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Abstract

The mosquito Aedes aegyptiis the vector of a number of medically-important viruses,
including dengue virus, yellow fever virus, chikungunya virus, and Zika virus, and as such
vector control is a key approach to managing the diseases they cause. Understanding the
impact of vector control on these diseases is aided by first understanding its impact on Ae.
aegyptipopulation dynamics. A number of detail-rich models have been developed to cou-
ple the dynamics of the immature and adult stages of Ae. aegypti. The numerous assump-
tions of these models enable them to realistically characterize impacts of mosquito control,
but they also constrain the ability of such models to reproduce empirical patterns that do not
conform to the models’ behavior. In contrast, statistical models afford sufficient flexibility to
extract nuanced signals from noisy data, yet they have limited ability to make predictions
about impacts of mosquito control on disease caused by pathogens that the mosquitoes
transmit without extensive data on mosquitoes and disease. Here, we demonstrate how the
differing strengths of mechanistic realism and statistical flexibility can be fused into a single
model. Our analysis utilizes data from 176,352 household-level Ae. aegypti aspirator collec-
tions conducted during 1999-2011 in Iquitos, Peru. The key step in our approach is to cali-
brate a single parameter of the model to spatio-temporal abundance patterns predicted by a
generalized additive model (GAM). In effect, this calibrated parameter absorbs residual vari-
ation in the abundance time-series not captured by other features of the mechanistic model.
We then used this calibrated parameter and the literature-derived parameters in the agent-
based model to explore Ae. aegypti population dynamics and the impact of insecticide
spraying to kill adult mosquitoes. The baseline abundance predicted by the agent-based
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model closely matched that predicted by the GAM. Following spraying, the agent-based
model predicted that mosquito abundance rebounds within about two months, commensu-
rate with recent experimental data from Iquitos. Our approach was able to accurately repro-
duce abundance patterns in Iquitos and produce a realistic response to adulticide spraying,
while retaining sufficient flexibility to be applied across a range of settings.

Author summary

The mosquito Aedes aegypti is the vector for a number of the most medically important
viruses, including dengue, Zika, chikungunya, and yellow fever. Understanding the popu-
lation dynamics of this mosquito, and how those dynamics might respond to vector con-
trol interventions, is critical to inform the deployment of such interventions. One of the
best ways to gain this understanding is through modeling of population dynamics. Such
models are often categorized as either statistical or dynamical, and each of these
approaches has advantages and disadvantages—for instance, statistical models may more
closely match patterns observed in empirical data, while dynamical models are better able
to predict the impact of counterfactual situations such as vector control strategies. In this
paper, we present an approach which fuses these two approaches in order to gain the
advantages of both: it fits empirical data on Aedes aegypti population dynamics well, while
producing realistic responses to vector control interventions. Our approach has the poten-
tial to inform and improve the deployment of vector control interventions, and, when
used in concert with an epidemiological model, to help reduce the burden of the diseases
spread by such vectors.

Introduction

The mosquito Aedes aegypti is found throughout tropical and subtropical regions of the world
and on all continents except Antarctica [1]. As the main vector of important viruses—namely,
dengue, yellow fever, chikungunya, and Zika viruses—its large and expanding range is a cause
for concern [1]. Dengue virus alone causes 10,000 deaths each year [2]. Though there is now a
vaccine for dengue, it leads to an increased risk of severe disease in individuals without previ-
ous exposure [3], and there are no currently-licensed vaccines for chikungunya or Zika [4-6].
Hence, in many settings, the only intervention available to counter these viruses is mosquito
vector control. Accurately estimating how Ae. aegypti populations will respond to vector con-
trol will help inform optimization of strategies for its deployment.

While the link between vector indices and dengue virus (DENV) transmission is compli-
cated, vector density is an important driver of transmission of Aedes-transmitted viruses [7-9].
Ae. aegypti population dynamics are driven by a range of environmental factors, including
temperature, sunlight, humidity, and rainfall [10]. Eggs need water and hospitable tempera-
tures to hatch, but can survive long periods without desiccating, of six months or more [11].
Larval and pupal development and mortality are dependent on water temperature, which
depends on the amount of direct sunlight they receive and the ambient air temperature
[10,12-14]. Adult mosquitoes’ egg-laying cycles and mortality rates are also strongly tempera-
ture dependent. Density-dependent larval mortality, due to competition for limited resources,
plays an important role in modulating population sizes [15-17]. Mortality can also occur dur-
ing the larval and pupal stages as containers are cleaned or accidentally spilled [18].
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Several previous studies attempted to generate statistical estimates of mosquito abundance
[19,20], typically based on trap data or mark-release-recapture experiments [21]. The flexibility
of these models facilitates the capture of signals from noisy experimental data, but these mod-
els encounter difficulty when attempting to predict the impact of control strategies not
included in the data, because they do not contain a mechanistic understanding of population
dynamics and the associated non-linearities. Other efforts have focused on predicting the
range and potential distribution of Ae. aegypti, including under climate change [1,22]. Such
models do not predict local abundance or fine-scale temporal and spatial heterogeneities, and
so, while important for understanding broader patterns and changes, they are not appropriate
for modeling vector control, for which individual households are the most appropriate scale
[9].

