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BACKGROUND: Aedes aegypti and Ae. albopictus mosquitoes are major vectors for several human diseases of global importance, such as dengue and
yellow fever. Their life cycles and hosted arboviruses are climate sensitive and thus expected to be impacted by climate change. Most studies investi-
gating climate change impacts on Aedes at global or continental scales focused on their future global distribution changes, whereas a single study
focused on its effects on Ae. aegypti densities regionally.

OBJECTIVES: A process-based approach was used to model densities of Ae. aegypti and Ae. albopictus and their potential evolution with climate
change using a panel of nine CMIP6 climate models and climate scenarios ranging from strong to low mitigation measures at the Southeast Asian
scale and for the next 80 y.
METHODS: The process-based model described, through a system of ordinary differential equations, the variations of mosquito densities in 10 com-
partments, corresponding to 10 different stages of mosquito life cycle, in response to temperature and precipitation variations. Local field data were
used to validate model outputs.
RESULTS:We show that both species densities will globally increase due to future temperature increases. In Southeast Asia by the end of the century,
Ae. aegypti densities are expected to increase from 25% with climate mitigation measures to 46% without; Ae. albopictus densities are expected to
increase from 13%–21%, respectively. However, we find spatially contrasted responses at the seasonal scales with a significant decrease in Ae. albopictus
densities in lowlands during summer in the future.
DISCUSSION: These results contrast with previous results, which brings new insight on the future impacts of climate change on Aedes densities. Major
sources of uncertainties, such as mosquito model parametrization and climate model uncertainties, were addressed to explore the limits of such model-
ing. https://doi.org/10.1289/EHP11068

Introduction
Mosquitoes from the genus Aedes are major vectors for several
human arboviruses of global importance, such as dengue, Zika,
and Chikungunya viruses.1–3 These viruses can cause severe feb-
rile diseases with long-term physical and cognitive consequences.
Due to their widespread distribution and the large populations at
risk, they represent a major burden on global health and are esti-
mated to be responsible annually for millions of disability-
adjusted life years (DALY4) Because no specific treatment exists
for such viral diseases, with the exception of dengue, for which
the World Health Organization recommends the use of vaccine in
very specific cases only,5 vector surveillance and control repre-
sent the only available and effective strategy to mitigate the out-
breaks of these diseases.6–9 Indeed, vector density is a major
component of vectorial capacity10 and potentially plays a key
role in the transmission of arboviruses, notably for dengue

fever.11–16 Mosquito life cycles are highly dependent on weather
conditions because temperature drives reproduction, maturation
and mortality,17 whereas rainfall drives the availability of breed-
ing sites18 and juvenile mortality (washing off of aquatic stages).
As a result, mosquito densities are expected to be greatly
impacted by global climate change, but it remains unclear how
and where vector risk will change in the future.

Predicting the future evolution of vector risk relies on large
spatial scale modeling of Aedes population dynamics in response
to climate spatial and temporal variations. Species distribution
models have been developed for the two main dengue vector spe-
cies, Ae. aegypti and Ae. albopictus, to predict the future response
of these species’ distribution to climate change at global or conti-
nental scales.19–22 Such statistical models bring valuable knowl-
edge about the potential ecological niche of the associated
vectorborne diseases, yet they cannot bring insight about the level
of vector risk in regions where these species are already present
all year long. Statistical modeling of mosquito population den-
sities, however, poses a greater challenge due to the difficulty to
gather large data sets of spatially consistent density observations
to effectively build the models.

Although data are key to constructing statistical models,
mechanistic approaches on the other hand are less impacted by
data availability because data are usually only used for validation.
Such mechanistic models can simulate mosquitoes’ life cycles
based on quantified knowledge of the response of their different
life stages to climate variations. Process-based models have suc-
cessfully been employed to describe Aedes mosquitoes’ density
variations at local and global scales.23–25 However, they were sel-
dom applied to climate projections to predict the future evolution
of vector risk. To date, a single study used mechanistic models to
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predict the future evolution of densities of one Aedes species, Ae.
aegypti, at a global scale,25 but with no validation of temporal dy-
namics. Because such models rely on strong hypotheses about
mechanistic processes, confidence in future predictions can only
arise from the comparison and confrontation of results from inde-
pendently built models or independent data.

In this study, a compartment process-based model was used
to describe seasonal variations of densities of two Aedes mos-
quito species, Ae. aegypti and Ae. albopictus, in response to con-
temporary and future climates. Aedes densities were modeled on
a 10 by 10 arc-minutes grid at a regional scale in Southeast Asia
(SEA), where both species are ubiquitous and where Aedes-borne
diseases (especially dengue fever) display frequent outbreaks
and pose crucial public health concerns.26–30 To validate the model
seasonal dynamics, we used original density data from temporal
entomological surveys from two Southeast Asian cities: Phnom
Penh, Cambodia, and Vientiane, Lao People’s Democratic
Republic (here after Lao PDR). Based on climate projections
from a range of climate models and scenarios of greenhouse gas
emissions (Worldclim database31; https://www.worldclim.org/
data/index.html), predictions about the evolution of densities of
both species were mapped over selected future periods of the
21st century.

Our results were used to both discuss the potential vector evo-
lutions with the diversity of future potential climates but also the
advantages and flaws of mechanistic approaches in comparison
with other statistical modeling. Overall, the framework allows us
to discuss the magnitudes of predictions uncertainties, which are
key to identify future improvements.

