry summers (Kottek et al., 2006). Meteorological data were 
retrieved from Visual Crossing Corporation (2025) and interpolated 
using the Inverse Distance Weighting (IDW) method implemented in the 
gstat R package (Pebesma, 2004). The dataset included hourly temper
ature, daily precipitation (Figs. S1 and S2, Supplementary Material), 
solar radiation, and daylight duration.

2.6. Model calibration and validation

The eco-epidemiological model was calibrated using disease severity 
data from five olive groves. Calibration focused on two key parameters: 
host susceptibility to Xf infection (iC,sp and iR,sp, Eq. (13)) and the non- 
systemic infection recovery rate (rC,np and rR,np, Eq. (23)), both 
assumed equal for olive trees and reservoir shrubs and trees. The land
scape composition of each monitored grove was reproduced in simula
tions by defining olive tree density and the carrying capacities of non- 
host shrubs and trees (KN) and reservoir shrubs and trees (KR) based 
on high-resolution satellite imagery (Google Earth Pro, Google Inc.© 
2024) and biomass estimates (Pasalodos-Tato et al., 2015). Initial con
ditions were set to reflect realistic field situations, including herbaceous 
biomass, woody vegetation cover, reservoir infection levels, and vector 
population density. A detailed description of parameter values and 

gN,T(DOY ,TAH, LDD) =

{
max

{
gN,max − gN,sp⋅

(
TAH(t) − TN,g opt

)2
, 0

}
if DN,min(TAH) ≤ DOY ≤ DN,max(LDD,H)

0 otherwise
(27) 
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initial conditions is provided in Section S2 (Supplementary Material).
Simulations were initialized starting from January 1, 2015, as the 

baseline date for the model to account for transmission history and 
disease progression. They were run over a 5-year period to capture long- 
term epidemic dynamics. Model calibration was performed by mini
mizing the error between simulated and observed cumulative numbers 
of olive trees in each disease stage, with the best-fitting parameter set 
selected for calibration. Root mean square error (RMSE) values between 
simulated and observed percentages of olive trees across disease stages 
are reported.

The model was validated based on 11 additional olive groves con
taining between two and nine evaluations per tree. Acknowledging that 
some datasets provide limited temporal resolution (two–three time 
points), they have been included in the evaluation because they still 
capture the overall trajectory of disease progression during the obser
vation window and therefore allowed to test model behaviour.

3. Results

3.1. Model calibration

The model was calibrated to accurately reproduce the observed dy
namics of disease progression across the study fields. The susceptibility 
of olive trees (iC,sp) and reservoir shrubs and trees (iR,sp) to Xf infection 
resulted from model calibration was estimated at 0.01, indicating a 100- 
fold reduction in the infection rate of individual infected vectors esti
mated in the model. The non-systemic disease recovery rate of newly 
infected olive trees (rC,np) was set at 2.09 × 10–4 h-1, meaning that up to 
0.5 % of early-stage infections (within disease stage C0) failed to become 

established in host every day. This recovery rate was also applied to 
reservoir shrubs and trees (rR,np).

Despite the complexity of the system, the simulations successfully 
captured the overall trends, reproducing both the timing of increases 
and subsequent declines in the proportions of trees at each disease stage 
(Fig. 4). Calibration performance, expressed as the average RMSE be
tween simulated and observed percentages of olive trees among cali
bration fields, was estimated as 10.36 %, ranging from 8.49 % in field 5 
to 12.46 % in field 4, indicating satisfactory model estimates. None
theless, the model was less effective in reproducing certain complex 
patterns observed in the field, such as multi-peaked dynamics across 
years (e.g., stages C2 and C3 in fields 1 and 5) and rapid, large fluctua
tions in the proportion of trees within disease stages. These discrep
ancies are partly attributable to sampling variability, particularly the 
inherent uncertainty associated with visual classification of disease 
stages over time.