Two of the most significant mechanistic models of Ae. aegypti population dynamics are
AedesBA, developed in Otero et al. [23], and Skeeter-Buster, developed in Magori et al. [10]
based on CiMSiM by Focks et al. [12,13]. AedesBA is a stochastic compartmental model that
considers three immature stages (eggs, larvae, and pupae) and three adult stages. The model is
spatially-explicit and the geographic units are patches on a grid. Density-dependent mortality
occurs directly in the larval state at a rate that is a quadratic function of the number of larvae.
Skeeter-Buster models individual containers in which immature stages develop. Individual lar-
vae and pupae develop after reaching body-size thresholds, and grow at rates dependent on
resource availability and temperature. Larval density dependence is modeled indirectly by
reduced food availability. Mechanistic models such as these are able to make realistic projec-
tions of the impact of vector control, but can struggle to match patterns of abundance that do
not closely conform to the models’ typical behavior (e.g., see the fall in Fig 3 of [24]).

While both statistical and mechanistic models have their advantages, these different model-
ing frameworks are typically applied separately. Unifying these two approaches would enable
the combined model to (1) accurately recreate observed patterns of abundance through its sta-
tistical component and (2) explore how population patterns could have differed under coun-
terfactual situations through its mechanistic component. Moreover, the unified model could
be used to explore the interaction between seasonality and how populations respond to forced
perturbations like vector control. One of the main challenges is ensuring that the dynamics of
the mechanistic model are able to match those of the statistical model. In this study we demon-
strate an approach that fuses the differing strengths of mechanistic realism and statistical flexi-
bility into a single model. This method enabled us to accurately recreate temporal patterns of
abundance, and to predict the impact of vector control interventions on abundance. Our
model is sufficiently detailed to recreate spatial heterogeneity, allowing analysis of spatially-tar-
geted interventions.

Methods

Ethics statement

The study protocol was approved by the Naval Medical Research Unit No. 6 (NAMRU-6)
Institutional Review Board (IRB) (protocol #NAMRU6.2014.0028), in compliance with all
applicable Federal regulations governing the protection of human subjects. IRB relying
agreements were established between NAMRU-6, the University of California, Davis,
Tulane University, Emory University and Notre Dame University. The protocol was
reviewed and approved by the Loreto Regional Health Department, which oversees health
research in Iquitos. This study represents historical data analysis using data without per-
sonal identifiers.
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Outline of approach

First, we took statistically-derived estimates of mosquito abundance over the period 2000-
2010 for the city of Iquitos, Peru [19]. These estimates were derived from a negative binomial
generalized additive model (GAM) based on mosquito abundance surveys from Iquitos.
Model predictions varied in both space and time, but, in the absence of intervention, not space
and time together. This model was thoroughly described by Reiner et al. [19].

1. Our second step used a deterministic ordinary-differential-equation (ODE) model of Aedes
aegypti population dynamics to derive a mortality rate time series. The model combined
predictions from Step 1 with temperature data from Iquitos and established relationships
between model parameters and temperature. More details are given below in the Determin-
istic model section.

2. In the final step we used the time-series derived in Step 2 to drive the dynamics of a stochas-
tic, agent-based model. This enabled the baseline dynamics of the agent-based model to
closely match those predicted by the statistical model in Step 1. More details on the agent-
based model (ABM) are given below in the Agent-based model section.

These steps are summarized in Fig 1.

Deterministic model

To link the statistical model and the ABM, we used an ODE model as an intermediate step,
described in Eqs 1-4:

BE 1y = O TDNCD (7, (0)) 4 Ty () B, !

00 = AT OB ) — (AT 0) + i (T ) 400 + 55 1) 2
B2 (5,0) = dy (T (O)L05, ) — (@lT(0) + (T ) + 1P 3

N (5,0) = dy (T ()P, 1) — (TN (. ), :

where E is the number of eggs, L is the number of larvae, P is the number of pupae, and N is
the number of female adults. The parameters are described in Table 1.

1. Estimate 2. Calibrate 3. Use

Ae. aegypti mortality estimates from
abundance |—» time-series |——» step 2 to drive
time-series in deterministic stochastic

using GAM ODE model ABM

Fig 1. Flow chart of steps in methodology. GAM = Generalized additive model; ODE = Ordinary differential equations; ABM = Agent-based model.
https://doi.org/10.1371/journal.pcbi.1010424.9001
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Table 1. Parameter names, definitions, and sources.

