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Due to the global increase in mosquito-borne diseases outbreaks it is recommended to increase surveillance and
monitoring of vector species to respond swiftly and with early warning indicators. Usually, however, the in
formation about vector presence and activity seems to be insufficient to implement timely and effective control
strategies. Here we present an improved mathematical model of Aedes aegypti population dynamics with the aim
of making the Dengue surveillance system more proactive. The model considers the four life stages of the
mosquito: egg, larva, pupa and adult. As driving factors, it incorporates temperature which affects development
and mortality rates at certain stages, and precipitation which is known to affect egg submergence and hatching,
as well as larval mortality associated with desiccation. Our mechanistic model is implemented as a free and
stand-alone system that automatically retrieves all needed inputs, runs a simulation and shows the results. A
major improvement in our implementation is the capacity of the system to predict the population dynamics of Ae.
aegypti in the near future, given that it uses gridded weather forecast data. Hence, it is independent by meteo
rological station proximity. The model predictions are compared with field data from Córdoba City, Argentina.
Although field data have high variability, an overall accordance has been observed. The comparison of results
obtained using observed weather data, with the simulations based on forecasts, suggests that the modeled dy
namics are accurate up to 15 days in advance. Preliminary results of Ae. aegypti population dynamics for a
consecutive three-year period, spanning different eco-regions of Argentina, are presented, and demonstrate the
flexibility of the system.

1. Introduction
Dengue is a rapidly spreading mosquito-borne disease with recent
outbreaks throughout the Americas (PAHO/WHO, 2020). The main
vector of dengue virus is Aedes aegypti (Linnaeus, 1762), a mosquito
species originally from Africa (Souza-Neto et al., 2019) that, propagates
under global warming, urbanization and globalization, has invaded
many temperate areas of the world (Liu-Helmersson et al., 2019; Vez
zani and Carbajo, 2008), reaching latitudes as far south as 40∘ S (Rubio
et al., 2020a). This mosquito species is fully adapted to urban areas

where it can fulfill all of its ecological needs (Powell and Tabachnick,
2013).
The dynamics of mosquito-borne diseases are assumed to be strongly
linked to the abundance of the host vector. In this sense, the main
recommendation from the World Health Organization (WHO) and the
Pan American Health Organization (PAHO) is to conduct rigorous vector
surveillance and control programs which make up an essential compo
nent of disease prevention (PAHO/WHO, 2020; WHO, 2020).
Unfortunately, as WHO explained, a weakness of Dengue prevention
strategies is that in several cases they are reactive rather than proactive
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(WHO, 2010); implying that recording only lagged information about
the presence or abundance of Ae. aegypti might be insufficient for a
Dengue prevention system.
The populations of Ae. aegypti are regulated by exogenous (envi
ronmental) and endogenous (density-dependent) drivers (Yang et al.,
2008). The combination of these drivers contribute to the characteristic
oscillatory pattern of peaks and troughs in mosquito abundance over the
course of a single year (Hone and Clutton-Brock, 2007). Temperature
effects on mosquito biology are well documented, indeed, temperature
accounts for most of the observed variation in larval development rates
(Yang et al., 2008). Less studied, precipitation patterns could limit ju
venile mosquito survival by overflowing larval breeding sites, or by
drying them out (Costa et al., 2010). Indeed, immature stages of Ae.
aegypti are predominantly linked to ephemeral habitats, i.e., breeding
sites are limited in water volume and typically last for short periods of
time. Such habitats include different types of disposable containers,
tyres, tree holes, and small pools (Chandrasegaran et al., 2020; Vezzani
et al., 2005). Importantly, Ae. aegypti females lay eggs on the walls of
such containers just above water level in contrast with other species that
directly lay eggs in the water (Christophers, 1960). For these reasons,
temperature, precipitation and water amount in a container are
considered in our model.
There are a number of approaches that have been developed to
explain the basic causes underlying fluctuations in natural and
controlled populations. To implement control measures, most studies
have focused on describing and quantifying habitat associations and
spatio-temporal distribution of vector species (Yang et al., 2009). As a
way to reduce the gap between surveillance and prevention, different
mechanistic models have been developed to better understand this
biological system, explain temporal patterns, and forecast Ae. aegypti’s
population dynamics. Initially, Focks et al. Focks et al. (1993) developed
a deterministic model incorporating several biological processes (sur
vival, development and fecundity) for four different life stages: egg,
larvae, pupae and adult. Later on, Otero et al. Otero et al. (2006)
introduced a minimalist temperature-driven deterministic differential
equation model and an associated stochastic model (Kurtz, 1970; Kurtz,
1971; Otero et al., 2006), for these four life stages in regions with no dry
season, thus not considering the dependence on rainfall for the hatching
rate. More recently, Aznar et al. Aznar et al. (2013) developed an
improved stochastic model which considers rainfall as the trigger for egg
hatching. In this model, when rainfall surpasses a certain threshold, eggs
will be considered wet and begin to hatch at a temperature-dependent
rate. Here, we improved the deterministic model proposed by Otero
et al. Otero et al. (2006) by including the effect of rainfall. We follow,
however, a different approach than the one proposed by Aznar et al.
Aznar et al. (2013). For a certain container (i.e., artificial recipient
containing water that might be used by females to lay eggs), the water
level (rainfall dependent) and the position where eggs are laid is
modeled explicitly. Hence, a container with water level larger than zero
cm is considered a breeding site; and only submerged eggs will hatch at a
rate that depends on temperature.
One of the biggest challenges in previous climate-driven models, was
to obtain meteorological information for places where no weather sta
tion is available. For this reason, our meteorological data sources consist
of grids from atmospheric reanalysis, satellite technology and weather
forecast models. The latter aims to make the population dynamics model
a more proactive tool, allowing users to forecast abundance values in
advance, according to predicted weather conditions.
In the present work we aim to: i) describe our improved version of an
Ae. aegypti weather-driven population dynamics model, ii) compare
simulation results with field data and iii) introduce the implementation
of the model as part of a stand-alone operational application based on
open source software and open access global weather data for those in
charge of vector borne diseases surveillance and control. We understand
that all of these properties are important: free so that everyone can ac
cess and experiment with it; open-source so that it can be examined and

