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A B S T R A C T

Rift Valley fever (RVF) is a zoonotic vector-borne disease mainly transmitted by mosquitoes, and present in
Africa, the Arabian Peninsula, and the Indian Ocean. The endemic situation in Mauritania, and the recent out-
breaks in Libya have raised concerns about the potential spread of the virus in the western Mediterranean Basin,
where competent mosquitoes are present. However, given the large diversity of climates and landscapes in this
region, the areas and periods at risk of RVF virus (RVFV) transmission remain unknown. Vector abundance is one
of the drivers of arboviruses transmission, therefore knowledge on mosquito species distributions and population
dynamics is needed to implement surveillance and to assess the risk of RVFV circulation. Here, we adapted a
published modelling framework of mosquito population dynamics to five potential RVFV vectors in the western
Mediterranean Basin (Aedes caspius, Aedes detritus, Aedes vexans, Culex pipiens and Culex theileri). The mechanistic
model was designed with a daily time step and a 0.1◦ x 0.1◦ spatial resolution and takes temperature and pre-
cipitations data as inputs, along with published vector distribution maps. We used mosquito trapping data from
Spain, France, Italy and Morocco to calibrate the model, and we produced monthly maps of abundance of the five
vectors for the whole studied area. We then evaluated the model performances by assessing the correlation
between field data and model predictions. Finally, we performed a sensitivity analysis to identify the main
influential parameters. The model was able to reproduce most of the abundance peaks for the five mosquito
species. Goodness-of-fit was high for Aedes species, especially for Ae. caspius, a highly competent mosquito for
RVFV transmission, but lower for Culex species, with potential overpredictions in some regions. More knowledge
is required about the presence and abundance of potential RVFV vectors in the Mediterranean Basin to improve
predictions. However, this first model allows to identify seasons and areas with high vectors abundances that
could be used in the future for surveillance of the disease.
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1. Introduction

Rift Valley fever (RVF) is a vector-borne zoonosis caused by a
Phlebovirus, transmitted by mosquitoes, and affecting livestock,
including dromedary camels (Linthicum et al., 2016). The disease causes
high abortion rates in pregnant females and severe mortality in young
animals. In humans, RVF is often asymptomatic or induces a flu-like
syndrome, but complications can occur with hepatic, ocular or neuro-
logic consequences (Javelle et al., 2020). There is no treatment or vac-
cine for humans. For livestock, live and killed vaccines are available, but
few countries are implementing vaccination campaigns (Dungu et al.,
2018). RVF thus impacts public health and leads to important economic
losses in affected countries (Peyre et al., 2015): the cost of the
2006-2007 outbreaks observed in East Africa has been estimated to 6.7
million dollars in Tanzania, 66 million dollars in Kenya and 471 million
dollars in Somalia. Since its first observation in 1930, the RVF virus
(RVFV) has been reported in almost all countries of sub-Saharan Africa,
in the Indian Ocean and in the Arabian Peninsula (Nielsen et al., 2020).

RVFV is known to mainly spread through the movements of infected
livestock. Indeed, importation of infected ruminants has been suggested
as the probable introduction route during the first documented incursion
of RVF in the Mediterranean Basin, in the Nile delta (1977-1978), that
led to 200,000 human cases and 600 deaths (Kenawy et al., 2018). The
disease has since been regularly reported in Egypt (Kenawy et al., 2018),
in Mauritania (resulting in 47 confirmed human cases and 23 deaths
during the last outbreak in 2022) (WHO, 2022), and recently emerged in
Libya, where 3 cases have been reported in small ruminants on the
Mediterranean coast near Tripoli in 2021 (WOAH, 2021). Virus emer-
gence in Libya was again suggested to be linked to illegal introduction of
livestock. This situation, associated with the existence of unmonitored
live animals trade routes from the sub-Saharan region to the northern
part of Africa (EFSA Panel on Animal Health and Welfare (AHAW),
2013; Nielsen et al., 2020), raise concerns about the further risk of
introduction of the virus in Maghreb, where some serological evidences
of RVFV exposure has already been found in livestock (Di Nardo et al.,
2014; Hellal et al., 2021). Moreover, among the 47 mosquito species
theoretically able to transmit the RVFV after exposure (Lumley et al.,
2017), 10 are present in the Mediterranean Basin, and Aedes caspius,
Aedes detritus, Aedes vexans, Culex pipiens and Culex theileri are the most
likely to eventually transmit the virus due to their ecological charac-
teristics (Drouin et al., 2022).

RVFV transmission mainly depends on the abundance of competent
vectors and on the density of ruminant hosts. Very few studies have
assessed the risk of RVFV circulation in the Mediterranean Basin, using
either MCDA methodology (Arsevska et al., 2016; Sánchez-Vizcaíno et al.,
2013; Tran et al., 2013a) or modelling studies (Nielsen et al., 2020). In
absence of sufficient data, the authors used temperature, rainfall, prox-
imity to aquatic areas, elevation, or land cover data, coupled with expert
knowledge, to approximate mosquito presence or abundance. As mosquito
biology is mainly driven by meteorological factors, especially temperature
(Bellone and Failloux, 2020) and rainfall (Arsevska et al., 2016; Balen-
ghien et al., 2010), incorporating these parameters into population dy-
namics or transmission modelling studies is crucial to improve the
predictions, both geographically and temporally. However, these elements
are often lacking in models of mosquito-borne diseases (Reiner et al.,
2013). This is also the case for RVF, for which only 22 % of the models
reviewed by Cecilia and colleagues took into account these abiotic factors
(Cecilia et al., 2022), leading to limitations in both identifying areas at risk
and accounting for the seasonal variability of transmission. Understanding
and predicting RVFV vector population dynamics is thus an essential step
in evaluating the risk of circulation of the virus in a given area. To over-
come the lack of sufficient field data, mechanistic models of vector pop-
ulation dynamics have been elaborated, but at a local scale only in the
Mediterranean Basin (Balenghien et al., 2010; Cailly et al., 2012;
Ezanno et al., 2015; Groen et al., 2017). Moreover, these models were
restricted to European locations and, even if Cx. pipiens and Ae. caspius

were included, the studies did not focus on RVF and therefore did not
consider all the main potential RVFV vector species. Lastly, other authors
have developed wild-ranging distribution models (Amdouni et al., 2022;
Ducheyne et al., 2013; Gangoso et al., 2020; Mughini-Gras et al., 2014;
Outammassine et al., 2022, 2021; Schaffner et al., 2016; Versteirt et al.,
2013; Wint et al., 2020) but neglected seasonal variation of abundances.