Methods

Study Area
The study area includes the Southeast Asian countries of
Myanmar, Lao PDR, Thailand, Cambodia, and Vietnam, whose
latitudes varies between 5.6° and 28.5° North. This region is
characterized by a contrasting topography, with lowlands under
300 m in altitude (in central Myanmar, Thailand, Cambodia, and
southern and northern Vietnam) and highlands in the north part
of the region (in eastern Myanmar, northern Thailand, Lao PDR,
and northern Vietnam) (Figure S1). The coldest months in the
region (December, January, February) are characterized by aver-
age temperatures between 16°C and 24°C, whereas during the
warmest months (April, May, June), they vary between 24°C and
28°C. Rains show a strong seasonality in the region, with the
rainy season roughly occurring between May and October, with
precipitations averaging 8 mm=d and reaching 40 mm=d in some
parts of the region (e.g., western Myanmar).

Process-Based Climate-Driven Model
Mosquito population dynamics were modeled through a process-
based approach, using the general mechanistic framework pro-
posed by Cailly et al.32 This framework describes, through a sys-
tem of ordinary differential equations (ODE), variations of
mosquito abundance in 10 compartments, corresponding to dif-
ferent stages of mosquito life cycle. Aquatic stages are divided
into eggs (E), larvae (L), and pupae (P); adult stages are divided
into emerging (Aem), nulliparous (A1), and parous females (A2).
Nulliparous and parous females are then subdivided according to
their behavior: host seeking (Ah), transition from engorged to
gravid (Ag), and oviposition site seeking (Ao). This framework
was later used to develop models of Ae. albopictus population dy-
namics in temperate33 and tropical climates.34 In this study, the

ODE system from Tran et al.34 was used to model population dy-
namics of both species separately.

E_ = cAoðb1A1o +b2A2oÞ− ðmE + fEÞE
L_ = fEE− ðmLð1+ L=kLÞ+ fLÞL
P_ = fLL− ðmP + fPÞP
A_ em = fPPre−lemð1+P=kPÞ − ðmA + cAemÞAem

A_ 1h = cAemAem − ðmA + lr + cAhÞA1h

A_ 1g = cAhA1h − ðmA + fAgÞA1g

A_ 1o = fAgA1g − ðmA + lr + fAoÞA1o

A_ 2h = fAoðA1o +A2oÞ− ðmA + lr + cAhÞA2h

A_ 2g = cAhA2h − ðmA + fAgÞA2g

A_ 2o = fAgA2g − ðmA + lr + cAoÞA2o

8>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>:

The diagram of the model is available in Figure S2. All pa-
rameters and functions are derived from results of experimental
studies.35,36 In this study, we used the Ae. albopictus parameters
and functions described in Tran et al.34 and Ae. aegypti parame-
ters and functions gathered from literature.23,37

Parameter values are described in Table 1, adapted from Tran
et al.34: for each stage X, γX is the transition rate to the next com-
partment, lX is the mortality rate, bX is the egg laying rate, and r
is the sex ratio at the emergence; lr is an additional adult mortal-
ity rate related to seeking behavior.

Functions are used to describe the temperature- and precipitation-
dependent transition rates (fX), mortality rates (mX), and carrying
capacities (kX), which vary over time (Table 2). Carrying capacity is
driven by precipitation and is used to regulate the density-dependent
mortality of aquatic stages (larvae and pupae): As rainfall fills breed-
ing sites, higher precipitation enables higher larval and pupal den-
sities before high mortality.

The population dynamics of both species were modeled on a
10 arc-minutes grid (about 16.3 km in the north of Myanmar and
18.4 km in the south of Thailand), based on the spatial resolution
of climate data. Each grid cell was considered as independent
from the others.

Climate Data
Population dynamics were modeled using seasonal variations of
climate variables (surface air temperatures and precipitation)
from contemporary data and from climate models using future
projections. These data were obtained from the WorldClim initia-
tive31 (https://www.worldclim.org/) at a monthly scale. As the
model uses daily inputs, climate data were interpolated linearly
to obtain daily values.

The contemporary seasonal climate corresponded to the
1970–2000 period. Future projections were based on nine climate
models (BCC-CSM2-MR,38 CNRM-CM6-1,39 CNRM-ESM2-1,40

CanESM5,41 GFDL-ESM4,42 IPSL-CM6A-LR,43 MIROC-ES2L,44

MIROC6,45 and MRI-ESM2-046) for four scenarios of greenhouse
gas emissions (Shared Socioeconomic Pathways: SSP1 2.6, SSP2
4.5, SSP3 7.0, and SSP5 8.5, based on CMIP6) and for four periods
(2021–2040, 2041–2060, 2061–2080, 2081–2100) at a 10 arc-
minutes spatial resolution. Special focus was given on climate pro-
jections following SSP1 2.6 and SSP3 7.0 because they correspond
respectively to the objectives set by the Paris Agreements and to a
most realistic scenario of greenhouse gas emissions in the absence
of strong mitigation, as currently experienced. To be more specific,
SSP1 2.6 corresponds to a zero-emission target reached after 2050,
whereas SSP3 7.0 corresponds to a steady increase in greenhouse
gas emissions throughout the century, with CO2 emissions in the
year 2100 twice as high as contemporary levels. In Southeast Asia,
at the end of the century, SSP1 2.6 and SSP3 7.0 are predicted to
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result in an average increase of temperature of 1.5°C and 3.5°C,
respectively, and an average increase of precipitation of 0.2 and
0:1 mm=d, respectively, although with high seasonal and spatial
heterogeneity (Figure S7). Note that results for other scenarios are
also given but discussed more briefly.

