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Abstract Recent outbreaks of the West Nile virus
have been reported in southern Spain, a region with
important wetland habitats for migratory birds. Here,
we analyzed the role of species association and abiotic
parameters on the abundance of seven mosquito spe-
cies in the Dofiana National Park, Spain. We applied
the Joint Species Distribution Models (JSDM), using
the Hierarchical Modeling of Species Communi-
ties approach to simultaneously model the effect
of habitat type, normalized difference vegetation
index, hydroperiod, distance to rivers, land surface
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temperature, and the abundance of seven mosquito
species. We created three models with varied param-
eters and evaluated the effects of abiotic parameters
and species-to-species associations, which served
as proxies for species interactions. Our models esti-
mated the species-specific responses of the mosquito
community to abiotic parameters. A positive associa-
tion was identified within the Culex community with
potential biotic interactions. However, Ochlerotatus
caspius, Ochlerotatus detritus, and Anopheles atro-
parvus had no statistically significant association with
each other and with the Culex species after account-
ing for the effect of abiotic parameters. We also found
that the potential species associations estimated at

S. Ruiz

Servicio de Control de Mosquitos de La Diputacién de
Huelva, Huelva, Spain

e-mail: sruiz@diphuelva.org

S. Ruiz - J. Figuerola
CIBER Epidemiology and Public Health - CIBERESP,
Madrid, Spain

J. Figuerola
Estacion Biolégica de Dofiana — CSIC, Seville, Spain
e-mail: jordi@ebd.csic.es

C. Beierkuhnlein

Geographical Institute Bayreuth (GIB), University
of Bayreuth, Bayreuth, Germany

@ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s11273-024-09982-3&domain=pdf
https://doi.org/10.1007/s11273-024-09982-3
https://doi.org/10.1007/s11273-024-09982-3

382

Wetlands Ecol Manage (2024) 32:381-395

particular sites and abiotic parameters influenced the
model projection for the average abundance of mos-
quito species. The JSDM will allow spatial projection
of the abundance of each mosquito species, which is
an important parameter for epidemiological models.
The JSDM inference of species association is impor-
tant because predation, competition, and facilitation
affect the distribution and abundance of different
species.

Keywords Biotic interactions - Species
associations - Co-occurrence - JSDM - Mosquito
community - Mosquito control - Species distribution
model - Vector-borne diseases

Background

Mosquito-borne diseases remain a global threat to
human health and are re-emerging in Europe (John-
son et al. 2018). Climate change, biodiversity loss,
global connectivity through travel and trade, and
landscape changes, are considered the main driv-
ers for expanding the distribution and abundance of
mosquito species and the associated re-emergence of
mosquito-borne diseases (Johnson et al. 2018; Bouzid
et al. 2014; Tomasello and Schlagenhauf 2013).

Understanding the influence of abiotic and biotic
conditions on the distribution and abundance of
mosquitoes is a prerequisite for estimating the areas
at risk of mosquito-borne diseases and establishing
a reliable surveillance system (Golding et al. 2015).
Many statistical approaches in this field only con-
sider the effect of environmental variables and fail to
consider the significant impact of biotic interactions
among species, including facilitation, competition,
and predation, and therefore overlook biodiversity
effects. Utilizing Joint Species Distribution Models
(JSDM) can reduce this gap and enhance research
outcomes (Golding et al. 2015). Modeling the role of
biotic interactions/associations, in addition to envi-
ronmental niche modeling for individual species, ena-
bles quantifying this important contribution to mos-
quito species abundance and dynamics.

Biodiversity plays a complex role in disease
transmission, particularly for vector-borne diseases
(Levi et al. 2016). The diversity of species involved,
including hosts, vectors, and pathogens, influences
the dynamics and risks of these diseases. Two main
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hypotheses, the “dilution effect” and the “amplifica-
tion effect” may explain the relationship between bio-
diversity and disease transmission (Ostfeld and Kees-
ing 2000; Keesing et al. 2006; Keesing and Ostfeld
2021). The dilution effect suggests that higher species
diversity reduces pathogen transmission, resulting
in a negative relationship with disease transmission.
Conversely, the amplification effect describes situa-
tions where greater species diversity promotes path-
ogen transmission, leading to a positive relationship
with disease risk (Keesing et al. 2006). The prevailing
process depends on the spatial scale and context and
is idiosyncratic (Salkeld et al. 2013). Changes in the
abundance of host and vector species affect the likeli-
hood of transmission of diseases like Lyme disease,
West Nile fever, and the Usutu virus (Levi et al. 2016;
Ostfeld and Keesing 2000; Johnson and Thieltges
2010; Roiz et al. 2019; Ferraguti et al. 2021).

