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Modeling behavioral and biological complexities of malaria control

Abstract

Malaria, caused by a single-cell parasite and transmitted by blood-feeding mosquitoes, is one of
the world's leading infectious diseases in terms of both morbidity and mortality. While the first two
decades of the twenty-first century saw rapid advances in the control and elimination of malaria
worldwide, progress has stalled in recent years due to a combination of biological and behavioral factors.
A better understanding of these barriers is essential to the future of malaria eradication.

Mathematical modeling is an important tool for understanding the dynamics of infectious
diseases. Models can lend important insight into challenges for control and elimination, as well as
forecast the future of disease transmission. In this dissertation, | apply three mechanistic modeling
approaches to understand complexities of malaria transmission, with a focus on incorporating important
guestions about human behavior and mosquito behavior and biology as they relate to malaria
interventions.

In Chapter 1, | use a temperature-based model of the basic reproduction number (Ro) for malaria
to understand the epidemiological impact of a new experimental finding: that the latent period of the
malaria parasite in the mosquito is shortened by additional blood meals. | find that the latent period
reduction due to multiple blood-feeding leads to an increase in estimated Ro, which has important
implications for the continued persistence of malaria in low-transmission settings.

In Chapter 2, | construct a mosquito population model to simulate insecticide resistance assays
from adult-captured mosquito collections, in order to quantify possible biases that may arise in resistance
assays. | find that adult-capture assays can be improved using a simple mathematical correction, and are
thus a viable alternative to larval assays for resistance monitoring programs.

Finally, in Chapter 3, | develop an agent-based model of a small human population with endemic
malaria to explore the impact of risk-based decision making on the effectiveness of bed nets against
malaria transmission. | consider three scenarios, including one in which people respond to a
misperception of disease risk, to demonstrate the importance of considering subjective risk perception in

intervention planning models.
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0. Introduction



Malaria is one of the most significant infectious diseases in the world in terms of morbidity, mortality, and
the financial costs of control'. The causative Plasmodium parasite has a complex life cycle that
necessitates both a mosquito and an animal or human host?. Infected mosquitoes transmit malaria to
people by biting them, and once those people become infectious, they infect more mosquitoes through

further bites.

Mathematical modeling has played an important role in malaria control for more than 100 years®“. Ronald
Ross’s original model of malaria transmission, published in 1908, demonstrated mathematically that the
most effective strategy for reducing malaria transmission is to increase mosquito mortality>®. This is due,
in part, to the long latent period of the parasite inside the mosquito, relative to a mosquito’s life span’.
This means that even small reductions in mosquito life expectancy can have a large impact on vectorial
capacity. The result of this work—built upon over decades—has been the widespread use of insecticides
to kill mosquitoes. Insecticide-treated bed nets have become a key tool in the fight against malaria®. They
represent a particularly effective method of malaria control because they combine two mechanisms of
action. Contact with treated bed nets exposes mosquitoes to insecticides and increases mosquito
mortality. Simultaneously, the net itself acts as a physical barrier to prevent biting, and thus forestalls both
the infection of the mosquito by an infectious human and, later, the infection of susceptible people by

mosquitoes carrying the parasite.

Bed nets played a large part in the rapid reduction in malaria transmission seen between 2000-2015, but
this progress has now stalled®. The highest burden malaria countries still face extremely high rates of
transmission and more than 400,000 people continue to die of malaria every year—primarily infants and

young children?.

New strategies that are being explored against malaria include new types of vaccines, bioengineering of
mosquitoes, and alternative applications of antimalarial drugs®*3. However, more than 60% of the
decline in malaria infection since 2000 has been attributed to the scale up in long-lasting insecticide

treated nets?*, and it is likely that insecticide-based strategies will continue to play an important role in



global malaria control. A significant challenge now for vector-based control of malaria is insecticide

resistance, which has become widespread*®.

The next phase of malaria control will require not only continued innovation and scaling up of vector
control, but a better understanding of the ways in which current malaria control tools have failed so far®.
In this dissertation, | examine three important questions relating to vector-control through insecticide-
treated bed nets. The studies described here use mechanistic mathematical models, which represent the
processes of the transmission cycle to simulate the dynamics of disease and evolution in populations.
These models—which are now much more complex and computationally intensive than the ODE models
used for earlier malaria control— are often used for intervention planning from local to global levels'’. In
addition to their use for policy, these models can also provide important insight into the real-world impact
of new information/strategies. Here, | use three very different modeling strategies to consider complexities

and potential solutions to problems in vector control.

In the first chapter, | use a simple temperature-dependent model to demonstrate the large-scale impact of
a previously misunderstood parameter in malaria transmission: the extrinsic incubation period (EIP). The
EIP is the duration of time from when a mosquito is infected to when it is infectious—i.e., the latent period
of malaria in the mosquito. This chapter takes the novel finding that the EIP in mosquitoes is shorter when
mosquitoes take an additional blood feed after they are already infected. We choose a model for RO from
Mordecai et al.'8, and incorporate a 20% reduction in EIP. As the relative contribution of the EIP to RO
varies with temperature, we map the monthly temperatures across sub-Saharan Africa to understand the

large-scale impact of this mismeasurement on our understanding of malaria transmission.

In the second chapter, | construct a discrete-time compartmental model of a mosquito population with
both insecticide-resistant and susceptible mosquitoes. Insecticide resistance is a growing problem for
malaria control, and may be leading to a reduction in the effectiveness of bed nets. Monitoring the
prevalence of insecticide resistance is key to understanding its spread and responding appropriately with

intervention modifications. With this in mind, | seek to provide insight into an alternative method of



insecticide resistance monitoring: wild adult captures. With this population model, | simulate insecticide
resistance assays from adult-captured mosquito collection in a heterogeneous environment and compare
them to the gold standard larval capture methods, as well as to true resistance, in order to quantify

possible biases in the results.

In the third chapter, | incorporate different decision-making patterns into a model of malaria transmission
in order to understand the impacts of subjective risk perception and the resulting changes in behavior on
the efficacy of a hypothetical bed net campaign. | developed an agent-based model of a single population
with a simple age structure. Bed net use was modeled using three different functions: one in which use
was constant over time, one in which it depended on the prevalence of symptomatic disease in the
population, and one in which it depended on the true prevalence of disease. The first reflects the standard
baseline assumption of intervention models, and the latter two reflect ITN use as a response to perceived
risk, depending on what information is available. The results from these three models are compared to

understand the potential impact of human behavior on model results.

Each of these chapters uses mathematical modeling as a tool to provide insight into the challenges that
remain in malaria control. This work has important consequences for thinking about how models should
represent malaria transmission, and for understanding strategies that could be employed for future

malaria interventions.



1. Multiple blood feeding in mosquitoes shortens the Plasmodium
falciparum incubation period and increases malaria transmission

potential

Reformatted from: Shaw WR, Holmdahl IE, Itoe MA, Werling K, Marquette M, Paton DG, et al. Multiple
blood feeding in mosquitoes shortens the Plasmodium falciparum incubation period and increases malaria

transmission potential. PLoS Pathog. 2020;16: e1009131.

Note: Experimental methods and results have been moved to the Appendix. Full article and supplement

available at: https://doi.org/10.1371/journal.ppat.1009131



Abstract

Many mosquito species, including the major malaria vector Anopheles gambiae, naturally undergo multiple
reproductive cycles of blood feeding, egg development and egg laying in their lifespan. Such complex
mosquito behavior is regularly overlooked when mosquitoes are experimentally infected with malaria
parasites, limiting our ability to accurately describe potential effects on transmission. Here, we examine
how Plasmodium falciparum development and transmission potential is impacted when infected
mosquitoes feed an additional time. We measured P. falciparum oocyst size and performed sporozoite time
course analyses to determine the parasite’s extrinsic incubation period (EIP), i.e. the time required by
parasites to reach infectious sporozoite stages, in An. gambiae females blood fed either once or twice. An
additional blood feed at 3 days post infection drastically accelerates oocyst growth rates, causing earlier
sporozoite accumulation in the salivary glands, thereby shortening the EIP (reduction of 2.3 + 0.4 days).
Moreover, parasite growth is further accelerated in transgenic mosquitoes with reduced reproductive
capacity, which mimic genetic modifications currently proposed in population suppression gene drives. We
incorporate our shortened EIP values into a measure of transmission potential, the basic reproduction
number Ro, and find the average Ro is higher (range: 10.1%—-12.1% increase) across sub-Saharan Africa
than when using traditional EIP measurements. These data suggest that malaria elimination may be
substantially more challenging and that younger mosquitoes or those with reduced reproductive ability may
provide a larger contribution to infection than currently believed. Our findings have profound implications

for current and future mosquito control interventions.

Introduction

Malaria remains a devastating disease for tropical and subtropical regions, accounting for an estimated
405,000 deaths and 228 million cases in 2018*. Anopheles mosquitoes transmit the causative Plasmodium
malaria parasites, and malaria control strategies aimed at the mosquito vector through long-lasting
insecticide-treated bed nets (LLINS) and indoor residual spraying (IRS) have greatly decreased the malaria
burden in recent decades. Despite this progress, a deeper understanding of the impact of complex mosquito
behaviors on the transmission potential of mosquito populations is needed to generate better predictions

of disease transmission and of the efficacy of control interventions. This need is all the more urgent given



that the reduction in malaria cases has plateaued in the past few years?, possibly due to the reduced
efficacy of LLINs and IRS in the face of insecticide resistance spreading in mosquitoes *°.