All simulations were run during 2 successive climatological
years, but only the last year was analyzed to discard the model
spin-up occurring during the first year. Monthly mean outputs
were considered for the rest of the analysis.

Analysis and Mapping
To assess the relative increase or decrease of adult female den-
sities associated with each climate projection, a percentage
change was computed as the ratio of future density over contem-
porary density.

To assess the concordance between projections associated with
the nine climate models, one Student’s t-test was performed in
each grid cell over the nine percentage change values to test for a
significant difference of their mean from zero (H0: percentage
change is equal to zero, H1: percentage change is different from
zero). Statistical significance (p) was set at the 5% level.

Although the compartment model allows studying the temporal
dynamics of the Aedes species, it requires an a priori knowledge of
the potential mosquito presence, such as the dynamics given by spe-
cies distribution models. Hence, to produce realistic contemporary
mosquito density maps, we first built spatial species distribution for
the two species in the region. Such distributions consisted of spatial
predictions of probability of occurrence of each species, computed
from species distribution models (SDMs) based on occurrence data
from Kraemer et al.20 and topography and land cover data (see Figure
S3A for such species distributions). Details about the SDM are pro-
vided in the “Species Distribution Modeling” section. These maps
were then used to weight the contemporary simulations of species
spatial densities given by the mosquito dynamical model. These
weighted densities maps were then linearly scaled to vary between 0
and 1 to produce a simple and interpretable index of density.

It has to be noted that future percentage changes relied only
on climate variations and on the process-based model. Indeed,
the SDM weighting was only based on topography and current
contemporary land cover data (no future projections of land cover
were used); its effect thus did not appear in the final ratio describ-
ing density percentage change.

Species Distribution Modeling
Geographical distribution of both species was modeled in the study
area based on occurrence data and land-cover and topography maps.
Occurrence data for both species were obtained from Kraemer

et al.20 and subsampled over the two countries of the region with
the largest available data, Thailand and Vietnam, resulting in a data
set of 102 occurrences for Ae. albopictus and 725 occurrences for
Ae. aegypti (Figure S3A). For both species, the same number of
pseudo-absences was randomly sampled in both countries. Land
cover data from the FROM-GLC initiative (Finer Resolution
Observation and Monitoring – Global Land Cover)47 and topogra-
phy data from the Shuttle Radar Topography Mission (SRTM)48

were used as independent variables. Land cover data consisted in a
classification of land surface in eight categories (cropland, forest,
grassland, shrubland, wetland, water, impervious surface, and bare
land) at a spatial resolution of 10 m. Because occurrence data was
available on a 0.01-degree grid, land cover data were converted to
this scale by computing proportions of each land cover category in
each grid cell. Topography data was available at a 90 m spatial reso-
lution but converted to 0.01° by computing elevation and slope
averages and variability of slope in each grid cell.

An ensemble modeling approach was used to model presence/
absence as dependent on land cover and topography. Ensemble
modeling was performed using the biomod2 R package (version
4.0.3; R Development Core Team), considering a combination of
generalized linear modeling (GLM), gradient boosting modeling
(GBM), classification tree analysis (CTA), artificial neural net-
work (ANN), flexible discriminant analysis (FDA) and random
forest (RF) to compute spatial predictions of probability of obser-
vation. Individual model quality was assessed through a 5-fold
cross-validation process and area under the receiver operating
characteristic curve (ROC AUC) quality metrics. All models with
AUC values <0:85 were discarded (Table S1); next, the predic-
tions of the remaining models were averaged with weights pro-
portional to their AUC to compute a single prediction at a 0.01°
resolution over the entire study area (Figure S3A). The resulting
distribution maps were then converted to match the 10-minutes-
of-arc grid used to compute simulations from the process-based
climate-driven model. Distribution maps were thus used to
weight the contemporary simulations of species spatial densities
given by this process-based model, as previously described.

Process-Based Model Sensitivity to Climate Variables
A posteriori sensitivity of modeled species to temperature and
precipitation was estimated as follows: 10,000 combinations of
100 constant values of temperature (between 10° and 40°C), and
100 constant values of precipitation (between 0 and 20 mm=d)
were used to simulate the evolution of mosquito density over 30 d.
Mosquito density values at the end of these 30 d were then
mapped as a function of temperature and precipitation, allowing a

Table 1. Process-based model parameters.

Notation Definition

Value

Ae. albopictus Ae. aegypti

b1 Number of eggs laid/ovipositing nulliparous female 60.0
b2 Number of eggs laid/ovipositing parous female 80.0
r Sex ratio at emergence 0.5
cAem Development rate of emerging adults (per day) 0.4
cAh Transition rate from host-seeking to engorged adults (per day) 0.2
cAo Minimum transition rate from ovipositing to host-seeking adults (per day) 0.2
lE Minimum egg mortality rate (per day) 0.05 0.01
lem Mortality rate during emergence (per day) 0.1
lr Mortality rate related to seeking behavior (per day) 0.08
TE Minimal temperature needed for egg development 10.0
TDDE Total number of degree days necessary for egg development (°C.day) 110
TAg Minimal temperature needed for egg maturation in females (°C) 10.0
TDDAg Total number of degree days necessary for egg maturation in females (°C.day) 77.0

Note: Adapted from Table 2 from Tran et al.34
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mean view of the modeled vector densities sensitivity to both tem-
perature and precipitation.