A generic mechanistic model for mosquito population dynamics, using
temperature as the main driver of development and mortality, was first
developedbyCailly andcolleagues (Cailly et al., 2012)andadapted toCulex
and Aedes genus (Ezanno et al., 2015). Then, this model was successfully
implemented under several climatic conditions. In northern Senegal, it has
been adapted to Ae. vexans, Cx. poicilipes and Cx. tritaeniorhynchus at a
regional scale,using satellitemeteorologicaldataandwaterbodydetection,
but the best fit was obtained using in situmeteorological data (Tran et al.,
2019). In Botswana, the same model was adapted to Cx. pipiens, in four
different sites experiencing RVFV circulation (Hammami et al., 2016). The
authors compared four scenarios in order to reproduce the observed mos-
quito dynamics, taking into account in situ temperature data, precipitations
and/or surfaceoffloodedareasobtained through satellite imagery.Thebest
model fit was obtained by integrating temperature and precipitations data,
with or without considering surfaces of flooded areas, depending on the
study site.

Here, as a first step to identify areas and periods at risk of RVFV
transmission in the Mediterranean Basin, we adapted and spatialized the
model of Cailly and colleagues (Cailly et al., 2012; Ezanno et al., 2015),
and used it to simulate the population dynamics of the five main po-
tential RVFV vectors in the western part of the Mediterranean Basin,
namely Ae. caspius, Ae. detritus, Ae. vexans, Cx. pipiens and Cx. theileri.
We parametrized and calibrated the model for each mosquito species
using a literature review andmosquito trapping data from Spain, France,
Italy and Morocco. We then used this model to produce monthly maps of
abundance for the five species and assessed the quality of its predictions
by computing the temporal correlation between the model outputs and
the observed entomological data.

2. Materials and methods

2.1. Data

2.1.1. Study area
It covered the western part of the Mediterranean Basin, including

territories from Portugal, Spain, France, Italy, Morocco, Algeria and
Tunisia, from longitudes -13.23◦ to 18.67◦, and from latitudes 27.62◦ to
47.12◦ (Supplementary Figs. S1-S3). This area encompassed different
ecoregions belonging to the following types: temperate broadleaf and
mixed forests, temperate conifer forests, Mediterranean forests wood-
lands and scrubs, flooded grasslands, deserts and xeric shrublands,
montane grasslands and shrublands (Dinerstein et al., 2017).

2.1.2. Meteorological data
They were extracted from the ERA5-Land reanalysis dataset

(Muñoz Sabater, 2019), containing hourly estimates of temperature and
precipitations with a 0.1◦ x 0.1◦ spatial resolution and covering the
period from 1981 to present. We obtained these data from the Coper-
nicus Climate Change Service (C3S) Climate Data Store, for the whole
zone of interest and between 01/01/1990 and 31/12/2021. The selec-
tion of the data for the study area resulted in a 35,789-pixel grid, for
which we computed the daily mean temperature (‘2m temperature’
variable in the ERA5-Land dataset, Supplementary Fig. S1) and extrac-
ted the total daily precipitations by selecting the last cumulative value of
the day (‘total precipitation’ variable, Supplementary Fig. S2).

2.1.3. Probability of vectors presence data
We used the data provided by Wint and colleagues (Wint et al.,

2020). In this study, the authors used Boosted Regression Trees and
Random Forest to extrapolate data of mosquito presence, based on
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landcover information of each pixel. They provided the probabilities of
presence (between 0 and 1) of Ae. albopictus, Ae. caspius, Ae. japonicus,
Ae. vexans, Cx. pipiens and Cx. theileri for Europe and North Africa with a
0.01◦ spatial resolution. Because we needed the probabilities of presence
at a 0.1◦ resolution to match the ERA5-Land dataset, we aggregated the
data. First, we isolated the land pixels by cropping the probabilities of
presence rasters using the ESRI World Countries layers (ESRI, 2022).
Then we computed the mean values of the 0.01◦ pixels included in the
0.1◦ pixels. Because the probability of presence data for Ae. detritus is not
provided by Wint and colleagues (Wint et al., 2020), we used the data
available for Ae. caspius for both species, considering that these two
halophilic mosquitoes share a large proportion of their coastal breeding
sites (Trari, 2017).

2.1.4. Entomological data
We used geolocated daily mosquito trapping data from 10 different

sources: 2 from Spain (SP1 and SP2), 4 from France (FR1 to FR4), 1 from
Italy (IT1) and 3 from Morocco (MO1 to MO3), sampled from 1994 to
2021 (see the ‘Entomological data’ section in Supplementary Informa-
tion and Supplementary Fig. S3). Mosquitoes were collected using bird-
and horse-baited traps, traps with chemical lure, CO2-baited traps (with
or without a light source), human landing catches, light traps, and
aquatic nets for larvae (Supplementary Table S1).

Given the diversity of mosquito trapping methods and the potential
variability in implementation of the same method among the different
collection protocols (material, duration of the trapping session, etc.), we
did not pool the results from different sources. Hereinafter, data

collected using a given trapping method in a given source will be
referred to as a ‘dataset’, and longitudinal data from a given trap as a
‘time series’. Overall, the entomological data available included 15
datasets for Ae. caspius, 14 for Ae. detritus, 13 for Ae. vexans, 16 for Cx.
pipiens and 15 for Cx. theileri, representing 686, 685, 682, 620 and 615
time series, respectively (Supplementary Table S1). The length of the
times series ranged from 1 mosquito count to 143 (Supplementary Fig.
S4). All these data were geolocated in 570 pixels, with at least 505
different pixels per species (Supplementary Fig. S3).

2.2. Mosquito population dynamics model

We tailored the model of mosquito population dynamics of Cailly
and colleagues (Cailly et al., 2012; Ezanno et al., 2015) to the five
species of interest. This generic model is mechanistic and compart-
mental, and is based on ordinary differential equations (ODE). It de-
scribes the life cycle of mosquitoes using 10 compartments: the aquatic
stages, i.e., eggs (E), larvae (L) and pupae (P), and the aerial stages, i.e.,
emerging adults (Aem), host-seeking adults (Ah), adults during the
digestion of the blood meal and egg maturation (Ag) and ovipositing
adults (Ao) (Fig. 1). Only adult females are considered, and the three last
stages are split between nulliparous females (subscript 1) and parous
females (subscript 2). Because mosquitoes are poikilotherm organisms,
their dynamics are tightly linked to environmental conditions. Thus,
several transition processes of the model depend on meteorological
factors. Definitions and values of the parameters and functions used in
the model are given in Table 1.