A key determinant of malaria transmission is the significant length of time it takes for Plasmodium parasites
to develop from sexual stages in the mosquito blood meal into infectious sporozoites in the salivary glands,
a time period known as the extrinsic incubation period or EIP. As mosquito survival must exceed the EIP
for onward transmission to humans to occur, this parameter has an important relationship to mosquito
mortality. This is one reason why life-shortening insecticidal interventions like LLINS emerge as particularly
effective in epidemiological models (in addition to lowering mosquito densities and biting rates®°7).

In most epidemiological studies the Plasmodium falciparum EIP is considered to last 12—-14 days!®-2. This
is similar to the expected lifespan of the Anopheles female, which, although difficult to measure precisely
due to the lack of reliable age markers, has been shown to be approximately 10-20 days?223. The biological
factors that influence parasite developmental rates and ultimately the EIP are starting to become elucidated.
The EIP has been shown to depend on environmental temperature and larval nutrition, with higher
temperatures (up to a point) and plentiful nutrients available during larval stages accelerating parasite
growth?24-28_Qur recent studies in Anopheles gambiae, one of the most effective malaria vectors in sub-
Saharan Africa, have shown the P. falciparum EIP is also dependent on mosquito oogenesis, a process
largely orchestrated by the steroid hormone 20-hydroxyecdysone (20E)?°. When we reduced egg
development using several means, including impairing 20E function and decreasing lipid mobilization, we
detected the presence of larger oocysts in the midgut, as measured by averaging their cross-sectional area
following mercurochrome staining. In turn, this led to infectious sporozoites reaching the salivary glands at
earlier time points, leading to a shorter EIP?°. Furthermore, faster oocyst growth in conditions of reduced
egg development was characterized by the accumulation of neutral lipids in the midgut and was reversed
by depleting the major lipid transporter Lipophorin (Lp), suggesting that excess lipids that are not mobilized
from the midgut mediate accelerated development. In agreement with this observation, a negative
correlation between mean oocyst size and egg numbers indicated that parasites effectively exploit available
mosquito resources for growth following egg development?®.

Given this unexpected relationship between oogenesis and the P. falciparum EIP, additional blood meals

a female takes in order to complete further cycles of egg development may have important consequences



for parasite transmission. Indeed, many mosquito species, including An. gambiae, naturally undergo
multiple reproductive cycles of blood feeding, egg development and egg laying in their lifespan, which can
be counted by ovarian dilations3%3%. Moreover, multiple feeds may be required even within a single
reproductive cycle due to interrupted feeding or to nutrient deprivation during the larval stage (pre-gravid
behavior)32. Additional blood meals may therefore potentially influence oocyst growth and the EIP, as
suggested by reports showing an additional feed can increase P. falciparum oocyst size®334 and salivary
gland sporozoite numbers at a given time point®#3, and can be employed to boost sporozoite yields36-38,

Here, we examine how parasite development is affected by multiple feedings, and illustrate the
consequences of these effects using a simple epidemiological model of malaria transmission potential. By
providing a second uninfected blood meal to females previously infected with P. falciparum, we show a
striking increase in oocyst growth rates, which causes faster accumulation of sporozoites in the salivary
glands and a substantially shortened EIP. When considered in the context of the basic reproduction number
(Ro)—the average number of infections resulting from a first case—this shortened EIP leads to a consistent
increase in malaria transmission potential in sub-Saharan Africa. Accelerated growth after an additional
feeding event is not mediated by Lp-transported lipids, but is further enhanced in reproduction-defective
females, suggesting that mosquito control strategies that reduce the reproductive output of Anopheles
females—such as population suppression gene drives—could actually favor parasite transmission. These
data have important implications for accurately understanding malaria transmission potential and estimating

the true impact of current and future mosquito control measures.

Methods

We used a previously published model*® of the basic reproductive number, Ro, incorporating temperature
dependence, to explore the implications of shortening EIP alone on estimated transmission potential. With
this model we aimed not to predict Ro across regions considered, but rather to examine how the EIP could
impact Ro estimates. To minimize the extrapolation of our laboratory experiments, we estimate Ro in

locations within a narrow temperature range (27 + 2 °C) around our experimental conditions.

To demonstrate the impact of a shorter EIP on Ro, we use equation (2) from & simplified here as



Ro(T) = /f(T)e‘gm,

where f(T) and g(T) are functions of temperature-dependent trait data from Anopheles species and g(T)
depends linearly on EIP. See Modeling Details, below, for a complete description. We then modified the
basic reproductive number to incorporate a second blood feeding by scaling EIP using the term g, which

we refer to as R? given by

RY(T) = [F(Tye-pa.

We determine the scaling parameter § as the relative reduction in EIP in the presence of a second blood
feed: $=8.63 (2BF)/10.88 (1BF)=0.793. The change in Ro using a shortened EIP is shown by the ratio of
the modified Ro to the original Ro as

R

R,
To estimate the impact of the EIP reduction on transmission potential, we applied these functions to current
human population and monthly mean temperature data across sub-Saharan Africa to estimate the percent
change in Ro under a scenario where mosquitoes blood feed while infected. As our laboratory data were
collected at 27 °C and many of the drivers of malaria transmission are sensitive to temperature, we restricted
our Ro projections to the regions and months of the year where the average temperature was 27 + 2 °C (Fig

1.2A).

We used spatial raster data to calculate the change in Ro across relevant regions of sub-Saharan Africa.
We obtained global monthly minimum and maximum temperatures for the period 2010-2018 from
TerraClimate®. Similar to Fick et al.*?, we calculated the average temperature for each month during this
period, by taking the mean of the recorded maximum and minimum temperature. We then determined the
average temperature for each calendar month (Jan—-Dec) by taking the mean for that month over this nine-
year period. We restricted our modeling analysis only to months and locations with mean temperatures
between 27 + 2 °C. We further restricted analysis to the regions of Africa where the predicted probability of
An. gambiae and closely related species (An. gambiae complex) is greater than 5%, using predicted

Anopheles distribution maps from the Malaria Atlas Project?>?3, under the assumption that the observed



effects on the EIP are consistent in these species. Spatial human population distribution for 2020 was
obtained from WorldPop*2. Monthly mean temperature and human population data were aggregated with

bilinear resampling to match the projection of the Anopheles geographic extent data at a 5x5 km resolution.

Using these data, we calculated Ro and RZ for each 5x5 km grid cell for each month. We determined the
ratio R2/Ro for each month to show the monthly change in transmission potential under a multiple blood
feeding scenario (Fig 1.1). We considered the mean of the monthly Ro and R? estimates during months at
27 + 2 °C and examined the ratio of the means. To evaluate the relevance of our results to the population
of sub-Saharan Africa, we tallied the total population living in the mapped areas, that is, 5x5 km grid cells
with at least one month in the 27 + 2 °C temperature range, and find nearly 738 million people living in these
regions.

The modelling code is available on Github at https://github.com/iholmdahl/DoubleBloodFeeds.

Modeling Details

Our simplified formula for Ro,

Ro(T) = [f(T)es,

can be related to the original equation from Mordecai et al.'8 reproduced here as,

__u(M
a(T)?bc(T)e PPRDEFD(T)pga(T)MDR(T)

folh) = Nrp3(T)
by
FT) = a(T)2bc(T)EZI:g?;A(T)MDR(T)
and
9 = phmo

The expression is based on temperature-dependent trait data from Anopheles species that vary with

temperature including biting rate (a), vector competence (bc), adult mosquito mortality (u), parasite
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development rate (PDR), egg-to-adult survival probability (pea), mosquito development rate (MDR) and
eggs laid per female per day (EFD). Note that adult mortality is calculated through daily adult survival (p)
via ; parasite development rate is one over the extrinsic incubation period (EIP); and mosquito development
rate is one over the larval development time (7z4). Human related quantities—human density (N) and
recovery rate (r)—are not temperature-dependent. Furthermore, explicit values are not necessary as N and
r cancel out in our final ratios. The temperature-dependent traits of biting rate, parasite development rate

and mosquito development time were fit to Briere functions, represented by

CT(T = To) (T — T2,

where ¢, To and Tm are constants defined in previously published work (Table S5)*8. The temperature-
dependent traits vector competence, daily adult survival, egg-to-adult survival probability and eggs laid per
female were fit to quadratic functions, represented by

qT? + 7T + s,

where g, r, and s are constants determined in previously published work (Table S6)*. The original
calculation of this function was done using EFD data from Aedes albopictus, as there were no data available
describing the relationship between Anopheles EFD and temperature. We updated this function using
recently published data from Villena et al.*3, which we fit to a quadratic function using the nls function in R
as in*® (Fig S1.8).

Our modified basic reproductive number incorporating a second blood feeding by scaling EIP using

the term , which we refer to as RY given by

B u(m)
PDRIDEFD(T)pg4(T)MDR(T)

Nrp3(T)

a(T)2bc(Te

R3(T) =

We determine the scaling parameter g as the relative reduction in EIP in the presence of a second
blood feed, given by

_ 2blood feeds  8.63
" 1blood feed =~ 10.88

= 0.73.