Symbol | Definition Source

ng Number of eggs laid per Otero et al. [23]
gonotropic cycle

a Gonotrophic-cycle rate Magori et al. [10]

dg Development rate of eggs Magori et al. [10]

d; Development rate of larvae Magori et al. [10]

dp Development rate of pupae Magori et al. [10]

Ug Mortality rate of eggs Magori et al. [10]

ur Mortality rate of larvae Magori et al. [10]

Up Mortality rate of pupae Magori et al. [10]

Un Mortality rate of female adults | Magori et al. [10]

Uc Other sources of larval and Estimated by fitting deterministic model to estimated larval abundance
pupal mortality rate in Iquitos. Used to fuse the deterministic and statistical models.

K Carrying capacity of larvae Estimated so that density-dependence contributes 90% of deaths on

average.

https://doi.org/10.1371/journal.pcbi.1010424 1001

The gonotrophic cycle rate parameter (a(7T)), development rate parameters ((dg(Tw),
dr(Tw), dp(Tw)), and mortality rate parameters
(e Ty o) 1Ty pa)s Hp(Toy )5 My (T, ) were driven by daily data on mean, minimum,
and maximum temperatures in Iquitos between 2000-10. Formulae describing these parame-
ters were obtained from Otero et al. and Magori et al. [10,23]. Although the expressions
describing these parameters are functions of both daily minimum and maximum temperatures
(S1 Text), in the period 2000-2010 the daily minimum temperature in Iquitos never went
below the threshold at which minimum temperature affected mortality, so we write these
parameters as functions of T,,,, only. Temperature parameters with the subscript W refer to
water temperature, derived from formulae relating this to mean, minimum, and maximum air
temperature (S1 Text), and assuming an average of 10% sun exposure. Temperature data was
used at the city level, so each of these parameters varies in time, but not space. The number of
eggs laid per gonotrophic cycle, np was fixed at 63, as in Otero et al. [23]. While there is vari-
ability in the number of eggs laid that is unrepresented here, some of that variability will be
approximated by variability in the gonotrophic cycle length. We modeled density dependent
larval mortality as proportional to the square of the number of larvae [15,16]. Noting that mor-
tality in the larval stage is dominated by density dependent effects [17,18,25], the carrying
capacity, k(x), was chosen so that density-dependent mortality is an order of magnitude
greater than natural density-independent mortality at average larval densities; i.e.,

107 (1) = L(x,t) .

The carrying capacity, x(x), is location-specific and varies in space but not in time. The
term p(t) represents additional larval and pupal mortality not accounted for otherwise. This
could be caused in part by changes in precipitation or by routine container maintenance and
cleaning, a source of mortality for immature stages that is not easily quantified [18]. Calcula-
tion of the time-varying parameter p(f) is the key step in our approach, because it is calibrated
to spatiotemporal estimates of mosquito abundance in Iquitos during 2000-10 by Reiner et al.
[19], and it enabled us to account for differences between those estimates and the ODE. To cal-
ibrate this parameter, we took the following steps.
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o First, we used Eq 4 alongside estimates of N(#) from the statistical model, to obtain estimates
of P(t). In this and future steps we found the derivative of a time series (e.g., dN/df) by taking

w, where X is either E, L, P, or N, and t is measured

centered differences (i.e., ‘Z—’f ~
in days) at all time points except the first and last, at which we took forward (i.e.,

Z—’t‘ ~ w) and backward (i.e., ‘;—’f ~ w, where n is the final day of the time series)
differences respectively. We could then estimate P(f) from

(% (6, ) + iy (T, (1) )N (x, 1))

Pl t) = 4T (1)

o Second, we obtained E(f) by integrating Eq 1 using the deSolve package in R. For this and all
other integrations we used the radau method, with tolerances kept at their default values of
1x10°.

o Third, we obtained L(f) by combining Eqs 2 and 3 to remove y. from them, yielding a first-
order differential equation in L, which we solve numerically using deSolve:

1dpP
L(x,t) = d.E + <ﬁE+dP+HP—dL —,UL>L—

4L I
P K

« Finally, we obtained y.(t) by rearranging Eq 2 to obtain

(T (B, £) = % (6, 2) + (AT (1)) + Ry (Top(8) + 52 L, 1))
u(t) = 0T ~

We insist that all parameters remain non-negative at all time-steps. Although Eqs 1-4 con-
tain a spatial component, we only needed to undertake the process once for the normalized
system (i.e., the one in which N(x, 0) = 1). The appropriate larval capacity for each location
can be obtained by scaling x(x) by N?(x, 0). The resulting time series for y.(t) is shown in
S1 Fig.

