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Simple Summary: The geographic expansion of the Aedes aegypti mosquito depends
on climatic variables and its population dynamics. However, human intervention has
expanded its distribution, and surveillance and disease control are key to avoid considerable
impacts on public health. This research uses geo-referenced data of Ae. aegypti findings in
regions of Peru and climatic data to analyze the probability of distribution of the species.
The results highlight the need to implement health measures in areas where dengue is most
likely to occur in order to mitigate potential public health problems. Based on projected
future climate scenarios, it is anticipated that areas with a high probability of Ae. aegypti
distribution will experience a large expansion.

Abstract: Dengue, a febrile disease that has caused epidemics and deaths in South America,
especially Peru, is vectored by the Aedes aegypti mosquito. Despite the seriousness of
dengue fever, and the expanding range of Ae. aegypti, future distributions of the vector and
disease in the context of climate change have not yet been clearly determined. Expanding
on previous findings, our study employed bioclimatic and topographic variables to model
both the present and future distribution of the Ae. aegypti mosquito using the Maximum
Entropy algorithm (MaxEnt). The results indicate that 10.23% (132,053.96 km?) and 23.65%
(305,253.82 km?) of Peru’s surface area possess regions with high and moderate distribution
probabilities, respectively, predominantly located in the departments of San Martin, Piura,
Loreto, Lambayeque, Cajamarca, Amazonas, and Cusco. Moreover, based on projected
future climate scenarios, it is anticipated that areas with a high probability of Ae. aegypti
distribution will undergo expansion; specifically, the extent of these areas is estimated to
increase by 4.47% and 2.99% by the years 2070 and 2100, respectively, under SSP2-4.5 in
the HadGEM-GC31-LL model. Given the increasing dengue epidemic in Peru in recent
years, our study seeks to identify tools for effectively addressing this pressing public health
concern. Consequently, this research serves as a foundational framework for assessing
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areas with the highest likelihood of Ae. aegypti distribution in response to projected climate
change in the second half of the 21st century.

Keywords: spatial distribution; epidemic; MaxEnt; dengue; climate change

1. Introduction

Climate change entails shifts in long-term weather patterns, with significant impli-
cations for public health. Among these implications is the expansion of the geographic
range of several human infectious diseases transmitted by vectors such as mosquitoes [1].
Mosquitoes possess the capacity to transmit a diverse array of parasites and pathogens
responsible for serious diseases [2]. Aedes spp. mosquitoes are among the most impor-
tant vectors of etiological agents [3], and their global distribution has garnered significant
attention due to their crucial role as biological vectors for several infectious diseases [4]
including dengue, chikungunya, yellow fever, and Zika virus, among others [5].

Incidence rates of Ae. aegypti have doubled every decade over the past 30 years as
a result of increased urbanization, global mobility, and climate change [6,7]. During this
period, Ae. aegypti has adapted to urban environments near humans; however, evidence
suggests that it is also becoming established in peri-urban and rural regions of South
America [8,9], where environmental conditions provide an ideal setting for the maintenance
of viruses and the periodic emergence of epidemic strains [6]. The Ae. aegypti mosquito is
the principal vector of dengue, and the incidence of dengue has risen markedly, with climate
change emerging as one of the main factors exacerbating disease transmission. Among the
critical climatic variables associated with dengue transmission, temperature, precipitation,
and relative humidity are of paramount importance. Current estimates indicate an annual
incidence of between 50 and 100 million dengue infections in tropical and subtropical
regions [10] and worldwide, with estimated infections per year exceeding the 390 million,
of which 96 million manifest clinically [11-13]. Additionally, studies suggest that climate
and human behavior interact to influence the population dynamics of the dengue virus
and its vector (Ae. aegypti); however, the relative effects of these variables are contingent
upon local ecological and social contexts [14].

Warmer air and water temperatures can increase larval development rates [6]. The
mosquito life cycle includes an aquatic phase, requiring bodies of water for oviposition
and for completing the larval and pupal stages. Thus, the availability of water constitutes a
critical determinant for oviposition and the successful development of immature stages [7].
Ae. aegypti typically lays its eggs in rainwater, often within artificial containers, where the
water exhibits very low hardness, similar to that of reverse osmosis water [8]. Ae. aegypti
eggs are capable of hatching within minutes upon contact with water; moreover, research
has shown that eggs can remain viable for over a year under dry conditions. Consequently,
water storage practices play a crucial role in controlling their reproduction [9]. Temperature,
in turn, affects the development, growth rate, and metabolic activity of mosquitoes [10]. At
lower temperatures, Ae. aegypti activity decreases significantly, with 12 °C representing the
threshold below which development cannot occur [11]; conversely, at higher temperatures,
mosquito activity increases, although extreme temperatures above 35 °C also limit its flight
and feeding activities [12].

Dengue is a systemic viral infection transmitted among humans [13], with clinical
manifestations ranging from mild dengue fever to more severe forms such as dengue
hemorrhagic fever or dengue shock syndrome [14]. Notably, for certain patients, dengue
poses a significant risk of mortality [13].
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In 2023, the Pan American Health Organization (PAHO) reported the highest number
of dengue cases in the Region of the Americas, totaling 4,565,911 cases, which included
7653 severe cases (0.17%) and 2340 deaths (case fatality rate of 0.051%). This surpassed
the previous record observed in 2019 (3.1 million cases) by more than 1 million additional
cases. The number of reports continued to increase until February 2024, during which
673,267 cases of dengue were reported, comprising 700 severe cases (0.1%) and 102 fatalities
(0.1%). The 11 countries and territories experiencing heightened case counts include Ar-
gentina, Brazil, Colombia, Costa Rica, Guatemala, Guadeloupe, French Guiana, Martinique,
Mexico, Paraguay, and Peru [15].

Dengue is endemic in Peru [16] and classified by the country’s Ministry of Health as a
re-emerging disease [17]; more than half of the population of Peru is at risk of infection,
and due to the country’s geography, the country is particularly sensitive to the effects of
the El Nifio Southern Oscillation (ENSO) climatic phenomenon (Dostal et al., 2022). This
phenomenon plays an important role in the occurrence of infectious disease outbreaks, and
their impacts on public health [18,19].

Dengue virus (DENV) includes four serotypes, DENV-1, DENV-2, DENV-3 and DENV-
4. DENV causes a febrile illness (dengue fever) that can be classified as either non-severe or
severe, and in certain cases, it can be fatal [20]. All four serotypes have been present in Peru
since the initial emergence of the disease; however, the occurrence and prevalence of specific
serotypes and their associated genotypes have varied over time [21]. In 2024, the circulation
of DENV-3 was identified in the regions Lima, Loreto, San Martin, Piura, Cajamarca,
Amazonas, Ancash, Ica, Callao, Ayacucho, Hudnuco and Ucayali, where previously only
the presence of DENV-1 and DENV-2 had been reported.

Ae. aegypti was first detected in Peru in 1852 and progressively became established
along the northern and central Peruvian coast [22,23]. By 1905, its presence had extended
as far as the port of Callao-Lima, and by 1938, it had been established in 191 localities across
11 departments [23]. Following multiple control programs, Ae. aegypti was eradicated
from Peru in 1956 [17,22]. However, it was detected again in 1984, in the Amazonian
city of Iquitos [24]; subsequently, its distribution area expanded, reaching from Tumbes
to Casma (Ancash) within two years; by 2001, 12 regions, including Sullana and Parifias
(Piura), Trujillo and El Porvenir (La Libertad), and Jaén (Cajamarca), were affected by
dengue outbreaks. In 2005, Lima reported for the first time numerous autochthonous cases
of dengue [25]. The spread of dengue in Peru was remarkable between 2005 and 2011,
with outbreaks reported in 269 districts in 18 regions; in 2015, the epidemic spread to Ica.
As of July 2023, cases had been reported in all regions of Peru, with the highest numbers
recorded in Piura (67,697), Lima (32,009), Lambayeque (28,235) and La Libertad (20,289) [16].
According to the Pan American Health Organization (PAHO), as of epidemiological week
6 of the year 2024, Peru had already reported 17,140 cases of dengue.

Understanding the geographic distribution and burden of Ae. aegypti is crucial for
assessing its global impact on disease burden and dengue-related mortality [13]. In response
to these challenges, geospatial modeling has emerged as a valuable tool to solve this
problem; by leveraging geographic information systems and biologically relevant climatic
indicators [26], it is possible to characterize the distribution patterns for various species,
including Aedes mosquitoes, mapping their potential distribution range [27]. Species spatial
modeling generally uses two types of algorithms: those that use both presence and absence
data to predict species distribution, and those based solely on species presence [4,28];
among the latter, the MaxEnt (Maximum Entropy) algorithm is widely used for species
distribution modeling [29-31] and disease vector prediction [32]. Species distribution
models require the integration of ecologically relevant predictor variables specific to the
species under investigation [33]. These models utilize background data to account for
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environmental variations in space [34], thereby estimating the most probable geographic
distribution for a species by calculating the probability of occurrence [28].

The use of MaxEnt for species distribution modeling is important in our study as
it permits the incorporation of diverse variables such as topography and climate. Previ-
ous research has established associations between dengue incidence and environmental
factors, emphasizing the significance of climatic and landscape variables in determining
Aedes mosquito abundance [35]. These studies have also employed MaxEnt to predict
the influence of climate change on the geographic distribution of Ae. aegypti, using pres-
ence records and bioclimatic variables to generate maps of environmental suitability for
the mosquito vector’s current geographic distribution, and, once the climatic variables
influencing distribution are determined, to estimate the potential redistribution under
future climate scenarios [36,37]. A modeling study in Colombia showed that the Caribbean
and Andean regions exhibit a high probability of Ae. aegypti distribution; furthermore, it
was determined that there are approximately 140,612.8 km? of areas with possible vector
presence, although this area is projected to decrease by more than 30% in the future [38]. In
another study, Kraemer et al. [39] mapped the global distribution of the vectors Ae. aegypti
and the geographic determinants of their ranges, finding that the distributions of Aedes are
the widest ever recorded, and now spread over all continents, including North America
and Europe.