validated; stand-alone to automatically retrieve all needed input, run a
simulation and show results without any need for extra data sources.
2. Materials and methods
2.1. Model general overview
The original model proposed by Otero et al. Otero et al. (2006) was
built for temperate climates under the assumption that rainfall is regu
lar. Population is divided in five compartments, eggs (E), larvae (L),
pupae (P), non-parous (A1) and parous adult females (A2) (Fig. 1). The
evolution of these populations is affected by the events: egg hatching,
pupation, adult emergence, completion of gonotrophic cycles and
mortality at each stage. The development rate for egg hatching, pupa
tion, adult emergence and completion of gonotrophic cycles are based
on the thermodynamic model developed by Sharpe and DeMichele
Sharpe and DeMichele (1977). The distinction between non-parous and
parous adult females is made because the gonotrophic cycle for the first
oviposition takes longer than the subsequent ovipositions (Otero et al.,
2006). Furthermore, as in the original model, we assumed that the
availability of blood meals for adult females is not a limiting resource.
However, this model makes significant amendments to the original
model, which assumed fixed breeding sites, and rainfall-independent
hatching. The minimalist nature of Otero et al. Otero et al. (2006)’s
model makes it an excellent base to build extended models from, such as
the one presented here. Thereby, and to overcome these limitations
already described by Otero et al. Otero et al. (2006), we included rainfall
and explicitly modeled the amount of water in containers of adjustable
size, allowing to introduce precipitations as a trigger for egg hatching.
Overall, our model is:
• compartmental: the population is divided according to the observ
able mosquito life stages (the model considers the full population as a
genetically homogeneous set, and it does not account for cohorts),
• deterministic: it represents the average behaviour of the population,
• climate-driven: the population dynamics are mainly driven by tem
perature and precipitation. The former affects development rates and
mortality at certain stages (Christophers, 1960; Focks et al., 1993;
Otero et al., 2006) as well as females’ gonotrophic cycle (Carrington
et al., 2013; Goindin et al., 2012; Marinho et al., 2016) and the latter,

Fig. 1. Aedes aegypti’s life cycle. The population stages are indicated in boxes.
The arrows indicate transition from one stage to the other. The dashed arrows
indicate one stage modifying the other. Processes influenced by temperature are
in red and processes influenced by temperature and precipitation are shown in
magenta. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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creates (new) potential breeding sites and triggers egg hatching, i.e.,
eggs submergence is a necessary Christophers, 1960.
• dynamic: most of the events mentioned at the beginning of this
section happen at rates that depend on temperature and/or precip
itation, which are functions of time since they change during the
year. Therefore, the dependence on temperature and precipitation
introduces a time dependence to the model.

Table 2
Parameters of the population dynamics model for Ae. aegypti.

2.2. Description of Aedes aegypti population dynamics model
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Larval development rate (day

par(t)

Pupal development rate (day− 1)
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Gonotrophic cycle coefficient (number of daily
cycles)
for adult females in stage 1 (A1) (day− 1)
Gonotrophic cycle coefficient (number of daily
cycles)
for adult females in stage 2 (A2) (day− 1)
Larval mortality (day− 1)
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Larval mortality by desiccation (day
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This work
This work
This work

Wj (t)
→
C dj
Wj (t) + ε

(6)

W (t)

as an approximation of a step function that is 1 when the water level is
greater than 0 and 0 when the container is dry. The smaller the value of
ε, the closer the approximation. The value for ε was set arbitrarily, but
aims to obtain a low sensitivity(2.8). We followed this approach to avoid
artifacts in the solution.
Eggs are usually laid on the sides of the container just above water
level (Christophers, 1960). Hence, we consider the function Oviposition
Site Preference (ovsp)

Reference

− 1

0.1

j
dry container from a container with water. To achieve this we use Wj (t)+
ε

Table 1
Functions of the population dynamics model for Ae. aegypti.

ovr2(t)

(Otero et al., 2006)
(Otero et al., 2006)
(Otero et al., 2006)
(Otero et al., 2006)
To the best of our
knowledge
This work
This work
This work
(Otero et al., 2006)

→
where Cdj is the proportion of containers of type j, Wj is the water level
(in cm) in a container of type j and ε = 0.0001. A container with water is
suitable for the adult female to lay eggs while dry containers are not
→
eligible for oviposition. Hence, the function b spj (t) must differentiate a

The functions and parameters of the Ae. aegypti model are described
in Table 1 and Table 2, where some values and definitions correspond to
the original model presented by (Otero et al., 2006), and new

Temperature (K)
Egg hatching rate (day− 1)

63
0.01
0.83
0.09
2

→
b spj (t) =

− ovr1 (t)A1 (t)

T(t)
elr(t)

Number of eggs laid per oviposition
Egg mortality (day− 1)
Emergence factor
Adult mortality (day− 1)
Larval mortality rate on dry
container (day− 1)
Containers
Type of containers
Container Level Height (cm.)
Larval density-dependent mortality
(larvae− 1 day− 1)
Height of the n types of containers
(cm.)
Radius of the n types of containers
(cm.)
Proportion of the n types of
containers

parameters and functions are explained in the text.
The original model was modified to incorporate precipitation and
different types of containers, which vary in height. In the remainder of
this subsection, we address the modifications made for each of the above
equations. As for functions and constants in the original model please
refer to (Otero et al., 2006).
The subscript i is used to denote the water level inside a container
and the subscript j to denote the type of container. For example, Ei, j(t)
represents the amount of eggs at level i, in a container j at a time t. As for
the units, height/distance is in centimeters, and time in days.
In Eq. (1), E(t) ∈ ℝm×n represents the eggs at a time t, in n types of
containers, where each type of container is divided in m levels. n, m ∈ ℕ
are fixed values provided by the configuration of the model.
→
The breeding site preference b sp considers the proportion of eggs
laid in each type of container,