Agent-based model

We incorporated the y(t) time series obtained from manipulation of the ODE model into an
ABM of DENV transmission based on the one previously used in Perkins et al. [26]. This
model contains location data for 92,891 buildings in Iquitos. The model contains modules for
human agents and virus transmission by Ae. aegypti. These human and virus transmission
components were not used in the present study. At each location, we modeled the number of
eggs, larvae, pupae, and adult female mosquitoes; only female Ae. aegypti bite humans and
transmit virus. The number of adult mosquitoes that emerge at a given location, x, on a given
day, t, is modeled as a Poisson random variable, with rate parameter given by dp(T)P(x, t),
where x is the house location, and t is the day. Adult mosquitoes die at a daily rate (7). The
number of immature mosquitoes and eggs are modeled by integrating Eqs 1-3; i.e., all devel-
opmental transitions in the immature stages are modeled deterministically. The u(¢) time-
series forces the baseline dynamics, in the absence of interventions, to closely match the abun-
dance predicted by the statistical model. The location-specific carrying capacity, x(x), main-
tains the spatial heterogeneity estimated in Reiner et al. [19], and also determines the
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equilibrium population density to which the population returns following spraying. Mosqui-
toes of all stages only exist in the model within buildings. Adult mosquitoes move to a location
within 100 m of their current location with daily probability of 0.3 [10]. Locations within this
radius are chosen with equal probability. Each of the main text plots showing the mosquito
time series output from the ABM show a single simulation. In this model, the mosquito popu-
lation dynamics at the city-level do not appear very stochastic. This is likely because of the
large population size (~10’), the deterministic treatment of the immature stages, and the fact
that the time series is strongly forced by u.. We show the lack of variability across 400 simula-
tions of the ABM in S2 Fig. We also include text describing the ABM in more detail in S2 Text.

Experiments

We examined the effect of spraying with insecticide via numerical simulation, with either an
instantaneous effect (ultra-low volume spraying; ULV) or a residual effect (targeted insecticide
residual spraying; TIRS). The former increased the adult mortality rate on the day of spraying
by 1.5 deaths/day, calibrated so that abundance following spraying was 60% of baseline, as
observed in an empirical study of an actual city-wide spraying campaign in Iquitos in 2014
[27] (S3 Fig). There was no effect on the mortality of the immature stages. In the agent-based
model, the daily mortality rate is converted into a daily probability of death according to

prob = 1-exp(—rate). The city-wide ULV campaign typically took around 27 days to complete,
and consisted of three rounds during which each was sprayed once with probability 0.7. The
length of the campaign and the probability that a house was sprayed in a given round were
chosen to reflect past ULV spraying campaigns in Iquitos, Peru, in which an average of 11,000
houses are sprayed per day. TIRS increased the adult mortality rate by 9 deaths/day and lasted
for 90 days, after which the effect decayed exponentially [28]. As for ULV, there was no effect
on the mortality of the immature stages. City-wide TIRS campaigns took around 39 days to
complete, and consisted of just one round, with the same probability of 0.7 that an individual
house is sprayed. This length was based on the observation that TIRS takes ~5 times as long to
apply as ULV [29], and amounted to 2,000 houses being sprayed per day. For both types of
insecticide application, we examined the effect on total abundance over time, spatial heteroge-
neity in abundance, and the female adult mosquito age distribution. Zones were sprayed in
ascending order according to the numbers displayed in Fig 2.

Results
Calibration

The total predicted abundance of female adults in both the ODE model and the ABM closely
matched the total abundance predicted by the GAM (Fig 3). Here the ODE model results were
obtained by integrating Eqs 1-4 using the derived u.(f). The root mean squared deviation
between the GAM and the calibrated ODE model was 43,200 and between the GAM and the
ABM it was 48,000. The ODE model does not match the GAM perfectly due to the fact that all
parameters were forced to be non-negative and the discretization of the ODE system, both of
which cause small discrepancies to be introduced. Thus, the ABM matched the GAM nearly as
well as the calibrated ODE model. The Pearson’s correlation coefficients of the ABM and the
ODE model with the GAM were 0.946 and 0.950 respectively, and the correlation coefficient
of the ABM with the ODE model was 0.997. When abundances were low, however, the ABM
gave slightly lower predictions than those of the additive model. This was likely due to the
presence of demographic stochasticity in the ABM. Both mechanistic models (i.e. ODE and
ABM) smoothed out some of the noise of the GAM prediction, leading to smaller peaks and
reduced day-to-day oscillations (Fig 3).
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Female adult abundance on
2000-01-01

Fig 2. Smoothed map of adult female abundance on 1* January 2000 (the start of the simulation). Warmer colors
(in the Southwest and Northeast of the city) indicate regions of highest abundance. The color scale represents the
average number of mosquitoes per household. The shape files for the underlying maps can be found at github.com/
scavany/mosquito_dynamics.