3.2. Model validation

The simulated epidemiological dynamics of olive trees showed good 
agreement with the observed data across most validation fields (Fig. 5). 
Similar to the calibration fields, the model effectively reproduced the 
overall patterns of disease progression across all stages, capturing the 
timing and general trends of increase and decrease in the proportions of 
trees at each disease stage. Accuracy was generally higher for non- 
symptomatic trees (CS-C1) and fully desiccated trees (C5), while the 
intermediate stages were less precisely reproduced, reflecting more 
variable dynamics in the field. The average RMSE across validation 
fields was 10.98 %, with values ranging from 3.59 % in field 11 to 16.25 

Fig. 4. Trends of infection over five years (2015–2019) at the five calibration sites. Lines represent the simulated percentage of olive trees in each disease stage, 
while points indicate observed field data in the Xf-infected area of Lecce province (Zarco-Tejada et al., 2018, 2021). CS-C1: Non-symptomatic olives; C2: (0 %, 25 %] 
canopy with desiccated branches; C3: (25 %, 50 %]; C4: (50 %, 75 %]; and C5: (75 %, 100 %] canopy with desiccated branches or fully desiccated trees.
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Fig. 5. Trends of infection over five years (2015–2019) at the validation sites. Lines represent the simulated percentage of olive trees in each disease stage, while 
points indicate observed field data in the Xf-infected area of Lecce province (Zarco-Tejada et al., 2018, 2021). CS-C1: Non-symptomatic olives; C2: (0, 25 %] canopy 
with desiccated branches; C3: (25 %, 50 %]; C4: (50 %, 75 %]; and C5: (75 %, 100 %] canopy with desiccated branches or fully desiccated trees.

Fig. 6. Simulated herbaceous biomass dynamics (H) (kg ha-1) over five-year period (2015–2019) in olive groves used for model calibration (a) and validation (b) in 
the Apulia region, Italy.
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% in field 14, highlighting some variability in model performance across 
validation sites.

3.3. Simulated dynamics across all olive groves

3.3.1. Herbaceous vegetation (H) and non-host shrubs and trees (N)
The H biomass showed a consistent temporal pattern across all olive 

groves during the 5-year simulation (Fig. 6). Significant growth occurred 
from late autumn to mid-spring, followed by a marked decline in late 
spring and summer. Across all fields, the mean H biomass (± standard 
error) ranged from a maximum of 3584.83 ± 29.93 kg ha-1 in the spring 
of the fourth year to a minimum of 5.56 ± 0.02 kg ha-1 in the summer of 
the fourth year. Notably, lower biomass peaks were observed during the 
winter and spring of the second year, with an average maximum of 
627.55 ± 6.65 kg ha-1, due to the reduced precipitation that constrained 
the growth rate.

The biomass of N presented a consistent temporal pattern across all 
olive groves during the five-year simulation (Fig. 7), gradually pro
gressing towards the carrying capacity defined for each field. Periods of 
highest biomass growth were observed during the period from spring to 
early summer and again in early autumn, when temperature conditions 
were close to the estimated optimum temperature for woody biomass 
growth (i.e., 17.5 ◦C).

3.3.2. Reservoir shrubs and trees
The temporal dynamics of total reservoir plant biomass (RS + RI) 

followed a pattern similar to that observed for N (Fig. 8). Throughout the 
simulation period, the biomass of RI plants steadily increased in all 
fields, with a more pronounced rise during the second half of the 
simulation. By the end of the simulation period, the average percentage 
of RI biomass reached 23.08 % ± 1.46 %, with highest percentage 
recorded in field 6 (31.83 %), while field 14 presented the lowest value 

Fig. 7. Simulated biomass dynamics of non-host shrubs and trees (N) (kg ha-1) over five-year period (2015–2019) in olive groves used for model calibration (a) and 
validation (b) in the Apulia region, Italy.