)

→
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→
→
→
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The population dynamics model is based on a system of ordinary
differential equations (ODE).
The equations read as follows:
dEi,j (t)
dt

Parameter

et al.,
et al.,
et al.,

⎧
⎪
⎪
⎨

et al.,

ovspi,j (t) =

(Otero et al.,
2006)

⎪
⎪
⎩

→
b spj (t)
)
(∑n →
max
b spj (t) , ε
j=1

if Clh (i − 1) ≤ Wj (t) < Clh i

0

otherwise
(7)

(Otero et al.,
2006)
Eq. 10
(Otero et al.,
2006)
(Otero et al.,
2006)
Eq. 7
Eq. 8

where Clh is the level height, a constant defined in the configuration file.
The accuracy of the position where eggs are laid within the breeding site
(i.e., a level) is determined by Clh. The smaller the level height, the more
levels each container will be divided in. The fraction in 7 is used to
consider the proportion of available breeding sites only. The max
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→
function is used to avoid numerical issues when b spj (t) is close to 0 for
all container types at the same time.
We assume that eggs need to be submerged in order to hatch
(Christophers, 1960). The function Water Mask (wm) is used to select
eggs below water level only,
{
1
if Clh (i − 1) ≤ Wj (t)
wmij (t) =
(8)
0 otherwise

→
To obtain Wj , this expression was slightly changed to contemplate
→
→
→
the fact that 0 ≤ Wj ≤ C hj where C h consists on the height of the n
types of containers. Other approaches to take rainfall into account can
be found in (Aznar et al., 2013; Gong et al., 2010; Lee et al., 2016; Tran
et al., 2013; Valdez et al., 2017).
Precipitation is obtained as a set of discrete daily values. Since it is
convenient to work with a continuous function, p(t) was introduced and
→
constructed as follows: Let P := (P0 , …, Pl− 1 ) ∈ ℝl be the vector of daily
accumulated precipitations, where the precipitation rate p(t) : ℝ → ℝ is:
[ (
)
]
3π
p(t) = P⌊t⌋ sin 2πt +
+1
(13)
2

Livdahl et al. Livdahl et al. (1984) found that a high density of larvae
can prevent eggs from hatching. To include this phenomena, Otero et al.
Otero et al. (2006) introduced the γ function. This function was slightly
modified here to take into account the amount of water in a cylindrical
→
container of fixed radius C rj . If there is no water, the hatching is totally
inhibited. When the container is filled, if larval density is less than the
threshold, no inhibition takes place, but when the density surpasses the
threshold, partial inhibition occurs.
⎧
⎪
→
⎪
⎪
1
if W j (t) ≤ ε
⎪
⎪
⎪
(
) ⎪
(
)
⎨
→
→
→
L j (t)
→
→
→
γ L j (t) , W j (t) = 0
if
W
(t)
>
ε
and
≤
a
(t)
,
C
r
W
j
0
j
j
→
⎪
⎪
C C dj
⎪
⎪
⎪
⎪
⎪
⎩ 0.63 otherwise

and P⌊t⌋ ∈ {P0, …, Pl− 1}. An example of the function p(t) is shown in the
supplementary material. The motivation behind p(t) was to build a
simple continuous function in which the area under the curve, for any
given day, is equal to the accumulated precipitation for that day. For T(t)
and RH(t) functions, a one-dimensional interpolating spline from Py
thon’s SciPy package (Jones et al., 2001) was used.
2.3. Model initial conditions and simulations
The equations were solved numerically using the Runge-Kutta (RK4)
1
method implemented in C++17, with a time step h = 20
. The simula
tions were run for the period 2015–2020, with an initial population of
100 eggs and one ideal cylindrical container. Parameters took the
→
→
following values C = 1, n = 1, C r = 5, C d = 1. The value for Ch will be
explicitly mentioned for each simulation.

(9)
(
)
→
→
→
→
where a0 Wj (t) , C rj = 70 Wj (t) π C rj 2 10− 3 . The critical density, 70
larvae per litre, is the density where the hatching fraction changes.
Otero et al. Otero et al. (2006) considers critical density values between
10 and 70 larvae per litre. In a later work, however, the inhibition of egg
eclosion due to high larval density was no longer considered because it
was not observed in field studies (Otero et al., 2008). While we kept the
effect of inhibition, the highest critical density was used to reduce its
influence. Concisely, hatching depends on temperature by the elr(t)
function, on larval density by the function γ and on water level by wmi,
j(t).
→ →
In Eqs. (2) and (3), L (t), P (t) ∈ ℝn represent larvae and pupae in n
types of containers at time t. We consider an increment of larval mor
tality in the event of a container drying out (i.e., mortality caused by
desiccation):
⎞
⎛
→
Wj ⎟
⎜
→
m dlj (t) = mdlr ⎝1 − →
(10)
⎠
Wj + ε