Worldwide, the spatial distribution of Aedes aegypti has been studied using diverse
methodologies. For example, Liu et al. [40] conducted a study in mainland China modeling
the arbovirus vectors Ae. aegypti, employing documented occurrence records along with
environmental variables to estimate the relationship between these factors using statistical
algorithms. In Mexico, Candelario-Mejia et al. [41] modeled Ae. aegypti across various
localities within the Mexican Republic, determining the species” potential niche using
a database composed of occurrence records. They incorporated referenced points and
bioclimatic variables into the MaxEnt 3.3.3 algorithm, with the quality of predictions
evaluated through the Receiver Operating Characteristic (ROC) technique. Furthermore,
Romero et al. [42] employed fuzzy logic to assess the biogeographic risk of dengue in
South America.

Previous research, such as that conducted by Jacome et al. [43], has identified various
factors such as climatic, demographic, economic, and social characteristics contributing
to the proliferation of the Ae. aegypti dengue vector. Additionally, Kraemer et al. [44]
highlighted the expanding distribution of Aedes across continents, driven by rising global
temperatures associated with climate change. Consequently, it is imperative to quantify
new Aedes invasions to mitigate the escalating risk to human health worldwide. However,
despite this urgency, few studies, including those by Kamal et al. [45], have comprehen-
sively assessed the influences of climate change on the spatial distribution patterns and
abundance of these crucial vectors, particularly utilizing the most recent climate scenarios.

Given the increasing challenges in dengue prevention and control, it is essential to
obtain a comprehensive understanding of the distribution of the mosquito vector. Although
the dengue epidemic in Peru poses significant public health concerns, limited research
exists on spatial modeling of the Ae. aegypti mosquito. This study addresses a critical gap
by presenting the first comprehensive spatial analysis of its kind for Peru, offering valuable
insights for decision-makers seeking to effectively address the disease burden. Accordingly,
the present research aims to conduct a geospatial analysis to predict current and future
distribution areas of the Ae. aegypti mosquito in Peru; additionally, it seeks to identify
priority areas for targeted intervention strategies, directing resources and programs toward
mitigating mosquito proliferation and implementing control measures.
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2. Materials and Methods
2.1. Study Area

This research was conducted in Peru, located in South America, with coordinates
ranging approximately from 0°2’ to 18°21'34" latitude and 68°39'7" to 81°20'13” longitude.
The Peruvian territory spans a total area of 1,285,215.9 km? and exhibits diverse altitudes,
ranging from below sea level to 6733 m above sea level (Figure 1). The country’s climate is
highly varied due to its three primary longitudinal regions: (a) the arid coastal lowlands,
(b) the Andean highlands, and (c) the Amazon rainforest with a tropical climate. Annual
rainfall is distributed throughout the year in the Amazon region and the Andes, while pre-
cipitation patterns vary in the Andean highlands according to geographical characteristics
(North, Central and South) [46].

0°0'0"

South America

Colombia

500'0"'S

Brasil

Density of ocurrence dengue 2002 - 2022 in Peru

10°0'0"'S

Bolivia

15°0'0"'S

Elevation (m.a.s.I)
High : 6733

T —il5i Geographic Coordinate System
[ pepartamental limit WCSE
I ritcaca lake 0 1700 3400 Km
T T
80°0'0"W 75°0'0"W

Figure 1. Location of the study area.

2.2. Collection and Processing of the Presence Database

A total of 5617 reports of dengue documenting the presence of the Ae. aegypti species
within the population centers of Peru were extracted from the official database maintained
by the Peruvian Ministry of Health (https://www.datosabiertos.gob.pe/, accessed on
16 September 2023). This database comes from the National Epidemiology Network
(RENACE), which is composed of 10,034 health facilities in Peru and is a historical series
from 2000-2022. These reports are obtained from cases of dengue confirmed by chemical
analysis in facilities in various regions of the country; those involved in the control and
observations are health professionals trained in vector control (MINSA, 2023). The database
was obtained from the portal in CVS format and was spatialized in a GIS software (v 3.36.3).
Subsequently, a spatial filtering process was implemented to remove duplicate presence
data sharing identical latitude and longitude coordinates; this process, aimed at mitigating
potential sampling bias [47], resulted in 4853 presence records, which were utilized for
subsequent model construction.

2.3. Variable Collection and Processing

We selected 20 variables in raster format to represent environmental factors (Table 1).
The variables set including 19 bioclimatic variables corresponds to the whole standard
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WorldClim bioclimatic variables for WorldClim version 2, each with a spatial resolu-
tion of 30 arc seconds (~1 km?), obtained from the WorldClim 2.1 (www.worldclim.
org/data/bioclim.html, accessed on 29 April 2025) platform (Table 1); here, the biocli-
matic variables are averages for the years 1970-2000. Topographic variables were de-
rived from a Digital Elevation Model (DEM) sourced from the Shuttle Radar Topography
Mission (SRTM) through the United States Geological Survey (USGS) Geodata Portal
(https:/ /earthexplorer.usgs.gov/, accessed on 1 December 2023); subsequently, in a GIS
software, the variables were clipped to the study area and converted to ASCII format [29,47].
To minimize the inference of autocorrelation between variables (20), the Pearson correlation
method (Figure S1) was used through the “corrplot” package in R-4.2.3; variables with a
correlation coefficient of >0.80 (Table S1) were excluded (*) from further analysis to prevent
multicollinearity issues [48-50], leaving 13 variables, of which 12 were bioclimatic and 1
was topographic.

Table 1. Variables used for modeling.

Type Variables Description Source
bio01 Annual Mean Temperature
bi Mean Diurnal Range (Mean of monthly (max
i002 .
temp—min temp))
bio03 Isothermality (BIO2/BIO7) (x100)
bio04 Temperature Seasonality (standard deviation x100)
bio05 Max Temperature of Warmest Month
bio06 Min Temperature of Coldest Month *
bio07 Temperature Annual Range (BIO5-BIO6)
. bio08 Mean Temperature of Wettest Quarter
Env1rqnmenta1 bio09 Mean Temperature of Driest Quarter * WorldClim
variables biol0 Mean Temperature of Warmest Quarter
bioll Mean Temperature of Coldest Quarter
bio12 Annual Precipitation *
biol3 Precipitation of Wettest Month
biol4 Precipitation of Driest Month
biol5 Precipitation Seasonality (Coefficient of Variacién)
biol6 Precipitation of Wettest Quarter *
biol7 Precipitation of Driest Quarter *
biol8 Precipitation of Warmest Quarter *
biol9 Precipitation of Coldest Quarter *
Topographic DEM Elevation SRTM
variables

Note: (*) variables removed from the initial set (correlation > 0.80).

2.4. Selection of Climate Models for Future Distribution

In order to project the future distribution of Ae. aegypti under climate change scenarios,
a dataset comprising future climate predictions [30], based on Global Circulation Models
(GCM) (EC-Earth3-Veg, HadGEM3-GC31-LL and MIROCS6) of the CMIP6 obtained from the
WorldClim 2.1 (https:/ /www.worldclim.org/data/cmip6/cmip6_clim30s.html, accessed
on 29 April 2025), was generated. Model selection was conducted for the timeframes of 2070
(period 2061-2080) and 2100 (period 2081-2100), considering two Shared Socio-economic
Pathways (SSPs), taking into account two CO; emission global scenarios, SSP 245 and
SSP 585, and the moderate and highest values of anthropogenic radioactive force by year
2100 [51].
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2.5. MaxENT Modeling

The modeling process involved integrating R version 4.2.3 and MaxENT software
(v 3.36.3) with the use of “DISMO” and “Java” packages (https:/ /cran.r-project.org); in
this process, 75% of the presence data were randomly assigned for model training, with
the remaining 25% left for validation [52]. The MaxENT model was configured with
10 simulation replications. Three key parameters were defined: 25 model training repli-
cations to ensure result robustness, a regularization multiplier of 1 to balance model
complexity, and 10,000 backgrounds points for a robust reference database. These settings
facilitate the optimal turning of the model, ensuring robust generalization and accuracy in
predicting the distribution of Ae. aegypti [46,52]. The model’s output, ranging from 0 to 1,
was categorized using the natural breaks cut-off method (Jenks), dividing it into 4 distinct
ranges: inadequate (0-0.1), low suitability (0.1-0.3), moderate suitability (0.3-0.5) and high
suitability (0.5-1.0) [53,54]

2.6. Model Validation

The model validation was performed using the Area Under the ROC Curve
(AUC-ROC) as a metric to assess its accuracy, as is widely used in spatial modeling
studies [46,53-56]. The AUC-ROC has the ability to evaluate the discriminative perfor-
mance of predictive models using data such as presence and absence, as required by the
MaxENT model [55]. AUC-ROC values range from 0 to 1, where AUC < 0.5 indicates
random prediction, 0.5 < AUC < 0.7 indicates poor model performance, 0.7 < AUC < 0.9
indicates moderate performance and AUC > 0.9 indicates high performance [15].

AUC — f (X[m] - Xm) ; (Y[i+u + Ym)
i=1

where X|; , 1] — X|;; is the false positive rates of two consecutive points; Y, , 1] + Y} is the
corresponding true positive rates.

In addition, the F1-score and the Accuracy were utilized as evaluation metrics; the
F1-score was measured using the harmonic mean of precision, positive predictive value
and recall [57,58], and the Accuracy measures the proportion of correctly predicted out-
comes among all observations, providing an overall assessment of the model’s predictive

performance [54,59].
TP

TP+ FP

where TP and FP are true positive and false positive, respectively.