Validation of Contemporary Temporal Dynamics
Entomological survey data from Phnom Penh and Vientiane
were used to estimate the seasonal dynamics of Ae. albopictus

and Ae. aegypti densities. In Phnom Penh, surveys consisted in
the sampling of 40 pagodas in the city (Figure S4), using 5 ovi-
traps per pagoda picked up every 8 wk between March 2019
and February 2020, resulting in 1,033 sampling points. Ovitraps
without filter paper (black buckets)49 were used to collect
immature stages (larvae), which were then emerged in labora-
tory for species identification using morphological characters.50

Table 2. Process-based model functions.

Notation Definition

Expression

Ae. Albopictus Ae. Aegypti

fE Transition function
from egg to larva

T − TE
TDDE

if T >TE

0 otherwise

8><
>:

24q TK

298 e
DHA
R

1
298−

1
TKð Þ

1+ e
DHH
R

1
T1=2H

− 1
TK

� �

With q=0:01066; DHA =10,798:18;
DHH =100,000; T1=2H = 14,184:5

fL Transition function
from larva to pupa

q1T2 + q2T + q3

with q1 = − 0:0007; q2 = 0:0392; q3 = − 0:3911

24q TK

298 e
DHA
R

1
298−

1
TKð Þ

1+ e
DHH
R

1
T1=2H

− 1
TK

� �
With q=0:00873; DHA =26,018:51;

DHH =55,990; T1=2H = 304:58

fP Transition function
from pupa to
emerging adult

q1T2 + q2T + q3

with q1 = − 0:0008; q2 = 0:0051; q3 = − 0:319

24q TK

298 e
DHA
R

1
298−

1
TKð Þ

1+ e
DHH
R

1
T1=2H

− 1
TK

� �
With q=0:0161; DHA =14,931:94;
DHH = − 472,379; T1=2H = 148:45

fAg Transition function
from engorged adult
to ovipositing
site-seeking adult

T − TAg
TDDAg

24q TK

298 e
DHA
R

1
298−

1
TKð Þ

1+ e
DHH
R

1
T1=2H

− 1
TK

� �
With q=0:00898; DHA =15,725:23;
DHH =1,756,481:07; T1=2H = 447:17

fAo Transition function
from ovipositing to
host-seeking adult

cAo × ð1+ PnormÞ

mE Egg mortality
lE +

0:1 if P>80
0 otherwise

�

mL Larva mortality
0:02+0:0007e0:1838ðT − 10Þ + 0:5 if P>80

0 otherwise

�

mP Pupa mortality
0:02+0:0003e0:2228ðT − 10Þ + 0:5 if P>80

0 otherwise

�

mA Adult mortality 0:025+ 0:0003e0:1745ðT − 10Þ

kL Carrying capacity
for larvae

kL =Pnorm

kP Carrying capacity
for pupae

kP=Pnorm

Note: Adapted from Table 3 in Tran et al.34 Transition and mortality rates and carrying capacity as a function of daily temperature (T) and precipitation (P). Pnorm is the precipitation
amount summed over a 1-wk period and normalized to vary between 0 and 1.

Environmental Health Perspectives 127002-4 130(12) December 2022



For each pagoda and each month, the proportion of emerged
adults among collected larvae was used to extrapolate a number
of captured larvae of each species. Extrapolated numbers of
captured larvae were then standardized by pagoda (divided by
the pagoda maximum) to account for differences in species
abundance level between pagodas. In Lao PDR, surveys con-
sisted in the sampling of five villages from the Vientiane prov-
ince, using two to four BG sentinel traps per village picked up
every 2 wk between May 2016 and March 2020 (Figure S4),
resulting in 440 sampling points. Collected mosquitoes were
identified using morphological characters.50

Total numbers of captures of Ae. albopictus and Ae. aegypti,
standardized by the corresponding number of traps, were com-
puted in both cities and compared to standardized seasonal dy-
namics of densities simulated in these cities based on the local
contemporary climate. Simulated densities were standardized
using a multiplicative coefficient so that simulation and recorded
curves had the same AUC.

Results
Model outputs based on contemporary seasonal variations of
temperature and precipitations were compared to seasonal var-
iations of density recorded from field surveys in Phnom Penh
and Vientiane (Figure 1). In Phnom Penh, entomological field
surveys showed seasonal dynamics of Aedes densities consist-
ing in two peaks of density in June and October for Ae. aegypti
and a consistent rising trend from March to October, followed
by a rapid decrease for Ae. albopictus. In Vientiane, entomological
surveys showed a less complex, one-peak symmetric seasonal dy-
namics of densities of both species. The model seasonal predic-
tions captured the dynamics observed in both cities and for both
species: the single-peak seasonal dynamics of both species in
Vientiane and the more complex two-peak seasonal dynamics of
Ae. aegypti and symmetric single-peak seasonal dynamics of Ae.
albopictus in Phnom Penh. Precipitation was clearly the main
driver of these dynamics, because it presented the same two-peak
asymmetrical seasonality in Phnom Penh and one-peak symmetri-
cal seasonality in Vientiane (Figure S5).

The model was then used to compute seasonal variations of
Ae. albopictus and Ae. aegypti densities at continental scale in
Southeast Asia, using the gridded contemporary observations and
climate model future projections of temperature and precipitation
(see Figures S6−S9). In the following, summer and winter refer
to warmest and coldest trimesters in the region, corresponding
respectively to April-May-June and December-January-February.

During summer months, Ae. aegypti showed elevated densities in
lowlands and coastal areas (Figure 2), a spatial structure driven by its
association to urban habitat (Figures S3B−C). This pattern contrasted
with wintertime when Ae. aegypti densities were much lower over
the domain due to lower temperature and precipitation (Figure S6).