2.4. Model implementation within a software application
The Ae. aegypti model was implemented as a module in a larger
software application that also retrieves the meteorological data, needed
by the model, and presents the output as a plot of mosquito abundance
per life stage over time. A block diagram of the application that we
developed is outlined in Fig. 2. The get_weather module automatically
downloads meteorological datasets (See section 2.5) and transforms the
original GRIB or NETCDF formats into a.csv time series for the co
ordinates defined in the get_weather.cfg configuration file of the appli
cation. This configuration file is a list of cities with their latitude and
longitude coordinates. The file is then parsed and processed resulting in
a time series.csv for each city in the list. The module was implemented in
Python 3 using pygrib v2.0.2, netCDF4 v1.5.3 and the standard multi
processing package to extract several points simultaneously. The
application produces the output in.csv format or as an interactive plot in.
html format. This output contains mosquito population values per stage
and water level at each time step.
The source code of the application is available at https://github.
com/CONAE-GVT/aedes_aegypti/tree/master. The implementation can
be found at http://pluton.hopto.org:8080/app.

where mdlr = 2 day− 1 (Table 2) is a constant estimated to the best of our
knowledge.
In Eqs. (4) and (5), A1, A2 ∈ ℝ represent nulliparous and parous adult
females. The first equation was slightly modified to take into account the
adult females emerged from several types of containers, and the second
→
equation remained unchanged from the original model. W represents
→
the amount of water in the n types of containers. For example, W(t) =
(1.5, 3.2) indicates that at a time t, the containers of type 1 contain 1.5
cm of water, and containers of type 2, contain 3.2 cm.
The water is incorporated (Quantity Gathered) through precipita
tion, QG(t) = p(t) 10− 1. To account for water lost by evaporation
(Quantity Released), the Ivanov model is used (Romanenko, 1961) with
temperature expressed in Kelvin.
QR(t) = 6 10−

5

(25 + T(t) − 273.15 )2 (100 − RH(t) ) 10−

1

2.5. Meteorological input data
The Ae. aegypti model uses three meteorological variables: daily
mean temperature, daily mean relative humidity and daily accumulated
rainfall. These variables are obtained from the National Oceanic and
Atmospheric Administration(NOAA, 2021), the National Aeronautics
and Space Administration (NASA (NASA, 2021)) and the University
Corporation for Atmospheric Research (UCAR (UCAR, 2021)) (Table 3:).
The advantage of using these sources is the availability of data in areas
with no close-by weather stations. Moreover these datasets are global
and completely free.

(11)

̃ j by solving
Let us consider W
̃ j (t)
dW
= QG(t) − QR(t)
dt

(12)
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Fig. 2. Diagram of the application. The get_weather module downloads meteorological data and produces time series in.csv format. The time series are ingested by
the model and the simulation results are exported as an.html dynamic curve or.csv data.

mean annual temperature of 17.4 ◦ C and a mean annual rainfall of 738
mm (Fig. 6).
Ovitraps are among the standard methods used to detect the pres
ence and monitor the activity of Ae. aegypti (Schweigmann et al., 2002).
In our study, the field data used for validation corresponds to 300 ovi
traps placed in 150 house gardens over the city of Córdoba (Andreo
et al., 2019). The surveillance was carried out weekly from October
2017 to January 2020 by the Health Ministry. Importantly, the ovitraps
placed in each house are not discriminated, i.e., they are not labelled A
and B; so we used the average number of eggs from the two ovitraps
placed in each house to compare with the model’s output. The latter is
calculated as:

Table 3
Meteorological Sources. The National Centers for Environmental Prediction
Final Analysis (NCEP-FNL) is a data product from the Global Data Assimilation
System (GDAS), which continuously collects observational data from the Global
Telecommunications System (GTS), and other sources.
Variable(s)

Source

Description

Dataset

Grid
Resolution

Historic
Temperature
Relative Humidity
Historic
Temperature
Relative Humidity
Historic
Precipitation
Forecast
Temperature
Relative
Humidity
Precipitation

UCAR

Full period

NCEP GDAS/FNL

0.25∘×0.25∘

NOAA

Daily

NCEP GDAS/FNL

0.25∘×0.25∘

NASA

Daily

GPM_3IMERGDL

0.1∘×0.1∘

NOAA

Daily

NCEP CFS Forecasts Flux,
NCEP CFS Forecasts Pressure

1 ×1
∘

dOi,j (t)
= egn (ovr1 (t) A1 (t) + ovr2 (t) A2 (t) ) ovspi,j (t)
dt

∘

(14)

A similar approach can be found in the work developed by Tran et al.
Tran et al. (2013).
Two widely used measures of time series proximity are the Euclidean
distance and dynamic time warping. These two focus on the closeness of
values disregarding similarity of growth behaviour. Instead, we used the
dissimilarity index D presented by Chouakria and Nagabhushan
Chouakria and Nagabhushan (2007) because it takes into account both,
behaviour and values’ proximity. For two time series S1 and S2, D is
2
defined as: D(S1, S2) = f(cort(S1, S2)) δE(S1, S2) where f(x) = 1+e
kx , where
k ≥ 0, cort is the temporal correlation and δE is the Euclidean distance
(Chouakria and Nagabhushan, 2007).
The dissimilarity index was used to assess the proximity between
simulations and field data and, also, between simulations obtained with
observed vs forecasted weather data. See section 3.2 for a detailed
explanation along with the results.

The Global Precipitation Measurement (GPM) is an international satellite
mission to provide observations of rain worldwide. The Integrated MultisatellitE Retrievals for GPM (IMERG) is the unified algorithm that provides
rainfall estimates combining data from all passive-microwave instruments in the
GPM Constellation. The Daily Late (DL) run dataset is used.
The Climate Forecast System (CFS) is a fully coupled atmosphere–ocean–land
model used at NCEP for seasonal prediction.