Fig. 1. Flow diagram of the mosquito population dynamics model in a given pixel, adapted from Ezanno et al. (2015). The blue background refers to the aquatic
stages (E: eggs, L: larvae, P: pupae) and the white background to the aerial stages (Aem: emerging adults, Ah: host-seeking adults, Ag : adults during the digestion of the
blood meal and egg maturation, Ao: ovipositing adults). Ah, Ag , and Ao are split between nulliparous females (subscript 1) and multiparous females (subscript 2).
Greek letters refer to constant parameters (β1: number of eggs laid/ovipositing nulliparous female, β2: number of eggs laid per ovipositing parous female, σem: sex
ratio at emergence, γAem

: development rate of emerging adults, γAh
: transition rate from host-seeking to engorged adults, γAo

: transition rate from ovipositing to
host-seeking adults, μE: egg mortality rate, μL: minimum larval mortality rate, μP: minimum pupal mortality rate, μA: minimum adult mortality rate, μem: mortality
rate during emergence, μr : mortality rate related to seeking behavior, κL: environment carrying capacity for larvae and κP: environment carrying capacity for pupae)
and Latin letters to meteorological-dependent functions taking rainfall and temperature as inputs (fE: transition rate from eggs to larvae, fL: transition rate from larvae
to pupae, fP: transition rate from pupae to emerging adults, fAg : transition rate from engorged to ovipositing adults, mL: larval mortality rate, mP: pupal mortality rate
and mA: adult mortality rate), as defined in Table 1.

A. Drouin et al.
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Table 1
Constant parameters and meteorological-dependent functions of the model, for each of the five species of interest.

Parameter Definition Ae. caspius Ae. detritus Ae. vexans Cx. pipiens Cx. theileri References

β1 Number of eggs laid/
ovipositing
nulliparous female

160 120 160 141 92 Berchi et al., 2012,
Bogojević et al., 2011,
Schaeffer et al., 2008,
Cailly et al., 2012, Cecilia
et al., 2022

​ ​ ​ ​ ​ ​ ​ ​
β2 Number of eggs laid/

ovipositing parous
female

80 60* 80* 80 78 Berchi et al., 2012,
Bogojević et al., 2011,
Schaeffer et al., 2008,
Cecilia et al., 2022

​ ​ ​ ​ ​ ​ ​ ​
fE

(day− 1)
Transition rate from
eggs to larvae

Boolean
{
1 if θ > 15 & R > 15
0 otherwise

Boolean
{
1 if R > 15
0 otherwise

Boolean
{
1 if θ > 10 & R > 15
0 otherwise

Logan model with
A = 0.16
B = 0.11
C = 5.01
θmin = 10
θmax = 35

Logan model with
A = 0.06
B = 0.17
C = 3.62
θmin = 12
θmax = 39

Bogojević et al., 2011,
Cecilia et al., 2020,
Clarkson and Enevoldson,
2020, De Ascentis et al.,
2022

​ ​ ​ ​ ​ ​ ​ ​
fL

(day− 1)
Transition rate from
larvae to pupae

fP
1.65

fP
1.65

* Logan model with
A = 0.02
B = 0.15
C = 3.56
θmin = 10
θmax = 35

Logan model with
A = 0.017
B = 0.13
C = 3.98
θmin = 7

θmax = 35

Logan model with
A = 0.02
B = 0.12
C = 3.28
θmin = 12
θmax = 36

Bogojević et al., 2011, Di
Nardo et al., 2014,
Dinerstein et al., 2017,
Drouin et al., 2022

​ ​ ​ ​ ​ ​ ​ ​
fP

(day− 1)
Transition rate from
pupae to emerging
adults

Logan model with
A = 0.14
B = 0.16
C = 5.01
θmin = 10
θmax = 35

Logan model
with *

A = 0.14
B = 0.16
C = 5.01
θmin = 10
θmax = 35

Logan model with
A = 0.21
B = 0.11
C = 3.41
θmin = 15
θmax = 35

Logan model with
A = 0.13
B = 0.23
C = 4.09
θmin = 10
θmax = 35

Logan model with
A = 0.15
B = 0.14
C = 4.67
θmin = 12
θmax = 36

Bogojević et al., 2011,
Cecilia et al., 2020, Di
Nardo et al., 2014,
Dinerstein et al., 2017,
Drouin et al., 2022

​ ​ ​ ​ ​ ​ ​ ​
σem Sex ratio at

emergence
0.5 0.5 0.5 0.5 0.5 Bogojević et al., 2011,

Schaeffer et al., 2008,
Cecilia et al., 2020,
Ducheyne et al., 2013,
Dungu et al., 2018

​ ​ ​ ​ ​ ​ ​ ​
γAem

(day− 1)
Development rate of
emerging adults

0.4 0.4* 0.5 1.143 1.143* Bogojević et al., 2011,
Cecilia et al., 2020, Durand
et al., 2020, EFSA Panel on
Animal Health and Welfare
(AHAW) 2013, El Ouali
Lalami et al., 2009

​ ​ ​ ​ ​ ​ ​ ​
γAh

(day− 1)
Transition rate from
host-seeking to
engorged adults

0.222 0.222* 0.33 0.885 0.885* Bogojević et al., 2011,
Schaeffer et al., 2008,
Ducheyne et al., 2013,
ESRI, 2022

​ ​ ​ ​ ​ ​ ​ ​
fAg

(day− 1)
Transition rate from
engorged to
ovipositing adults

θ − TAg

TDDAg

TAg = 10
TDDAg = 78

fAg > 0

θ − TAg

TDDAg
*

TAg = 10
TDDAg = 78

fAg > 0

θ − TAg

TDDAg
*

TAg = 10
TDDAg = 78

fAg > 0

θ − TAg

TDDAg

TAg = 9.8
TDDAg = 64.4

fAg > 0

θ − TAg

TDDAg

TAg = 9.8
TDDAg =

73.09769
fAg > 0

Bogojević et al., 2011, El
Ouali Lalami et al., 2009,
Ezanno et al., 2015

​ ​ ​ ​ ​ ​ ​ ​
γAo

(day− 1)
Transition rate from
ovipositing to host-
seeking adults

0.222 0.222* 0.33 2 2* Berchi et al., 2012,
Bogojević et al., 2011,
Ducheyne et al., 2013,
Gabinaud, 1975

​ ​ ​ ​ ​ ​ ​ ​
μE

(day− 1)
Egg mortality rate 0.001* 0.001* 0.001 0.262 0.0290 Bogojević et al., 2011,

Schaeffer et al., 2008, De
Ascentis et al., 2022,
Ducheyne et al., 2013

​ ​ ​ ​ ​ ​ ​ ​
mL

(day− 1)
Larval mortality rate e−

θ
2 + μL e−

θ
2 + μL e−

θ
2 + μL e−

θ
2 + μL e−

θ
2 + μL

Bogojević et al., 2011,
Schaeffer et al., 2008,
Ducheyne et al., 2013

​ ​ ​ ​ ​ ​ ​ ​
μL

(day− 1)
Minimum larval
mortality rate

0.0367 0.003113426 0.04671658 0.0304 0.05392209 Bogojević et al., 2011,
Drouin et al., 2022,
Gangoso et al., 2020,
Groen et al., 2017

​ ​ ​ ​ ​ ​ ​ ​

(continued on next page)
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Regarding the aquatic stages (Eq. 1a and Fig. 1), the egg compart-
ment (E) is renewed by the ovipositing females (A1o and A2o), with a
constant ovipositing rate, but with a different number of eggs laid by
nulliparous females (A1o) and multiparous females (A2o). Egg hatching
rates depend on temperature for Culex species, but hatching is triggered
by precipitations for Aedes species. The transition rates from larvae (L) to
pupae (P) and the emergence of adults (Aem) are dependent on tem-
perature for all species. Egg mortality rates are constant, but larvae and
pupae mortality rates depend on temperature. Larvae mortality rates
and emergence success of pupae are also dependent on the population
density in the breeding site (Cailly et al., 2012), represented by the ratios
L
κL and

P
κP, with κL and κP being the carrying capacities of the environment

allowing to limit the population growth.