For both SSP1 2.6 and SSP3 7.0 future climates, our model
predicted that the Ae. aegypti densities would mostly increase
in comparison with contemporary levels, except for a slight
decrease in central Myanmar, northern Thailand, and Cambodia
between April and May following SSP3 7.0 at the end of the
century (Figure 2; Figure S9). Summer density evolution
showed higher increases in the northern part of the domain,
whereas winter densities showed stronger increases in the
southern part of the domain, with increases reaching up to
100% for SSP3 7.0 and still 60% for SSP1 2.6 at the end of the
century (Figure 2). These seasonal density increases were
mostly driven by future temperature increases (Figure S10).
Relative increases in densities in both winter and summer
accentuated later in the century, most notably in the business-
as-usual scenario SSP3 7.0, except in northern Myanmar during
the winter months, where SSP1 2.6 resulted in higher densities
than SSP3 7.0 (Figure 2).

Contemporary densities of Ae. albopictus were globally simi-
lar to Ae. Aegypti, with maxima densities occurring during
summer−autumn regionally (Figure 2; Figure S8) due to higher
temperature and precipitation during these months. As for future
Ae. aegypti evolutions, Ae. albopictus showed an increase in den-
sities during the winter months in all climate scenarios (Figure 2;
Figure S9), reaching +50% in 2041−2060 and up to +100% in
2081−2100 for the business-as-usual scenario (SSP3 7.0). In con-
trast to the trends of Ae. aegypti during summer months, Ae.
albopictus showed marked dipoles of increasing and decreasing

Figure 1. Comparison of temporal dynamics of simulated and recorded Ae. albopictus and Ae. aegypti adult female densities in Phnom Penh, Cambodia, and
Vientiane, Lao PDR. Blue dotted lines correspond to monthly standardized captures of Ae. aegypti (top panels) and Ae. albopictus (bottom panels) from ento-
mological surveys in Phnom Penh (left panels) and Vientiane (right panels). Red lines without dots represent monthly standardized simulated densities of both
species, extracted from grid cells corresponding to Phnom Penh and Vientiane locations.
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densities in the northern and southern parts of the continent,
respectively (Figure 2; Figure S9), for all periods and climate sce-
narios. This contrasted pattern accentuated along the century
(Figure S11) and with increased greenhouse gas emissions corre-
sponding to decreased mitigation scenarios (Figure S12). The
dipole accentuation corresponded to topographic constraints,
with increased densities in highlands and decreased densities in
lowlands (Figure S13).

The sensitivity of the process-based model to temperature
and precipitation was estimated through 10,000 simulations
of population dynamics across a range of temperature and
precipitation values (Figure 3). Higher precipitation resulted in
higher adult female densities for both species (Figures 3A,C).
However, the model displayed an optimal temperature above
which increasing temperatures resulted in lower adult female den-
sities. This thermal optimum was much warmer for Ae. aegypti
(33°C; Figure 3A) than for Ae. albopictus (29°C; Figure 3C). In
the range of temperature and precipitation values used here to
evaluate the sensitivity of the model, future changes in temperature
were expected to be of greater importance on model outputs than
future changes in precipitation. Indeed, temperature increases at
the end of the century following the SSP3 7.0 scenario were
shown to be relatively uniform within the domain and to reach as

much as 4.7°C (Figure S7), whereas changes in precipitation were
usually projected to be weak and within −1 to+1 mm=d, only
reaching −3:5OR+3:5 mm=d in localized areas (e.g., south
Myanmar in September; Figure S7). During summer months in
southern Vietnam, rising temperatures predicted at the end of the
century along the SSP3 7.0 scenario were thus expected to bring
Ae. aegypti and Ae. albopictus closer to their thermal optimums
(Figure 3A,C), resulting in an increase in densities (Figures 3B,D).
In contrast, in central Myanmar, where contemporary tempera-
tures are higher, a rise was expected to exceed thermal optimum
of both species (Figures 3A,C), resulting in a decrease of den-
sities (Figures 3B,D). In Thailand, rising temperatures were
shown to have a contrasting effect on the two species, bringing
Ae. aegypti closer to its thermal optimum (Figure 3A), resulting
in an increase in densities (Figure 3B) and exceeding the opti-
mum of Ae. albopictus (Figure 3C), which in turn led to a
decrease in densities (Figure 3D).

Finally, Figure 4 summarizes the evolution of both Aedes spe-
cies for the next century as a function of the four climate scenar-
ios and for the two seasons in the highlands and lowlands
(regions that were shown to show coherent evolutions). Because
future changes in precipitation were shown to be globally null in
both highlands and lowlands (Figure S14), future precipitation