Accuracy =

2 x precision X recall

F1 — score = —
precision + recall

The methodology developed in this research can be seen in the methodological
flowchart (Figure 2), which shows the process from the collection of baseline data to
the selection of topographic and bioclimatic variables, and current and future modeling
with the MaxENT model.


https://cran.r-project.org

Insects 2025, 16, 487 8 of 18

E
‘-l_____________/
Bioclimatic
variables r_ — =
m
e EC-Earth3-Veg
Spatial resolution Pearson correlation variables with |
— ™| standardized (250m) » analysis r=0.8 -
] Future climate Climate
HadGEM3-GC31-LL!
5 - 9 change modelling - change
Topografic scenarios
variables - ————— ||
e oo Aedes aegypti _,, h:‘la:’xlflr_qlT
specie CCESig L - _J
RSN

Model validation
(AUC - ROC)

2070 r_ — j
distribution of distribution of
Aedes aegypti Aedes aegypti | e |

Figure 2. Methodological process flowchart.

3. Results
3.1. Statistical Metrics of the Distribution Probability Model

The current distribution model of Ae. aegypti in Perti, developed using the Maximum
Entropy (MaxEnt) method, demonstrated significant accuracy, achieving an Area Under the
Curve (AUC) of 0.91 on model training and 0.89 on testing (Figure 3A), and the variables
that made the greatest contribution in the model were Elevation, Bio 6, Bio 3, Bio 12, and
others (Figure 3B). The red line in the Figure 3A, represents the nondiscrimination line (or
random reference line).

Importance of variables

AUC - ROC Training vs Testing

0.6 0.8

True Positive Rate
0.4

0.2

’ = Training ROC Curve (AUC =0.91) Bio.2.
-’ < Testing ROC Curve (AUC =0.89)
2 T T B
) 02 04 06 08 10
False Positive Rate (1 - Specificity)

Figure 3. Distribution probability model. (A) Area Under the Receiver Operating Characteristic
Curve (AUC-ROC). (B) Importance of variables integrated in the model.

The statistical metrics reported by the model used in this study indicate a high reliabil-
ity in the results generated, since the model obtained 0.9785 Precision, 0.8763 Recall, 0.9245
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F1-score, 0.8751 Accuracy and 0.91 AUC, with these statistical metrics demonstrating that
the topoclimatic model is reliable for the spatial distribution of Ae. aegypti in Peru (Table 2).

Table 2. Statistical metrics of the distribution probability model.

Statistical Metrics Precision Recall F1-Score Accuracy AUC
MaxEnt 0.9785 0.8763 0.9245 0.8751 091

3.2. Probability of Areas for the Distribution of Ae. aegypti in Peru

The current (year 2023) mapping of the probability distribution areas of Ae. aegypti
in Peru (Figure 4) indicates that 10.23% of Peru (132,053.96 km?) is highly suitable for
the distribution of Ae. aegypti (Table 3). The departments with the largest territorial
extension where there is the highest probability for the distribution of the species are
the San Martin region (29,044.47 km?), Piura (19,434.85 km?), Loreto (15,598.88 km?),
Lambayeque (10,470.23 km?), Cajamarca (7922.91 km?), Amazonas (7532.75 km?), and
Cusco (7065.75 km?) (Figure 5). Based on the current modeling, the number of people
possibly affected by Ae. aegypti was determined based on the high-probability class area
obtained in this study. The results indicate that the departments of Piura, Lambayeque,
Callao, San Martin and Lima have the highest numbers of people that could be affected by
the adaptation of areas for the distribution of Ae. aegypti (Figure 5), with 1,126,356, 942,013,
771,973, 512,207 and 382,892 people possibly affected (Table S2).

000"

14) (B)

10°0'0"S
I

15°0'0"S
1

[ vepartamental timic
. Tow 1-03)
uitable (0.3 - 0.5) [ High suitable

Geographic Coordinate System
WGS84

r T 1

0 265 530 1060 Km

T T T T T T
80°0°0"W 7500"W 70900"W 65°0'0"W 60°0'0"W 55°00"W

Figure 4. Distribution area of Ae. aegypti in Peru. (A) Distribution levels for Peru. (B) Highly suitable
area for Ae. aegypti distribution in Peru.

Table 3. Probability classes for Ae. aegypti distribution in Peru.

Area
Probability Class Distribution
Km? %
Unsuitable 416,352.51 3227
Low suitability 436,850.80 33.85
Moderate suitability 305,253.82 23.65
High suitability 132,053.96 10.23

Total 1,290,511.09 100
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Figure 5. Area (km?) of high suitability for Ae. aegypti in each department of Peru.

3.3. Probability of Future Areas for the Distribution of Ae. aegypti in Peru in Escenarios of
Climate Changue

The future projection of the distribution of Ae. aegypti in Peru was conducted consider-
ing both an unfavorable scenario (SSP 585) and a favorable scenario (SSP 245) for the years
2070 (Figure S2) and 2100 (Figure S3). For the year 2022, the highly suitable area represents
10.23% of the Peruvian territory. By the year 2070, the HadGEM3-GC31-LL model exhibited
the most pronounced increase in Ae. aegypti distribution, rising from 10.23% to 14.70% in
the SSP 245 scenario and from 10.23% to 11.75% in the SSP 585 scenario. By the year 2100,
in the SSP 245 scenario, the HadGEM3-GC31-LL model recorded a substantial increase in
distribution extent, from 10.23% to 13.22%. Conversely, in the unfavorable SSP 585 scenario,
the EARTH-VEG model demonstrated the highest increase, expanding from 10.23% to
10.69% (Table 4).

Table 4. Quantification of areas of distribution for the future projection of Ae. aegypti according to
specific climate change scenarios.

Global Climate Model Year SSPs K High Suitable o lee;rence
m Yo Yo

Actuality 2022 132,053.96 10.23 10.23
EC-Earth3-Veg 145,759.56 11.29 1.06
HadGEM3-GC31-LL 245 189,715.13 14.70 447
MIROC6 163,304.19 12.65 2.42

EC-Earth3-Veg 2070 121,197.74 9.39 —0.84
HadGEM3-GC31-LL 585 151,664.19 11.75 1.52
MIROC6 139,376.75 10.8 0.57
EC-Earth3-Veg 151,899.69 11.77 1.54
HadGEM3-GC31-LL 245 170,608.69 13.22 2.99
MIROC6 146,618.13 11.36 1.13
EC-Earth3-Veg 2100 138,003.37 10.69 0.46
HadGEM3-GC31-LL 585 135,695.46 10.51 0.28

MIROC6

136,953.93 10.61 0.38
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4. Discussion

This research evaluated the current and future distributions of Ae. aegypti in Peru,
providing critical insights into the distribution dynamics of the dengue vector within the
country. By identifying high-risk areas, this assessment establishes a foundational basis for
the implementation of more targeted and effective control measures, ultimately safeguard-
ing public health. The monitoring of the Ae. aegypti vector is emerging as a cornerstone in
the prevention and management of dengue, a viral disease that imposes a significant global
burden, particularly in tropical and subtropical regions. The substantial incidence rates
and mortality associated with dengue highlight the urgent need for proactive measures in
these areas [60].

The distribution of Ae. aegypti is primarily influenced by climatic factors that deter-
mine the survival and competence of this mosquito [61], as well as by social factors such
as water storage practices in urban environments, which are crucial for vector develop-
ment. Modeling distribution patterns based on social and environmental factors remains
extremely challenging; therefore, several researchers have employed climatic variables as
predictors for the spatial distribution of dengue fever [62]. However, Xu et al. [63] mentions
that, in many cases, the future modeling of Ae. aegypti distribution is made complicated by
the unavailability of up to date vector distribution data. This limitation was not present in
this study, since MINSA provides an open database of the historical occurrence of dengue
throughout Peru from 2000 to the present (2024).

There is a large number of studies on species distribution models (SDM) [64], all of
which aim to explain, predict and project species distributions based on species occurrence
data and environmental variables [26,65-68]. In this study we employed the MaxEnt model,
a Species Distribution Model (SDM) sensitive to sampling bias. The MaxEnt model shows
high predictive performance and comparable results for identifying test data under random
and background weighting conditions, outperforming models such as the generalized
linear model (GLM), gradient boosted model (GBM), and random forest (RF) [65]. GLM
has been shown to achieve high predictive performance for test data, and exhibits lower
specificity [69,70]. Furthermore, several studies indicate that GBM and RF are prone to
overfitting training data [71] and the GLM overpredicts unsampled areas [72]; therefore,
MaxEnt is capable of producing results that are both predictive (extrapolative) and complex
(interpolative) [73-75], making it a practical method for addressing unbalanced and biased
data in species distribution modeling approaches [26,43].

The performances of the Biomod2 model compared to MaxEnt for assessing prediction
accuracy are similar, as both models can produce accurate predictions with appropriate
occurrence inputs and simulation iterations. However, Biomod?2 requires a longer run time
and lower data processing power [56]. In this study, to avoid sampling bias and improve
the accuracy of prediction results attributed to MaxEnt, a database of 10,000 randomly
generated pseudo-absences was created [71] using the “smaplerandom” function of the
“Raster” package in Rstudio v. 4.2.3.

The current distribution model indicates that Ae. aegypti is primarily concentrated in
the coastal and Amazonian regions of our country, consistent with previous studies [76-78].
These findings align with research demonstrating that the spatial distribution of the Ae.
aegypti predominantly occurs in tropical and subtropical areas. As noted by [79], the distri-
bution pattern is attributed to favorable climatic conditions that support the mosquito’s life
cycle and facilitate the transmission of diseases such as dengue. Consistently warm temper-
atures, coupled with high humidity, provide favorable conditions for the egg hatching and
larval development of Ae. aegypti mosquitoes. Moreover, abundant rainfall in these regions
creates numerous breeding sites in both naturally formed and artificial containers [80],
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emphasizing that the primary climatic factors influencing dengue transmission include
temperature, precipitation, and relative humidity.