https://doi.org/10.1371/journal.pcbi.1010424.9002

Spatial heterogeneity in the ABM is determined by the location-specific larval carrying
capacity. This maintained the same spatial patterns over time as predicted by the GAM (Figs 2
and 4). Fig 2 shows the initial spatial distribution of female adult mosquito abundance in the

8e+05 —
GAM prediction

o 6e+05 ‘ ’ — ODE calibration
= ——  ABM output
T 4e+05
>
o]
< 2e+05
0e+00 I I I I I | I |
2000 2002 2004 2006 2008 2010

Year

Fig 3. The total predicted city-wide abundance of female adult Ae. aegypti is very similar across the three models. The periwinkle blue line
shows daily values of abundance predicted by the GAM, the purple line shows those predicted by the ODE model, and the pink line those
predicted by the ABM. GAM: generalized additive model; ODE: ordinary differential equation model; ABM: agent-based model.

https://doi.org/10.1371/journal.pcbi.1010424.9003
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Proportion of female adults in each zone
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Fig 4. Normalized female adult abundance over time under the agent-based model: the relative abundance across zones does not substantially
vary through time. Each column represents the daily abundance every 100 days from 2000-2010. Each row is a Ministry of Health zone in Iquitos.
Columns are normalized by the total female adult abundance across all zones that day, so each column sums to one and the color represents the
proportion of mosquitoes in that zone that day.

https://doi.org/10.1371/journal.pchi.1010424.g004

agent-based model, though by definition this is identical across the three models. Fig 4 shows
the normalized abundance in each of 35 Ministry of Health (MoH) zones every hundred days,
where the normalizing factor for each day was the total number of adult females across all
zones on that day (S4 Fig shows the absolute values of the same output). The lack of variation
over time in each zone indicates that relative abundance and spatial heterogeneity within each
zone are relatively constant. This is what we would expect because in the ODE model and the
GAM the relative abundance between zones is constant through time. The small changes in
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relative abundance of adult females apparent in the agent-based model (Fig 4) are due to sto-
chastic fluctuations in local abundance.

Experiments

Spatiotemporal effects of spraying. Following a city-wide ULV campaign, the ABM-pre-
dicted abundance rebounded to within 10% of its baseline level 2.1 months after the start of
the campaign, and to within 1% of baseline after 3.7 months (Fig 5). Female adult abundance
reached a minimum of 129,000, which was 60% less than the abundance in the absence of
spraying on the same date (317,000). It reached its minimum 28 days after the start of spraying,
and the whole campaign took 27 days. Following a city-wide TIRS campaign, the total abun-
dance was maintained at a very low level (<10% of baseline) for six months, reaching a mini-
mum of 1,250 mosquitoes 5.2 months after beginning spraying. The TIRS campaign took 39
days. Abundance eventually returned to within 10% of baseline after 10 months, and to within
1% after a year.

Following the ULV campaign, there was very little discernible effect on spatial patterns of
mosquito abundance (Fig 6; total abundance by zone shown in S5 Fig). Following the TIRS
campaign, however, there was a larger effect on the spatial patterns. MoH Zone 2, which had
the highest abundance at baseline, had a proportionally even greater abundance than all other
zones following TIRS spraying (Fig 7 and S1 Video; total abundance by zone shown in S6 Fig).
Note that abundance drops substantially in all zones following TIRS, and the yellow region in
Fig 7 reflects the fact that a much greater proportion of the total mosquitoes are in Zone 2 fol-
lowing spraying. This is in part because Ae. aegypti were eliminated from many buildings in
the city in our simulations, such that in some zones there were none remaining. Because Zone
2 had much higher baseline abundance, the probability of local extinction was much lower and
more buildings continued to contain Ae. aegypti. To examine whether lower baseline abun-
dance can explain these differences in abundance following spraying, we set the baseline abun-
dance in every location to be equal to that of the location with highest abundance. Following
spraying in that scenario, we saw a less stark difference between the zones, but nonetheless the
pattern remained (S7 Fig). We also explored the effect of spraying with hypothetical insecti-
cides that had (i) a small effect on mortality (i.e., equal to ULV) but a long residual effect, and

— TIRS
— ULV
None

2002

Year

Fig 5. Response of female adult abundance to a city-wide residual insecticide campaign (TIRS) and a city-wide campaign with no residuality
(ULV), both initiated on the 1° of January 2002. The orange line shows the baseline scenario of no-spraying, the purple line the ULV scenario, and

blue line the TIRS scenario.

https://doi.org/10.1371/journal.pcbi.1010424.9005
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Fig 6. Normalized female adult abundance over time, following a city-wide ULV campaign initiated on the 1* January 2002, indicated by the red
dashed line. ULV spraying does not have a discernable effect on the spatial distribution of abundance. Each column represents the daily abundance
every 100 days from 2000-2010. Each row is a Ministry of Health zone in Iquitos. Columns are normalized by the total female adult abundance across
all zones that day, so each column sums to one and the color represents the proportion of all female adult mosquitoes in that zone that day.

https://doi.org/10.1371/journal.pcbi.1010424.9006

(ii) a large effect on mortality (i.e., equal to TIRS) but no residuality (S8 Fig). Scenario (i) (low
increase in mortality, high residuality) produced a similar pattern of abundance to that of the
TIRS campaign (Fig 7) and scenario (ii) (high increase in mortality, low residuality) produced
a pattern similar to the ULV campaign. This suggests that the residual effect of TIRS is more
important to its improved overall impact compared to ULV than its larger baseline effect on
mortality.