The global and regional dynamics of the abun-
dance and diversity of mosquitoes and mosquito-
borne diseases are mainly due to changes in abiotic
and biotic conditions (Burkett-Cadena et al. 2013;
Ferraguti et al. 2016).

Burkett-Cadena et al. (Burkett-Cadena et al. 2013)
linked mosquito abundance to host density, empha-
sizing the crucial role of host distribution in shaping
vector patterns, reflecting parasitic symbiosis. Ferra-
guti et al. (Ferraguti et al. 2016) found higher mos-
quito abundance and species richness in natural and
rural areas compared to urban settings, with links to
environmental factors like land use, vegetation, and
hydrology. Studies on the abundance of mosquito
species have mostly focused on the implications of
abiotic parameters with little focus on the potential
influence of biotic parameters (Roiz et al. 2015; Fer-
raguti et al. 2021).

In (Roiz et al. 2015), the authors use remote sens-
ing to analyze how environmental factors influence
the distribution of seven mosquito species, including
West Nile virus vectors. Roiz et al. (Roiz et al. 2015)
findings highlight species-specific relationships,
including a negative association between hydroper-
iod- as the number of days per year that an area of
land is wet or the length of time that there is standing
water at a location and mosquito presence, a positive
correlation between Culex abundance and hydroper-
iod, and a positive link between NDVI and mosquito
diversity. Inundation surfaces positively influence the
mosquito species presence and mosquito richness,
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excluding salt marsh mosquitoes. The study empha-
sizes landscape influence on mosquito distribution,
pointing to potential changes in disease risk due to
human landscape modification.

Most species outlined in Roiz et al.’s work (Roiz
et al. 2015) have been documented as competent vec-
tors of the West Nile virus (WNV). Those species
identified as potential WNV vectors through a com-
bination of vector competence experiments or field-
based mosquito investigations include Culex theileri,
Culex modestus, Culex pipiens, Culex perexiguus,
Ochlerotatus caspius, and Ochlerotatus detritus
(Jupp et al. 1972; Mcintosh et al. 1976; Balenghien
et al. 2007, 2008; Vazquez et al. 2011; Papa et al.
2011; Engler et al. 2013; Brustolin et al. 2016; Bla-
grove et al. 2016; Vogels et al. 2017; Mancini 2017;
Kampen and Walther 2018).

In this study we applied the emerging approach
of the Joint species distribution model (JSDM), spe-
cifically the Hierarchical Modeling of Species Com-
munities (HMSC) to an existing dataset of the abun-
dance of adult female mosquitoes (Roiz et al. 2015)
to reanalyze the contribution of abiotic parameters.
In addition, the potential species associations of
mosquito species were estimated in a Mediterranean
wetland. We estimated the taxa of mosquitoes that co-
occur as a proxy of species interaction in mosquito
communities. We expect that (a) abiotic parameters
strongly influence the abundance of mosquitoes, (b)
the random selection of the spatial location of traps
on the different habitat types does not influence the
abundance of each mosquito species, and (c) all mos-
quito species have potential biotic interaction after
considering the impact of the abiotic parameters.

Methods
Study area and design

The study area was located at the Dofiana Natural
Space in Andalusia on the South-Western coast of
Spain, covering an area of 106,000 ha. Dofiana Nat-
ural space is a touristic designation but also serves
as an important habitat for many species, including
mosquitoes and migratory birds (Serrano et al. 2006;
Green et al. 2016). About 5498.4 ha were sampled
for mosquito species using BG-Sentinel traps from
March to November 2010 (Roiz et al. 2015). The

sampling area was classified into six ecological units,
and a stratified sampling design was applied, with
the number of trapping sites in each ecological unit
being proportional to its relative surface in the study
area: marshland (22,109 ha, 47 traps), scrubland
(11,582 ha, 31 traps), sand-dunes (9113 ha, 15 traps),
fishpond (5473 ha, 10 traps), cropland (5207 ha, 6
traps) and rice fields (36,600 ha, 3 traps). There were
fewer traps on the rice field because of theft and
because the study was centered in the natural pro-
tected areas. We removed the traps on ricefields from
analysis as the ricefields were subjected to control
measures for mosquitoes during the sampling period.
Though randomly located in different habitats, each
trap serves as a sampling unit (Fig. 1).