2.6. Entomological validation data
The output of the model was compared with surveillance data ob
tained by Córdoba’s Health Ministry. Córdoba is the second largest city
in Argentina, with a surface of 576 km2 and a population of about 1.3
million inhabitants (INDEC, 2010). The climate is temperate with a
5
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2.7. Simulations for different geographic locations
Besides Córdoba, we selected four other cities, located in different
biogeographical regions of Argentina (Burkart et al., 1999), to run
simulations. Two of these are located in the southern limit of Ae. aegypti
distribution. We ran simulations using meteorological data of those lo
cations to compare the model behaviour and model output under a wide
range of environmental conditions. The temperature increases from
Bahía Blanca to Tartagal (south to north); and precipitation decreases
towards west. The cities and their climate characteristics are summa
rized in Table 4.
2.8. Sensitivity analysis

Fig. 3. Mosquito population dynamics simulated for different life stages using
meteorological data for Córdoba city. (a) Eggs x 10− 2, (b) Larvae, (c) Pupae, (d)
Adult females. Orange lines represent the number of individuals yielded by a
container of 10 cm height. Blue line represents simulated water content in cm.
(For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

2.8.1. Initial conditions
We compared simulations with different initial values for the egg
population. A similar approach can be found in Otero et al. Otero et al.
(2006).

The more variable larvae and pupae populations reflect the effect of
water amount in each container (blue line, in Fig. 3). As a reference,
when water content varies intermittently between 0 and 4 cm (from
October to December 2019), the larval counts remain low. When water
content goes to zero, as in March 2019, the larval population also goes
down. Larval density dependent mortality included in eq. 2, constrains
the maximum value fluctuating around 5 larvae per container, even
when water content is not limiting.
The adult population varies in a smoother way and with low indi
vidual counts, denoting the competitive environment for immature
stages within each container. In the last warm period (November 2019
to March 2020), the model output shows a curve with a marked increase
of larvae and the maximum number of adult females on November 15.
Meanwhile, this adult count was reached 25 days later, on December 11
in the previous year (November 2018 - to March 2019). In both warm
periods, the curves decline by mid-April, but densities greater than zero
adult females per container are observed until mid-May. This is in
accordance with the timing of the largest Dengue outbreak in Córdoba
history, with active notification of human cases until early June 2020
(Córdoba Epidemiological Report, 2020).

2.8.2. Parameters
We performed a one-way sensitivity analysis on the model by varying
a ±25% of the baseline values of individual parameters one at a time (all
the rest constant) in order to analyze their individual impact on the
maximum abundance of adult females Amax for Córdoba city from
October 2017 to January 2020 with an 8 cm container. A similar
approach can be found in Valdez et al. Valdez et al. (2017).
2.8.3. Temperature and precipitation
The get_weather module generates a time series csv with temperature
in degrees Celsius (converted to Kelvin) and precipitation in millimeters
(converted to centimeters) for model input. We analyzed the impact of
weather variables on the maximum abundance of adult female
mosquitoes Amax for Córdoba from October 2017 to January 2020 with
8 cm containers by varying pm5% temperature and precipitation in the
time series csv.
3. Results
3.1. Aedes aegypti population dynamics

3.2. Predictions with forecast meteorological data

We present here the outputs of our mechanistic model based on
meteorological data acquired for Córdoba city. The predicted abun
dances for each mosquito life stage are reported in Fig. 3, where the
abundance values are represented for one putative container of 10 cm
height (Ch = 10). The general pattern shows activity onset by October
and the annual peak by the end of February. The egg counts increased
later than the other stages, since only already developed adult females
are able to lay eggs. Eggs reached the peak in April with variable
maximum values: 200 eggs in 2018, 700 in 2019 and 450 in 2020 (eggs
are scaled down by a factor of 10− 2 to be shown alongside water
content).

The model takes input from observed or forecast meteorological data
to make predictions after the simulation date. An approach to assess the
model accuracy, when using forecast data, is shown in Fig. 4a.
Fig. 4a shows the simulated number of adult females from 7 January
2019 to 4 February 2019 using either forecast or observed meteoro
logical data as input. The black line is obtained running the model with
only forecast data as input and the magenta line is obtained using
observed meteorological data, i.e., it simulates/predicts for observed
weather conditions. In order to compare the different outputs in Fig. 4a,
we used the dissimilarity index D, Di = D(SM, Si), where “M” is the total
amount of simulation dates and “i” is the amount of days from the initial
date when each simulation was ran. The value “i” can be also seen as the
amount of days of observed meteorological data used by each simula
tion. This is shown in Fig. 4b, where the lower the D value, the better the
accordance between the curves. As it can be seen, D has a peak at day 20,
and then remains low until until day 28. This pattern is more evident in
4c, where D is obtained as an average of 55 time windows. After 15 days
of forecasted data, the mean D measure increases above 0.5 as well as its
variation.

Table 4
Biogeographical summary of the locations simulated.
City

Eco-region

Mean AT

Rainfall

Climate

Tratagal

Yungas/
Mountain Forest
Espinal

14–26 ◦ C.

900–2.500
mm.
340–1170
mm.

Warm and humid

Bahia
Blanca
Santa Fe
Córdoba
Gral Roca

Espinal
Espinal/Dry
Chaco
Plains and
plateau

15–25 ◦ C.

13–17 ◦ C

80–300 mm.