The change in Ro (Fig 1.1) using a shortened EIP is shown by the ratio of the modified Ro to the

original Ro as

11
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Fig 1.1 Ratio of Ro values is temperature dependent but consistent across temperatures in 27+ 2 °C.

A
o
'
©
o Baseline R;
@
g/-; — Adjusted R,
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Temperature (°C)
B
30% 1
[0
(2]
3]
o
O 20%
£ — Ratio RY/R,
mO
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0 -

25 29
Temperature ("C)

(A) Baseline Ro (orange) and Adjusted Ro (purple) as temperature varies. No numeric scale is given as raw
Rovalues depend on parameters, such as population size, that are not temperature dependent and cancel
out in the Ro ratio. (B) The increase in Ro with shortened EIP as a function of temperature. Within the
temperature range 27 + 2 °C, the increase in Ro is between 10.1% and 12.1%.

Results

Modelled estimates of Ro with a single blood meal underestimate transmission

To illustrate the relevance of these results for malaria transmission, we chose a simple metric of
transmission potential—the basic reproductive number Ro, calculated as a function of temperature'®. We
mapped the consequence of a second blood meal on the distribution of Ro across sub-Saharan Africa,
considering all locations where An. gambiae and closely related Anopheles vectors are present. We chose

to use this particular temperature-dependent model formulation because Ro depends exponentially on the

12



EIP and the mosquito death rate, which are both influenced by temperature. To avoid over-extrapolating
our laboratory data, we estimated Ro in locations within a narrow temperature range (27 + 2 °C) around our

experimental conditions (see Methods).

For each 5x5 km grid cell of the map, we calculated both the standard Ro using ElPso estimates derived
from a single blood feed and the adjusted Ro () using the proportional reduction in EIPso observed in our
dsGFP 2BF females (21%). We then mapped the ratio of the adjusted to standard Ro in each grid cell
across sub-Saharan Africa for each month of the year within our temperature range. The number of months
that mean monthly temperature falls within this range are presented (Fig 1.2A). The area within this
temperature range for at least one month of the year is home to nearly 738 million people, roughly half of

the population in Africa.

Fig 1.2 Relative Ro values across sub-Saharan Africa show increase in malaria transmission

potential
A B

R, increase

. 13%
10%

(A) Regions of sub-Saharan Africa with 1 to 12 months of average temperature in 27 + 2 °C. Our modeling
analysis was restricted to locations and months of the year during which the average temperature was in
this range, in order to align with our laboratory conditions. Areas in gray depict regions where there are 0
months with average temperature in that range, or where the predicted probability of An. gambiae complex
is less than 5%. (B) The percent increase of R using revised estimates of EIPso (derived from two blood
feeds) to Ro using the standard estimates of EIPso (derived from a single blood feed). Models using a
standard EIP parameter may underestimate Ro by an average of least 10.1%. In these regions, the average
change during the months within the relevant temperature range is 10.5% (range: 10.1%-12.1%).
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The reduction in EIPso leads to higher modeled mean Ro in all mapped locations. The average increase in
Ro is 10.5% (range: 10.1%-12.1%) across all regions of sub-Saharan Africa with at least one month with a
mean temperature within 27 + 2 °C (Fig 1.2B). This result implies that epidemiological models directly
incorporating currently accepted EIP parameters may be systematically underestimating malaria

transmission potential across a substantial fraction of sub-Saharan Africa.

Discussion

The parasite EIP is a key parameter in malaria transmission dynamics. Given the relatively short Anopheles
lifespan—estimated to be around 10-20 days depending on species and environmental conditions34-3844—
parasites with faster sporogonic development are more likely to be transmitted to the next human*®°° host.
Here, we demonstrate that multiple blood feedings significantly accelerate parasite growth, shortening the
time required for sporozoites to appear in the salivary glands. These findings are consistent with infection
studies in closely related mosquito species that showed that an additional blood meal during development
either boosts P. falciparum sporozoite intensities or yields “° or increases oocyst size¢, although none
analyzed parasite growth rates after the second meal. Our study conclusively links the effects of an
additional blood meal to increased parasite developmental rates and a shortened EIP. Future work should
determine whether additional feeding events during the same gonotrophic cycle also impact P. falciparum
growth, or whether the presence of parasites in a second blood meal would affect the development of

already established parasites.

How does this accelerated development occur? An additional blood meal provides the female mosquito
with greater nutrient resources, especially amino acids and lipids, that both could be potentially transported
across the oocyst membrane. Parasites require lipids to generate phospholipid-containing membranes for
subdivision into thousands of sporozoites, rather than for energy (as they seem to lack canonical enzymes
for b-oxidation’-%°). Oocysts can take up labelled mosquito lipoparticles®?, and increased availability of
lipids as provided by an additional blood meal may accelerate host lipid scavenging, which also occurs
during human stages of infection®. In this study, however, depletion of Lp—the major mosquito lipid

transporter—did not slow rates of oocyst growth or sporozoite appearance after a second blood feeding,
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with only a slight, non-significant delay in EIPso detected, suggesting that other nutrients (possibly amino
acids, as suggested by a recent report>®%l) may mediate the bulk of the observed boost in oocyst
development. Lp silencing also had no effects on P. falciparum oocyst growth in females fed once (Fig
S1.1C)%, contrary to observations in the mouse malaria model P. berghei®®. Interestingly, however, in our
previous studies we showed that Lp-transported lipids do mediate the accelerated growth observed in
conditions of reduced egg numbers, likely linked to the observed accumulation of lipids in the midgut in
those females®. Combined, these results point to a remarkable plasticity in P. falciparum parasites in
utilizing mosquito nutrients for growth depending on the metabolic state of the Anopheles female, and
suggest fundamental differences in the mechanisms mediating development of human versus rodent
malaria parasites. In future studies it will be interesting to ascertain the mechanisms behind the reduced
oocyst numbers observed in Lp-depleted females, and if those are similar to the mechanisms induced in

Dzpg mutants.

Consistent with accelerated oocyst growth and maturation, we observed an earlier presence of sporozoites
in the salivary glands and a significant decrease in the EIP. Considering females blood feed on average
every 2-3 days®®, and thus have taken >2 meals by the time they become infectious®*, our results may
represent a conservative estimate of the impact of feeding behavior on the EIP. Indeed, our data using
Dzpg mutants demonstrate that P. falciparum growth rates are not saturated with two blood feeds and that
parasites are capable of undergoing even shorter developmental cycles in the mosquito vector. Although
we did not see a significant increase in sporozoite intensities in Dzpg females fed twice compared to
controls under the same feeding regime, we observed a number of females at 10 d pIBM with very high
infection intensities (>10,000 sporozoites/salivary glands) (Fig. S1.4C). Based on a recent report
demonstrating a similar intensity threshold is required for infectivity of P. yoelii sporozoites to the
mammalian host®, our data suggest the earlier appearance of more highly infected mosquitoes may
increase the force of transmission, especially if a few highly infected mosquitoes are the primary drivers of
transmission. However, the overall impact of additional blood meals in malaria endemic areas will likely

also depend on other environmental factors affecting lifespan and blood feeding frequency.
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One caveat of our study is that we measured the effects of an additional blood meal only in An. gambiae
and we cannot exclude that the magnitude of the decrease in EIP will be different in other Anopheles—
Plasmodium combinations. Additional blood meals, however, have been shown to shorten the dengue virus
EIP%, improve Leishmania transmission®’, accelerate filarial worm development®® and increase La Crosse
virus replication®®. All these findings suggest that exploiting mosquito resources may be a generalized
mechanism for pathogens to plastically accelerate their development and improve their odds of

transmission.

While transmission efficiency may be assessed directly from epidemiological data surveys®, estimations of
potential interventions require models informed by entomological data. Incorporating our shortened EIP into
a simple model of malaria Ro to reflect multiple blood feeding, we see the Ro increases by an average of
10.5% across much of sub-Saharan Africa. The neglected contribution of multiple blood feeding may partly
explain higher malaria burdens in places and seasons when estimated transmission potential is low®.62,
Moreover, underestimates of malaria transmission potential would suggest that malaria elimination efforts
in many settings may be more challenging than anticipated. One limitation is our choice of the basic
reproductive number, which considers mean-field dynamics, without accounting for known heterogeneities
such as differences in mosquito lifespan, parasite strain competition and spatial variation®3. While these
heterogeneities play a role in determining the precise level of transmission, we expect them to affect our
transmission estimates equivalently and in the same direction under both single and multiple blood feeds.
Thus, in our calculation of the ratio of Ros to estimate the impact of a second blood feeding, the effect of
these heterogeneities in a given location will cancel out. Importantly, although many estimates of Ro are
derived from prevalence and thus may not directly incorporate EIP, others do explicitly use this parameter

and thus may be systematically underestimating its relevance.