⎧
⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

Aquatic stages

Ė = γAo (β1A1o + β2A2o ) − (μE + fE)E

L̇ = fEE −

(

mL

(

1+
L
κL

)

+ fL
)

L

Ṗ = fLL − (mP + fP)P

(1a)

Only females enter the aerial stages modelled by Eq. 1b, with a
defined sex ratio σem. Transition rates between adult stages are all con-
stant, except the transition rates from engorged to ovipositing adults,
representing the duration of egg maturation, and which depend on
temperature (Cailly et al., 2012). Adult mortality rates are also
temperature-dependent, with increased rates for the most mobile stages
(host-seeking females Ah and ovipositing females Ao), represented by μr.

Table 1 (continued )

Parameter Definition Ae. caspius Ae. detritus Ae. vexans Cx. pipiens Cx. theileri References

mP

(day− 1)
Pupal mortality rate e−

θ
2 + μP e−

θ
2 + μP e−

θ
2 + μP e−

θ
2 + μP e−

θ
2 + μP

Bogojević et al., 2011,
Schaeffer et al., 2008,
Ducheyne et al., 2013

​ ​ ​ ​ ​ ​ ​ ​
μP

(day− 1)
Minimum pupal
mortality rate

0.12 0.001137951 0.02200325 0.0146 0.06593466 Bogojević et al., 2011,
Drouin et al., 2022,
Gangoso et al., 2020,
Groen et al., 2017

​ ​ ​ ​ ​ ​ ​ ​
mA

(day− 1)
Adult mortality rate − 0.005941 +

0.002965 × θ
for mA > μA

− 0.005941 +

0.002965 × θ*
for mA > μA

0.02320402+
0.002075247 × θ

for mA > μA

− 0.06578724+
0.004460362 × θ

for mA > μA

0.01841533+
0.002431452 × θ

for mA > μA

Bogojević et al., 2011,
Hammadi et al., 2009,
Hammami et al., 2016,
Hartvigsen, 2013

​ ​ ​ ​ ​ ​ ​ ​
μA

(day− 1)
Minimum adult
mortality rate

0.03773585 0.03773585* 0.02673797 0.01083424 0.01083424* Hammadi et al., 2009,
Hammami et al., 2016,
Hellal et al., 2021, Himmi,
2007

​ ​ ​ ​ ​ ​ ​ ​

mdia
A

(day− 1)

Adult mortality rate
during diapause
stage

mA mA* mA* μA μA*
Bogojević et al., 2011

​ ​ ​ ​ ​ ​ ​ ​
μem
(day− 1)

Mortality rate during
emergence 0.1 0.1 0.1 0.1 0.1 Bogojević et al., 2011,

Ducheyne et al., 2013
​ ​ ​ ​ ​ ​ ​ ​

μr
(day− 1)

Mortality rate
related to seeking
behavior

0.08 0.08 0.08 0.08 0.08 Bogojević et al., 2011,
Ducheyne et al., 2013

​ ​ ​ ​ ​ ​ ​ ​
κLmax

(larvae.ha− 1)
Maximal
environment
carrying capacity for
larvae

1010 1010 1010 8 × 108 8 × 108 Bogojević et al., 2011

​ ​ ​ ​ ​ ​ ​ ​
κPmax

(pupae.ha− 1)
Maximal
environment
carrying capacity for
pupae

108 108 108 107 107 Bogojević et al., 2011

​ ​ ​ ​ ​ ​ ​ ​
ϕ Boolean variable

accounting for the
differences in
resistant stage
during diapause

0 0 0 1 1 Bogojević et al., 2011,
Ducheyne et al., 2013

​ ​ ​ ​ ​ ​ ​ ​

start
First day of the
favorable season

15th March

No diapause

15th March 15th March 15th March Bogojević et al., 2011,
Cecilia et al., 2020

​ ​ ​ ​ ​ ​ ​

end
Last day of the
favorable season 14th October 14th October 21st September 21st September Bogojević et al., 2011,

Cecilia et al., 2020

Greek letters refer to constant parameters and Latin to meteorological-dependent functions. θ refers to the temperature (Celsius degrees) and R to the precipitations (in
millimeters). *Parameter extrapolated from another species of the same genus, in absence of specific data for the species considered.
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⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Aerial stages

Ȧem = fPPσemexp
(

− μem

(

1+
P
κP

))

−
(
mA + γAem

)
Aem

Ȧ1h = γAemAem −
(
mA + μr + γAh

)
A1h

Ȧ1g = γAhA1h −
(
mA + fAg

)
A1g

Ȧ1o = fAgA1g −
(
mA + μr + γAo

)
A1o

Ȧ2h = γAo (A1o + A2o) −
(
mA + μr + γAh

)
A2h

Ȧ2g = γAh
A2h −

(
mA + fAg

)
A2g

Ȧ2o = fAgA2g −
(
mA + μr + γAo

)
A2o

(1b)

Under temperate climates with a marked winter season, mosquitoes
go through an inactive period, commonly called diapause. Aedes
mosquitoes survive through this unfavorable season in the egg stage (E),
and Culex mosquitoes in the adult stage (Aem). Therefore, we used two
ODE systems to represent the life cycle of mosquitoes in the European
region of the study area, one for the favorable season (Eqs. 1a and 1b),
i.e., the season of mosquito activity (defined by the parameters start and
end), and one for the unfavorable season (Eq. 2, figuring only the
states for which the equation differed from the favorable season).
In Eq. 2, Φ is a Boolean accounting for differences in the diapause stage
(Φ = 0 for Aedes species and Φ = 1 for Culex species) and mdia

A represent
the adult mortality rate during the diapause period, decreasing to a
minimal value for the Culex species.
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Aquatic stages

Ė = γAo (β1A1o + β2A2o ) − ΦfEE − μEE

L̇ = ΦfEE −

(

mL

(

1+
L
κL

)

+ fL
)

L

Aerial stages

Ȧem = fPPσemexp
(

− μem

(

1+
P

κP

))

−
(
mdia

A + (1 − Φ)γAem

)
Aem

Ȧ1h = (1 − Φ)γAem
Aem −

(
mA + μr + γAh

)
A1h

(2)

Considering the absence of an effective diapause period for the five
mosquito species in the Maghreb region, and the yearlong presence of
larvae in habitats (Berchi et al., 2012; El Ouali Lalami et al., 2009;
Himmi, 2007), only one set of equations (Eqs. 1a and 1b) was used for
this area. The model was implemented in R 4.1.2 (R Core Team, 2020),
in discrete time, using a daily time step.