Figure 2.Modeled Ae. albopictus and Ae. aegypti adult female densities in Southeast Asia, based on contemporary climate and future projections. Panels A
describe the spatial variations of modeled Aedes adult female density (top: Ae. albopictus; bottom: Ae. aegypti) for summer (April, May, June) and winter
months (December, January, February), based on topography and land cover and on contemporary climate data input. Panels B describe projections of modeled
Aedes adult female density in summer and winter months at the middle (2041–2060) and end of the century (2081–2100), based on future climate projections
associated with the SSP1 2.6 and SSP3 7.0 emission scenarios. Percentage changes correspond to ratios of projected modeled density over contemporary mod-
eled densities, averaged over the nine simulations associated with the nine climate models. Positive (red) and negative (blue) percentage changes correspond
respectively to higher and lower predicted mosquito density in comparison with the contemporary situation. Purple grid cells correspond to percentage changes
greater than a threshold of 130%, mostly corresponding to areas of null to low contemporary adult female density. Diagonal hashing represent grid cells where
percentage changes associated with the nine climate models are significantly different from zero (Student’s t-test, p <0:05).
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had overall weak influences on the species’ future evolution.
By contrast, future changes in temperature were always posi-
tive and similar in both highlands and lowlands (Figure S14).
The differing response of both species in highlands and low-
lands during summer months, with a weaker rise in Ae. aegypti
densities in lowlands in comparison with highlands (+5% and
+33% at the end of the century for the SSP3 7.0) and a
decrease in Ae. albopictus in lowlands (−24%; Figure 4), can
be explained by warmer contemporary temperatures in low-
lands. Indeed, a future rise in temperature in already warm low-
lands is likely to result in a) a small increase in Ae. aegypti
densities due to contemporary densities already close to their ther-
mal optimum, and b) a decrease of Ae. albopictus densities due to

excessive heat bringing the species beyond its thermal optimum.
In highlands during summer months and in the entire domain dur-
ing winter months, rising temperatures resulted in an increase in
densities of both species because their present-day background cli-
mate was well below the excessive heat thresholds. Indeed, at the
end of the century following the SSP3 7.0, Ae. aegypti and Ae.
albopictus densities increased by 15% and 21%, respectively, in
the entire domain during winter months.

The potential effects of climate mitigation measures was inves-
tigated by computing the relative change in adult density associ-
ated with a transition from SSP3 7.0 to SSP1 2.6 at the end of the
century. Over the entire domain, mitigation measures would result
in an average yearly decrease in Ae. aegypti densities of 5% and

Figure 3. Process-based model sensitivity to temperature and precipitation. Process-based model simulations were performed over various constant values of
temperature and precipitations. Model outputs were extracted after 30 d of simulation and plotted against corresponding temperature and precipitations (Panels
A and C). White dots and arrows represent evolution of temperature and precipitations from contemporary to future projections (2081–2100/SSP3 7.0) at a spe-
cific month and location, displayed on the panels B and D. Note: SSP, Shared Socioeconomic Pathways.
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an increase in Ae. albopictus densities of 7%. Such mitigation
measures would even result in a global increase of Ae. albopictus
densities of 28% during summer months, because colder tempera-
tures would bring the species closer to its thermal optimum
(Figure S15C and D). For Ae. aegypti during summer months,
these mitigation measures would result in an average increase in
densities of 2%, although with some local variations, e.g.,
increases of ∼ 20%− 40% in central Thailand and Myanmar and
decreases of about 10%−20% in Vietnam and in the north of the
domain (Figure S15B).

Discussion

Main Results
A process-based model was used here to simulate climate-
dependent seasonal population dynamics of two human arbovirus
vectors, Ae. aegypti and Ae. albopictus, in Southeast Asia, for
present and future climates. Using climate model projections of
temperature and precipitation enabled us to produce predictions
of vector densities up to the end of the 21st century in four cli-
mate scenarios. Results suggest that densities of Ae. aegypti mos-
quitoes, which are currently the main vectors of dengue fever in
Southeast Asia, will increase in most parts of the continent during
the 21st century in all scenarios. Even strict implementation of
the Paris Agreement’s greenhouse gas emissions reductions
[here, the SSP1 2.6, Intergovernmental Panel on Climate Change

(IPCC) report]51,52 would not mitigate this rise in mosquito den-
sities. Indeed, following the SSP1 2.6 pathway instead of the cur-
rent SSP3 7.0 would result in a very limited decrease in Ae.
aegypti densities and even a slight increase in Ae. albopictus
densities.

Given the current climate model projections, the projected
changes of Aedes densities are more likely to be driven by a
future change of temperature than a change in precipitation,
which do not show clear evolutions between climate models.
Indeed, although climate models systematically predict a rise of
temperatures in all Southeast Asia, they do not agree in predicting
the direction of the change in precipitation in most parts of the
continent, especially during summer months (Figure S7). Given
the agreement of the modeled temperature projections, and even
with such precipitation uncertainties in state-of-the-art model
CMIP6 outputs, mosquito densities modeled from all separate cli-
mate projections agreed in the direction of the future change of
Aedes species, with an overall increase of Ae. aegypti densities
and dipoles of increased and decreased Ae. albopictus densities
in highlands and lowlands, respectively.

Implications of Rising Temperatures
Health implications. Because Ae. aegypti is the main vector of
dengue fever in Southeast Asia, rising temperatures on the conti-
nent, along the current pathway where the SSP1 2.6 seems