What are the implications of these findings for vector control strategies? Firstly, our data point towards
females potentially contributing to malaria transmission from a younger age. Given the observed age-
dependent mortality induced by insecticides, with higher resistance levels observed in younger

mosquitoes®, this observation implies that current models of insecticide-based interventions (both LLINs

16



and IRS) need to be revisited. When combined with the observation that multiple blood feeding increases
insecticide resistance in older females of a related species, An. arabiensis®®¢, our results suggest that
mosquitoes feeding multiple times are more likely to survive to the point when they become infectious.
Previous work has similarly predicted a lesser effectiveness for mosquito control methods targeting survival

when the EIP is shorter®”.

Secondly, our results obtained with Dzpg mutants show that—due to a further increase in parasite growth
rates—mosquitoes with reduced reproductive capacity have a significantly higher transmission potential,
even in the face of possible lower oocyst numbers. These findings are particularly relevant for control
strategies that tamper with mosquito reproduction, such as genetically-engineered population suppression
gene drives®®, At a time when Anopheles gene drive strains are being tested in semi-field settings, our data
call for a careful evaluation of whether these genetically-modified mosquitoes would contribute to more
efficient malaria transmission while the drive is spreading.

Finally, our results emphasize that informed policy decisions on current and future malaria control strategies

can only be built on thorough research into the fundamental factors affecting malaria transmission biology.

17



2. Accounting for heterogeneity in wild adult samples to measure

insecticide resistance in Anopheles malaria vectors
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Abstract

Systematic, long-term, and spatially representative monitoring of insecticide resistance in mosquito
populations is urgently needed to quantify its impact on malaria transmission, and to combat failing
interventions when resistance emerges. Resistance assays on wild-caught adult mosquitoes (known as
adult-capture) offer an alternative to the current protocols, and can be done cheaply, in a shorter time
frame, and in the absence of an insectary. However, quantitative assessments of the performance of

these assays relative to the gold standard, which involves rearing larvae in an insectary, are lacking.

We developed a discrete-time deterministic mosquito lifecycle model to simulate insecticide resistance
assays from adult-captured mosquito collection in a heterogeneous environment compared to the gold
standard larval capture methods, and to quantify possible biases in the results. We incorporated non-
lethal effects of insecticide exposure that have been demonstrated in laboratory experiments, spatial
structure, and the impact of multiple exposure to insecticides and natural ageing on mosquito death rates
during the assay. Using output from this model, we compared the results of these assays to true
resistance as measured by the presence of the resistance allele. In simulated samples of 100 test
mosquitoes, reflecting WHO-recommended sample sizes, we found that compared to adult-captured
assays (MSE = 0.0059), larval-captured assays were a better measure of true resistance (MSE = 0.0018).
Using a correction model, we were able to improve the accuracy of the adult-captured assay results (MSE
= 0.0038). Bias in the adult-capture assays was dependent on the level of insecticide resistance rather

than coverage of bed nets or spatial structure.

Using adult-captured mosquitoes for resistance assays has logistical advantages over the standard
larval-capture collection, and may be a more accurate sample of the mosquito population. These results
show that adult-captured assays can be improved using a simple mathematical approach and used to

inform resistance monitoring programs.
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Introduction

Insecticides used to target the Anopheles mosquito vectors of the Plasmodium parasite have long been a
cornerstone of global malaria control. Most insecticides currently in use are pyrethroids, which are the
only class of insecticide approved for safe use in bed nets (LLINS) and indoor spraying on walls (IRS)?4.
The vast reduction of malaria transmission observed over the past few decades has been largely
attributed to these interventions, but following increasing use of these tools—most intensely in sub-
Saharan Africa—pyrethroid resistance is now widespread among malaria vectors!>®°, There is evidence
that increasing resistance may be impacting the efficacy of these vector control tools, consistent with
stalled progress in malaria control recently™. This has been difficult to quantify, however, because of the
difficulties of easily monitoring resistance in wild populations”-"3, Practical, cost-effective new tools for
routine resistance monitoring are therefore urgently needed to quantify the impact of insecticide

resistance on malaria transmission, and to combat failing interventions when resistance emerges.

Monitoring insecticide resistance is one of the main pillars of the Global Plan for Insecticide Resistance
Management in malaria vectors (GPIRM)"%, and the WHO has published recommendations for prolonging
insecticide efficacy, depending on local insecticide resistance levels. Resistance in Anopheles
populations is currently categorized as a binary measure (resistant or not), based on a threshold of 10%
of mosquitoes surviving exposure to insecticide after 24 hours, with sentinel sites monitoring populations
at least annually. The current recommended protocol includes raising mosquitoes from collected larvae or
to first generation (F1) progeny of captured adults, which necessitates access to insectary facilities and
takes a week or longer. As a result of these requirements, in many malaria-endemic regions there are still
large gaps in insecticide resistance monitoring data, both geographically and over time®:74. Recent work
has used spatial modelling to try and fill in these gaps across sub-Saharan Africa, by constructing annual
maps of predicted resistance level by district, but many locations still have insufficient data, and
geographic heterogeneity in resistance levels is likely to make inferred results difficult to interpret™.
Furthermore, binary measures of resistance in particular make it difficult to understand trends over time
and space, which is important in order to understand when and where control measures should

incorporate new or alternate approaches, such as PBO nets’6-78,
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Systematic, long-term, and spatially representative monitoring may require increased sampling of
mosquito populations beyond the current sentinel site system. The WHQO'’s ‘Test procedures for
insecticide resistance monitoring in malaria vector mosquitoes’ advises that control programs select
sentinel sites that will be representative of both the eco-epidemiological zones and malaria intensities in
their region’®7°. However, both of these variables are changing over time—as a response to malaria
interventions, and because of climate change and changing land use™. Thus, sentinel sites may not
accurately represent insecticide resistance within a region. Furthermore, Anopheles populations appear
to cluster at a relatively small geographic scale, due to reliance on freshwater breeding sites®. For this
reason, the GPIRM emphasizes the importance of monitoring and responding to insecticide resistance at
the local level®. Measuring more frequently, and with better geographical coverage, is therefore

necessary in order to understand the extent and spread of insecticide resistance.

Resistance assays on wild-caught adult mosquitoes (known as adult-capture) offer an alternative to the
current protocols, and can be done cheaply, in a shorter time frame, and in the absence of an insectary.
Adult capture is not currently recommended by the WHO, however, due to heterogeneity of adult
mosquitoes in age and exposure. The life history of a mosquito is known to impact its resistance to
insecticides, and laboratory experiments have shown that insecticide resistance declines with age™.
Resistance also appears to decrease when mosquitoes have been exposed to insecticides before,
weakening even resistant mosquitoes®. Unlike mosquitoes raised from larvae, which are tested at a
standardized age, mosquitoes captured as adults have unknown age at the time of testing and are likely
to have a variety of insecticide exposure histories, so it is generally assumed that assay results would be
difficult to interpret. Here, we examine the impact of heterogeneity in age and exposure history on the
observed survival in insecticide resistance assays using a mosquito life cycle model of a mixed resistant
and susceptible population, incorporating age and insecticide exposure-based mortality. We show how
sampling from heterogeneous mosquito populations impacts insecticide assays taken using adult-
captured mosquitoes compared to those using larval-captured mosquitoes, and evaluate both of these

measures as predictors of true resistance in the population. We develop a simple correction that can be
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used as a guide to remove the bias in adult-captured assays, and propose that adult mosquito sampling
offers a practical complementary approach for monitoring insecticide resistance in malaria-endemic

regions.

Methods

Mosquito life cycle model

We developed a discrete-time deterministic mosquito lifecycle model that includes a single resistance
gene and allows for multiple exposures to insecticide. Insecticide exposure is assumed to occur only
through LLINs, and therefore only on blood feeding days which occur on every fourth day (labelled “feed”
in Figs 1.2 and S1.2). Resistance status is determined at a single locus, by S and R alleles. We assume
three phenotypes: full susceptibility (SS), intermediate resistance (SR), and resistant (RR). In this
population, the phenotypic characteristics of the SR heterozygous mosquitoes are exactly intermediate
between the SS and RR homozygous phenotypes. Offspring genetics follows Mendelian inheritance
patterns, with random mating.

We modeled the mosquito life cycle in single day timesteps: mosquitoes lay eggs every fourth day, three
days after blood feeding (Figs 2.1 and S2.1). In every stage of the life cycle, a proportion of mosquitoes
die each day. In egg and pupal stages, mortality is constant (Table S2.1); in the larval stage, it is density
dependent, following a Ricker-type nonlinear survival function 8. In the adult stage, mortality is based on
age, genotype, and exposure history (Fig S2.2). In addition, there is immediate mortality on feeding days,
induced by insecticide exposure due to encountering an LLIN. We incorporated effects of past insecticide
exposure on mortality, as documented in lab experiments in &, through two mechanisms: increased
immediate mortality upon exposure to insecticides, and an increase in daily age-based mortality for the
rest of the mosquito’s life following exposure. The homozygous resistance (RR) mortality phenotype is
from the resistant TIA strain data in 8. The homozygous susceptible (SS) mortality phenotype is based on
an entirely susceptible lab strain from 883, Gompertz-Makeham survival curves were fit to these mortality
data (see Supplemental Methods) to obtain both immediate and daily mortality estimates for mosquitoes
with a history of insecticide exposure and without (Table S1.2 and S1.3). The differences between these

mortality data impose a fitness cost of resistance.
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Fig 2.1 Mosquito life cycle model and sampling schematics.
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A) Simplified schematic of mosquito population model for a single genotype, with exposure days
highlighted blue. The aquatic stage (in grey) is split into three components: the egg stage is 3 days, larval
stage is 5, and pupal stage is 2 days. In adult (non-aquatic) stages, each compartment represents a
single day. Mosquitoes have the opportunity for exposure on each feeding (highlighted), which varies by
spatial coefficient s and is determined by past exposure history. The number of past exposures is not
tracked beyond 2 exposures. Mosquitoes live up to 26 days. The first full gonotrophic cycle is shown,
while later cycles are abbreviated to show only feeding days (i.e. rest and laying days hidden). The fully
elaborated diagram is shown in Fig S1.1. Daily mortality and egg laying also not shown for ease of
visualization. B) Timeline for larval-capture (upper) and adult-capture (lower) collection and testing.