Mosquito abundance data

We extracted the relative abundance dataset of each
mosquito species provided as a supplementary docu-
ment in the publication by Roiz et al. (Roiz et al.
2015). The sampling units (trap locations) yielded
mean abundance data for seven mosquito species—
Anopheles atroparvus, Culex perexiguus, Culex pipi-
ens, Culex modestus, Culex theileri, Ochlerotatus
caspius, and Ochlerotatus detritus. Mosquito abun-
dances was calculated as the mean of the number
of females captured per trap night. A sampling unit
that did not have abundance records for any of the
species was removed. Therefore, a total of 108 sam-
pling units were used for the analyses. The matrix of
the mean annual abundance data of each of the seven
most common mosquito species found in the wetland
serves as the response variable (Ovaskainen et al.
2017).

Abiotic parameters

The abiotic parameters describing the wetland were
derived using remote sensing approaches. Remote
sensing products were downloaded and analyzed
(Landsat-5,7 image courtesy of the U.S. Geological
Survey) from March to November 2010. The abiotic
parameters include both continuous and categorical
variables. The continuous abiotic parameters included
the mean annual hydroperiod, the mean annual nor-
malized difference vegetation index (NDVI), and the
mean annual land surface temperature at trap sites.
Parameters like NDVI and hydroperiod were derived
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Fig. 1 Map of the Doiiana
wetlands. The white circle
indicates the location of the
traps. Adapted from Roiz
etal., 2015
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using different buffer sizes (100 m, 250 m 500 m,
1000 m, and 2000 m) around the 108 traps. We
included the habitat types based on vegetation maps
on which the traps were located as categorical param-
eters. Further methodological information on abiotic
parameter calculations is described in Roiz et al.
(Roiz et al. 2015). In addition, we calculated the land
surface temperature (LST) for trap locations between
March to November 2010 using the method described
in Li et al. (2004) from remotely sensed data (Land-
sat, https://earthexplorer.usgs.gov/).

Model and model fitting
We used the variance inflation factor method to
check for and reduce the effect of multicollinearity by

removing the abiotic parameters that are highly cor-
related. Multicollinearity occurs when two or more
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independent variables have a high correlation with
one another in a regression model. The problem of
multicollinearity makes it difficult to distinguish the
effects of abiotic parameters from one another (Zuur
et al. 2010; Cheng et al. 2022).

Joint species distribution models simultaneously
estimate dependent variables’ responses to the inde-
pendent variable(s) and evaluate species co-occur-
rence from residual covariance structure (Pollock
et al. 2014). JSDM can concurrently estimate the
effect of abiotic conditions on the abundance of each
mosquito species and infer species-to-species associa-
tions from residual correlations as a proxy for biotic
interactions (Golding et al. 2015; Pollock et al. 2014;
Warton et al. 2015). JSDM explains variation in com-
munity assemblages by integrating contributions
from the abiotic, biotic relationships, and perhaps
spatially structured residual covariance (Pichler and
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Hartig 2021). When using JSDMs, it is feasible to
consider species distribution and community assem-
blage processes which is not possible with single-
species distribution models (Wilkinson et al. 2021).
Species assemblages can emerge from biotic inter-
actions or responses to missing abiotic parameters
(Golding et al. 2015; Pollock et al. 2014; Wilkinson
et al. 2021).

We analysed the mosquito abundance data with
Hierarchical Modelling of Species Communities
(HMSC) (Ovaskainen et al. 2017; Ovaskainen and
Abrego 2020). The HMSC model is a multivari-
ate hierarchical generalized linear mixed model that
includes both fixed and random effects. The unique
extension of GLMM for JSDMs approaches like
HMSC is the inclusion of latent variables, which can
be described as unobserved predictors from missing
parameters or biotic associations (Warton et al. 2015;
Ovaskainen and Abrego 2020; Zhang et al. 2018).

The equations for the HMSC models employed in
our analysis are outlined in Appendix S3. We used
lognormal distribution due to the fact that the data
of the mosquito abundance as the response variables
(mean relative abundance) is count data with about
20% zero and not normal distribution (Ovaskainen
and Abrego 2020). HMSC allows the modeling of
mosquito species simultaneously as a response to
abiotic conditions (fixed effect) while accounting for
the spatial structure of the traps (random effect) in the
Dofiana natural space. Assuming the default prior dis-
tributions for the different model parameters detailed
in Ovaskainen & Abrego, (Ovaskainen and Abrego
2020). We fitted the relative abundance of the mos-
quito species response to abiotic parameters and esti-
mated potential species association using the HMSC
model with the R-Package Hmsc (Tikhonov et al.
2020).