Mosquito age distribution following spraying. In the absence of spraying, mosquito ages
were roughly exponentially distributed (Fig 8 and S2 Video). Through most of the simulation,

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1010424  April 27, 2023 11/21


https://doi.org/10.1371/journal.pcbi.1010424.g006
https://doi.org/10.1371/journal.pcbi.1010424

PLOS COMPUTATIONAL BIOLOGY Fusing dynamical & statistical models of mosquito population dynamics

A Proportion of female adults in each zone B Proportion of female adults in each zone
following TIRS following TIRS

35
35

0.06

30
30

25
25

0.04

20
20

Zone
Zone

0.03

15
15

0.02

10
10

5

0.00

2000 2002 2004 2006 2008 2010 2000 2002 2004 2006 2008 2010
Year Year

Fig 7. Normalized female adult abundance over time, following a city-wide TIRS campaign initiated on the 1*' January 2002, indicated by the red
dashed line. A. TIRS has a substantial effect on the spatial distribution of abundance for most of the year following spraying, as some zones are reduced to
zero abundance. Each column represents the daily abundance every 100 days from 2000-2010. Each row is a Ministry of Health zone in Iquitos. Columns
are normalized by the total female adult abundance across all zones that day, so each column sums to one and the color represents the proportion of
mosquitoes in that zone that day. B. As in A, but with the same color-scale as Fig 4.

https://doi.org/10.1371/journal.pcbi.1010424.9007

there were many more young mosquitoes and few very old mosquitoes. Occasionally, such as
near the start of 2004, a cohort of adult mosquitoes survived longer and the age distribution
became less skewed and sometimes bimodal (around the 1 minute mark in S2 Video; also see
S9 and S10 Figs). This is likely a consequence of the precipitous drop in abundance around
this time necessitating a large value of y(t). This abrupt drop in abundance could be due to a
physical event, for instance a larval habitat reduction campaign or a flooding event flushing
out containers, or it could be an artifact of the statistical model fit. This in turn leads to a tem-
porarily large drop in the total population of larvae and pupae and hence a ‘missing’ cohort of
adult mosquitoes and a bimodal age distribution.

Following city-wide ULV and TIRS campaigns, the average age of the mosquito population
was reduced, with proportionally more young mosquitoes (Figs 9 and 10 and S3 and S4 Vid-
eos). In the case of TIRS, this effect was stronger and more long-lasting.

Discussion

The principal contribution of this study is the development of a novel framework for fusing a
flexible statistical model with a detailed mechanistic model. The underlying statistical model
allowed us to accurately capture observed empirical patterns. This was linked to an ABM,
which was able to recreate the spatio-temporal patterns predicted by the statistical model. This
approach retains the flexibility of a mechanistic model, allowing us to look at dynamic effects
of perturbations to the population, including capturing feedbacks caused by population-
dynamic effects. We demonstrated this using city-wide insecticide spraying campaigns as a
case study. Such campaigns only had an effect on predicted patterns of spatial heterogeneity if
TIRS was used, in which case the higher efficacy of this treatment led to many buildings
experiencing local extinction of Aedes aegypti, drastically changing the spatial patterns of
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Fig 8. Normalized female adult age distribution over time: mosquito ages were roughly exponentially distributed. Each column shows the daily
proportion of mosquitoes of the age shown on the y-axis. Warmer colors represent higher proportions.

https://doi.org/10.1371/journal.pchi.1010424.9008

female adult abundance. Whether TIRS or ULV was used, the average age of mosquitoes was
much lower following the campaign, but with TIRS that effect lasted much longer.