Fig. 8. Simulated biomass dynamics of susceptible (RS), infected (RI) and total reservoir shrubs and trees (R) (kg ha-1) over five-year period (2015–2019) in olive 
groves used for model calibration (a) and validation (b) in the Apulia region, Italy.
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(13.47 %), starting from an initial RI percentage of approximately 10 % 
at all fields.

3.3.3. Insect vector
P. spumarius showed marked interannual variability in population 

abundance across all fields during the 5-year simulation period (Fig. 9). 
The temporal dynamics of insect population followed a similar pattern 
among all olive groves. The infection prevalence in vector population 
varied notably across fields and years. Within each year, the simulated 
percentage of VI gradually increased until mid-November, marking the 
end of adult longevity. In most fields, the lowest annual peak of VI 
prevalence occurred in the first simulation year, with values ranging 
from 23.44 % in field 14 to 78.01 % in field 2, and highest prevalence 
typically observed between the third and fifth years, with peaks reach
ing approximately 100 %. These peaks coincided with periods of higher 

prevalence of infective olive trees at intermediate disease stages, rep
resenting still suitable hosts for the vectors and thus more likely to 
transmit the pathogen (Fig. 1).

3.3.4. Epidemiological dynamic in olive trees
In most fields, the majority of trees were either susceptible (CS) or in 

the early stages of infection (C0 and C1) during the first simulation year, 
indicating the early phases of Xf outbreaks (Figs. 4 and 5). In these fields, 
approximately half of trees transitioned to symptomatic stages by the 
end of the second year and the third year, with full prevalence of 
symptomatic trees generally reached by the fourth or fifth year. In 
contrast, fields with advanced initial infection (i.e., 6, 7, 9, and 11) 
showed a rapid decline in non-symptomatic stages toward the end of the 
first year, with the entire tree population becoming symptomatic by the 
second year of simulation (Figs. 4 and 5). The dynamics of stages CS, C0, 

Fig. 9. Simulated number of preimaginal stage (P), and susceptible (VS) and infected (VI) adult stages of Philaenus spumarius over five-year period (2015–2019) in 
olive groves used for model calibration (a) and validation (b) in the Apulia region, Italy.

Fig. 10. Percentage (%) of olive trees in each disease stage over five-year period (2015–2019) in olive groves used for model calibration (a) and validation (b) in the 
Apulia region, Italy. Lines represent the simulated dynamics, while points represent the observed dynamics from field data in the Xf-infected area of Lecce province. 
CS: non-infected olive trees; C0: latent trees; C1: infectious asymptomatic trees; and C2-C5: Symptomatic trees.
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and C1, along with the aggregated symptomatic stage dynamics, are 
shown in Fig. 10.

The estimated curves for symptomatic stages displayed a consistent 
progression within each field. The dynamics of each stage followed those 
of the preceding stage, with a temporal offset reflecting the stage- 
specific delay and the seasonal interruption of disease progression dur
ing winter months. Bacterial mortality (bCi

m sp) had a minor influence on 
overall disease dynamics, as extreme temperatures were rarely reached 
within the climatic range for the simulation study.

Progression to the final disease stage (C5) typically began at the start 
of the third simulation year, with a marked increase during the fourth 
year. Significant accumulation of trees in stage C5 occurred approxi
mately 2.5 years after the first appearance of symptoms. By the end of 
simulation period, the proportion of trees in stage C5 ranged from 38.60 
% to 94.78 %.