We fitted three models: the full model (FM), the
environmental model (EM), and the spatial model
(SM). The FM included both the selected abiotic
parameters and the spatial random effect of the traps.
The EM included only the selected abiotic parameters
and no spatial random effect. The SM included only
the spatial random effects of the traps and no abiotic
parameters. We created the FM to estimate the influ-
ence of both the spatial random location of the traps
(used to capture potential biotic interactions) and the
selected abiotic parameters, while the EM and SM
were created to assess the influence of the abiotic

parameters or the spatial random effect respectively
on the abundance of each mosquito species. Species
associations are estimated in the HMSC model’s ran-
dom effect section which is structured using latent
variables to capture the residual covariance estimated
for the individual species. The potential biotic inter-
actions/associations were modeled by including the
random effect defined at the trap level. The trap-level
random effect is utilized to pinpoint species associa-
tions that happen more or less frequently than would
be predicted by chance. All the other HMSC param-
eters are the same for the models that are estimated.

Each HMSC model is fitted with Bayesian infer-
ence through the sampleMcmc function in the Hmsc
package, and parameter inferences are estimated
using the Markov Chain Monte Carlo (MCMC)
approach because of the complex nature of the mod-
els (Golding et al. 2015). We tested different sam-
ples and thinning sizes to get the best for fitting the
model. Thereafter, using the best-observed number
of samples and thinning size, we sampled the poste-
rior distribution for the model parameters using four
MCMC chains, each of which was run for 1,000,000
iterations, of which the first 500,000 were removed
as burn-in. The four chains were thinned by 1000 to
yield 1000 posterior samples per chain and so 4000
posterior samples in total were used for further analy-
sis. We examined the MCMC convergence by exam-
ining Gelman’s plot of the potential scale reduction
factors (PSRF) of the model parameters. A PSRF
value less than 1.2 is often recommended as repre-
senting satisfactory MCMC convergence as a larger
PSRF (> 1.2) indicates a lack of convergence (Gel-
man and Rubin 1992).

Model evaluation

We evaluated the models using explanatory and
predictive power (Ovaskainen and Abrego 2020).
The explanatory power, on the one hand, measures
model performance by examining the accuracy of a
model in predicting data used for model fitting. For
the explanatory power, model predictions were based
on the model fitted to all data. The predictive power,
on the other hand, measures the effectiveness of a
model to forecast data not used for model fitting. For
this study, we calculated the predictive power using
two-fold cross-validation, in which the sampling units
were assigned randomly to two folds, and predictions
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for each fold were based on the model fitted to data
on the remaining fold. HMSC currently includes the
cross-validation approach to evaluate the predictive
power for model with lognormal function.

For the lognormal distribution model, both explan-
atory and predictive were measured by the coefficient
of determination (R?) (Ovaskainen and Abrego 2020;
Planillo et al. 2021). The coefficient of determination
measures the proportion of variation of a dependent
variable explained by an independent variable and
remains an important metric for regression models
(Wright 1921; Chicco et al. 2021). The closer to 1
for the values of R the higher the proportion of the
dependent variables that are explained by the inde-
pendent variables.

We explored each mosquito species’ response to
the abiotic parameters considered in the FM and in
the EM using variance partitioning analysis. The vari-
ance partitioning gives information on the importance
of the abiotic parameters and potential biotic interac-
tion in explaining the abundance of mosquito species
in the wetland which help highlight the difference
between the two models. Furthermore, we examined
species-specific responses (species niches) estimated
from the parameters of the models and assessed the
pattern of the response whether positive, negative, or
no significant response.

Similarly, we examined the species-to-species
association revealed by the random effects included in
the SM and FM. Raw association pertains to an asso-
ciation that can occur randomly when data is reorgan-
ized, whereas residual association signifies a form of
environmentally conditioned analysis that factors in
fluctuations linked to the alignment of species niches
and environmental factors. Raw association corre-
sponds to the outcome of SM, while Residual associ-
ation corresponds to the outcome of FM. For the FM,
positive species association suggests that species-
to-species association occurs more frequently than
would be expected by chance, whereas negative spe-
cies association means the opposite (Tikhonov et al.
2020).

We used the fitted FM to make predictions that
illustrate how the total mosquito species and each
mosquito species abundance in the Doflana wetland
are predicted to respond to changes in each of the abi-
otic parameters. We predicted the average total count
of each mosquito species using the abiotic parameters
used for the FM. For the prediction, two categories

@ Springer

of effects were estimated: total and marginal effects.
The total effect measures the influence of one abi-
otic parameter (focus parameter) on the total count
of all the mosquito species (or each mosquito spe-
cies) when the remaining abiotic parameters (non-foci
parameter) are at the most likely values for the val-
ues of the focus parameters. The most likely values
of the other abiotic non-foci parameters were esti-
mated using a generalized linear model (Ovaskainen
and Abrego 2020). The marginal effect measures the
influence of an abiotic parameter on the total count
of all the mosquito species (or each mosquito species)
when the remaining parameters are fixed at the mean
values for the non-habitat and at the mode for habitat
parameters. All analyses were performed in R version
4.1.2 (R Development Core Team, 2021).