Figure 4. Evolution of projected Aedes density across the 21st century following four SSP scenarios. Grid cells were split in two groups considering their ele-
vation (Highlands: elevation >600 m, Lowlands: elevation >600 m). For each species, scenario, period and month, points and bars represent respectively
mean and standard deviation of percentage change values associated to all climate models and all grid cells. Note: SSP, Shared Socioeconomic Pathways.
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unlikely and the SSP2 4.5/SSP3 7.0 seem more likely,53 thus
pose a real threat of increased dengue risk. Indeed, although rela-
tionships between vector indices and dengue risk are difficult to
establish,11 Aedes vector density has been shown to correlate pos-
itively with dengue occurrence.12–15 An increase of vector den-
sity, added to a lengthening of the season of high density (Figure
S16) due to a lengthening of warmer seasons, are thus likely to
result in higher incidence, higher numbers of outbreaks, and a
lengthening of the epidemic season. Rising temperatures may
also amplify this pattern through other mechanisms, such as an
increase of Aedes feeding rate (up to a threshold of 36°C)54,55 or
a reduction of the extrinsic incubation period, as it has been evi-
denced for dengue fever.54,56,57 Yet, the effects of rising temper-
atures on mosquitoes’ densities may also be mitigated, because
mosquitoes’ life span may shorten with higher tempera-
tures,35,37,55 reducing the risk of disease transmission between
two hosts.58,59 Ryan et al. incorporated these complex biologi-
cal factors into a global transmission model and provided future
projections associated with various climate scenarios.60 Their
results in Southeast Asia align with ours, because they predicted
an increase in disease transmission through Ae. aegypti as well
as a reduction of transmission through Ae. albopictus. The same
conclusions were reached in our study and in Ryan et al. about the
effect of greenhouse gas emission mitigation measures, which
were expected to attenuate transmission through Ae. aegypti but
increase transmission through Ae. albopictus. Using various cova-
riates including climate variables, Messina et al. built a statistical
model of dengue occurrence at global scale to provide future pre-
dictions of climate change consequences on dengue risk.61 Their
conclusions, however, contrast with ours in Southeast Asia, where
they predict no real change in dengue risk in the future. These
comparisons highlight the importance of considering models of
different natures to reach scientific consensus and make reliable
predictions about the health effects of climate change.

Ecology implications. Rising temperatures over the continent
are likely to benefit Ae. aegypti, because the process-based model
displays a high optimal temperature of 33.3°C (Figure 3). In con-
trast, rising temperatures are not expected to benefit Ae. albopictus
in all of Southeast Asia, because the model displays a colder opti-
mal temperature for this species at ∼ 29:1�C (Figure 3), which is
likely to be exceeded in most parts of Southeast Asia during
summer months at the end of the century, according to all climate
models. This factor resulted in the model predicting a decrease of
Ae. albopictus densities everywhere except in the northern parts of
Southeast Asia (Figure 2).

Regions where the model predicts rising Ae. albopictus den-
sities match with topography maps and correspond to regions of
higher altitude (Figure S13), where rising temperatures may get
mosquitoes closer to their optimal temperature. This change
could result in an expansion of the niche of the species toward
higher altitudes, as has been projected in northern and southern
America, Africa,19,62 and Asia.63

An important consideration is that those overall optimal tem-
peratures from the model were driven by the underlying
temperature-dependent functions used to describe development
and mortality rates of each life stage, based on the literature. For
instance, the transition rate from larvae to pupae shows a lower
optimal temperature for Ae. albopictus (28°C) than for Ae.
aegypti (31°C; Figure S17). This factor, as well as considerations
of climate variable uncertainties, naturally lead to the discussion
on the potential limitations of this study.

Limitations. Outputs from the model provide only indices of
the relative density of Aedes mosquitoes, but not quantitative
evolutions of number of adults per surface area. To be able to
provide such information, one needs to rely on the quantification

of the density of breeding sites, which is not available at this spa-
tial scale from observations. Although relative indices of adult
densities from the present modeling could provide valuable infor-
mation on seasonal variability and future evolution, we advocate
for a major effort in observations of breeding site adult densities
on regional scales.

The two species were considered separately in our modeling
framework, with no interaction between them. Yet, they can of-
ten share the same breeding sites and interspecific competition
can occur among aquatic stages.64,65 For instance, both species
can share the same breeding sites in urban environments (e.g.,
used tires).66 Competition between Aedes species was not imple-
mented in our framework because it depends on very complex
mechanisms that could not be accurately described at this spatial
scale, such as the diversity of breeding sites,67 the nature of
available nutrients,65 and the history of species spread.68 Our
predictions about future changes in densities of each species
should thus be interpreted as their separate response to changes
in their climate suitability. Interspecific competition has the
potential to increase or decrease our predictions for each species,
for instance, in areas where they use similar breeding sites, such
as urban areas.

Seasonal variations of densities were assessed using climate
data at a monthly scale. This process did not allow us to account
for the effects of extreme climate events occurring at a sub-
monthly scale and responsible for extreme values of temperature
or precipitation. For instance, extreme rainfall events can result
in a drop in egg, larva, and pupa densities due to the washing of
breeding sites, yet such mechanism could not be accounted for
here due to the smoothing of monthly climate data. As pointed
out in the IPCC reports,51,52 such extreme events are forecast to
increase in the future and will need to be considered in future
studies.

Considering the objective of asserting the impact of climate
over Aedes densities, only rain-filled breeding sites were consid-
ered in the modeling framework. The presence of human-filled
breeding sites (e.g., water storage containers, flower vases) typi-
cally found in urban settings where the SDM model predicts
highest probabilities of occurrence (Figure S3B) could attenuate
the effect of rainfall over density variations. Yet, we believe this
is of negligible impact because urban settings also present numer-
ous rain-filled artificial breeding sites, such as buckets, tires, and
plastic bottles.69–71

Although seasonal variability of mosquito density was assessed
through the process-based model, its baseline spatial variability
was estimated with statistical SDMs. SDMs predicted higher
probability of presence in urban areas (high proportion of imper-
vious surface land cover type) for both species. This pattern
could be due to some extent to an observational bias in the occur-
rence database, with populated areas potentially more likely to
be surveyed than rural areas. However, the potential observa-
tional bias is only pertinent when examining contemporary
density maps but has no consequences for the conclusions
about the future relative evolution of densities, which did not
depend on SDM outputs. Still, SDM outputs could be pertinent
to inform the future evolution of densities, for instance by
using predictions of future urban expansion such as provided
by Huang et al.72