Insecticide exposure

Mosquitoes in this model blood feed up to six times, so have a maximum of six insecticide exposures.
However, to simplify the model, we only track up to two past exposures explicitly. Insecticide coverage is
a parameter input for each simulation, and is used to determine the probability p(f) of insecticide exposure
at each blood feed in the absence of heterogeneity, where f refers to the blood feed count. To account for
outdoor biting and net failure in the probability of exposure, we scale coverage by “LLIN effectiveness”
(80%). The probability of exposure on the first feed p(1) is always equal to the coverage multiplied by the

LLIN effectiveness.

To capture spatial heterogeneity and avoid unrealistic coverage of LLINS (see Supplemental Methods),
we introduced a proxy spatial structure®?, which causes the probability of future insecticide exposures to

depend on a mosquito’s past exposures. This reflects that mosquitoes may tend to feed locally rather
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than biting the human population randomly. To do this, we used a spatial clustering parameter s to modify
the probability of exposure on all blood feeds f after the first feed (Fig 2.1). We varied s between 0 and 1:
when s = 0, there is completely random mixing in the model and the probability of exposure on each feed
is constant across all feeds (i.e. always the same as in the first feed). When s = 1, there is perfect spatial
clustering and exposure on future feeds is determined entirely by the exposure status on the initial feed.
Intermediate exposure probabilities are calculated as follows, depending on previous exposure:

Exposed on previous feed: E+(f-1)

p(f) | E+(f-1) = p(f-1) + s*q(f-1)

q(f) | E+(f-1) = q(f-1) - s*q(f-1)

Unexposed on previous feed (E-f-1)
p(f) | E-(f-1) = p(f-1) - s*p(f-1)

q(f) | E-(f-1) = q(f-1) + s*p(f-1)

For some blood feeds there is more than one way to compute the probability of exposure (e.g., the third
blood feed by a mosquito that had a single previous exposure could have been either exposed or
unexposed on the most recent blood feed). In these cases, we computed all of the possible exposure

probabilities and used their mean.

Both spatial coverage and the proportion resistance in the population impact how coverage maps onto
the actual proportion of blood feeding mosquitoes exposed on a given day (Fig S2.3). When insecticide
resistance is low, and there is at least some level of spatial clustering (s>0), a disproportionate number of
the mosquitoes alive at a given time will be those that were not exposed in their first feed because all of
the susceptible mosquitoes that were exposed on the first feed died. This leads the proportion exposed to
be much lower than suggested by the coverage and LLIN effectiveness (Fig S2.3A). However, when the
population is highly resistant, few mosquitoes die on their first or second blood feed, and the proportion of
feeding adults exposed on a given day match more closely to the product of coverage and LLIN

effectiveness (Fig S2.3B).
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Insecticide resistance assay simulations
As the model is deterministic, under each spatial coefficient s and insecticide coverage, the population
reaches a single equilibrium proportion of the population that is resistant. True resistance in the modeled

population is calculated as the resistance allele frequency in the whole population:

True resistance = (2*SR + RR) / (SS + SR + RR).

To compare insecticide susceptibility assay results under different collection strategies, we simulated
assays by drawing individuals from the constructed population. To conduct an individual assay, 200
mosquitoes were sampled randomly from the population. 100 of these mosquitoes were exposed and 100
were used as controls. The probability of mortality for each mosquito sampled for the assay is a function
of age, exposure history, genotype, and whether they are in the exposure or control sample (Table 2.1).
To determine whether an individual mosquito dies, we drew from a binomial distribution with that
probability. For adult-captured assays, we drew mosquitoes randomly from the adult population on the
day of collection to determine their genotype, age, and exposure history. For the larval-captured assays,
we drew mosquitoes randomly from the larval population on the day of collection to determine their
genotype, and then assumed that in the assay they have the mortality probability of a three day old adult.
This would be equivalent to collecting as larvae and raising them in an insectary, and performing the

assay three days after emergence.

Table 2.1 Mortality parameters used in each assay simulation

Genotype Age-based | Exposure | Insecticide
mortality history mortality
Adult-capture: controls X X X
Adult-capture: exposed X X X X
Larval-capture: controls X day 3 only
Larval-capture: exposed X day 3 only X
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To adjust for mortality observed in the control, the results of each assay were corrected using Abbott’s

formula 8

Corrected mortality = 100 * (% observed mortality—% control mortality)/(100-% control mortality)

While the WHO only recommends using Abbott’s formula when control mortality is > 5%, we used the
adjustment regardless of control mortality in order to directly compare adult to larval sampling. We were

interested in corrected survival, which is 1-corrected mortality.

Comparison of sampling methods

To compare adult-capture to larval-capture, we ran the model starting with 1% resistance in the
population until it reached resistance equilibrium, across each value of insecticide coverage and spatial
coefficient. For any combination of these parameters, resistance at equilibrium was either 0% or 100%.
To evaluate the differences in collection strategies at intermediate resistance, we sampled from the
mosquito population over time. To exclude the instability that occurs early in simulations with high
coverage and ensure that we were using mosquito populations that, while not at equilibrium, were at least
changing slowly, we excluded the first year of each simulation. From the remaining data, we created a
sampling dataset, by choosing 10 days randomly for each combination of coverage and spatial clustering

parameter from which to draw samples.

For each day that samples were drawn, we simulated adult- and larval-capture resistance assays 100
times each. We took the mean of the corrected survival across these 100 samples. We are interested in
the difference between the results from the adult-capture and larval-capture assays, so we calculated the
“survival difference” by subtracting the mean survival using adult-capture from the mean survival using
larval-capture. By this measure, a positive survival difference value means that the observed mean
survival is higher in adult-capture assays than larval-capture assay, and a negative survival difference

means that survival is higher in larval-capture assays.
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Adjustment model

We compared the results of each of the mean larval- and adult-capture assays with the true resistance
proportion, and used linear regression to model these relationships. We then built an “adjustment model”
by using linear regression to model the relationship between survival difference and the results of adult-
capture insecticide assays. This “adjustment model” takes adult survival as an input and returns the
difference between adult-capture survival and larval-capture survival. The value of the difference is added

to the adult survival to create the adjusted adult-capture assay result, our new estimate of resistance.

To evaluate the efficacy of this adjustment model, we use the sampling dataset described above. We
then re-ran our insecticide assay simulations, conducting 100 samples from each of these scenarios. We
used the adjustment model on the adult-capture assay results to calculate the adjusted adult-capture
results. To compare the accuracy of this measure against the accuracy of the larval-capture and

unadjusted adult-capture assays, we calculated the mean square error (MSE).

Sensitivity analyses

In this model, we made important simplifying assumptions, including that insecticide exposure only occurs
via LLINs (as opposed to indoor residual spraying or agricultural exposure). In addition, resistance in this
model is determined at a single, two-allele locus for simplicity, whereas insecticide resistance may have

multiple causes of varying genetic complexity8-28,

We conducted several sensitivity analyses to examine assumptions of our model around mosquito life
cycle parameters and the effects of insecticides. We examined our assumption that there is a fitness cost
due to earlier mortality in RR and SR compared to SS mosquitoes by repeating our simulations using the
fully resistant (RR) mortality curves for all genotypes in the model, and again using an intermediate
mortality curve for the SS mosquitoes—by using the mean of the RR and SS mortality for each day (Figs
S2.4 and S2.5). We also looked at the sensitivity of our results to the assumption that there is a longevity
effect (increasing daily mortality) in resistant mosquitoes that survive exposure. To do so, we assumed

the only effect of past exposure was to increase immediate mortality on the day of exposure (Fig S2.6). In
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addition, we examined our assumption that all mosquitoes have a strict 4-day gonotrophic cycle, by
instead using a 3-day gonotrophic cycle (Fig S2.7). While neither of these perfectly represent the blood-
feed frequencies in the field, which vary, this allows us to understand the impact of this assumption on our
model results. In both scenarios, mosquitoes are capped at six gonotrophic cycles, and the maximum
lifespan is 26 days. Finally, we ran two sensitivity analyses where we incorporated insecticide selection
during the larval stage, to reflect the possibility of environmental larvicides, imposing either a low or high

additional mortality rate on each day of the larval stage (Figs S2.8 and S2.9).