Results

We analyzed abundance data of the seven most com-
mon mosquito species found in the sampled area of
the Dofiana wetland. We found that Oc. detritus was
absent in 40% of the sites. Cx. theileri was present in
all the traps, and five other species (Anopheles atro-
parvus, Oc. caspius, Cx. pipiens, Cx. modestus, Cx.
perexiguus) were captured in more than 70% of the
sites. The descriptive information on the abundance
of each mosquito species is reported in Appendix S1:
Table S1.

The MCMC convergence of the HMSC models
was found satisfactory using the potential scale reduc-
tion factors for the parameters of FM and EM. The
PSRF was on average 1.02 for the FM and 1.00 for
the EM. The Gelman’s PSRF plot for the parameters
of the FM are illustrated in Appendix S1: Figure S1.

The Full Model (FM) demonstrated a strong fit to
the data, with mean R? values of 0.66 for explanatory
power and 0.32 for predictive power. This indicates
that the FM could account for approximately 66%
of the variation observed in the abundance data for
each mosquito species. Similarly, the Environmen-
tal Model (EM) exhibited a satisfactory model fit,
with mean R? values of 0.46 for explanatory power
and 0.32 for predictive power, signifying an ability to
explain around 46% of the variation in the mosquito
dataset.

Variance partitioning of both HMSC models
with abiotic parameters as fixed effects explained a
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Fig. 2 Variance partitioning among the abiotic parameters for
mosquito abundance. The contribution of each variance com-
ponent is given as a proportion of the total variance explained
by the model given R%. A The environmental model (EM)
average R?=46%, includes only abiotic parameters. B The full
model (FM) average R2=66%, includes abiotic parameters
(fixed effects) and potential biotic parameters captured at spa-
tial locations of the traps (random effects)

substantial amount of variation in the data of the aver-
age abundance of each mosquito species (Fig. 2). For
the EM, distance to the river, annual hydroperiods,
and habitat types explain about 25.8%, 25.8%, and
20.8% respectively of the variation in the abundance
of mosquito data (Fig. 2A). The potential biotic inter-
actions captured with the random effect of the spatial
location of the traps contributed about 30.8% to the
variation in the FM. (Fig. 2B). We found the distance
to river, annual hydroperiod (buffered at 250 m) and
habitat types explained about 18.9%, 15.9%, and
16.3% respectively, of the total variation explained
by the FM (Fig. 2B). We found that the FM revealed
the importance of the potential biotic interaction esti-
mated in the abundance of each mosquito species.

We assessed the variation among the species by
visualizing the species-specific response (species
niches) using the parameters for two models that
included the abiotic parameters (Fig. 3A and B).
The abiotic parameters, affecting each mosquito spe-
cies differ significantly with at least 0.95 posterior
probability.

For the EM, the habitat preferences of the spe-
cies were in comparison to cropland which serves
as the intercept by the HMSC model. Most of the
studied mosquito species showed positive preference
for cropland except Oc. detritus and An. atroparvus.
This model also showed statistical support for the
positive preference of sand dune for the abundance
of An. atroparvus, Cx. modestus, Cx. perexiguus, Cx,

Oc. detritus, . .

Oc. caspius

Cx. theileri I I
Cx. pipiens .

Cx. modestus
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An. atroparvus

01 Croplands
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A

Fig. 3 Heatmap of estimated species niches: species responses
to abiotic parameters. A The environmental model (EM). B
The full model (FM). The red and blue colors show the param-
eters estimated to be positive and negative responses, respec-
tively, with at least 95% posterior probability. The white color

12 3 4

56 7 8 9 1011
B

shows responses that did not have statistical support. The
estimated niches captured by both models (EM and FM) are
depicted in darker colors, while the lighter colors illustrate the
estimated niches unique to the EM model
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pipiens, and Cx. theileri. Cx. theileri, Cx. modestus
and Oc. detritus showed a positive preference for fish-
ponds. Cx. theileri, and Oc. caspius showed positive
preference for marshlands, while Oc. detritus showed
a negative preference. Similarly, Oc. caspius and Cx.
theileri showed positive preference for scrublands.