Several sources of uncertainty can, however, compromise
future projections. First, the process-based model does not appre-
hend adaptive abilities of the species, potentially responsible for
variations of biological responses to varying temperature, both on
spatial scales with potentially differing genetic strains between
regions73–75 and on evolutionary scale, with species likely to adapt
to changing environmental conditions. Such a mechanism is
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particularly relevant for Aedes species, considering the role of ad-
aptation to cold temperatures in the recent invasion of Ae. albo-
pictus in temperate regions, such as Europe and northern
America.76,77

Another source of uncertainty comes from the climate model
data used as inputs in the process-based model. In our study, par-
ticular focus was given to projections corresponding to the SSP3
7.0, because it is considered as one likely scenario if current
greenhouse gas emissions are not curbed drastically to reach the
levels in the Paris Agreements.53 Still, uncertainty remains about
the projections from climate models following this scenario,
especially for precipitation projections at the regional scales.78

To take into account such uncertainties and capture their magni-
tude, nine different climate models were considered in our
study. Although differing in their magnitude, outputs from com-
putations based on all climate models converged in predicting
the global trends of Aedes densities—i.e., a regional increase of
Ae. aegypti densities in the continent for all scenarios and a
contrast between an increase of Ae. albopictus densities in high-
lands and a decrease in lowlands.

A main source of uncertainty in density projections remained
in the parameters and weather-dependent functions used to
describe the mortality and transitions rates between life stages of
mosquito cycles. An interesting consideration is that a similar
process-based compartment model developed by Liu-Helmersson
et al.25 using different functions and parameters than the present
study reached opposite conclusions in some parts of Southeast
Asia for projections of Ae. aegypti densities. The roots of such
discrepancies were explored here. They probably lie in important
quantitative differences in temperature-dependent transition func-
tions between the Liu-Helmersson et al. study and the present
study, such as transition rates from larvae to pupae and from
pupae to adult (Figure S18). Indeed, a sharp decline in transition
rates used by Liu-Helmersson et al.25 above 20°–22°C is consist-
ent with their predicted decrease of adult densities in Southeast
Asia lowlands, where rising temperatures are more likely to
exceed the optimal temperature threshold of their model.

Such divergence in functions and outputs reveals the impor-
tance of proper parameter estimates in process-based models.
Process-based models are based on solid scientific knowledge
of the species biology, but confidence in such models’ predic-
tions can only come from a confidence in the underlying func-
tions used to describe species’ response to given meteorological
variations. Unfortunately, there are too few observational-based
studies to choose such parametrization with confidence, and
these may also be spatially dependent. Given the paucity of
observations, researchers rely on the current literature to imple-
ment such climate-dependent parametrization, and we advocate
for more observational/lab studies to estimate how the mosquito
life cycles depend on meteorological variables at regional scales
across the world.

Validation
Because weather variables show great variability at the seasonal
scale, the ability of our model to describe adult density response to
these variables was attested to through comparison with seasonal
dynamics of mosquito densities measured from field survey.
Validation of spatial dynamics was not feasible here due to the in-
herent difficulty of gathering spatially consistent mosquito density
data. Indeed, most methods used to survey mosquito abundance or
density involve the use of traps to capture eggs and adults, which
can be subject to spatially inconsistent sources of bias. Indeed, adult
traps can only capture an unknown and variable proportion of adults
in a location, whereas egg traps can be biased by local availability
of breeding sites (a higher number of surrounding breeding sites

dilutes the number of adults that will lay eggs in the trap).79 Mark–
release–recapture methods are able to approximate consistently the
abundance of mosquitoes in different locations80–83 but are very
costly and time-consuming.

Field data from Phnom Penh and Vientiane were used here to
estimate only seasonal variations of Aedes densities. In Phnom
Penh, records covered only a single year of sampling and were
therefore not likely to be fully representative of the seasonal var-
iations of densities in the location. Still, seasonal dynamics of
densities, although contrasted between the two species, appeared
to both match with outputs from the process-based model.

Further Uses of Modeled Mosquito Densities for
Vectorborne Diseases
Model outputs describing vector risk can be used in different ways
to investigate how it translates into disease risk. Such process-
based model outputs have indeed been used as input in dengue
mechanistic transmission models.84 Temporally variable indices of
adult density, for instance those modeled from historical observed
gridded climate data (e.g., from the Worldclim data set), could
also be used in statistical models as an independent covariate to
build better disease predictive models when long-term data
from density surveys are not available. Outputs from large-scale
process-based models of Ae. aegypti density have indeed been
shown to correlate with local dengue fever caseload.85 Yet,
causal relationships between vector density and disease risk are
not completely apprehended for diseases like dengue fever11,86

as a result of a lack of long-term reliable longitudinal entomo-
logical survey data.11,13 In such contexts, process-based model
outputs can be useful as proxies to investigate empirical relation-
ships between vector density and recorded disease dynamics.

Conclusion
This work brings new insights about the benefits and limitations
of process-based approaches for the modeling of mosquito den-
sities and provides a new tool for investigating the climate de-
pendency of mosquito-borne diseases dynamics. Most important,
these findings carry further evidence that climate changes that are
human in origin will impact ecosystems and, in turn, public
health by highlighting the threat of a rise in densities of a potent
vector for numerous infectious diseases in Southeast Asia for the
coming 21st century. We show that reductions of greenhouse gas
emissions following strictly the Paris Agreements, although
unlikely at the date of the present study, would have a limited
impact on this increase in vector risk.
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