Our framework enabled the ABM to capture the patterns predicted by the statistical model
very well. We were able to capture both the spatial pattern and the majority of the temporal
pattern in mosquito abundance, with two slight exceptions. The first exception was when total
mosquito abundance fell to very low levels in 2005-06, in which case the ABM slightly under-
predicted abundance. This was likely due to the fact that, when abundance was low, there was
a greater proportion of houses that contained zero mosquitoes, due to demographic stochasti-
city captured by the discrete population sizes. This effect cannot happen in the ODE, which
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Fig 9. Normalized difference in female adult ages over time between baseline and a city-wide ULV campaign initiated on 1°* January 2002,
indicated by the red dashed line. Following spraying there are proportionally more young Ae. aegypti. Each column shows the difference in the daily
proportion of mosquitoes of a given age, shown on the y-axis. Warmer colors represent higher proportions.

https://doi.org/10.1371/journal.pcbi.1010424.9009

models the dynamics of abundance deterministically. This same effect also likely forms part of
the explanation for the pattern of spatial heterogeneity observed following the TIRS campaign;
i.e., the much higher relative abundance in Zone 2 compared to all other zones. Following
TIRS, mosquito abundances city-wide were reduced to very low levels, leading to many loca-
tions with no mosquitoes. The higher baseline in Zone 2 enables more locations to avoid this
stochastic effect, and hence a proportionally greater abundance. The second exception is that
both the ODE model and the ABM smooth out some of the day-to-day variability in mosquito
abundance predicted by the GAM. This is likely a consequence of the sometimes large day-to-
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Fig 10. Normalized difference in female adult ages over time between baseline and a city-wide TIRS campaign initiated on 1°** January 2002,
indicated by the red dashed line. Following spraying there are proportionally more young Ae. aegypti, and this effect lasts longer than for ULV. Each
column shows the difference in the daily proportion of mosquitoes of a given age, shown on the y-axis. Warmer colors represent higher proportions.

https://doi.org/10.1371/journal.pcbi.1010424.9010

day fluctuations in abundance predicted by the GAM being incommensurate with the slower
population dynamics described by the mechanistic model. The GAM can accommodate these
larger fluctuations as the included environmental predictor variables vary substantially from
day-to-day. It is also worth noting that the fact that our mechanistic model cannot recreate the
full extent of the GAM’s variability may indicate that some of these larger day-to-day flucta-
tions may not be actually physically possible. In particular, large changes in the environmental
variables could lead to large changes in the abundance predicted by the statistical model, but
that were not reflected in reality. Alternatively, the fact that the mechanistic model cannot
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recreate the GAM’s variability could suggest there are additional processes occurring which
are not able to captured by p(1).

Two of the most detailed and well-established models of Ae. aegypti dynamics are Skeeter-
Buster and AedesBA [10,23,30]. Most of the development and mortality rates in our model
were based on the same formulae used in each of these models, and so results will be identical
given the same environmental conditions. All three models are stochastic and spatially explicit,
although our model is only fully stochastic in the adult stage. Some key differences between
the models include the treatment of density-dependent larval mortality and additional mortal-
ity in the larval and pupal stages. In terms of density dependence, our model is most similar to
AedesBA, in that density dependence is incorporated directly as a function of larval population
size. Our model, however, includes a higher exponent in the density-dependent term (i.e., the
term Lk—z in Eq 2), meaning stronger density dependence. This stronger density-dependence
enables us to better match the response to spraying seen in an observational study in Iquitos
by Gunning et al. [27], as a higher exponent will make the population rebound more quickly
following a perturbation. Following simulation of a city-wide ULV campaign, modeled abun-
dance returned to 10% of baseline 36 days after the culmination of ULV spraying, which was
slightly slower than, but in line with, the return to baseline observed by Gunning et al., where
it rebounded in a month [27]. Skeeter Buster takes a different approach and includes density
dependence indirectly through competition for finite resources. This approach leads to a more
oscillating return to baseline following spraying, as compared to the smoother and slower
return seen in our model and AedesBA [30]. Our model’s inclusion of an additional mortality
term enabled us to closely match abundance estimates of a statistical model. This meant our
model was better equipped to explore perturbations to actual observed mosquito abundance
than Skeeter-Buster and AedesBA, but is unable to make projections of mosquito population
dynamics outside that observed. Another alternative to our approach would have been to
directly calibrate an agent-based population dynamics model to the household mosquito sur-
vey from Iquitos using asequential Monte Carlo approach [31] or approximate Bayesian com-
putation [32]. The former approach can be computationally very costly for a complex model
such as this, and our approach was comparatively simpler. Moreover, by fusing mechanistic
and statistical models, our approach was able to leverage data on environmental covariates
that may have been difficult to incorporate in a fully-mechanistic framework given the number
of parameters and complex functional relationships that might entail.

A limitation of our model is that we model all immature stages aggregated at a household
level, and do not model individual containers. A consequence of this is that larval competition
for resources is not modeled directly. Instead it is incorporated indirectly through the density-
dependent term in the equation governing the household number of larvae. This term was
able to control the population size, however, and produce a realistic response to spraying by
determining how the population rebounds following spraying. A related limitation is that we
do not model rainfall in the agent-based model. We are, therefore, unable to directly capture
any dynamical effects of changes in rainfall amounts, such as whether rainfall affects the
response following spraying. Rainfall was, however, included in the statistical model to which
we matched our model, so the effects of historical rainfall will be captured this way through
our additional calibrated mortality. Another limitation is that the statistical model to which
our method is matched is dependent on abundance surveys, which may not be available in
many settings.