The continuous variable of the EM showed differ-
ent species-specific responses (Fig. 3A). The distance
to river was related to the annual abundance of each
of the mosquito species except for Cx. perexiguus.
The abundance of Cx. theileri, Cx. pipiens and Cx.
modestus showed a positive relationship, while An.
atroparvus, Oc. caspius and Oc. detritus showed
a negative relationship, with annual hydroperiod.
Annual NDVI was positively related to the abundance
of Cx. perexiguus, Cx. modestus and Cx. pipiens. The
distance to rice fields was positively related to Cx.
pipiens and Cx. perexiguus respectively. Only Cx.
theileri abundance was positively related to distance
to urban areas. The annual mean land surface temper-
ature was positively related to the abundance of An.
atroparvus, Cx. perexiguus and Cx. pipiens.

We found changes in the species-specific response
for the FM which controls for the effect of the random
spatial location of the traps compared to the EM. For
the habitats, Cx. theileri and Cx perexiguus showed
a positive preference for cropland, the other species
shows no statistically significant preference for crop-
land in comparison to the EM. Many of the positive
and negative responses of the mosquito species in the
EM were not statistically significant after controlling
for the spatial random effect of traps (Fig. 3B). How-
ever, hydroperiod, distance to river and habitats were
found by both EM and FM to significantly influence
the abundance of the mosquito species in the wetland.

The preferences of the species are further explored
using the prediction output of the fitted FM. We
found that the mosquitoes abundance are predicted
to vary to changing abiotic parameters. The FM pre-
dicted that Sand dunes have a positive relationship
with the total mosquito abundance than the other
habitats (Fig. 4A). However, Cx. theileri, the most
abundant species was found and predicted to be more
abundant in marshland than in Sand dunes (Fig. 4B),
while the Oc. detritus being the least abundant spe-
cies was found and predicted to be more abundant in
fishponds than sand dunes (Fig. 4C). The estimated
model prediction of the total and marginal effect of
abiotic parameters on the remaining mosquito species
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over abiotic parameters (categorical and continuous)
are illustrated in Appendix S2.

The SM shows raw associations of the species
without accounting for the effect of abiotic param-
eters while the FM shows residual associations for
the species after accounting for the effect of abiotic
parameters. We found different associations for each
mosquito species in both FM and SM (model that
included random effects of traps in the model formu-
lation). The SM estimated a positive raw association
between Cx. theileri, Cx. pipiens, and Cx. modestus,
a negative raw association between Cx. modestus and
with Oc. detritus (Fig. SA). Likewise, a positive raw
association was found among Cx. pipiens, Cx. perex-
iguus and An. atroparvus. The association of species
for the FM differs from the SM. The FM estimated a
positive pattern of associations for the Culex species;
the other species showed no significant association
after controlling for the effect of abiotic parameters
(Fig. 5B).

Discussion

Understanding the factors influencing the distribution
of mosquito communities is important to enhance
the reduction in uncertainties and challenges in mos-
quito-borne disease risks and transmission. Our anal-
ysis supports that both abiotic and biotic factors influ-
enced the distribution and abundance of the seven
most common mosquito species in the Dofiana wet-
land. The potential biotic associations are estimated
to be positive for the Culex species found in Dofana.

Both the present study and the study conducted
by Roiz et al. (2015) share several similarities in
their examination of the relationship between abi-
otic parameters and mosquito abundance, analysing
annual relative abundance by utilizing data from the
same source (Roiz et al. 2015). Both studies iden-
tify hydroperiod as a significant factor influencing
mosquito abundance. Specifically, they find a posi-
tive relationship between hydroperiod and the abun-
dance of Cx. theileri, Cx. pipiens, and Cx. modestus.
The studies also found a positive association between
NDVI and the annual abundance of Cx. perexiguus
and Cx. pipiens.

However, there are notable differences between the
two studies in their approaches and some of their find-
ings. The modeling approaches employed differ, with
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Fig. 4 Predictions of
species abundance over
the habitat types in the full
model (FM). The predic-
tions have been made by
varying the landscapes and
setting the other abiotic
parameters to their expecta-
tion condition on each
habitat. A Total mosquito
abundance, B Cx. theileri
abundance, C) Oc. detritus
abundance. The figures are
based on the total effect
estimation. The ellipses on
the graph represent the dis-
tribution of the abundance
data of mosquito. The error
bar represents the credible
interval of the posterior
distribution (similar to
standard error of mean)
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Fig. 4 (continued) C
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Roiz et al. (2015) using generalized linear models
estimating model parameters using maximum like-
lihood approach, while the present study utilizes an
extended generalized linear models approach termed
JSDM built on a Bayesian framework. Additionally,
the specific parameters used in the models also dif-
fer between the two studies. The present study found
a positive relationship between hydroperiod and the
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annual abundance of Cx. perexiguus. This study iden-
tifies negative associations between hydroperiod and
the annual abundance of Oc. detritus, Oc. caspius,
and An. atroparvus.