2.3. Model parametrization

2.3.1. Constant parameters and meteorological-dependent functions
All constant parameters and meteorological-dependent functions

were obtained from a literature review and are provided in Table 1.
When information was missing for a given species, parameters or
functions were extrapolated from another species of the same genus.
Several models have been developed to represent temperature-
dependent development rates in insects, but the Logan model, as
described by Eq. 3, is one of the most used (Logan et al., 1976; Rebaudo
and Rabhi, 2018). This nonlinear model allows to describe the increase
in development rate between the minimal temperature and the opti-
mum, and then the rapid decrease between this optimum and the
maximal temperature.

r(θ) = A

⎛

⎝eB(θ− θmin) − eB(θmax − θmin)−
θmax − θ

C

⎞

⎠ (3)

In Eq. 3, r is the temperature-dependent rate, θ the temperature and
θmin-θmax the range of temperature of possible development. A, B and C
are shape parameters. In our study, we attributed values to the param-
eters of the Logan model for each temperature-dependent rate, based on
experimental data when they were available, using the range of tem-
perature for which a development was observed for θmin and θmax, and
calibrating A, B and C using a nonlinear least-squares method (Table 1).
Parameters of Logan models were estimated for fE (Cx. theileri), fL (Ae.
vexans, Cx. pipiens and Cx. theileri) and fP (Ae. vexans, Cx. pipiens and Cx.
theileri), and were extracted from previous published parametrizations
of the generic model for the other functions.

2.3.2. Parametrization of the carrying capacities
In each pixel, the model was run for all five species, using the pixel-

specific meteorological data as inputs. Considering the size of each pixel
(around 9 km2) and the active flight capacities of both Aedes and Culex
mosquitoes (Becker et al., 2020; Bogojević et al., 2011), we ignored their
diffusion between spatial units. Each model run thus described the dy-
namics of a closed mosquito population for a given location within a
given pixel.

The carrying capacity can be defined as the ‘maximum population
size that can be supported indefinitely by a given environment’ (Hixon,
2008). This parameter is used in ecological models to limit the popu-
lation size. Mathematically, it allows the population growth rate to
decrease as the population size approaches the carrying capacity, and
the population size to decline if it exceeds it (Hartvigsen, 2013). In a
given pixel of our model, this carrying capacity was represented for
larvae and pupae using a density-dependent mortality in the larval stage
(controlled by parameter κL in Eqs. 1 and 2), and a density-dependent
transition success from pupae to emerging adults (controlled by
parameter κP in Eqs. 1 and 2). We assumed that these carrying capacities
could vary between spatial units, and we defined two pixel-specific
parameters: κLx,y and κPx,y for a given pixel (x,y), for larvae and pupae,
respectively. For the aquatic stages, the carrying capacity reflects the
availability of breeding sites. However, it was not possible to assess the
presence of suitable breeding sites for the five mosquito species in the
whole region of interest, and we thus used the probability of presence
data from Wint and colleagues (Wint et al., 2020) as a proxy. To define
the mathematical relation between the pixel carrying capacities κLx,y and
κPx,y and the probability of presence, we compared three methods
(M1-3):

– M1: the carrying capacities were identical for all pixels, i.e., κLx,y =
κLmax and κPx,y = κPmax , κLmax and κPmax being parameters of the model
(Table 1). Meteorological data were thus the sole source of
geographic variation of mosquito abundance.

– M2: for a given pixel (x,y), the carrying capacity was proportional to
the probability of presence px,y for the considered mosquito species,
provided by Wint and colleagues (Wint et al., 2020), i.e., κLx,y =
px,y × κLmax and κPx,y = px,y × κPmax .

– M3: for a given pixel (x,y), the carrying capacity was proportional to

a power function of px,y, i.e., κLx,y = κ(
px,y)

α

Lmax
and κPx,y = κ(

px,y)
α

Pmax
, with α

being a shape parameter. α was calibrated using entomological data,
by minimizing the squares of distances between the observed data
and rescaled predicted abundances (i.e., rescaled between zero and
the maximal observed value) at the same dates and locations (see the
‘Parametrization of the carrying capacities’ section in Supplemen-
tary Information). Because the biology of Aedes and Culex mosqui-
toes are different, we hypothesized that the relationship between the
carrying capacities and the probability of presence was different
between these genera. We thus computed one value of α per genus.

We compared M1, M2 and M3 using the datasets for which data were
observed in pixels with at least 10 different values of probability of
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presence. We studied the distribution of distances between the rescaled
predicted abundance and observed data for each unique value of the
probability of presence, and selected the method for which these dis-
tances were the smallest.

2.4. Model fit assessment

Using the selected method to parametrize the larvae and pupae
carrying capacities, and after initialization (see the ‘Model initialization’
section in Supplementary information), we ran the model in all pixels
during the whole period, i.e., from 01/01/1990 to 31/12/2021, with a
daily time step, and created monthly maps by computing the mean. To
assess the model fit, we first computed the percentage of agreement
between observed data and model predictions for the low versus high
abundances of mosquitoes, based on an arbitrary threshold of the
abundance peak size of 10 mosquitoes (Supplementary Fig. S5). We then
evaluated the correlation between the observed and predicted entomo-
logical abundances at daily, weekly, biweekly and monthly time steps,
by computing the corresponding means of observed and predicted
abundances and their Spearman coefficients. To avoid evaluating cor-
relation for observed time series with no mosquitoes trapped, or for
these with few counts, we arbitrary selected the time series with at least
10 trapping results and 5 nonzero values for this analysis (Supplemen-
tary Table S1).

2.5. Sensitivity analysis

To assess the influence of parameters and functions on the model
outputs, we used the ‘one-factor-at-a-time’ Morris screening method
(Morris, 1991), implemented in the dedicated function of the R package
‘sensitivity’ (Iooss et al., 2024). This method requires few simulations
but does not allow to evaluate parameters interaction. The Morris
method is based on the definition of a variation space for each

parameter, and proceeds by sampling trajectories in this space, each
point of a trajectory defining a set of parameters used for the model
simulations. Variations of the outputs (‘elementary effects’) are recorded
for each simulation, and two sensitivity indicators are computed: μ*
which is the mean of the absolute values of the elementary effects, and σ
their standard deviation. High values of μ* indicate an important effect
of the parameter on the output variable, whereas high values of σ
indicate a nonlinear effect on the output. We used the relative variation
of the maximummosquito abundance during the last year of simulation,
i.e., 2021, as the model output. We discretized the variation of each
parameter using 6 levels within a range of ± 10 % around the baseline
value and generated 10 trajectories in the parameter space thus defined.
Meteorological-dependent functions were assessed by introducing a
multiplicative parameter taking a baseline value of one and performing
the sensitivity analysis on this parameter. Because model equations
differed between Europe and Africa, we conducted the sensitivity
analysis for eachmosquito species separately for the two continents. Due
to the high computational time needed (one run of the model was up to
10 hours long), we randomly selected 30 pixels in Europe and 30 in
Africa, for each mosquito species, among pixels with a high probability
of presence (> 0.8) and a predicted peak of at least 1000 mosquitoes
during 2021. The sensitivity analysis was performed using the outputs
obtained in these 60 pixels.