In urban settings, anthropogenic landscape features can influence mosquito dispersal
patterns [81]. Yeo et al. [82] found that, in urban agglomerations, particularly in densely
populated residential areas, the gene flow rates of vector species are higher. In Peru,
it is projected that by 2035, the urban population will increase to 31.3 million people,
representing 81.8% of the total population [83]. This would likely enhance the dispersal
of Ae. aegypti, while climate variability across complex urban environments could further
provide favorable conditions for the vector [81].

It was observed that coastal regions such as Lambayeque, La Libertad and Piura exhibit
the largest areas with high suitability for the distribution of Ae. aegypti. Despite the scarce
rainy seasons in these regions, this phenomenon is explained by the widespread practice of
water storage in containers within urban areas, which provides favorable conditions for
vector breeding and reproduction [26]. This issue constitutes a persistent global challenge,
as dengue vectors can withstand high temperatures and reproduce efficiently in clean water
stored in containers.

At the territorial level, the variation in species distribution areas obtained in the
results is due to the different changes projected by each climate model. Moreover, it is
recognized that climate change will alter Andean biomes, particularly affecting the paramos
of Bocaya (Colombia), Azuay and Loja (Ecuador), and Piura and Cajamarca (Peru) [84].
These alterations are primarily due to rising temperatures, which, as previously discussed,
are conducive to the breeding, development, and propagation of Ae. aegypti [85].

The main results indicate that, under the 2070 year scenario, both the most favorable
scenario (SSPs 245) and the unfavorable scenario (SSPs 585) highlight the HadGEM3-GC31-
LL model, showing a significant increase in areas with high distribution suitability for the
species, with 14.70% and 11.75%, respectively. By the year 2100, the EC-Earth-Veg model
shows the most substantial increase in areas in the high-suitability class for Peru, with
11.77% and 10.69% in both SSPs 245 and 585, respectively. These results are similar to those
of other authors, who also showed, using future projection with climate models of the
CMIP6 complex, that the density [86] and area suitability [87] of Ae. aegypti will increase
with climate change due to temperature increases [88].

Future projection results using the EC-Earth-Veg and HadGEM3-GC31-LL models
are valid and consistent. The EC-Earth-Veg model couples soil biophysical parameters to
generate vegetation parameters, and interacts with atmospheric variables such as humid-
ity [89], demonstrating strong performance compared to the other models in the CMIP6
ensemble [90]. These parameters are critical for the distribution of Ae. aegypti in Peru,
as they provide the necessary conditions for the survival and propagation of the species.
Additionally, the HadGEM3-GC31-LL model shows good performance in estimating pre-
cipitation and temperature [91,92], key variables for predicting vector distribution; both
models have been widely utilized in biodiversity and conservation studies due to their
reliability and robust results in predicting the distribution of flora and fauna species [93-95].

The propagation of Ae. aegypti is related to socioeconomic variables because these
determine the environmental and structural conditions that favor vector development [96].
The absence of continuous access to drinking water in low-income populations forces
domestic storage in exposed containers that establish optimal habitats for mosquito ovipo-
sition [97]. Furthermore, inadequate sanitary infrastructure, such as poor sewage systems
and inefficient solid waste management, increases the amount of anthropogenic microhabi-
tats within stagnant water, increasing the survival rate of larval stages of Ae. Aegypti [98],
and high population density and informal urbanization generate a high availability of
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human hosts, reducing the flight distance required for feeding and thus intensifying viral
transmission [99].

On the other hand, higher population density has been associated with a stronger
relationship between temperature and Ae. aegypti incidence, compared to areas of low pop-
ulation density [100]. This is because unplanned urbanization facilitates closer proximity
between the population and larval habitats, encourages inadequate water storage practices
that produce breeding sites, and promotes high human mobility, thereby contributing to
the greater dissemination of the dengue virus [101]. Additionally, the relationship between
precipitation and vector population size is not linear, as it depends more on the intensity
and frequency of rainfall events [102]. Intense rainfall in natural and artificial habitats
can increase the suitability of breeding sites, trigger the hatching of Ae. aegypti eggs and
promote larval development [103].

The findings of this research are particularly relevant given the alarming dengue
situation in Peru, as indicated by reports issued by the Ministry of Health in 2024. As
of March 2024, Peru has reported a staggering 34,042 cases of dengue, representing a
significant increase of 131% compared to the same period last year; in addition, the number
of fatalities rose to 44. Coastal departments, including La Libertad (6148 cases), Piura
(5275 cases), Ica (4645 cases), Ancash (3766 cases) and Lima (2899 cases), have witnessed
a higher prevalence of dengue. These reports contrast sharply with the findings of this
research, which identify coastal departments such as Piura, Lambayeque and La Libertad
as departments with high and very high distributions of Ae. aegypti.

The results of this research will be available for use by the relevant entities in charge
of entomological and epidemiological interventions in areas where Ae. aegypti has not yet
been recorded, but which have been predicted with the model generated in this study.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/insects16050487 /s1, Figure S1: Variable selection with Pearson
correlation analysis; Figure S2: Projected future distribution of Ae. aegypti in the year 2070 under
both favorable (SSP 245) and unfavorable (SSP 585) climate scenarios; Figure S3: Projected future
distribution of Ae. aegypti for the year 2100 under both favorable (SSP 245) and unfavorable (SSP 585)
scenarios. Table S1: Correlation of variables selected for modeling with MaxEnt (Correlation < 0.8);
Table S2: Areas of A. aegypti distribution categorized by department within Peru.

Author Contributions: Conceptualization, A.J.V,, S.V.V.-R,, D.C.-T. and C.L.O.-Z.; methodology,
AJ.V,SVV-R. and D.C.-T,; software, A.].V,, S.V.V-R. and D.C.-T.; formal analysis, C.L.O.-Z., E.A.A.-S.
and A].V,; investigation, A.J.V,,S.V.V.-R, RH., D.C.-T. and C.L.O.-Z,; resources, S.R.C.-G. and A.].V.;
data curation, A.]J.V. and S.V.V.-R.; writing—original draft preparation, A.J.V. and S.V.V.-R.; writing—
review and editing, C.L.O.-Z., AB.E-].,, A].V,, AR.d.S. and E.A.A.-S,; visualization, R H. and S.V.V.-R.;
supervision, A.J.V,; project administration, A.J.V,; funding acquisition, A.J.V. and S.R.C.-G. All authors
have read and agreed to the published version of the manuscript.

Funding: This research was funded by the project “Mejoramiento del servicio de formacién de pre
grado en educacién superior universitaria de la Escuela Profesional de Ingenieria Forestal de la
UNTRM Distrito De Chachapoyas—Provincia De Chachapoyas—Departamento De Amazonas”,
of the Peruvian Government, with the grant number CUI 2513702. Additionally, the APC was
funded by the Vicerrectorado de Investigacion, Universidad Nacional Toribio Rodriguez de Mendoza
de Amazonas.

Data Availability Statement: The original contributions presented in this study are included in the
article and Supplementary Materials. Further inquiries can be directed to the corresponding author.


https://www.mdpi.com/article/10.3390/insects16050487/s1
https://www.mdpi.com/article/10.3390/insects16050487/s1

Insects 2025, 16, 487 14 of 18

Acknowledgments: The authors thank the Laboratorio de Analisis Geoespacial y Manejo Forestal
(GEOFOREST) of the UNTRM for allowing the development of this research using its facilities and
equipment, and the Instituto de Investigacién, Innovacién y Desarrollo para el Sector Agrario y
Agroindustrial (IIDAA) of the Universidad Toribio Rodriguez de Mendoza de Amazonas.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Bhatia, S.; Bansal, D.; Patil, S.; Pandya, S.; Ilyas, Q.M.; Imran, S. A Retrospective Study of Climate Change Affecting Dengue:
Evidences, Challenges and Future Directions. Front. Public Health 2022, 10, 884645. [CrossRef] [PubMed]

Kumar, A.; Arya, H.; Pratap Singh, A.; Singh, S.; Sharma, S.; Singh, K. Surveillance of Aedes diversity, seasonal prevalence
and habitat characterization in Bulandshahr, Utter Pradesh, India. J. Sci. Innov. Nat. Earth 2023, 4. Available online: https:
/ /jsiane.com/index.php/files/article/view /165 (accessed on 1 January 2025).

Rader, J.A.; Serrato-Capuchina, A.; Anspach, T.; Matute, D.R. The Spread of Aedes albopictus (Diptera: Culicidae) in the Islands of
Sao Tomé and Principe. Acta Trop. 2024, 251, 107106. [CrossRef]

Wiese, D.; Escalante, A.A.; Murphy, H.; Henry, K.A.; Gutierrez-Velez, V.H. Integrating Environmental and Neighborhood Factors
in MaxEnt Modeling to Predict Species Distributions: A Case Study of Aedes albopictus in Southeastern Pennsylvania. PLoS ONE
2019, 14, e0223821. [CrossRef]

Wint, W.; Jones, P; Kraemer, M.; Alexander, N.; Schaffner, F. Past, Present and Future Distribution of the Yellow Fever Mosquito
Aedes aegypti: The European Paradox. Sci. Total Environ. 2022, 847, 157566. [CrossRef] [PubMed]

Stewart Ibarra, A.M.; Ryan, S.J.; Beltrdn, E.; Mejia, R.; Silva, M.; Mufioz, A. Dengue Vector Dynamics (Aedes aegypti) Influenced by
Climate and Social Factors in Ecuador: Implications for Targeted Control. PLoS ONE 2013, 8, €78263. [CrossRef]

Oyewole, 1.O.; Momoh, O.0.; Anyasor, G.N.; Ogunnowo, A.A.; Ibidapo, C.A.; Oduola, O.A.; Obansa, ].B.; Awolola, T.S. Physico-
Chemical Characteristics of Anopheles Breeding Sites: Impact on Fecundity and Progeny Development. Afr. ]. Environ. Sci.
Technol. 2009, 3, 2.