We demonstrated that including other parameters
like land surface temperature and estimation of poten-
tial biotic species associations using JSDM could
help reveal important species association patterns
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and improved the estimation of the influence of abi-
otic parameters for the mosquito species (EM-average
R%=46% and FM- average R>=66%).

Similar to other previous modeling options, the
models used in this study were constructed based on
many assumptions (i.e., especially given the Bayes-
ian framework that relies mainly on prior distribution
for the data) which may not agree with the commu-
nity ecology of the studied species (Ovaskainen and
Abrego 2020). Some studies using similar JSDM
have identified important ecological relationships
between species. For example, Lany et al. (2018)
analyzed the abundance of two invasive insects and
concluded that incorporating spatial and temporal
dependence using JSDM revealed the dependence of
a species’ abundance on other species in the commu-
nity. Abrego et al. (2021) reported increased predic-
tive power for the arctic arthropod species response to
increasing temperature using JSDM, which included
the potential species interaction rather than the model
based solely on abiotic parameters. Nevertheless, it
is important to check for the limitations of modeling
approaches like JSDM and that proper findings might
arise from combining model results with data from
experiments and functional markers that are appropri-
ate to the studied biotic interaction (Dormann et al.
2018).

We found statistical support for the influence of
habitats and other abiotic parameters on the abun-
dance of mosquito species in the wetland. The FM
revealed that abiotic parameters with greater impact
include habitat type (16.3%), hydroperiod (15.9%),
and distance to the river (18.9%) compared to param-
eters such as land-surface temperature (4.4%), vegeta-
tion index (4.7%), and distance to ricefield (5.8%) or
urban areas (3.2%).

Although the abundance of the mosquito species
varied from one habitat to another, the abundance
was higher in areas that might have a lower impact
from humans such as the marshland, sand dunes, and
scrubland than areas like the cropland except for fish-
ponds. This observation agrees partially with a pre-
vious study (Ferraguti et al. 2016). Ferraguti et al.
(2016) evaluated the effect of urbanization on mos-
quito communities and found that mosquitoes were
more abundant in natural and rural areas than the
urban regions.

We discovered that the potential biotic associa-
tions around the spatial distribution of the included

traps had an impact on the fluctuation in mosquito
abundance within the wetland. Our full model esti-
mated that about 30.8% of the variation in abun-
dance is attributed to potential species-to-species
associations.

The potential biotic interaction (captured in
the form of species-to-species association) among
the Culex species was higher than what would be
expected by chance after controlling for the effect
of abiotic parameters. Our analysis suggests that the
potential biotic interaction estimated from JSDM
might not only be on evolutionary similarity in the
habitat requirements of the mosquito species in the
wetland but also reflect a joint response to predation
or other biotic or abiotic parameters not included in
the model. The distribution patterns of mosquitoes
are known to be influenced by various factors related
to their habitats, including both natural characteris-
tics and human activities. These factors encompass
the physical and chemical properties of the habitats,
such as pH and salinity, as well as anthropogenic
influences like the presence of sewage and fertiliz-
ers (Multini et al. 2021; Neogi et al. 2014), that may
habitat suitability of egg laying by female mosqui-
toes and/or larvae development. Notably, experimen-
tal studies have provided insights into the impact of
salinity on the colonization behavior and composi-
tion of mosquito assemblages, particularly those spe-
cies that are sensitive to changes in salinity levels
(Neogi et al. 2014). While it is worth mentioning that
these experimental findings may not align entirely
with observations from field studies, they contribute
valuable information toward understanding the role
of salinity in shaping mosquito distribution patterns
(Carver et al. 2009).

The study by Golding et al. (Golding et al. 2015)
showed that ditch shrimp and fish are negatively
linked with the larvae of An. maculipennis and Cx.
modestus after controlling for abiotic parameters.

In addition, Ohba et al. (Ohba et al. 2012), reported
that Culex tritaeniorhynchus females are more sensi-
tive when choosing oviposition sites to predators’
presence cues than Aedes albopictus. Consequently,
Cx. tritaeniorhynchus utilize predator cues to choose
the safe places to lay their eggs. As a result, traits like
predator sensitivity may potentially affect other Culex
species and results in the positive species association
estimated by our model for the Culex species in the
mosquito abundance dataset we analyzed.