3. Results

3.1. Parametrization of the carrying capacities

M1, M2 and M3 were evaluated using SP1 and IT1 datasets only,
because in both cases data were available for each of the five species and
were observed in pixels with a large range of probabilities of presence
(for instance, time series were available in pixels with 42 different

Fig. 2. Predictions of mosquito abundances for 2021 (monthly means of host-seeking adults (A1h + A2h))

A. Drouin et al.
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values of the probability of presence for Ae. caspius in IT1 data, ranging
from 0.07 to 0.69, and in pixels with 506 different values in SP1 data,
ranging from 0.08 to 0.97; other values are presented in Supplementary
Figs. S8 to S17). Overall, the differences between the rescaled predicted
data and the observed data were lower for M3 than for M1 and M2, and
this method using a power link and a calibrated α value was selected to
define the pixel-specific carrying capacities for the five mosquito spe-
cies. The differences between the rescaled predicted data and the
observed data were higher for Culex species, and they increased for
pixels with a higher probability of presence for the five mosquito
species.

3.2. Model predictions

We used the model to produce daily predictions of abundance for the
five mosquito species, in each pixel of the studied area, from 1990 to
2021. According to predictions, Ae. caspius and Ae. detritus distributions
were restricted to the coasts, the valleys of large rivers (e.g., the Tagus in
Portugal, the Guadalquivir in Spain, the Po Valley in Italy or the Sebou
in Morocco), the Gulf of Lion in France, the gulfs of Hammamet and
Tunis in Tunisia, Chott Melrhir and Chott el Djerid in Algeria and
Tunisia, respectively, and in sabkha areas in Tunisia (Fig. 2 and Sup-
plementary videos S1 to S5). Predicted Ae. caspius abundance was high
in these areas from May to November in Europe, from May to June and
from October to February in North Africa. According to predictions, Ae.
vexans mosquitoes were mainly located in the Po Valley region. In
contrast, predicted Culex populations had a broad distribution, in the
whole area of interest for Cx. pipiens and mostly in the Iberian Peninsula
and in the Maghreb region for Cx. theileri. Predicted Culex abundance
was particularly high from April to October. As expected, and for all five
species, the model predicted fewer mosquitoes during winter than dur-
ing the rest of the year.

3.3. Model fit assessment

The model was able to predict a low abundance of Aedes mosquitoes
in most of the pixels with low observed trapping values, and conversely
to predict high abundances in pixels with high observed trapping values.
The proportion of agreement between predicted and observed time se-
ries reached 79 %, 75 % and 92 % for Ae. caspius, Ae. detritus and Ae.
vexans, respectively, taking an arbitrary threshold of 10 individuals at
peak to define low and high abundances (Table 2). However, for the
Culex species, the predictions reproduced the observed values with less
precision, showing an agreement of 33 % and 4 % for Cx. pipiens and Cx.
theileri, respectively. Overall, themodel over-predicted the abundance of
Culex species.

Considering only the observed time series with at least 10 observa-
tions and at least 5 nonzero values of mosquito counts to assess the
correlation with predicted abundance (weekly mean values), the median
value of the Spearman correlation coefficients was of 0.15, 0.32, 0.13,
0.31 and 0.05, for Ae. caspius, Ae. detritus, Ae. vexans, Cx. pipiens and Cx.
theileri, respectively (Fig. 3). The percentage of time series for which the
correlation coefficient was greater than 0.2 reached 78 % and 69 % for
Ae. detritus and Cx. pipiens, respectively. The median value of the cor-
relation coefficient was similar when using daily predicted abundance,
as well as when using biweekly and monthly mean values (Supple-
mentary Table S2 and Supplementary Figs. S18 to S20).

Fig. 4 provides three selected examples of weekly observed and
predicted time series from the IT1, FR1 and FR4 datasets. In these ex-
amples, the model was able to reproduce Cx. pipiens activity periods, as
well as abundance peaks of Ae. caspius and Ae. detritus when they fol-
lowed precipitations periods of the meteorological data.

3.4. Sensitivity analysis

Due to the low probability of presence for Ae. vexans and Cx. pipiens
in North Africa (the maximum values being respectively 0.66 and 0.79),
the threshold used to randomly select the 30 pixels was set to 0.5 and 0.6
for these two species, respectively, instead of the 0.8 threshold used for
Europe and for the other species (Supplementary Figs. S21 to S24).
Moreover, we set the threshold of peak of abundance to 1 mosquito for
Ae. vexans in North Africa, as it was not possible to identify pixels with
an annual peak greater than 1000 mosquitoes in 2021. Results of the
sensitivity analysis for the 30 pixels in Europe and 30 in Africa
(Supplementary Figs. S25 to S29) are graphically represented in Fig. 5
for Ae. caspius and Cx. pipiens (μ* values) and in Supplementary Figs. S30
to S32 for the three other species. In these figures, a red cell indicates
that the parameter was influential on the predictions of the corre-
sponding pixel.

Table 3 shows that 11 of the 22 parameters included in the sensitivity
analysis were influential (μ* > 0.1) for at least one mosquito species, for
the majority of pixels of at least one of the two regions. The sex ratio at
emergence σem was influential for all species except for Cx. pipiens, in
both regions. The mortality rate during emergence μem and the
maximum environment carrying capacity for pupae κPmax were also
influential for all species, in both regions, except for Ae. vexans in North
Africa. Results for nonlinear effects are presented in Supplementary Figs.
S33 to S37. These effects were mainly observed for the favorable season
start date for Ae. caspius.

4. Discussion

4.1. Summary of the results

The model was able to simulate population dynamics of five poten-
tial RVFV vector species in the western Mediterranean Basin, between
1990 and 2021. Predicted abundances of Aedes mosquitoes were
restricted to specific regions suitable for their development, whereas
Culex populations were widespread in the Mediterranean Basin. When
comparing the predictions with mosquito trap data from Spain, France,
Italy and Morocco, the model was able to predict low abundances of
Aedes mosquitoes in the regions where few mosquitoes were trapped,
but tended to overpredict Culex populations. The model was also able to
reproduce most of the peaks of mosquito abundance.

The model used here was adapted from the work of Cailly and
colleagues (Cailly et al., 2012) and based on a generic framework that
had already been used with satisfying results in Botswana (Hammami
et al., 2016), France (mainland and Reunion Island) (Ezanno et al., 2015;
Tran et al., 2020, 2013b), Mauritius (Iyaloo et al., 2021) and Senegal
(Tran et al., 2019) for several species belonging to Aedes, Anopheles and
Culex mosquito genera.