Results

Under our standard parameterization of the mosquito life cycle, we found that the mosquito population
always reached equilibrium with the entire population either fully susceptible or fully resistant. Resistant
equilibria were reached when insecticide coverage was high, and susceptible equilibria were reached
when insecticide coverage was low (Fig 2.2A). The coverage threshold between susceptible and resistant
equilibrium depended on the degree of spatial clustering. Higher spatial clustering led to a higher
coverage required to reach a resistance equilibrium. When the spatial clustering parameter was equal to
1, such that the first blood feed exposure status determined all future exposures, the equilibrium
population was fully resistant at 70% insecticide coverage or higher. When there was no spatial
clustering, the population reached 100% resistance when insecticide coverage was at or above 30%.
These trends in true resistance are reflected in the mean survival observed in the simulated resistance
assays based on both larval- and adult-capture, although the adult-capture assays have lower survival at

high resistance.
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Fig 2.2 Difference between adult-capture and larval-capture assay results is determined by

population resistance.
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A) Insecticide resistance across a range of insecticide coverage (x-axis) and spatial coefficient (y-axis)
values at resistance equilibrium, 25 years following insecticide introduction. Color scale indicates % R
alleles. B) difference between mean results from adult-capture and larval assays across a range of
insecticide coverage (x-axis) and spatial coefficient (y-axis) values, conducted at the same time point. The
color scale indicates the difference between mean assay results in adult capture compared to larval
capture, i.e. adult capture survival — larval capture survival. Negative values indicate that observed
survival is lower in adult capture than larval capture, on average; positive values indicate that observed
survival is higher in adult capture than larval capture.

The survival difference between adult-capture and larval-capture methods maps directly onto equilibrium
resistance values (Fig 2.2A and B), and does not appear to differ by spatial structure or coverage. We
interpret this to mean that the bias in adult-capture assays depends on resistance proportion, and can be
aggregated across spatial structure and coverage. When we remove grouping by these parameters,
assays based on larval- or adult-capture both measured true resistance relatively well (Fig 2.3A). Both
larval-capture and adult-capture assay results are well fit using linear models (larval model R2 = 0.9996,
adult model R? = 0.9960). Larval-capture assay survival is a very accurate measure of true resistance.
Adult-capture assay survival is not a perfect correlate of true resistance: it overestimates resistance by 3-

5% at low resistance (<15%) and underestimates by 10-12% at high resistance (>90%).

To construct an adjustment model, we subtracted the mean adult-capture results from the mean larval-
capture results of each equilibrium sample (Fig 2.3B). We then modeled this survival difference against

adult assay survival using a quadratic function (R? = 0.9490).
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Fig 2.3 Resistance assay bias in adult-capture sample corrected with an adjustment model.
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A) Mean survival by true resistance, from 100 assays simulated with larval (green) and adult (blue)
capture. B) Adjustment proposed for adult capture assays, to align with larval capture results which
closely reflect true resistance frequency.

Table 2.2 Model performance comparisons.

(Unadjusted) Adult- Larval-capture assay Adjusted adult-capture
capture assay assay

Mean difference -0.0132 -0.0043 -0.0073

MSE 0.0059 0.0018 0.0038

The adjustment model was applied to adult-capture assays to improve the predictions of true resistance

using observed adult survival. Using this adjustment (Fig 2.3B), the bias from adult-capture assays was

reduced, only requiring information on the measured survival from those assays (Fig 2.3B). When we test

the adjusted adult-capture results against the larval-capture results and against the original, unadjusted

adult-capture results, the mean square error (MSE) of the adjusted adult-capture (0.0038) is lower than in

the unadjusted adult-capture (0.0059) but is still greater than in the larval-capture (0.0018) (Table 2.2).

30




Fig 2.4. Adjustment model follows a similar form across sensitivity analyses
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Adjustment curves generated from each of the models run in the sensitivity analyses, plotted against the
results of the original model (in black). Within each sensitivity analysis, the above curve shows the
difference between the adult-capture assay results and the larval-capture assay results, which is a good

measure of true resistance.

Sensitivity analyses

In sensitivity analyses, testing our assumptions of the mosquito life cycle and effects of insecticide
exposure, larval capture remained a very good predictor of true resistance (Figs S2.4-2.9). Under all
sensitivity analysis the relationship between adult-capture and larval-capture assays followed a similar
trend as shown above, with small variations. The models with low larvicide exposure, a lower

(intermediate) mortality related fitness cost, and no effect of insecticides on longevity garnered nearly

identical correction curves (Fig 2.4).

The mean resistance measured using adult-captured assays were always higher than larval-capture

assays at low resistance, and lower than larval-capture assays at high resistance (Fig 2.4). The
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resistance level at which adult-capture assays went from being an overestimate to an underestimate
compared to larval-capture assays—i.e., where the two mean values were equal—ranged from 46.5%-
49% resistance for all analyses apart from shortened gonotrophic cycle, which intersected at 59.5%.
Adjustment curves generated in sensitivity analyses diverged from those in the original analysis the most
at very high or very low resistance levels, in particular, for those with high larvicide exposure, 3-day
gonotrophic cycle, and no mortality related fithess cost. At higher resistance levels, mean adult-capture
survival was up to 11% lower than mean larval-capture survival, in the model with no effect of insecticide
exposure on longevity (Fig 2.4, pink line). At lower resistance levels, the mean adult survival was up to
11.5% higher than the mean larval survival, in the model with a 3-day (rather than 4-day) gonotrophic
cycle. The adjustment curve generated by the model with a shorter gonotrophic cycle had the greatest
divergence from the other model results, leading to a much larger overestimate of resistance in the adult-

capture assays at low levels of resistance (Fig 2.4, green line).

Discussion

Insecticide resistance represents a major threat to the gains in malaria control achieved over the last
several decades. Monitoring insecticide resistance over time and in different settings is an important
component of surveillance for malaria control programs, and current approaches are lacking in this
regard, partly because of the impracticality of current resistance assay protocols. We used a
mathematical model of a mosquito population to compare the results of simulated adult- and larval-
capture assays, and found that the bias in assays using adult-capture can be reduced using a simple
correction based on measured resistance alone, allowing us to align adult-capture assay results more
closely with larval-capture assay results. After adjusting for this bias, adult-capture can be a consistent

measure of overall resistance—an approach that may better inform resistance monitoring efforts.

Adult-capture is likely a much more practical strategy for insecticide resistance monitoring than the larval-
capture assays, which is the current recommendation by the WHO. Adult-capture can be done without
relying on resources such as insectaries, and is therefore more portable, allowing for wide scale testing in

more remote and varied locations. In addition, they take much less time—tests can be conducted
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immediately after collection, as opposed to the week or more required to raise larvae or F1 progeny to the
correct age in the insectary. These advantages could allow for a shift away from the sentinel site model,

towards more systematic monitoring over geographic regions.

In addition to logistical advantages, adult-capture may also be more representative of the mosquitoes that
are contributing to malaria transmission . In theory, as we see in our model, larval-capture results are a
very good measure of true resistance. However, this depends upon the assumption that they are drawn
from the same population that we are interested in, i.e. the mosquitoes that are likely contributing to
malaria transmission. This may not be the case in the field: larval collections, in particular, may
overrepresent very few mosquitoes (due to egg laying behavior) and adult-capture can more easily target

mosquitoes that are actively seeking out humans for blood feeding.

This model makes several simplifying assumptions, and relies on a single data set to parameterize the
mortality of resistant mosquitoes following multiple exposures. We do not model multiple Anopheles
species, which often overlap in a single ecological setting. It is possible that unknown characteristics of
these or other traits of field-captured adults may lead to a different relationship between resistance and
adult-capture survival than we observe in our model. Some field experiments have demonstrated higher
resistance in adult-captured mosquitoes than measured in the birth cohorts, which appears counter to the
results of the lab work in Viana et al.®°. However, these data may not be in conflict: in our model, we show
that, depending on true population resistance, adult-capture can yield both higher and lower mortality
than larval-capture. However, it is possible that we are not fully discerning the fithess landscape of
insecticide resistance. While there are currently very little data available to compare this in the field,
experiments pairing larval- and adult-captured assays in regions with different levels of true resistance

could lend support to either of these hypotheses.

The results of this model demonstrate that adult-capture, through a simple bias correction, can be a

useful and consistent measure of resistance. Field experiments should be conducted to validate our
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modeling results, allowing adult-capture to be prioritized moving forward as a more practical strategy for

wide scale testing than the methods currently recommended.
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3. Modeling the impact of risk perception on bed net use:

implications for efficacy projections
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Abstract

Mathematical modeling to understand the impact of interventions on malaria transmission is an important
tool guiding malaria control policy. Most models of bed net efficacy assume constant use and do not
explicitly incorporate human behavior. Health prevention behaviors depend on many factors, including the
perceived risk of infection as well as attitudes towards the intervention in question. With respect to
malaria, the relationship between symptomatic disease and true prevalence is counterintuitive: when
transmission intensity is high, symptomatic disease occurs primarily in younger age groups, while
infections in adults are predominantly asymptomatic. The information most easily available to people in
areas of high transmission intensity—clinical disease—is thus an inaccurate reflection of the true risk of
infection. Here, we seek to understand the impact of subjective risk perception and the resulting changes

in bed net use patterns on the efficacy of a hypothetical bed net campaign.