@ Springer



392

Wetlands Ecol Manage (2024) 32:381-395

The association between mosquito species indi-
cated by our full-model analysis, may be influenced
by the similarity in their feeding preferences. How-
ever, Cx. theileri is a mammophilic species while Cx.
perexiguus, Cx. modestus and Cx. pipiens are mainly
ornithophilic species (Mufioz et al. 2012; Gémez-
Diaz and Figuerola 2010). For WNV vectors such
as Cx. perexiguus and Cx. pipiens, they feed mainly
in birds with strong preferences for some avian spe-
cies, such as the European blackbirds, that is bitten at
a higher rate than expected based on their abundance
relative to other avian species (Rizzoli et al. 2015a).
The presence of competent mosquito vectors, their
feeding preferences, and the composition of the avian
host community influences the transmission of path-
ogens (Ferraguti et al. 2021; Marm Kilpatrick et al.
2006).

Understanding the co-occurrence of mosquito spe-
cies is essential for establishing an effective control
system. Figuerola (2022) suggested that the prolifera-
tion of Cx. perexiguus in certain southern regions of
Spain, facilitated by the absence of mosquito control
measures, may have triggered the outbreak of WNV
in the summer and spring of 2020 (Figuerola et al.
2022; Rodriguez-Alarcén et al. 2021). Culex perex-
iguus mosquitoes likely played a central role in the
enzootic transmission of WNV in the surrounding
areas and within some villages, while Culex pipiens
may have acted as a bridge vector transmitting the
virus to humans (Figuerola et al. 2022; Rizzoli et al.
2015b). In fact, Figuerola et al. (2022) suggested that
human infections were more likely caused by mos-
quito bites within the villages rather than in natural
areas or nearby rice fields. It is important to note that,
so far, no human cases of WNV have been reported
in the villages closer to the Dofiana Natural Space,
which is the study area.

The four species of Culex estimated as having
potential biotic interaction with one another are all
potential vectors of mosquito-borne diseases. Our
analysis shows that potential positive biotic interac-
tions among Cx. species might indicate that the abun-
dance of Cx. theileri favours the abundance of Cx.
pipiens. A conceivable interpretation for the observed
intraspecific interaction is that the existence of larvae
from a more prevalent species, such as Culex theileri,
may mitigate predation on the less abundant spe-
cies like Culex pipiens. Baldacchino et al. (Baldac-
chino et al. 2017) studied larval competition between
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invasive mosquitoes Aedes koreicus and Aedes albop-
ictus in northeastern Italy, observed weak competition
between the two species and concluded that Aedes
albopictus develops faster and positively influences
larger Ae. koreicus emergence.

The positive correlation among the four Culex spe-
cies could also be attributed to a collective response
to unmeasured environmental variables or resources
that remain unaccounted for in the Joint Species Dis-
tribution Model (JSDM) (Golding et al. 2015; Pollock
et al. 2014). The co-ocurrence of Cx. pipiens and Cx.
perexiguus may favour West Nile virus amplification
and transmission to humans because Cx. perexiguus
is a key species for WNV amplification in southwest-
ern Spain (Mufloz et al. 2012; Figuerola et al. 2022;
Ferraguti et al. 2021).

Modeling a few of the species found in a simi-
lar habitat together with mosquitoes could reveal
important species that are associated with mosqui-
toes. The pattern of the association that could be
deduced through modeling might help enhance the
possibilities of using biological methods for control-
ling mosquito distribution and abundance. Therefore,
expanding the possibility of reducing the burden
of mosquito-borne diseases like WNV. In addition,
results from estimating biotic interaction could be
used in epidemiological models, and hybrid models
(that combine features from both mechanistic and
correlative modeling approaches) to fully understand
the structure and dynamics of relationships among
mosquitoes, hosts, pathogens, and their habitats.

Conclusion

This study concludes that potential species asso-
ciations and abiotic parameters influence the abun-
dance of mosquito communities in the Dofiana wet-
lands using the joint species distribution modeling
approach. The influence of abiotic parameters was
more than the potential biotic interactions. Estimated
species-to-species association among Culex species
revealed the potential of interactions between the spe-
cies, which are the vector of mosquito-borne diseases
like West Nile virus, commonly found in the south-
ern part of Spain. We suggest including other species
(predators, host species via blood meals, plant species
male mosquito feed on) commonly found in similar
habitats to mosquitoes in joint species distribution
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modeling studies could further enhance the detection
of biotic interactions among mosquitoes and other
flora and fauna. Estimating interactions/associations
among different species in similar habitats with mos-
quitoes could enhance the understanding of the risk
of emergence of mosquito-borne pathogens and the
influence of biodiversity, with the aim to develop pro-
active control actions.
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