4. Discussion

The eco-epidemiological modelling framework developed in this 
study effectively captures the key biological processes and abiotic 
drivers underlying the dynamics of the Xf pathosystem in olive agro
ecosystems. A major advance over previous epidemiological models (e. 
g., Brunetti et al., 2020; White et al., 2020; Giménez-Romero et al., 
2023) lies in the physiologically-based mechanistic representation of 
disease progression in olive trees, structured into compartments corre
sponding to distinct infection stages and symptom severity levels. 
Transitions between stages are described by physiologically based pro
cesses linked to within-host bacterial dynamics and symptom develop
ment, modulated by biotic factors such as host phenology, susceptibility, 
and superinfection events, as well as abiotic variables including tem
perature and soil moisture. This contrasts with former approaches that 
relied largely on fixed progression rates, thereby limiting their capacity 
to reflect local biotic and abiotic variability (but see Giménez-Romero 
et al., 2022). While Gilioli et al. (2023) introduced seasonal variation in 
bacterial growth through discrete seasonal regimes, the present frame
work models these effects using continuous, non-linear functions 
explicitly coupled to climatic conditions and plant phenology, 
enhancing biological realism and generalizability. In addition, the 
explicit representation of a structured vector population dynamic and 
the seasonal patterns of population abundance and interaction with host 
plants, further advances previous formulations that neglected vector 
demography (White et al., 2020) or relied on simplified population 
structures or seasonal forcing functions (Brunetti et al., 2020; Gilioli 
et al., 2023; Giménez-Romero et al., 2023). Finally, the composite 
structure of the model enables explicit integration of multiple landscape 
components, allowing the exploration of heterogeneous 
agroecosystems.

Climatic conditions in southern Apulia, Italy, during the simulation 
period were characterized by warm-hot temperatures and mild winters, 
which are favourable for the development and persistence of Xf subsp. 
pauca infection in olive trees (EFSA PLH Panel, 2019; Godefroid et al., 
2019). The consistently suitable temperatures from late spring through 
mid-autumn supported the effective establishment and rapid disease 
progression, while the absence of cold-induced mechanisms limited 
natural disease regression under the estimated model parameters. 
Future climate change scenarios are expected to increase the frequency 
and intensity of heat stress events, which may potentially reduce the 
environmental suitability of the region for Xf infection (Bosso et al., 
2016; Giménez-Romero et al., 2022).

Symptom progression in olive trees was further influenced by sea
sonal water stress, particularly during summer months. Prolonged 
drought periods accelerated symptom expression, while increased 
rainfall and cooler temperatures during autumn tend to mitigate disease 
progression, consistent with previous findings (De Pascali et al., 2022; 
Wallis and Gorman, 2024). However, the role of water stress in disease 

dynamics remains unclear, as it may also affect bacterial proliferation 
and vector behaviour (Godefroid et al., 2019), warranting further 
investigation. During model parameterization, disease dynamics 
appeared more responsive to parameters governing 
temperature-dependent bacterial growth than to those associated with 
plant water stress, while parameters related to bacterial mortality and 
superinfection showed comparatively limited effects under the simu
lated conditions. These observations reflect qualitative model behaviour 
and do not represent a formal sensitivity analysis.

The average duration of the asymptomatic period in our model was 
consistent with empirical and model-based estimates of approximately 1 
year (EFSA PLH Panel, 2019; Saponari et al., 2017). Model simulations 
estimated that disease progression from the initial phase of Xf outbreak 
to the point where the entire population exhibited maximum disease 
severity averaged approximately 5 years, aligning with estimates re
ported by White et al. (2020) and Giménez-Romero et al. (2023).

The results show that the abundance of infected adult vectors peaked 
during summer, in agreement with previous modelling studies (Gilioli 
et al., 2023; Giménez-Romero et al., 2023). The prevalence of infected 
vectors gradually increased until mid-November, often exceeding 90 % 
of the total vector population during most of the simulated years. Field 
observations, however, show more variable and non-linear seasonal 
patterns, with infection prevalence in vectors rarely surpassing 70 % 
(Ben Moussa et al., 2016; Cavalieri et al., 2019; Cornara et al., 2017). 
These differences may reflect influence of spatial and temporal hetero
geneity in host plant infection, climate variability, and the seasonal 
movements of vector among host compartments, all of which can also 
affect the estimates of prevalence of infected vectors derived from field 
sampling.