Warm and humid
at north,
temperate and dry
to south

3.3. Comparison with field entomological data

Temperate Dry

The model output, specifically the number of eggs, was compared
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Fig. 4. (a) Number of adult females for one
container of 10 cm height located in
Córdoba from 7 January 2019 to 4 February
2019. In magenta: the result of the model
ran with input data composed solely of
observed meteorological data; in black: the
result of the model ran with input data
composed solely of forecast meteorological
data. (b) The dissimilarity index D computed
between the model’s output using solely
observed meteorological data and the
model’s output using x days of forecast is
shown for the period 7 January 2019 to 4
February 2019. On the x axis we represent
the amount of forecast days used by the
model. (c) The procedure in (b) is repeated
for 55 time windows between September
and June, within the period December
2018–February 2021. The mean D curve (in
orange) ± SD (light green area) is shown.
(For interpretation of the references to
colour in this figure legend, the reader is
referred to the web version of this article.)

number of eggs collected by the 150 pairs of ovitraps are shown in
Fig. 5e.

with entomological data of the oviposition surveillance carried out by
the Córdoba Health Ministry as described in section 2.6.
To evaluate the model performance, the weekly oviposition was
simulated for containers of 1, 3, 6, 8 and 10 cm height from October
2017 to January 2020. Then, D was calculated for 5 heights and 150
locations. Most of the ovitraps time series had a better accordance with
the model outputs for a 3 cm height container, with a mean value and
standard deviation of the dissimilarity index, D, of 252 ± 119, while
containers of 1, 6, 8 and 10 cm height had a mean value of 278 ± 179,
374 ± 141, 405 ± 157 and 448 ± 165, respectively.
Ovitraps placed in the South West and North West of Córdoba city
showed in general, better accordance with the model output for a 3 cm
height container, with a mean value of 232 ± 123 and 225 ± 104,
respectively.
In Fig. 5 we compare the simulated oviposition with the collected
field data from a particular house. The houses were selected on the basis
of the lower D values (see above) only for graphical comparison pur
poses. A 1 cm height container will dry out more frequently than those of
greater height, so the oviposition will vary more, as can be observed in
Fig. 5a between January 2019 and April 2019. It is important to notice
that the container’s height affects not only oviposition values (expressed
as weekly number of eggs per container) but also the timing of the
maximum egg count. For the case of 1, 3, 6, 8 and 10 cm height con
tainers simulations, the maximum weekly oviposition increases and the
date of the maximum oviposition is delayed proportionally with
container height. For a 1 cm height container, the maximum value is
108.5 eggs and was observed on 3 February 2019; a 3 cm height
container, the maximum value is 186.1 eggs and was observed on 3
February 2019; for a 6 cm height container the maximum is 265.9 on 11
February 2019; for a 8 cm height container the maximum is 312.4 on 24
February 2019 and for a 10 cm height container the maximum is 334.6
on 24 February 2019. This figure also shows to what extent the model
predictions are in accordance with four ovitraps in terms of oviposition
onset and offset, maximum value and maximum oviposition date.
Simulated dynamics for a 10 cm container compared to the mean

3.4. Simulations for different climates
The model’s outputs for different cities in Argentina are shown in
Fig. 6. Córdoba and Santa Fe, located in temperate climates, show a
fluctuating pattern where Ae. aegypti populations drop during winter
and only eggs overwinter. Both cities show an increase in egg numbers
from 2018 to 2019 (also observed with field data in Córdoba); but in
Tartagal (Yungas region), the model predicts a higher peak during the
2018 warm season. In the more humid cities (Santa Fe and Tartagal), the
number of eggs predicted is clearly higher and the oviposition activity
(with more than 10 eggs per breeding site) is extended until mid-June,
while in driest cities it decreases earlier. General Roca and Bahía
Blanca, are the driest and coldest cities considered (located at the austral
limit of Ae. aegypti). Bahía Blanca showed between 15 and 20 times less
eggs than Tartagal and Santa Fe, while no eggs were documented in
General Roca during the period simulated. These simulated outputs,
suggest that the presence of Dengue vector is really constrained by
weather at these southern locations.
3.5. Sensitivity of model outputs
Simulations with different initial values show little impact in the
population numbers of subsequent years (Fig. 7). All the simulations in
the present study start on 20 July 2015, but a window is retained for
output computation or presentation. For example, in Fig. 7 the window
from Oct 2015 to June 2020 is shown.
We examined all parameters in Table 2. The results are summarized
in Table 5. The first five parameters have a strong influence on the
maximum adult female abundance. As expected more containers have a
direct impact on Amax. The remaining parameters showed weaker in
fluence on the model’s output.
The impact of temperature and precipitation is summarized in
7
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Fig. 5. Simulated weekly oviposition for containers of 1, 3, 6 and 8 cm height from October 2017 to June 2020 (in orange) were compared to the mean number of
eggs collected per ovitrap in four different households in Córdoba city (green). The fifth plot corresponds to a simulated dynamics for a 10 cm height container (in
orange) compared to the mean number of eggs collected by the 150 pairs of ovitraps (in green) and their standard deviation (light green area). (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 6, where a strong influence of temperature is observed.In contrast,
precipitation showed lower influence over adult female abundance
when all other parameters remain unchanged.

container drying out, the explicit modeling of container type and
container features, as well as the amount of water in a container. The
weather data source is a key aspect of the application which is designed
to work with remotely sensed and gridded data. This allows the execu
tion of the model for any pair of coordinates, whether there’s a weather
station in close proximity or not. With this improvement, we solve a
challenge presented when using previous Ae. aegypti population dy
namics models (Aznar et al., 2013; Ellis et al., 2011; Lana et al., 2014;
Otero et al., 2006).
Initially conceived to respond to a specific request from Córdoba
zoonoses program, the population dynamics model is embedded into a
system that allows users to set coordinates for input weather data at any
place or city. Moreover, the model allows users to obtain forecasts of Ae.
aegypti population density curves by inserting forecasted weather data as

4. Discussion and conclusions
Here, we present an enhanced version of a classical mechanistic
model of Aedes aegypti population dynamics, driven by two variables:
temperature and precipitation. Designed to work with public weather
databases, it describes the mosquito life cycle in five different stages
(egg, larvae, pupae, young adult females and adult females after first
oviposition). Our model includes a number of improvements and in
novations over previous existing variants, namely: the effect of precip
itation on egg hatching and increase in larval mortality in the event of a
8
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Fig. 6. Simulated dynamics of accumulated eggs laid over a week at time t based on meteorological data from 2018 to 2019. Outputs for different cities in Argentina:
2) Tartagal, 3) Santa Fe, 4) General Roca, 5) Bahía Blanca. Background image corresponds to July mean temperature (ISAGRO geo-server (ISAGRO, 2021)).
Table 5
Sensitivity analysis. Each parameter in the first column was modified, one at a
time, increasing or decreasing its value by 25%. The percentages in the second
and third column represent the effect on adult females abundances.