Table 2
Number of time series for which there was a concordance between the peak of
observed and predicted abundances (weekly time step).

Maximum observed value Maximum predicted abundance

<10 ≥10

Ae. caspius <10 502 138
≥10 5 41

Ae. detritus <10 497 168
≥10 0 20

Ae. vexans <10 615 41
≥10 12 14

Cx. pipiens <10 0 418
≥10 0 202

Cx. theileri <10 0 591
≥10 0 24

The values represent the number of time series meeting the conditions of the cell.
Bold cells highlight an agreement between observed and predicted time series,
i.e., the time series for which the mosquito abundance was low or high for both
the predicted and observed data.

A. Drouin et al.
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4.2. Availability of entomological data

To spatialize the model at the western Mediterranean Basin scale, we
used the probabilities of presence computed by Wint and colleagues
(Wint et al., 2020) for each of the five mosquito species. Based on
entomological datasets from four different countries, we then calibrated
the model and assessed its outputs. Datasets from Spain (SP1) and Italy
(IT1) provided time series observed in pixels with a large number of
different probabilities of presence values (for example, 42 and 506 for
Ae. caspius and Cx. pipiens, respectively), ranging in large intervals (0.07
to 0.69 and 0.08 to 0.97, respectively) for the five mosquito species.
However, in the Maghreb region, data were available from Morocco
only, with a reduced number of associated probabilities of presence (6
values for Cx. pipiens in MO1, 3 in MO2 and 2 in MO3). Moreover, these
available time series mainly concerned larvae (MO1). The inclusion of
additional data from this part of the Mediterranean Basin would
improve the goodness-of-fit of the model, with a particular need for
trapping data for Cx. theileri, an abundant species in North Africa.

4.3. Quality of temporal predictions of the model

Predictions of the model were able to reproduce most of the periods
of mosquito activity (Fig. 4), but some discrepancies remained. Ae.
detritus field populations often decrease during summer months, as
observed in most of the datasets used here and in the literature (Clarkson
and Enevoldson, 2020; Veronesi et al., 2012). However, this phenome-
non was not well reproduced by the model, at least for some areas such
as the Gulf of Lion region, the coast of the Balearic Sea in Spain or the
Naples region in Italy (Fig. 2 and Supplementary videos). In addition,
our assumption of an absence of diapause in Maghreb may be subject to
local variations, as such a period of inactivity has been observed for Ae.

caspius in the Algerian Sahara (Boubidi, unpublished data). On the other
hand, some Aedes peaks of abundance were not predicted (Figs. 4b and
4c). This is likely due to the hatching of these species being only trig-
gered by rainfall in the model, as a proxy of the increase in water levels
and the subsequent flooding of eggs. However, other processes may
induce an increase in water levels, whether natural (as the rise of the
water table level or marine flooding due to storms occurring during high
tide) or artificial (as flooding for cultivation in rice fields, hunting or
fauna protection in marshes) (Balenghien et al., 2006; Ben Ayed et al.,
2019; Hammadi et al., 2009). Due to the large size of the study area and
to its environmental diversity, it was not possible to account for these
specific and local mechanisms, as it has been done in the Camargue
region (France) for instance (Ezanno et al., 2015). Therefore, Aedes
abundance peaks resulting from flooding that were not linked to rainfall
could not be predicted by our model. Moreover, egg hatching was
triggered by rainfall with a threshold set to 15 mm of precipitations per
day in our model. In larval developmental sites, the majority of Aedes
eggs seems to be laid at the same height above the water, at an average
level between the highest and lowest water levels (Gabinaud, 1975), and
should therefore hatch at the same time. However, it is likely that the
emergence of mosquito populations can be triggered by lower rainfall,
depending on local conditions. The use of in situ meteorological data,
reported by local meteorological stations, may foster a stronger corre-
lation between observed and predicted abundance, as demonstrated by
Tran and colleagues (Tran et al., 2019), and would reduce the uncer-
tainty linked to the input data, but such information was not homoge-
neously available for the entire zone of interest. The next step to improve
our model could be to use a hydrological model simulating the varia-
tions in water levels, as used in Senegal at the pond scale (Soti et al.,
2012) or more broadly (Tran et al., 2019). However, this would be
difficult to achieve across the entire region of interest, and it would not

Fig. 3. Distribution of the Spearman correlation coefficient between observed and predicted abundances (temporal correlation — weekly mean abundances).
N represents the number of time series included (having at least 10 observations and 5 values greater than 0). The dotted lines indicate the median values.
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solve the issue of water level increases that are not linked to rainfall.

4.4. Quality of spatial predictions of the model

Spatial predictions of abundance were good for Aedes species.
However, the model tended to over-predict the abundance of Culex
mosquitoes, in particular of Cx. theileri, as in Tunisia (Bouattour, un-
published data), or in Italy where our model predicted a high abundance
of this species whereas a few individuals were recorded in the IT1

datasets at the same time and locations (De Ascentis et al., 2022). The
time series with the highest observed abundance of Culex mosquitoes
were located in pixels with low to medium probabilities of presence,
leading to the computation of a low value of α. Therefore, the carrying
capacities were relatively high even in pixels with a low probability of
presence and the model predicted important Culex populations in these
pixels. This resulted in less contrasted predicted abundances than for the
Aedes mosquitoes, and to a lower dependency of predictions on the
probability of presence data computed by Wint and colleagues (Wint

Fig. 4. Examples of observed and predicted abundances of host-seeking adults (A1h + A2h), at a weekly time step. a. Culex pipiens, Campli, Teramo (time series from
IT1 data, from 2019 to 2021). b. Aedes caspius, Tour Carbonnière — Camargue wetland (time series from FR1 data, 2006). c. Aedes vexans, Tour du Valat — Camargue
wetland (time series from FR4 data, 2004). Mean weekly precipitations are displayed for Aedes mosquitoes.

A. Drouin et al.



Ecological Modelling 502 (2025) 111013

11

et al., 2020). However, these results were expected to a certain extent, as
Cx. pipiens and Cx. theileri are widespread and ubiquitous species, in the
whole Mediterranean Basin and in southern Spain and North Africa,
respectively (Amara Korba et al., 2016; Becker et al., 2020; Trari, 2017).
Finally, very few data were available for Cx. theileri, explaining the poor
quality of predictions. Using a different functional link between the
carrying capacity and the probability of presence, rather than the power
function selected here, may potentially improve the model predictions
for these species, and further investigations are needed. In Senegal, the
availability of larval developmental sites has been assessed using

satellite images in Senegal (Tran et al., 2019), but this approach would
be difficult to achieve in our study, considering the size of the region of
interest and the diversity of biotopes of the five mosquito species
considered. Computation of the correlation between predicted abun-
dance and observed data at a given date and for different pixels would
have been an alternative, appropriate way to evaluate the model’s
ability to reproduce the geographic distribution of the RVFV vectors.
However, the trapping conditions have a major impact on the number of
mosquitoes caught, and the spatial resolution used in this study (around
9 km2) may have led to high variability of settings for the trapping area.