Vector infectivity was highest when olive trees in intermediate dis
ease stages were most prevalent, subsequently declining as trees 
advanced to severe disease stages, which are less attractive to vectors 
(Daugherty et al., 2011). This pattern has also been documented in 
Apulia in recent years (Bodino et al., 2023), where widespread tree 
desiccation and the introduction of resistant cultivars (characterized by 
lower bacterial loads even when infected) are believed to have 
contributed to declining vector infection rates. High vector infection 
levels observed in model simulations also reflect the predominance of 
susceptible olive trees in the simulated landscape, mirroring the typical 
host composition in the Apulian outbreak zone. The limited presence of 
non-host woody vegetation likely contributed to sustained transmission, 
highlighting the role of host plant composition in shaping epidemic 
dynamics (Cornara et al., 2018).

Reservoir shrubs and trees in the simulations exhibited a slow in
crease in infection prevalence over time, likely due to their lower 
abundance compared to other vegetation compartments. This resulted in 
reduced contact rates with infected vectors and limited transmission 
events. While their contribution to Xf spread appears marginal under the 
simulated conditions, further research is essential to clarify the role of 
reservoir shrubs and trees in Xf epidemiology. Specifically, experimental 
data on their transmission efficiency, latency period, and symptom 
expression are needed to better inform risk assessments and support 
effective management strategies.

Model parameterization presented several challenges due to the 
limited empirical data on the bioecological processes governing disease 
dynamics and vector dynamics. As a result, functions describing disease 
progression and regression, as well as vector population processes, were 
largely derived from biologically informed assumptions and sparse 
experimental evidence providing indirect guidance for parameter esti
mation, and will require further validation and refinement as additional 
data become available. Despite these constraints, the parametrization 
and calibration produced a coherent and biologically plausible param
eter set, with simulated outputs consistent with field observations, and 
offers a structured framework that may guide future empirical and 
modelling efforts aimed at better characterizing these bioecological 
processes. However, both calibration and validation relied on data from 
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a geographically restricted area with relatively homogeneous environ
mental and landscape conditions. Initial distributions of disease stages 
were inferred due to the absence of field data, and vector populations 
were assumed uniform across sites, a reasonable assumption given the 
spatial proximity of fields and similar landscape contexts, but still a 
source of uncertainty. Model calibration and validation using indepen
dent datasets from other Xf outbreak regions in olive groves (e.g., 
Mallorca Island) will be essential to assess model generalizability under 
different environmental and climatic conditions.

Future enhancements could incorporate spatially explicit network 
modelling to more accurately capture landscape-level disease spread 
and the influence of management practices. Overall, this framework not 
only advances scientific understanding of Xf epidemiology but also 
directly supports decision-making for effective disease containment and 
sustainable management in affected olive-growing regions. This mech
anistic, stage-structured model provides a valuable tool for both pest risk 
assessment (PRA) and integrated pest management (IPM). For PRA, it 
enables simulation of disease spread under varying environmental and 
host conditions, supporting risk evaluation and contingency planning. 
For IPM, it allows assessment of intervention strategies targeting 
different system components (i.e., trees, vectors, or reservoirs) by 
incorporating intervention-induced mortality or delay effects.

5. Conclusion

This study presents a physiologically based, mechanistic model that 
integrates host, pathogen, vector, and environmental processes to 
simulate the eco-epidemiological dynamics of Xf in olive systems. Model 
simulations closely reproduced observed durations of the asymptomatic 
phase and the time required to reach complete canopy desiccation, and 
highlighted the roles of seasonal vector dynamics, host plant preference, 
and landscape composition in shaping transmission patterns. By 
explicitly linking epidemiological processes to climatic and biological 
drivers, the framework advances previous modelling approaches and 
improves biological realism and applicability across environmental 
contexts. The model enables a more detailed and mechanistic explora
tion of how climate and landscape factors influence epidemic dynamics 
through their effects on multiple components of the pathosystem. These 
features make the model a useful operational tool for evaluating disease 
establishment risk and management scenarios, supporting pest risk 
assessment, surveillance design, and guide integrated management 
strategies for Xf outbreaks.
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