Fig. 7. Sensitivity analysis. Simulations with different initial egg numbers over
four years time. Outputs show no strong sensitivity when the next favourable
cycle occurs.

9

Parameter

− 25%

25%

ef
ma
→
α

− 46%
51%
33%

60%
− 29%
− 20%

egn
C
me
→
Ch

− 28%
− 25%
5%
− 4%

28%
25%
− 5%
3%

mdlr
Clh
→
Cr

1%
− 1%
− 1%

− 1%
1%
0%

ε

1%

− 1%
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shortcomings that must be acknowledged. Some are related to the type
of model, others to the inclusion (or lack of) and estimation of param
eters and functions, some might have to do with assumptions made or
the effect of driving factors over parameters, etc. Among those related to
parameters and functions we can highlight that α, the larval densitydependent mortality, associated with the carrying capacity due to
intra-specific competition for food and other resources, was used as in
Otero et al. Otero et al. (2006). However, as carrying capacity depends
on the environment, this value should be affected by water content
(Francia and Maciá, 2011) in future model improvements. In addition,
in our current implementation, egg hatching depends only on submer
gence. We are not considering other biotic factors as bacteria levels, for
example, as done by Aznar et al. (2013). Larval food deprivation is not
included in the model, but it might have an important role affecting their
development rates (Aznar et al., 2013; Romeo Aznar et al., 2018), adult
weight (here fixed in 1.35 mg) and therefore oviposition (Bar-zeev et al.,
1957; Nayar and Sauerman Jr, 1975). In any case, we do include a co
efficient related to larval carrying capacity that might account, at least
partially for food availability. Future improvements might include the
effects of inter-specific competition, chemical interaction and predation
found to be important by Francia and Maciá (2011). Moreover, the use
of local studies to estimate the parameters of the development rate
functions, instead of those from (Otero et al., 2006), could lead to
improved model accuracy. We used here a deterministic model for its
simplicity, but if less favourable conditions were to be modeled, possibly
leading to species extinction, a stochastic model should be preferred
(Aznar et al., 2013; Otero et al., 2006).
Another shortcoming identified is related to the lack of variety in the
containers modeled. We assume an ideal cylindrical container. This
shape selection was motivated by the information provided by
Córdoba’s Health Ministry, that reported buckets, bottles and cans as the
most common containers found. These are partially in accordance with
the preference reported by Otero et al. Otero et al. (2006) and Francia
and Maciá (Francia and Maciá, 2011). Furthermore, ovitraps are also
cylindrical containers. In any case, it would be relevant for the opera
tional use of this tool, however, to be able to simulate mosquito popu
lation evolution for different availability (number and types) of
containers such as tyres, for example. Indeed, the breeding site prefer
ence function in our model depends on the proportion of containers of a
certain type and on the water content in it, but Wong et al. (Wong et al.,
2011) found that the choice of an ovipostion site is also influenced by
conspecific larvae and pupae. Hence, a more detailed description of
containers and the selection process can lead to the simulation of a
broader range of scenarios. The addition of indoor containers would be
of great relevance too, though the main challenge will be then to esti
mate indoor temperatures and artificial irrigation. All these possible
improvements should be, however, carefully implemented, since, as
(Legros et al., 2016) concluded in their analysis, biological assumptions
incorporated in models are not always explicit and the structure of the
models is not neutral, i.e., it will partly determine the outcome.
Regarding limitations associated with driving factors, the develop
ment rates used are valid for temperatures in a range of 4.85–29.85 ◦ C
(Sharpe and DeMichele, 1977). This range should be further extended to
perform reliable simulations in locations with higher/lower tempera
tures. Furthermore, we are now considering that the daily mean tem
perature of containers is equal to the mean daily air temperature. This
might have a smoothing effect creating a unrealistically favourable
environment. Given how sensitive the model seems to be to temperature
changes, we are considering the use of minimum and maximum tem
perature for further improvements as it was shown that fluctuating
temperatures affect Ae. aegypti development times and adult sizes (De
Majo et al., 2019). In this way, we could also include the deadly effect of
high temperatures. Given the geographic expansion of Ae. aegypti, a key
point is to have life tables of the vector from locations in the limits of its
actual distribution. Some field and laboratory studies are now in that
direction (Campos et al., 2020; De Majo et al., 2019). In this work, the

Table 6
Sensitivity analysis. Temperature and precipitation were modified, one at a
time, increasing or decreasing its value by 5%. The percentages in the second
and third column represent the effect on adult females abundances.
Parameter