A strength of our approach is that it blends the strengths of statistical and mechanistic mod-
els. The underpinning statistical model means the full model has an accurate description of
baseline abundance, while the agent-based model permits a dynamic response to vector
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control that closely matched the population-level response observed empirically. The two-step
approach and the relatively simple, deterministic treatment of immature mosquitoes, means
that our model would be easy to parameterize and transfer to other settings where mosquito
abundance time series are available. Because the agent-based model is also one part of a larger
epidemiological model, our framework enables insight into questions of public health rele-
vance. Because our model was able to closely recreate the abundance patterns in Iquitos, as
well as produce a response to insecticide applications consistent with empirical studies [27,33—
35], it provides an excellent environment to explore the impact of such control strategies on
the dynamics of dengue virus transmission and disease.

Supporting information

S1 Fig. The time series of the estimated additional mortality parameter, p.. This parameter
forms a key step in our approach, linking the mechanistic and statistical models, and can be
thought of as accoutning for other sources of mortality that are not captured by the tempera-
ture-mortality relationships. The parameter is always positive (i.e. it is always a mortality rate).
(TIF)

S2 Fig. Time series of city-wide mosquito abundance predicted by the ABM, showing
mean and 95% CI of 400 runs. Due to the lack of stochasticity in the mosquito component of
the model, there is little variability between runs, and so the 95% CI is indistinguishable from
the mean.

(TIF)

$3 Fig. Change in the mortality rate following spraying. In this example, there was one tar-
geted insecticide residual spraying (TIRS) campaign, which began on day 10, three ultra-low
volume (ULV) campaigns, or neither, which began on days 10, 17, and 24. The mortality rate
increases by the shown amount.

(TIF)

S4 Fig. Mosquito abundance over time. As in Fig 4, but not normalized by the total popula-
tion (i.e., the total zonal abundance). Each column represents the daily abundance every 100
days from 2000-2010. Each row is a Ministry of Health zone in Iquitos. Columns are normal-
ized by the total abundance that day.

(TIF)

S5 Fig. Mosquito abundance over time following a city-wide ultra-low volume spraying
campaign at the start of 2002. As in Fig 6, but not normalized by the total population (i.e., the
total zonal abundance). Each column represents the daily abundance every 100 days from
2000-2010. Each row is a Ministry of Health zone in Iquitos. Columns are normalized by the
total abundance that day.

(TIF)

S6 Fig. Mosquito abundance over time following a targeted indoor residual spraying cam-
paign at the start of 2002. As in Fig 7, but not normalized by the total population (i.e., the
total zonal abundance). Each column represents the daily abundance every 100 days from
2000-2010. Each row is a Ministry of Health zone in Iquitos. Columns are normalized by the
total abundance that day.

(TIF)

S7 Fig. As in Fig 6, but with all buildings set to have the same baseline abundance as the
building with highest abundance. Normalized mosquito abundance over time, following a
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city-wide TIRS campaign initiated on the 1* January 2002, indicated by the red dashed line.
Each column represents the daily abundance every 100 days from 2000-2010. Each row is a
Ministry of Health zone in Iquitos. Columns are normalized by the total abundance that day.
(TIF)

S8 Fig. The normalized abundance by zone following A. a city-wide campaign with a hypo-
thetical insecticide that causes a large increase in mortality (equivalent to TIRS) with low resi-
duality (equivalent to ULV) and B. city-wide campaign with a hypothetical insecticide that
causes a small increase in mortality (equivalent to ULV) with high residuality (equivalent to
TIRS).

(TIF)

S9 Fig. Moments of the mosquito age distribution through time. In early 2004, a cohort of
mosquitoes reaches an older age, increasing all of the moments as the average age increased
and the distribution becomes more skewed and bimodal.

(TIF)

$10 Fig. The bimodality coefficient of the mosquito age distribution through time. The
bimodality coefficient takes a value between 0 and 1, and higher values mean the distribution

is ‘more’ bimodal. It is defined as %, where 7 is the skewness and « is the kurtosis. In early

2004, a cohort of mosquitoes reached an older age, resulting in a bimodal age distribution.
(TIF)

S11 Fig. Temperature time series for daily means, maxima, and minima (columns) in both
air and water (rows) in Iquitos in the period 2000-2010.
(TIF)

S1 Text. Description of model parameterization.
(DOCX)

$2 Text. Outline of agent-based model.
(DOCX)

S1 Video. Spatial distribution following targeted indoor residual spraying.
(MP4)

$2 Video. Age distribution over time in the absence of spraying.
(MP4)

$3 Video. Age distribution over time following ultra-low volume spraying.
(MP4)

$4 Video. Age distribution over time following targeted indoor residual spraying.
(MP4)
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