Mamai, W.; Maiga, H.; Sévérin, N.; Somda, B.; Wallner, T.; Bueno Masso, O.; Resch, C.; Yamada, H.; Bouyer, ]. Does Tap Water
Quality Compromise the Production of Aedes Mosquitoes in Genetic Control Projects? Insects 2021, 12, 57. [CrossRef]

Turner, S.S.; Smith, J.A.; Howle, S.L.; Hancock, P1; Brett, K.; Davis, J.; Bruno, L.M.; Cecchetti, V.; Ford, C. Analyzing the Efficacy
of Water Treatment Disinfectants as Vector Control: The Larvicidal Effects of Silver Nitrate, Copper Sulfate Pentahydrate, and
Sodium Hypochlorite on Juvenile Aedes aegypti. Water 2025, 17, 348. [CrossRef]

Reinhold, ].M.; Lazzari, C.R.; Lahondere, C. Effects of the Environmental Temperature on Aedes aegypti and Aedes albopictus
Mosquitoes: A Review. Insects 2018, 9, 158. [CrossRef]

De Majo, M.S.; Zanotti, G.; Campos, R.E.; Fischer, S. Effects of Constant and Fluctuating Low Temperatures on the Development
of Aedes aegypti (Diptera: Culicidae) from a Temperate Region. J. Med. Entomol. 2019, 56, 1661-1668. [CrossRef] [PubMed]
Obholz, G.; Mansilla, A.P; San Blas, G.; Diaz, A. Modeling and Updating the Occurrence of Aedes aegypti in Its Southern Limit of
Distribution in South America. Acta Trop. 2024, 249, 107052. [CrossRef] [PubMed]

Bhatt, S.; Gething, PW.; Brady, O.].; Messina, ].P.; Farlow, A.W.; Moyes, C.L.; Drake, ].M.; Brownstein, ].S.; Hoen, A.G.; Sankoh, O.;
et al. The Global Distribution and Burden of Dengue. Nature 2013, 496, 504-507. [CrossRef]

Khan, M.B.; Yang, Z.S.; Lin, C.Y.; Hsu, M.C.; Urbina, A.N.; Assavalapsakul, W.; Wang, W.H.; Chen, Y.H.; Wang, S.F. Dengue
Overview: An Updated Systemic Review. J. Infect. Public Health 2023, 16, 1625-1642. [CrossRef] [PubMed]

Pan, S.; Peng, D.; Li, Y.; Chen, Z.; Zhai, Y.; Liu, C.; Hong, B. Potential Global Distribution of the Guava Root-Knot Nematode
Meloidogyne enterolobii under Different Climate Change Scenarios Using MaxEnt Ecological Niche Modeling. J. Integr. Agric. 2023,
22,2138-2150. [CrossRef]

Munayco, C.V.; Valderrama Rosales, B.Y.; Mateo Lizarbe, S.Y.; Yon Fabian, C.R.; Pefia Sanchez, R.; Vasquez Sanchez, C.H.; Paquita
Garcia, M.; Padilla-Rojas, C.; Suarez, V.; Sdnchez-Gonzélez, L.; et al. Dengue in Peru: A Quarter Century after Its Reemergence.
Rev. Peru. De Med. Exp. Y Salud Piiblica 2015, 32, 146-156. [CrossRef]

Dostal, T.; Meisner, J.; Munaycoid, C.; Garcia, PJ.; Carcamo, C.; Lu, ].E.P.; Morin, C.; Frisbie, L.; Rabinowitz, PM. The Effect of
Weather and Climate on Dengue Outbreak Risk in Peru, 2000-2018: A Time-Series Analysis. PLoS Neglected Trop. Dis. 2022, 16,
€0010479. [CrossRef]

Garcia Solérzano, F.O.; Heredia Torres, L.; Ramos Ramirez, K. EL NINO OSCILACION SUR COMO DETERMINANTE DE LA
TRANSMISION DE ENFERMEDADES INFECCIOSAS EN EL PERU. Rev. Fac. Med. Humana 2017, 17, 4. [CrossRef]

Hijar, G.; Bonilla, C.; Munayco, C.V.; Gutierrez, E.L.; Ramos, W. El Nifio Phenomenon and Natural Disasters: Public Health
Interventions for Disaster Preparedness and Response. Rev. Peru. Med. Exp. Salud Publica 2016, 33, 300-310. [CrossRef]

Holmes, E.C.; Twiddy, S.S. The Origin, Emergence and Evolutionary Genetics of Dengue Virus. Infect. Genet. Evol. 2003, 3, 19-28.
[CrossRef]


https://doi.org/10.3389/fpubh.2022.884645
https://www.ncbi.nlm.nih.gov/pubmed/35712272
https://jsiane.com/index.php/files/article/view/165
https://jsiane.com/index.php/files/article/view/165
https://doi.org/10.1016/j.actatropica.2023.107106
https://doi.org/10.1371/journal.pone.0223821
https://doi.org/10.1016/j.scitotenv.2022.157566
https://www.ncbi.nlm.nih.gov/pubmed/35907522
https://doi.org/10.1371/journal.pone.0078263
https://doi.org/10.3390/insects12010057
https://doi.org/10.3390/w17030348
https://doi.org/10.3390/insects9040158
https://doi.org/10.1093/jme/tjz087
https://www.ncbi.nlm.nih.gov/pubmed/31139823
https://doi.org/10.1016/j.actatropica.2023.107052
https://www.ncbi.nlm.nih.gov/pubmed/37890816
https://doi.org/10.1038/nature12060
https://doi.org/10.1016/j.jiph.2023.08.001
https://www.ncbi.nlm.nih.gov/pubmed/37595484
https://doi.org/10.1016/j.jia.2023.06.022
https://doi.org/10.17843/rpmesp.2015.321.1587
https://doi.org/10.1371/journal.pntd.0010479
https://doi.org/10.25176/RFMH.v17.n4.1223
https://doi.org/10.17843/rpmesp.2016.332.2205
https://doi.org/10.1016/S1567-1348(03)00004-2

Insects 2025, 16, 487 15 of 18

21.

22.

23.

24.

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Bailon, H.; Jimenez, V.; Galarza, M.; Medrano, P.; Mestanza, O.; Figueroa, D.; Lizarraga, W.; Silva, I; Sevilla, L.; Hurtado, V.; et al.
RAPID SPREAD OF THE EMERGING COSMOPOLITAN GENOTYPE OF DENGUE VIRUS SEROTYPE 2, AND EXPANSION
OF DENGUE VIRUS SEROTYPE 1 GENOTYPE V IN PERU. Rev. Peru. Med. Exp. Salud Publica 2024, 41, 375-384. [CrossRef]
[PubMed]

Cabezas, C.; Gutiérrez, V.; Garcia, M.P.,; Mamani, E.; Cobos, M.; Céaceres, O.; Farfan, M.E.; Rosario Balta, M.; Palomino, R.;
Casternoque, N.; et al. Dengue en el Perti: Aportes para su diagndstico y control. Rev. Peru. Med. Exp. Salud Piiblica 2005, 22,
212-228.

Sevilla Andrade, C.; Caceres, A.G.; Vaquerizo, A.; Ibafiez-Bernal, S.; Sulca Cachay, L.; de San Marcos, M.; José Santos Chocano No,
J. Reappearance of Aedes aegypti (Diptera: Culicidae) in Lima, Peru. Mem. Do Inst. Oswaldo Cruz 2001, 96, 657-658. [CrossRef]
Guagliardo, S.A.; Barboza, ].L.; Morrison, A.C.; Astete, H.; Vazquez-Prokopec, G.; Kitron, U. Patterns of Geographic Expansion of
Aedes aegypti in the Peruvian Amazon. PLoS Neglected Trop. Dis. 2014, 8, e3033. [CrossRef] [PubMed]

Maguinia Vargas, C. The Current Dengue Fever Outbreak in Peru: Analysis and Perspectives. Acta Medica Peru. 2023, 40, 87-90.
Hussain, S.S.A.; Dhiman, R.C. Distribution Expansion of Dengue Vectors and Climate Change in India. Geohealth 2022, 6,
€2021GH000477. [CrossRef]

Li, Y,; An, Q.; Sun, Z.; Gao, X.; Wang, H. Distribution Areas and Monthly Dynamic Distribution Changes of Three Aedes Species
in China: Aedes aegypti, Aedes albopictus and Aedes vexans. Parasit Vectors 2023, 16, 297. [CrossRef]

Phillips, S.J.; Anderson, R.P.; Schapire, R.E. Maximum Entropy Modeling of Species Geographic Distributions. Ecol. Model. 2006,
190, 231-259. [CrossRef]

Hwang, ].H.; Kim, S.H.; Yoon, S.; Jung, S.; Kim, D.H.; Lee, W.H. Evaluation of Spatial Distribution of Three Major Leptocorisa
(Hemiptera: Alydidae) Pests Using MaxEnt Model. Insects 2022, 13, 750. [CrossRef]

Mugiyo, H.; Chimonyo, V.G.P.,; Kunz, R.; Sibanda, M.; Nhamo, L.; Ramakgahlele Masemola, C.; Modi, A.T.; Mabhaudhi, T.
Mapping the Spatial Distribution of Underutilised Crop Species under Climate Change Using the MaxEnt Model: A Case of
KwaZulu-Natal, South Africa. Clim. Serv. 2022, 28, 100330. [CrossRef]

West, A.M.; Kumar, S.; Brown, C.S.; Stohlgren, T.J.; Bromberg, J. Field Validation of an Invasive Species Maxent Model. Ecol.
Inform. 2016, 36, 126-134. [CrossRef]

Beeman, S.P.; Morrison, A.M.; Unnasch, T.R.; Unnasch, R.S. Ensemble Ecological Niche Modeling of West Nile Virus Probability
in Florida. PLoS ONE 2021, 16, €0256868. [CrossRef]

Zhang, Y.; Wang, L.; Wang, G.; Xu, ].; Zhang, T. An Ecological Assessment of the Potential Pandemic Threat of Dengue Virus in
Zhejiang Province of China. BMC Infect. Dis. 2023, 23, 473. [CrossRef] [PubMed]

Anderson, R.P; Martinez-Meyer, E.; Nakamura, M.; Aratjo, M.B.; Peterson, A.T.; Sober6n, J.; Pearson, R.G. Ecological Niches and
Geographic Distributions (MPB-49); Princeton University Press: Princeton, NJ, USA, 2011.