− 5%

5%

Temperature
Precipitation

− 35%
− 5%

47%
5%

input. Hence, the proactive model serves as a decision-making program,
like those recommended by WHO WHO (2010).
Our data from Córdoba City showed that the model outputs, gener
ated from forecast weather, are reliable up to 15 days in advance, with
low divergence from observed population curves (Fig. 4c). A period of
15 days is long enough to advice and plan different control actions for
effective prevention of arboviral disease outbreaks. Furthermore, the
system can generate outputs in an easily visible format, such as the.html
dynamic curve or as.csv data for further external processing. Among
model outputs, the temporal variation of water content in the breeding
site, for example, allows users to hypothesize the productivity of
different types of containers (i.e., putative adult females’ yield as a
function of water content variation over time, considering the shape of
the container).
Oviposition data (number of eggs) collected weekly shows great
variability. The results of the simulations for 2018 and 2019 were
consistent with the number of eggs collected in certain ovitraps in the
city of Córdoba. A significant increase was observed for summer 2019
with respect to the previous year in both field data and simulated data.
As general pattern, the model reported a great accordance with those
field data series displaying higher abundance (Andreo et al., 2019).
Different levels of accordance were observed between simulated and
observed data considering major spatial quadrants of the city (North,
West, South, East and Center). However, as the objective of this work
was moreover to describe (in advance) the general environment of a
city, or other administrative unit under the same vector control strat
egy/policy, we did not test fine spatial resolution environmental vari
ability. Notwithstanding, to explain the variability of field data, the
heterogeneous (micro) habitats that can be found in a city should be
considered. In that direction, and following Landscape Epidemiology
principles some preliminary works used optical images to map this
spatial variability and predict Dengue risk in Córdoba city (Rojas et al.,
2017; Rotela et al., 2017; Scavuzzo et al., 2018). In the near future, we
plan to spatially extend our model by adjusting model parameters such
as proportions of containers in order to represent the different dynamics
of individual ovitraps in the field.
Although the model was validated with field data from Córdoba city
only, the outputs ran in different localities of Argentina showed an
overall accordance with Ae. aegypti presence at its south-east distribu
tion (Bahía Blanca) (Diaz-Nieto et al., 2013; Rubio et al., 2020b) and
with higher abundances expected in the more humid and warmer cities
to the north (Tartagal and Santa Fe). Even though the biological pa
rameters of the model are established following existing literature of Ae.
aegypti’s populations from temperate regions (Francia and Maciá, 2011;
Otero et al., 2006), the system allows for parameter modifications
(through adjustments in the configuration file and constants in the
source code) in order to suit other population conditions. Parameters
reflect characteristics of the species and characteristics of the environ
ment, so modifications on these parameters could be required for
example due to genetic plasticity in populations (Craig Jr et al., 1961),
co-occurrence of Ae. aegypti and Culex sp. species in breeding sites
(Montes et al., 2020) and more; here the most sensitive population pa
rameters in the model were not checked with experimental data. The
plasticity of the complete system is in accordance with the multi-scale
approach of eco-epidemiologic analysis for vector-borne diseases in
changing environment contexts (Chandrasegaran et al., 2020).
As with any model there are a number of limitations and
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parameters for the different developmental rate functions were taken
from Otero et al. (Otero et al., 2006), and an estimation of these
parameter using local studies could lead to a considerable accuracy
improvement. Indeed, non linear approximations to fit development
rates parameters as function of temperature (such as Briere et al., 1999;
Logan et al., 1976; Sharpe et al., 1977) could be tested in the future.
Different precipitation rate functions and their effects over model ac
curacy should be assessed in the future as well as should other sources of
weather data of higher temporal resolution to avoid the use of inter
polating functions.
Within the present context of the increasing number of Dengue cases
at the national and international level (PAHO/WHO, 2020), during
summer 2020, Córdoba experienced the largest Dengue outbreak in its
history (with more than 2700 cases) (Córdoba Epidemiological Report,
2020). The beginning of oviposition activity as well as its extended
duration until the first days of May obtained in advance with the model
(3), are useful features to alert about potential outbreaks. Human cases
were notified from 14 February 2020 up to mid June (Córdoba Epide
miological Report, 2020), the temporal correspondence between the
modeled Ae. aegypti’s adult females and human cases is a valuable in
formation, that we aim to analyze shortly. The spread and dynamics of a
disease outbreak does not depend only on the vector density. However,
the potential of this application can be combined with other vector
control data as in the previously implemented system in Argentina
(Porcasi et al., 2012), which takes into account temperature, virus cir
culation, and vector control data, to generate an overall Dengue Risk
map. Indeed, the model introduced in this work, complements spatial
approximations to map mosquitoes and Dengue risk in different cities of
Argentina (Albrieu-Llinás et al., 2018; Espinosa et al., 2016; Porcasi
et al., 2019; Rotela et al., 2017; Scavuzzo et al., 2018).
In conclusion, we have accomplished an improved weather-driven
population dynamics model for Ae. aegypti. Temperature and rainfall
data are obtained from open access global weather databases broadly
used in early warning systems. We also introduced the implementation
of the model as part of a stand-alone operational application based on
open source software, so it can be implemented anywhere, regarding the
availability of weather stations. Considering the vector modeling, we
emphasize the effects of observed rainfall on the physical conditions of
potential breeding sites and egg submergence; while temperature was
conservatively implemented following previous studies. The final
product serves as a plastic tool (i.e., adaptable for biologic parameters
and other geographic places), user-friendly tool, that issues quick and
proactive outputs, for those in charge of vector borne diseases surveil
lance and control.

Institute of Space Studies”Mario Gulich” (Gulich Institute). The imple
mentation source code is host on github, and was developed by E.
Aguirre during his internship in CONAE. We want to thank Dr. D. Gorla,
Lic. M. Lamfri and Dr. S. Torrusio for the patience and guidance over the
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Córdoba Epidemiological Report, 9 June 2020. Rec 2329.
Costa, E.A.P.D.A., Santos, E.M.D.M., Correia, J.C., Albuquerque, C.M.R.D., 2010. Impact
of small variations in temperature and humidity on the reproductive activity and
survival of aedes aegypti (diptera, culicidae). Rev. Brasil. Entomol. 54, 488–493.
Craig Jr., G.B., Vandehey, R.C., Hickey, W.A., 1961. Genetic variability in populations of
aedes aegypti. Bull. World Health Organ. 24, 527.
De Majo, M., Zanotti, G., Campos, R., Fischer, S., 2019. Effects of constant and
fluctuating low temperatures on the development of aedes aegypti (diptera:
Culicidae) from a temperate region. J. Med. Entomol. 56 https://doi.org/10.1093/
jme/tjz087.
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