An agent-based model of malaria transmission was constructed to characterize the impact of insecticide
treated bed net usage in a single population. Bed net use was modeled using three different functions
reflecting different usage behavior in relation to transmission intensity: one in which usage was constant
over time, one in which it depended on observed symptomatic malaria in the population, and one in which
it depended on true prevalence of malaria. The first reflects the standard baseline assumption of
intervention models, and the latter two reflect bed net use as a response to perceived risk, depending on
which information is available. The results from these three models are compared to understand the

potential impact of human behavior on model results.

Within each transmission intensity setting, bed nets reduced overall prevalence after 3 years regardless
of usage patterns. However, the form of the relationship between malaria prevalence and bed net use has
an important impact on the observed effectiveness of a modeled bed net campaign. Overall, the status-
guo model of bed net use results in the lowest prevalence after 3 years, and the symptomatic-prevalence

the highest. The prevalence-based bed net use model falls in the middle.
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Understanding how and why the take up of interventions varies with the underlying intensity of
transmission is an important knowledge gap in the design of strategies for malaria control and elimination,
and a fundamental obstacle to the successful implementation of interventions. Our results point toward
the importance of understanding malaria risk perceptions, and how they impact the use of bed nets and

other disease-prevention behaviors.

Introduction

Insecticide-treated bed nets have been a cornerstone of global malaria control since the turn of the
century. With 2 billion bed nets distributed in Africa since 2004, the percent of the population at risk of
malaria in Africa sleeping under a bed net has increased from nearly zero in the early 2000s to roughly
50% in 2019%. An estimated 68% of the decline in malaria infection between 2000 and 2015 has been
attributed to the scale up in bed nets®.

Despite substantial declines in malaria morbidity and mortality over the past 20 years, the current and
future state of malaria control is uncertain'”2%°1, While Plasmodium falciparum case incidence declined
by 27% between 2000 and 2015, it fell by only 2% between 2015 and 2020, and increased in many
countries®?, Although there are a variety of novel malaria control measures in development, malaria
control still relies primarily on treatment, through medication, and prevention—primarily through bed nets.
With a plateau in global malaria funding, but an increasing need to continue reductions in malaria burden,
the next phase of malaria control will require a more targeted, nuanced approach to the distribution of
malaria control tools, and a better understanding of why they may be falling short®°.

Malaria transmission modeling is a key aspect of malaria control strategic planning: models are used by
policy makers, funding agencies, and local governments to estimate the effectiveness and cost-
effectiveness of malaria interventions, and to target interventions where they will have the greatest
impact!”9192, These models have become increasingly complex and wide-ranging in scope with respect
to the biology of both the parasite and vector, incorporating environmental and within-host dynamics®3.
However, models predicting the impact of bed net distribution programs continue to rely on very simplistic
assumptions about human behavior. The success of malaria control interventions depends critically on

populations’ willingness and ability to use malaria control tools—e.g. to sleep under bed nets, to seek
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formal care for a malaria illness, and to adhere to full courses of antimalarial medication®. However,
malaria models predicting intervention impact rarely consider the implications of their assumptions about
human behavioral responses to these interventions.

A key assumption about human behavior that is implicitly incorporated in malaria models is whether or not
people actually use bed nets when they are available. Models of bed nets impact typically assume that
distributed nets will be slept under consistently over time, or that some constant share of the population
will not use them®®-%, In particular, although models may incorporate waning efficacy of bed nets due to
normal wear and tear, they generally do not incorporate active decision making—thus, the decision to use
a bed net is almost always left unexamined or fixed over time and across settings. This may miss a key
factor in the decision to use bed nets, which is the perceived risk of infection.

The drivers of the usage of disease prevention measures and health-seeking behaviors are complex,
however, a number of studies of other infectious diseases have shown that subjective risk perception of
disease plays an important role in preventive health behavior®®-1%2, There is growing awareness of the
need to incorporate more realistic assumptions regarding human behavior in the construction of infectious
disease models!03.104,

As the actual risk—in this case, we assume this to mean prevalence— is generally not available to
populations at risk, prevention behavior is more likely to be influenced by the perceived risk of disease.
When disease risk is hard to assess, interventions that rely on human behavior can have counterintuitive
impacts!®. While the role of perceived risk in malaria prevention behaviors is largely unexplored%1%7 the
unique epidemiology of malaria makes clinical incidence a poor indicator of actual risk of infection: in
areas with high transmission intensity, symptomatic disease occurs primarily in younger age groups, and
acquired immunity means that adults primarily experience asymptomatic infections'®-11, |n regions with
low transmission, however, new infections will often cause symptomatic disease, meaning that adults and
older children also experience symptomatic malaria. This non-linear relationship between transmission
intensity and clinical disease can make it hard for the general public to accurately assess their own
infection risk, and may lead to counter-intuitive relationships between true malaria prevalence and the
efforts people take to protect themselves from the disease—such as through the use of bed nets.

However, the impact of these complex epidemiological features on risk perception has not been studied.
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Here, we explore how incorporating risk-based behavior into an agent-based mathematical model of
malaria transmission impacts the predicted effectiveness of a bed net distribution program. We motivate
this approach using a unique dataset measuring subjective risk perceptions of malaria, bed net usage,
and malaria prevalence across 92 villages in Uganda in 2011 and 201212113, We use this mathematical
model to show how predicted impacts of a bed net campaign would vary depending on how people
perceive their risks of clinical disease, comparing three scenarios: one in which the bed net use depends
on symptomatic malaria prevalence, one in which bed net use depends on total malaria prevalence, and
the status quo modeling scenario in which bed net use is constant and independent of malaria risk (either

real or perceived).

Methods

Survey data

The survey data in this paper were collected as part of a larger study exploring feasibility of rapid
diagnostic testing in private sector drug shops, described and analyzed in two previous publications*?113,
Data used here were collected as a part of the baseline survey from March-April 2011 from 92 villages
across six districts in Eastern Uganda. Malaria is endemic in this region. Surveys were conducted with the
female head of household from 30 randomly selected households in each village. Demographic data were
collected, including the number of household members and their ages. Following the baseline surveys,
ten rounds of monthly health monitoring surveys were conducted, with malaria testing for every
household member conducted via rapid diagnostic test in the final survey round. The test used was the
CareStart Malaria HRP2 (Pf) test (Access Bio, Somerset, USA). This test has a panel detection score of

98.7%, a false-negative rate of <1% and a total false-positive rate of 2.4%15116,

Here, we consider the responses to two baseline survey questions: “How many mosquito nets do you
own?”, “How many mosquito nets did you use last night?”, and “In the past 30 days, what fraction of
illnesses in your household do you believe were malaria?” We use this as a proxy for the perceived risk of

malaria infection. Finally, we use the RDT malaria prevalence data that was collected at the end of follow-

up.
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We use ordinary least squares linear regression to estimate the relationships between prevalence and
bed net use and prevalence and perceived risk of malaria infection. In each analysis, we control for
household asset quintile, household size, education level, mean age and gender. Analyses are done with

household and village aggregated data.

Mathematical model

We developed a stochastic agent-based model to examine the impact of perceived malaria risk on the
effectiveness of a bed net distribution program, measured as the change in malaria infection and in
symptomatic disease after 3 years. For the sake of parsimony and generalizability, we keep most
components of this model very simple, only incorporating the complexities necessary to understand this
specific question. We use an agent-based model in order to capture changes in behavior (i.e. in bed net
use) that leads to heterogeneous disease risk!*’-11°. The model incorporates both humans (modelled
individually) and mosquitoes (modelled collectively). The human disease states follow an adapted SIS
model with waning partial immunity. There are three susceptible and three infectious states: Susceptible
(S0) - Infectious (I0) - Susceptible (S1) - Infectious (I11) - Susceptible (S2) - Infectious (12) (Fig 3.1). The
proportion of infected people exhibiting symptoms decreases as immunity builds, such that all people in 10
are symptomatic, and only a small fraction of those in 12 are symptomatic (Table S1). Mosquitoes are
modeled collectively in an SEI (Susceptible-Exposed-Infectious) model. We ran this model using daily
time steps for 3 years after bed net intervention, to reflect a reasonable assessment period for a bed net

program?20-122,

When available, population parameters were based on summary measures of the motivating dataset
(Table S2). Our modelled population consists of a single village of 180 households, with 6 individuals in
each household. Within each household, we divide the population by general age category, to represent
the variation in acquired immunity. We approximate this as 3 adults, 2 older children, and 1 young

child/infant within each household.
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Fig 3.1 Model schematic representing disease states of individuals in the agent based model
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Schematic of disease states in the model. Humans are modeled individually, and parameter p, which
governs the probability of gaining immunity from an infection, varies by age group. S compartments
(susceptible) and | compartments (infectious) are indexed based on the immunity acquired in past
infections. Parameter values are provided in table S1. Mosquitoes are modelled collectively, and the
mortality rate p of mosquitoes is a function of the proportion of people using bed nets and the bed net-
related mortality, combined with the baseline daily mortality.