Lana, R.M.; Morais, M.M.; de Lima, T.EM.; de Senna Carneiro, T.G.; Stolerman, L.M.; dos Santos, ].P.C.; Cortés, ].J.C.; Eiras, A.E.;
Codeco, C.T. Assessment of a Trap Based Aedes aegypti Surveillance Program Using Mathematical Modeling. PLoS ONE 2018, 13,
€0190673. [CrossRef] [PubMed]

Nejati, J.; Bueno-Mari, R.; Collantes, F; Hanafi-Bojd, A.A.; Vatandoost, H.; Charrahy, Z.; Tabatabaei, S.M.; Yaghoobi-Ershadi, M.R ;
Hasanzehi, A.; Shirzadi, M.R.; et al. Potential Risk Areas of Aedes albopictus in South-Eastern Iran: A Vector of Dengue Fever, Zika,
and Chikungunya. Front. Microbiol. 2017, 8, 1660. [CrossRef] [PubMed]

Sedaghat, M.; Omid, F; Karimi, M.; Haghi, S.; Hanafi-Bojd, A. Modelling the Probability of Presence of Aedes aegypti and Aedes
albopictus in Iran until 2070. Asian Pac. |. Trop. Med. 2023, 16, 16-25. [CrossRef]

Portilla Cabrera, C.V.; Selvaraj, J.J. Geographic Shifts in the Bioclimatic Suitability for Aedes aegypti under Climate Change
Scenarios in Colombia. Heliyon 2020, 6, €03101. [CrossRef]

Kraemer, M.U.; Sinka, M.E.; Duda, K.A.; Mylne, A.Q.; Shearer, EM.; Barker, C.M.; Moore, C.G.; Carvalho, R.G.; Coelho, G.E,;
Van Bortel, W.; et al. The Global Distribution of the Arbovirus Vectors Aedes aegypti and Ae. albopictus. Ecol. Glob. Health 2015, 4,
e08347. [CrossRef]

Liu, B.; Gao, X.; Ma, ]; Jiao, Z.; Xiao, J.; Hayat, M.A.; Wang, H. Modeling the Present and Future Distribution of Arbovirus Vectors
Aedes aegypti and Aedes albopictus under Climate Change Scenarios in Mainland China. Sci. Total Environ. 2019, 664, 203-214.
[CrossRef]

Candelario-Mejia, G.; Rodriguez-Rivas, A.; Mufoz-Urias, A.; Ibarra-Montoya, J.L.; Chavéz-Lopez, C.; Mosso-Gonzalez, C.;
Cruz-Bastida, ].M.; Ramirez-Garcia, S.A. Estudio Ecolégico Mixto en México de La Distribucién de Aedes aegypti Implicaciones en
las Politicas Publicas. Rev. Médica MD 2015, 7, 13-19.

Romero, D.; Olivero, ].; Real, R.; Guerrero, ].C. Applying Fuzzy Logic to Assess the Biogeographical Risk of Dengue in South
America. Parasit Vectors 2019, 12. [CrossRef] [PubMed]

Jacome, G.; Vilela, P.; Yoo, C. Social-Ecological Modelling of the Spatial Distribution of Dengue Fever and Its Temporal Dynamics
in Guayaquil, Ecuador for Climate Change Adaption. Ecol. Inform. 2019, 49, 1-12. [CrossRef]


https://doi.org/10.17843/rpmesp.2024.414.13898
https://www.ncbi.nlm.nih.gov/pubmed/39936760
https://doi.org/10.1590/S0074-02762001000500011
https://doi.org/10.1371/journal.pntd.0003033
https://www.ncbi.nlm.nih.gov/pubmed/25101786
https://doi.org/10.1029/2021GH000477
https://doi.org/10.1186/s13071-023-05924-9
https://doi.org/10.1016/j.ecolmodel.2005.03.026
https://doi.org/10.3390/insects13080750
https://doi.org/10.1016/j.cliser.2022.100330
https://doi.org/10.1016/j.ecoinf.2016.11.001
https://doi.org/10.1371/journal.pone.0256868
https://doi.org/10.1186/s12879-023-08444-0
https://www.ncbi.nlm.nih.gov/pubmed/37461015
https://doi.org/10.1371/journal.pone.0190673
https://www.ncbi.nlm.nih.gov/pubmed/29304070
https://doi.org/10.3389/fmicb.2017.01660
https://www.ncbi.nlm.nih.gov/pubmed/28928720
https://doi.org/10.4103/1995-7645.368017
https://doi.org/10.1016/j.heliyon.2019.e03101
https://doi.org/10.7554/eLife.08347
https://doi.org/10.1016/j.scitotenv.2019.01.301
https://doi.org/10.1186/s13071-019-3691-5
https://www.ncbi.nlm.nih.gov/pubmed/31488198
https://doi.org/10.1016/j.ecoinf.2018.11.001

Insects 2025, 16, 487 16 of 18

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

Kraemer, M.U.G.; Reiner, R.C.; Brady, O.].; Messina, ].P; Gilbert, M.; Pigott, D.M.; Yi, D.; Johnson, K.; Earl, L.; Marczak, L.B.; et al.
Past and Future Spread of the Arbovirus Vectors Aedes aegypti and Aedes albopictus. Nat. Microbiol. 2019, 4, 854-863. [CrossRef]
[PubMed]

Kamal, M.; Kenawy, M.A.; Rady, M.H.; Khaled, A.S.; Samy, A.M. Mapping the Global Potential Distributions of Two Arboviral
Vectors Aedes aegypti and Ae. albopictus under Changing Climate. PLoS ONE 2018, 13, e0210122. [CrossRef] [PubMed]

Vergara, A.].; Cieza-Tarrillo, D.; Ocafia, C.; Quifionez, L.; Idrogo-Vasquez, G.; Muiioz-Astecker, L.D.; Auquifivin-Silva, E.A;
Cruzalegui, R.J.; Arbizu, C.I. Current and Future Spatial Distribution of the Genus Cinchona in Peru: Opportunities for
Conservation in the Face of Climate Change. Sustainability 2023, 15, 14109. [CrossRef]

Khwarahm, N.R. Predicting the Spatial Distribution of Hyalomma Ssp., Vector Ticks of Crimean—Congo Haemorrhagic Fever in
Iraq. Sustainability 2023, 15, 13669. [CrossRef]

Wang, F; Yuan, X.; Sun, Y; Liu, Y. Species Distribution Modeling Based on MaxEnt to Inform Biodiversity Conservation in the
Central Urban Area of Chongging Municipality. Ecol. Indic. 2024, 158, 111491. [CrossRef]

Scrivanti, L.R.; Anton, A.M. Impact of Climate Change on the Andean Distribution of Poa Scaberula (Poaceae). Flora Morphol.
Distrib. Funct. Ecol. Plants 2021, 278, 151805. [CrossRef]

Kufa, C.A.; Bekele, A.; Atickem, A. Impacts of Climate Change on Predicted Habitat Suitability and Distribution of Djaffa
Mountains Guereza (Colobus Guereza Gallarum, Neumann 1902) Using MaxEnt Algorithm in Eastern Ethiopian Highland. Glob.
Ecol. Conserv. 2022, 35, €02094. [CrossRef]

Campos, ].C.; Garcia, N.; Alirio, J.; Arenas-Castro, S.; Teodoro, A.C.; Sillero, N. Ecological Niche Models Using MaxEnt in Google
Earth Engine: Evaluation, Guidelines and Recommendations. Ecol. Inform. 2023, 76, 102147. [CrossRef]

Velu, RM.; Kwenda, G.; Bosomprah, S.; Chisola, M.N.; Simunyandi, M.; Chisenga, C.C.; Bumbangi, EN.; Sande, N.C.; Simubali,
L.; Mburu, M.M,; et al. Ecological Niche Modeling of Aedes and Culex Mosquitoes: A Risk Map for Chikungunya and West Nile
Viruses in Zambia. Viruses 2023, 15, 1900. [CrossRef] [PubMed]

Wan, J.; Qi, G.-J.; Ma, ].; Ren, Y.; Wang, R.; McKirdy, S. Predicting the Potential Geographic Distribution of Bactrocera Bryoniae
and Bactrocera Neohumeralis (Diptera: Tephritidae) in China Using MaxEnt Ecological Niche Modeling. J. Integr. Agric. 2020, 19,
2072-2082. [CrossRef]

Wang, J.; Wang, G.; Qi, J.; Liu, Y.; Zhang, W. Research of Forest Fire Points Detection Method Based on MODIS Active Fire Product.
In Proceedings of the 2021 28th International Conference on Geoinformatics, Nanchang, China, 3-5 November 2021; pp. 1-5.
Vergara, A.].; Valqui-Reina, S.V.; Cieza-Tarrillo, D.; Gémez-Santillan, Y.; Chapa-Gonza, S.; Ocafna-Zuniga, C.L.; Auquifivin-Silva,
E.A.; Cayo-Colca, I.S.; Rosa dos Santos, A. Modeling of Forest Fire Risk Areas of Amazonas Department, Peru: Comparative
Evaluation of Three Machine Learning Methods. Forests 2025, 16, 273. [CrossRef]