Fig. 5. Graphic representation of the results of the sensitivity analysis for Ae. caspius and Cx. pipiens, performed on a random sample of pixels for both Europe and
North Africa. The y-axis represents the parameters included in the sensitivity analysis, and the x-axis the 60 pixels in which the analysis was conducted (the left
panels represent the 30 European pixels and the right panels the 30 North African pixels). Each cell is colored according to the corresponding value of μ*(a darker
color indicates a higher value, and therefore a higher influence of the corresponding parameter on the outputs, for this pixel).

Table 3
Influential parameters (μ*> 0.1) for the five mosquito species.

Ae. caspius Ae. detritus Ae. vexans Cx. pipiens Cx. theileri

Europe σem, μem, κPmax ,

pfp , start*
σem, μem, κPmax ,

pfp
σem, γAh

,μem,

κPmax ,pfp
γAh

,μem, κPmax ,

pfL ,pfp
σem, μA,μem,

κPmax ,pfp , pmA ,

end, start
​ ​ ​ ​ ​ ​
North Africa σem, γAh

,μem,

κPmax ,pfp

σem, μem, κPmax ,

pfp
σem,pfL , pmL ,pmA γAh

, μem, κPmax , pfL ,pfp σem, γAh
μem,

κPmax , pfL ,pfp

pfL : multiplicative parameter of the transition rate from larvae to pupae, pfP : multiplicative parameter of the transition rate from pupae to emerging adults,
σem : sex ratio at emergence, γAh

: transition rate from host-seeking to engorged adults, pmL : multiplicative parameter of the larval mortality rate, pmA : multiplicative
parameter of the adult mortality rate, μA: minimum adult mortality rate, μem: mortality rate during emergence, κPmax : maximum environment carrying capacity for
pupae, start: first day of the favorable season, end: last day of the favorable season. *highly influential in some pixels only.
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Thus, data may not be comparable between different traps for a given
date. Correlation between traps would not have been properly assessed
in this case, because we would have not been able to separate the effects
of spatial correlation from trapping conditions.

Finally, in the absence of sufficient data, we parametrized the
carrying capacity of Ae. detritus using the probability of presence of Ae.
caspius computed by Wint and colleagues (section ‘Probability of pres-
ence data’ of the Supplementary Information), assuming that these two
species shared the same habitats. However, although both species are
found together in some larval developmental sites, immature stages of
Ae. caspius tolerate waters with lower saline levels than Ae. detritus, and
thus have a higher broader geographic distribution (Ben Ayed et al.,
2019; Gabinaud, 1975; Trari, 2017). Specific distribution data on Ae.
detritus would allow to refine the predictions.

4.5. Sources of uncertainty in the model

Despite the efforts that have already been made to parametrize the
model (Cailly et al., 2012; Ezanno et al., 2015;Hammami et al., 2016; Tran
et al., 2019) and supplemented here, uncertainties remain in our study,
linked to the input data, or to the model structure itself. Indeed, the spa-
tialized data we used, whether meteorological (Muñoz Sabater, 2019) or
providing the probability of mosquito presence in each pixel (Wint et al.,
2020), were extracted from single sources, guaranteeing the same quality
of data for thewhole study area, and thus the comparability of predictions
across pixels. However, they were produced using a combination of field
observation andmodelling tools, and thus include uncertainty. Ourmodel
was run independently in each pixel, without considering diffusion be-
tween spatial units, and the differences in predicted dynamics were thus
only linked to the meteorological data used as inputs, and to the carrying
capacities of the aquatic stages. However, specific biological information
is still lacking for some parameters and functions (Table 1) especially for
Ae. detritusandCx. theileri. Inclusionof suchdatawould improve themodel
performances for these species. As highlighted by the sensitivity analysis
we conducted, 11 of the 22 parameters exerted measurable influence on
the model outputs. A sensitivity analysis performed on the whole results
could have led to a more precise identification of the influent parameters.
On theother side the introductionof stochasticity couldhavebeenawayof
reducing the dependence of outputs on parameter values. However, these
two solutions have been discarded due to computational time needed to
perform multiple simulations. Multi-input-multi-output modelling ap-
proaches recently used in epidemiology could also be explored in this
context (Tutsoy, 2023).

4.6. Implication of our results and future avenues

A previous study showed that Ae. caspius would be the most
competent vector for the RVFV should it spread through the Mediter-
ranean Basin (Drouin et al., 2022). According to our model results, the
risk of circulation of the virus linked to the predicted presence of this
vector could be high, but mainly circumscribed to particular regions,
and limited to certain periods of mosquito activity (from spring to fall in
Europe and during spring and from fall to winter in North Africa).
Regarding the moderately competent species Ae. vexans, we observed a
large zone of potential risk of RVFV transmission in the Po Valley in
Italy. In the same study (Drouin et al., 2022), Cx. pipiens was also
identified as a moderately competent species but, according to our
predictions, this vector is widespread in the whole area of interest, and
particularly abundant from spring to fall. Therefore, the risk of trans-
mission due to this species remains to be evaluated. Finally, the trans-
mission of RVFV in North Africa may occur all year long, mainly due to
the permanent presence of Cx. theileri.

Modelling approaches have proven to be able to predict vector pop-
ulation dynamics for various mosquito species (Ahumada et al., 2004;
Balenghien et al., 2010; Schaeffer et al., 2008; Cailly et al., 2012).
Entomological model outputs can be integrated in transmission models,

as already applied for RVF in Senegal to create maps of epidemic po-
tential of the virus, and to disentangle the mechanisms underlying
inter-epidemic viral recurrence (Cecilia et al., 2020; Durand et al., 2020).
These models are also useful for optimizing surveillance and control ac-
tions, as demonstrated by the development of the ‘ALBORUN’ mapping
tool (Tran et al., 2020). This forecasting model, based on meteorological
data, is used by the vector control service of the French Regional Health
Agency on Reunion Island to monitor the abundance of Aedes albopictus
mosquitoes and the associated risk of chikungunya and dengue out-
breaks. However, vector presence and their competence are only two of
the several parameters influencing the risk of circulation of RVFV in a
given area. To improve these predictions, other aspects of mosquito
biology, such as the trophic preferences of these five species, and the
presence and densities of susceptible livestock species, should be
considered.

The evolving epidemiological situation in North Africa calls for ef-
forts to prepare for the introduction of the virus into the western part of
the Mediterranean Basin, including Southern Europe, where the risk of
introduction has been considered as low but not null by the European
Food Safety Authority (EFSA). Overall, the model presented here is a
first step to assess the risk of RVFV transmission in the region, and re-
sults can be used to target surveillance activities, especially regions of
high abundance of Ae. caspius, which has a more circumscribed
geographical distribution, and which has been identified as the most
competent mosquito species for RVFV transmission in the Mediterra-
nean Basin (Drouin et al., 2022).
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