Luo, M.; Wang, H.; Lyu, Z. Evaluating the Performance of Species Distribution Models Biomod2 and MaxEnt Using the Giant
Panda Distribution Data. Yingyong Shengtai Xuebao 2017, 28, 4001-4006. [CrossRef]

Song, G.; Wang, Q. Species Classification from Hyperspectral Leaf Information Using Machine Learning Approaches. Ecol. Inform.
2023, 76, 102141. [CrossRef]

Sabat-Tomala, A.; Raczko, E.; Zagajewski, B. Comparison of Support Vector Machine and Random Forest Algorithms for Invasive
and Expansive Species Classification Using Airborne Hyperspectral Data. Remote Sens. 2020, 12, 516. [CrossRef]

Fu, Y,; Li, R.; Wang, X.; Bergeron, Y.; Valeria, O.; Chavardes, R.D.; Wang, Y.; Hu, J. Fire Detection and Fire Radiative Power in
Forests and Low-Biomass Lands in Northeast Asia: MODIS versus VIIRS Fire Products. Remote Sens. 2020, 12, 2870. [CrossRef]
Marcel6-Diaz, C.; Lesmes, M.C.; Santamaria, E.; Salamanca, J.A.; Fuya, P.; Cadena, H.; Mufioz-Laiton, P.; Morales, C.A. Spatial
Analysis of Dengue Clusters at Department, Municipality and Local Scales in the Southwest of Colombia, 2014-2019. Trop. Med.
Infect. Dis. 2023, 8, 262. [CrossRef]

Ebi, K.L.; Nealon, J. Dengue in a Changing Climate. Environ Res 2016, 151, 115-123. [CrossRef]

Liu-Helmersson, J.; Quam, M.; Wilder-Smith, A.; Stenlund, H.; Ebi, K.; Massad, E.; Rocklov, J. Climate Change and Aedes Vectors:
21st Century Projections for Dengue Transmission in Europe. EBioMedicine 2016, 7, 267-277. [CrossRef]

Xu, Z.; Bambrick, H.; Frentiu, ED.; Devine, G.; Yakob, L.; Williams, G.; Hu, W. Projecting the Future of Dengue under Climate
Change Scenarios: Progress, Uncertainties and Research Needs. PLoS Neglected Trop. Dis. 2020, 14, e0008118. [CrossRef] [PubMed]
Stanaway, J.D.; Shepard, D.S.; Undurraga, E.A.; Halasa, Y.A.; Coffeng, L.E.; Brady, O.].; Hay, S.I.; Bedi, N.; Bensenor, LM.;
Castafieda-Orjuela, C.A; et al. The Global Burden of Dengue: A Systematic Analysis from the Global Burden of Disease Study
2013. Lancet Infect. Dis. 2016, 16, 712-723. [CrossRef] [PubMed]

Ahmadi, M.; Hemami, M.R.; Kaboli, M.; Shabani, F. MaxEnt Brings Comparable Results When the Input Data Are Being
Completed; Model Parameterization of Four Species Distribution Models. Ecol. Evol. 2023, 13, €9827. [CrossRef]

Daniel, J.; Horrocks, J.; Umphrey, G.J. Efficient Modelling of Presence-Only Species Data via Local Background Sampling. J. Agric.
Biol. Environ. Stat. 2020, 25, 90-111. [CrossRef]

Kumar, S.; Graham, J.; West, A.M.; Evangelista, P.H. Using District-Level Occurrences in MaxEnt for Predicting the Invasion
Potential of an Exotic Insect Pest in India. Comput. Electron. Agric. 2014, 103, 55-62. [CrossRef]


https://doi.org/10.1038/s41564-019-0376-y
https://www.ncbi.nlm.nih.gov/pubmed/30833735
https://doi.org/10.1371/journal.pone.0210122
https://www.ncbi.nlm.nih.gov/pubmed/30596764
https://doi.org/10.3390/su151914109
https://doi.org/10.3390/su151813669
https://doi.org/10.1016/j.ecolind.2023.111491
https://doi.org/10.1016/j.flora.2021.151805
https://doi.org/10.1016/j.gecco.2022.e02094
https://doi.org/10.1016/j.ecoinf.2023.102147
https://doi.org/10.3390/v15091900
https://www.ncbi.nlm.nih.gov/pubmed/37766306
https://doi.org/10.1016/S2095-3119(19)62840-6
https://doi.org/10.3390/f16020273
https://doi.org/10.13287/j.1001-9332.201712.011
https://doi.org/10.1016/j.ecoinf.2023.102141
https://doi.org/10.3390/rs12030516
https://doi.org/10.3390/rs12182870
https://doi.org/10.3390/tropicalmed8050262
https://doi.org/10.1016/j.envres.2016.07.026
https://doi.org/10.1016/j.ebiom.2016.03.046
https://doi.org/10.1371/journal.pntd.0008118
https://www.ncbi.nlm.nih.gov/pubmed/32119666
https://doi.org/10.1016/S1473-3099(16)00026-8
https://www.ncbi.nlm.nih.gov/pubmed/26874619
https://doi.org/10.1002/ece3.9827
https://doi.org/10.1007/s13253-019-00380-4
https://doi.org/10.1016/j.compag.2014.02.007

Insects 2025, 16, 487 17 of 18

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.
84.

85.

86.

87.

88.

89.

90.

91.

Yang, X; Jin, X.; Zhou, Y. Wildfire Risk Assessment and Zoning by Integrating Maxent and GIS in Hunan Province, China. Forests
2021, 12, 1299. [CrossRef]

Spencer, D.; Yue, Y.R.; Bolin, D.; Ryan, S.; Mejia, A.F. Spatial Bayesian GLM on the Cortical Surface Produces Reliable Task
Activations in Individuals and Groups. Neuroimage 2022, 249, 118908. [CrossRef]

Chollet Ramampiandra, E.; Scheidegger, A.; Wydler, J.; Schuwirth, N. A Comparison of Machine Learning and Statistical Species
Distribution Models: Quantifying Overfitting Supports Model Interpretation. Ecol. Model. 2023, 481, 110353. [CrossRef]
Cengié, M.; Rost, J.; Remenska, D.; Janse, ].H.; Huijbregts, M.A.].; Schipper, A.M. On the Importance of Predictor Choice,
Modelling Technique, and Number of Pseudo-Absences for Bioclimatic Envelope Model Performance. Ecol. Evol. 2020, 10,
12307-12317. [CrossRef]

Quinn, A J.; Atkinson, L.Z.; Gohil, C.; Kohl, O.; Pitt, J.; Zich, C.; Nobre, A.C.; Woolrich, M.W. The GLM-Spectrum: A Multilevel
Framework for Spectrum Analysis with Covariate and Confound Modelling. Imaging Neurosci. 2024, 2, 1-26. [CrossRef]
Fitzgibbon, A.; Pisut, D.; Fleisher, D. Evaluation of Maximum Entropy (Maxent) Machine Learning Model to Assess Relationships
between Climate and Corn Suitability. Land 2022, 11, 1382. [CrossRef]

Mazzoni, S.; Halvorsen, R.; Bakkestuen, V. MIAT: Modular R-Wrappers for Flexible Implementation of MaxEnt Distribution
Modelling. Ecol. Inform. 2015, 30, 215-221. [CrossRef]

Yates, K.L.; Bouchet, PJ.; Caley, M.].; Mengersen, K.; Randin, C.F; Parnell, S.; Fielding, A.H.; Bamford, A.].; Ban, S.; Barbosa, A.M.;
et al. Outstanding Challenges in the Transferability of Ecological Models. Trends Ecol. Evol. 2018, 33, 790-802. [CrossRef]

Nie, P; Feng, J. Niche and Range Shifts of Aedes aegypti and Ae. albopictus Suggest That the Latecomer Shows a Greater
Invasiveness. Insects 2023, 14, 810. [CrossRef] [PubMed]

Gomes, E.O,; Sacchetto, L.; Teixeira, M.; Chaves, B.A.; Hendy, A.; Mendonga, C.; Guimaraes, I.; Linhares, R.; Brito, D.; Valério,
D.; et al. Detection of Zika Virus in Aedes aegypti and Aedes albopictus Mosquitoes Collected in Urban Forest Fragments in the
Brazilian Amazon. Viruses 2023, 15, 1356. [CrossRef]

Christofferson, R.C.; Turner, E.A.; Pefia-Garcfa, V.H. Identifying Knowledge Gaps through the Systematic Review of Temperature-
Driven Variability in the Competence of Aedes aegypti and Ae. albopictus for Chikungunya Virus. Pathogens 2023, 12, 1368.
[CrossRef] [PubMed]

Padonou, G.G.; Konkon, A K,; Salako, A.S.; Zoungbédji, D.M.; Osse, R.; Sovi, A.; Azondekon, R.; Sidick, A.; Ahouandjinou, ].M.;
Adoha, C.J.; et al. Distribution and Abundance of Aedes aegypti and Aedes albopictus (Diptera: Culicidae) in Benin, West Africa.
Trop. Med. Infect. Dis. 2023, 8, 439. [CrossRef]

Romaén-Pérez, S.; Aguirre-Gémez, R.; Hernandez-Avila, J.E,; fﬁiguez—Rojas, L.B.; Santos-Luna, R.; Correa-Morales, F. Identification
of Risk Areas of Dengue Transmission in Culiacan, Mexico. ISPRS Int. J. Geo-Inf. 2023, 12, 221. [CrossRef]

Hemme, R.R.;; Thomas, C.L.; Chadee, D.D.; Severson, D.W. Influence of Urban Landscapes on Population Dynamics in a
Short-Distance Migrant Mosquito: Evidence for the Dengue Vector Aedes aegypti. PLoS Neglected Trop. Dis. 2010, 4, e634.
[CrossRef]

Yeo, H.; Tan, H.Z.; Tang, Q.; Tan, T.R.H.; Puniamoorthy, N.; Rheindt, FE. Dense Residential Areas Promote Gene Flow in Dengue
Vector Mosquito Aedes albopictus. iScience 2023, 26, 107577. [CrossRef]

Follmann, A. Geographies of Peri-Urbanization in the Global South. Geogr. Compass 2022, 16, €12650. [CrossRef]

Tovar, C.; Arnillas, C.A.; Cuesta, F; Buytaert, W. Diverging Responses of Tropical Andean Biomes under Future Climate
Conditions. PLoS ONE 2013, 8, €63634. [CrossRef] [PubMed]

Mejia-Jurado, E.; Echeverry-Cérdenas, E.; Aguirre-Obando, O.A. Potential Current and Future Distribution for Aedes aegypti and
Aedes albopictus in Colombia: Important Disease Vectors. Biol. Invasions 2024, 26, 2119-2137. [CrossRef]

Bonnin, L.; Tran, A.; Herbreteau, V.; Marcombe, S.; Boyer, S.; Mangeas, M.; Menkes, C. Predicting the Effects of Climate Change on
Dengue Vector Densities in Southeast Asia through Process-Based Modeling. Environ. Health Perspect 2022, 130, 127002. [CrossRef]
Khan, M.; Pedersen, M.; Zhu, M.; Zhang, H.; Zhang, L. General Rights Trend of Dengue Transmission under Future Climate and
Human Population Change Scenarios in Mainland China. J. Math. Anal. Appl. 2024. Available online: https:/ /backend.orbit.dtu.
dk/ws/portalfiles /portal /277514111 /Dengue_20220324.pdf (accessed on 26 April 2025).

Fan, J.C.; Liu, Q.Y. Potential Impacts of Climate Change on Dengue Fever Distribution Using RCP Scenarios in China. Adv. Clim.
Change Res. 2019, 10, 1-8. [CrossRef]

Doscher, R.; Acosta, M.; Alessandri, A.; Anthoni, P; Arsouze, T.; Bergman, T.; Bernardello, R.; Boussetta, S.; Caron, L.P,; Carver,
G.; et al. The EC-Earth3 Earth System Model for the Coupled Model Intercomparison Project 6. Geosci. Model Dev. 2022, 15,
2973-3020. [CrossRef]

Oh, S.G.; Kim, B.G.; Cho, Y.K,; Son, S.W. Quantification of The Performance of CMIP6 Models for Dynamic Downscaling in The
North Pacific and Northwest Pacific Oceans. Asia Pacific J. Atmos. Sci. 2023, 59, 367-383. [CrossRef]

Adhikari, R.K; Yilmaz, A.G.; Mainali, B.; Dyson, P. Performance Evaluation of CMIP6 Models for Application to Hydrological
Modelling Studies—A Case Study of Australia. Sci. Total Environ. 2024, 945, 174015. [CrossRef]


https://doi.org/10.3390/f12101299
https://doi.org/10.1016/j.neuroimage.2022.118908
https://doi.org/10.1016/j.ecolmodel.2023.110353
https://doi.org/10.1002/ece3.6859
https://doi.org/10.1162/imag_a_00082
https://doi.org/10.3390/land11091382
https://doi.org/10.1016/j.ecoinf.2015.07.001
https://doi.org/10.1016/j.tree.2018.08.001
https://doi.org/10.3390/insects14100810
https://www.ncbi.nlm.nih.gov/pubmed/37887822
https://doi.org/10.3390/v15061356
https://doi.org/10.3390/pathogens12111368
https://www.ncbi.nlm.nih.gov/pubmed/38003832
https://doi.org/10.3390/tropicalmed8090439
https://doi.org/10.3390/ijgi12060221
https://doi.org/10.1371/journal.pntd.0000634
https://doi.org/10.1016/j.isci.2023.107577
https://doi.org/10.1111/gec3.12650
https://doi.org/10.1371/journal.pone.0063634
https://www.ncbi.nlm.nih.gov/pubmed/23667651
https://doi.org/10.1007/s10530-024-03298-2
https://doi.org/10.1289/EHP11068
https://backend.orbit.dtu.dk/ws/portalfiles/portal/277514111/Dengue_20220324.pdf
https://backend.orbit.dtu.dk/ws/portalfiles/portal/277514111/Dengue_20220324.pdf
https://doi.org/10.1016/j.accre.2019.03.006
https://doi.org/10.5194/gmd-15-2973-2022
https://doi.org/10.1007/s13143-023-00320-w
https://doi.org/10.1016/j.scitotenv.2024.174015

Insects 2025, 16, 487 18 of 18

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

Nishant, N.; Di Virgilio, G; Ji, F; Tam, E.; Beyer, K.; Riley, M.L. Evaluation of Present-Day CMIP6 Model Simulations of Extreme
Precipitation and Temperature over the Australian Continent. Atmosphere 2022, 13, 1478. [CrossRef]

Oriici, O.K.; Arslan, E.S.; Hosgor, E.; Kaymaz, L; Giilcii, S. Potential Distribution Pattern of the Quercus Brantii Lindl. and
Quercus Frainetto Ten. under the Future Climate Conditions. Eur. J. For. Res. 2024, 143, 465—478. [CrossRef]

Sarikaya, O.; Gencal, T.; Uzun, A.; Sarikaya, A.G. The Current and Future Potential Distribution Areas of the Invasive Oak Leaf
Defoliator Oak Lace Bug [Corythucha Arcuata (Say, 1832)] (Heteroptera: Tingidae) on Oak Forests of Tiirkiye. 2023. Available
online: https:/ /www.researchsquare.com/article /rs-3620520/v1 (accessed on 12 October 2024).

Tiwary, R.; Singh, P.P; Adhikari, D.; Behera, M.D.; Barik, S.K. Vulnerability Assessment of Taxus Wallichiana in the Indian
Himalayan Region to Future Climate Change Using Species Niche Models and Global Climate Models under Future Climate
Scenarios. Biodivers Conserv. 2024, 33, 3475-3494. [CrossRef]

Mantilla-Granados, J.S.; Montilla-Lopez, K.; Sarmiento-Senior, D.; Chapal-Arcos, E.; Velandia-Romero, M.L.; Calvo, E.; Morales,
C.A,; Castellanos, J.E. Environmental and Anthropic Factors Influencing Aedes aegypti and Aedes albopictus (Diptera: Culicidae),
with Emphasis on Natural Infection and Dissemination: Implications for an Emerging Vector in Colombia. PLoS Neglected Trop.
Dis. 2025, 19, €0012605. [CrossRef]

Acevedo-Guerrero, T. Water with Larvae: Hydrological Fertility, Inequality, and Mosquito Urbanism. Environ. Plan. E Nat. Space
2022, 8, 13-30. [CrossRef]

Yin, S.; Ren, C.; Shi, Y,; Hua, J.; Yuan, H.Y,; Tian, L.W. A Systematic Review on Modeling Methods and Influential Factors for
Mapping Dengue-Related Risk in Urban Settings. Int. ]. Environ. Res. Public Health 2022, 19, 15265. [CrossRef] [PubMed]

Ortiz, D.I.; Piche-Ovares, M.; Romero-Vega, L.M.; Wagman, J.; Troyo, A. The Impact of Deforestation, Urbanization, and Changing
Land Use Patterns on the Ecology of Mosquito and Tick-Borne Diseases in Central America. Insects 2022, 13, 20. [CrossRef]
[PubMed]

Seposo, X.; Valenzuela, S.; Apostol, G.L. Socio-Economic Factors and Its Influence on the Association between Temperature and
Dengue Incidence in 61 Provinces of the Philippines, 2010-2019. PLoS Neglected Trop. Dis. 2023, 17, e0011700. [CrossRef]
Gomes, H.; de Jesus, A.G.; Quaresma, J.A.S. Identification of Risk Areas for Arboviruses Transmitted by Aedes aegypti in Northern
Brazil: A One Health Analysis. One Health 2023, 16, 100499. [CrossRef]

Kolimenakis, A.; Heinz, S.; Wilson, M.L.; Winkler, V.; Yakob, L.; Michaelakis, A.; Papachristos, D.; Richardson, C.; Horstick,
O. The Role of Urbanisation in the Spread of Aedes Mosquitoes and the Diseases They Transmit—A Systematic Review. PLoS
Neglected Trop. Dis. 2021, 15, €0009631. [CrossRef]

Martin, J.L.; Lippi, C.A.; Stewart-Ibarra, A.M.; Ayala, E.B.; Mordecai, E.A.; Sippy, R.; Heras, FH.; Blackburn, ].K.; Ryan, S.J.
Household and Climate Factors Influence Aedes aegypti Presence in the Arid City of Huaquillas, Ecuador. PLoS Neglected Trop. Dis.
2021, 15, e0009931. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.3390/atmos13091478
https://doi.org/10.1007/s10342-023-01636-y
https://www.researchsquare.com/article/rs-3620520/v1
https://doi.org/10.1007/s10531-024-02859-0
https://doi.org/10.1371/journal.pntd.0012605
https://doi.org/10.1177/25148486221099801
https://doi.org/10.3390/ijerph192215265
https://www.ncbi.nlm.nih.gov/pubmed/36429980
https://doi.org/10.3390/insects13010020
https://www.ncbi.nlm.nih.gov/pubmed/35055864
https://doi.org/10.1371/journal.pntd.0011700
https://doi.org/10.1016/j.onehlt.2023.100499
https://doi.org/10.1371/journal.pntd.0009631
https://doi.org/10.1371/journal.pntd.0009931

	Introduction 
	Materials and Methods 
	Study Area 
	Collection and Processing of the Presence Database 
	Variable Collection and Processing 
	Selection of Climate Models for Future Distribution 
	MaxENT Modeling 
	Model Validation 

	Results 
	Statistical Metrics of the Distribution Probability Model 
	Probability of Areas for the Distribution of Ae. aegypti in Peru 
	Probability of Future Areas for the Distribution of Ae. aegypti in Peru in Escenarios of Climate Changue 

	Discussion 
	References