Bed net use

We model the use of bed nets in a stylized manner for clarity, to reflect the qualitative patterns of decision
making relative to malaria epidemiology observed in the data. A proportion of households do not own bed
nets, and therefore never use them. The specific households without bed nets do not change over time.
Among those that do, using or not using bed nets is determined at the household level. To constrain the
frequency with which houses switch between using or not using bed nets, we assume households make
this decision only once every 30 days. We constructed three different functions to model the probability
that households choose to use bed nets: A) constant over time, i.e., the status quo model, B) a function of
perceived disease risk determined by the prevalence of symptomatic disease in the community at that
time, or C) a function of perceived disease risk determined by the true prevalence of disease (i.e. both
asymptomatic and symptomatic) in the community at that time (Figure 3.2). These functions are
constructed by taking the mean of the range of observed inputs (either prevalence or symptomatic
prevalence) in the absence of bed nets, then normalizing the full range of the disease measure to the

usage range, which is an input of the model (Fig 3.2).
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Fig 3.2 Symptom curves by age contribute to form of symptom-based bed net use function
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Relationships between prevalence and symptoms, and the impact on bed net usage functions. A) The
relationship between symptomatic prevalence and all prevalence varies by age. From top: symptomatic
prevalence in infants/young children, then in older children, and finally in adults. B) The form of each of
the three bed net use functions as shown across the full range of prevalences in the model, with a mean
usage of 62% and full usage range of 40%.

To avoid unrealistic and frequent changes in strategy, we assign bed net use in an ordered way (Fig
S3.1). After the proportion of houses using bed nets is calculated, we assign households to either use or
not use bed nets by listing them in sequence by household ID and selecting households from the
beginning of the list to be bed net users. Every household has the same size and age make-up, so the
household order only matters in that it impacts bed net use. For each household using bed nets, the
number of nets available within that household is drawn from the distribution of nets owned per household
from the survey dataset (Figure S3.2). Following evidence that children over five are less likely to sleep
under a net than children over five, but that adults are not necessarily less likely?>1% we assign bed nets
to the infant/young child first, then to adults, and then to children within each household. We assume that

each bed net covers two people.
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Malaria transmission

The infection process is simulated daily. Infected mosquitoes can infect those who are non-infectious or, if
mosquitoes are susceptible, be infected by biting infectious individuals. Mosquitoes bite people of any
disease status with equal probability; the only variation in mosquito biting rates is whether or not an
individual is using a bed net. The effect of bed nets is incorporated as a proportion reduction in the
number of bites per person per night, and an increase in the daily mortality rate for feeding mosquitoes.
Bed nets thus prevent infection of humans by mosquitoes and infection of mosquitoes by humans, and

decrease the proportion of mosquitoes that are infectious.

When someone in a susceptible (S) compartment is infected, they move into the next infectious (1)
compartment—i.e., when a fully susceptible (S0) person is infected, they move to 10. Upon recovery, they
can either move to the next compartment (in this example, S1), gaining immunity from this infection, or
back to the previous susceptible compartment (i.e. S0). Whether or not they acquire immunity is
determined by a binomial function with a probability p that depends on age category. Adults are the most
likely to acquire immunity through infection, and infants/young children are the least likely. Immunity
wanes, sending people back to the previous S compartment, if they remain uninfected for the full waning
period. These parameters have been set to recreate the symptomatic prevalence — prevalence dynamics

that are expected for each age group (Fig 3.2).

Our primary outcomes of interest are the final prevalence and symptomatic prevalence under each of the
three bed net functions after 1 and 3 years of bed net use. We run simulations of this model in a range of
baseline transmission intensities, between 10% and 90% malaria prevalence, in 10% increments,
reflecting the range observed in the data. We vary the initial prevalence in our simulations by changing
the ratio of mosquitoes to humans. Simulations are run from an approximate equilibrium, and
interventions are put in place after 1 year. We also look at the proportion of individuals using bed nets to

understand the impact of the bed net functions on use over time.
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Sensitivity analyses

In a sensitivity analysis, we vary the parameters of the bed net functions: mean use and the usage range,
i.e., the strength of association between bed net use and prevalence/symptomatic prevalence. We also
relax the assumption that there is an ordered distribution of bed nets within each household, and instead

assign them randomly.

Modeling assumptions

We have made broad simplifications about malaria transmission and immunity to simplify this model. We
assume that individuals can only have a single malaria infection at a given time. Although we break
transmission into three sequential immunity and infection categories, in reality immunity is much more
complicated than represented and our compartments, while able to reconstruct a reasonable relationship
between symptomatic prevalence and true prevalence, do not reflect what is known about the acquisition
and duration of immunity. However, because we are looking at a very short period of time, we believe that
this is a reasonable model of true infection dynamics. We also assume all households are
demographically the same, and we assume random mixing of humans and mosquitoes—i.e. no spatial
structure. We also make a strict assumption about the order of bed net distribution, which may not hold.
However, we do relax this assumption in our sensitivity analyses.

All coding was done in R and is available on Github at: https://github.com/iholmdahl/Bednets.

Results

Survey data results

In the survey data, we find a negative relationship between malaria prevalence and the proportion of
households that self-report using bed nets at baseline (Fig 3.3A). When we analyze at the household
level, after adjusting for demographic confounders, this relationship is statistically significant (coefficient =
-0.128, p = 0.009) (Table S3). However, when these data are aggregated to the village level, after
adjusting for the same confounders, this relationship is not statistically significant (coefficient = -0.159, p =
0.056) (Table S4). We also find a negative relationship between malaria prevalence and the fraction of

disease in the past 30 days that is self-reported as malaria (Fig 3.3B). Again, after adjusting for
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demographic confounders, this relationship is statistically significant at the household level (coefficient = -
0.003, p<0.001), but not when data are aggregated to the village level (coefficient = -0.002, p = 0.261)

(Tables S5-6).

Fig 3.3 Inverse relationships between malaria prevalence and bed net use, perceived malaria risk
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Village-level data motivating this analysis, collected from 92 villages in Uganda in 2012. A) Relationship
between average malaria prevalence and malaria prevention through bed nets. B) Relationship between
average malaria prevalence and perception of malaria risk. Best fit lines are constructed with linear
regression. Individual (village level) data points shown with points. See tables S3-S6 for OLS results.

Modeling

We used an agent-based mathematical model to examine how different patterns of behavioral response
to disease risk, suggested in these data, may impact the predicted efficacy of control programs. We use
three different functions to represent potential decision-making processes, which we assume are made at
the household level. In the first model of bed net use, which we refer to as the “status-quo,” we assume a
constant proportion of use over time. This reflects the current standard of malaria intervention models,
which do not incorporate human behavior that responds to any measure of disease risk. Next, we use the
“symptomatic prevalence” model, in which individuals make decisions in response to the overall

prevalence of symptomatic disease—a measure that does not perfectly reflect the true risk of true
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disease (Fig 3.2). Finally, we use the “prevalence” model, in which individual decisions are made in

response to the true prevalence of malaria—including both symptomatic and asymptomatic infections.

In the status-quo model of bed net use the mean proportion of households using bed nets does not
change over time (Fig 3.4A). In the symptomatic prevalence and prevalence models, however, the mean
proportion of households using bed nets drops quickly following the introduction of bed nets. In the
prevalence model, simulations reach a relatively constant proportion of households using bed nets within
the first year, on average, regardless of baseline transmission intensity. In the symptomatic prevalence
model, the proportion of households using bed nets continues to change over the course of the 3 year

simulation.

Fig 3.4 Bed net use over time declines under both dynamic use models
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Bed net use over time under each of three bed net use functions over the first year of use. Intervention
use starts on day 1; colors correspond to different baseline transmission intensities. Lines show the
proportion of all individuals using bed nets on each day, which is a factor of household decision and
number of bed nets available within each household. Bold lines show the mean across 50 simulations;
thin lines show proportion using bed nets in individual simulations. Note: 20%, 40%, 60%, and 80%
baseline prevalence simulations removed for ease of visualization. Expanded visualization of the full three
years in Fig S3.3.

Compared to the proportion of households using bed nets, the proportion of individuals using bed nets at

a given time is lower, as not all households have enough bed nets to cover all individuals (Fig 3.4B, Fig
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S3.2). There is variability within each simulation due to a variable number of bed nets available, and
variation between simulations in prevalence or symptomatic prevalence due to stochastic transmission.
The prevalence-based model of bed net use leads to fewer people using bed nets than the status-quo
model after the first 30 day period, except for in the highest baseline transmission setting (90%). The
symptomatic prevalence-based model leads to, for each baseline transmission intensity, fewer people
using bed nets than in the status-quo or prevalence-based model after the first 30 day period. Although
for most of the simulated time bed net use is lower in the symptomatic prevalence-based model than in
the prevalence-based model, this is not the case for all simulations at the very beginning of the bed net
intervention. During the first thirty days of the simulation, the symptomatic prevalence model leads to a
higher proportion of households using bed nets at 20%, 30%, 40%, 50%, 60%, and 70% baseline disease

prevalence.

The change in prevalence over time depends on the baseline transmission intensity and the bed net
function used. All three bed net use functions lead to reduced prevalence of malaria after one year (Fig
3.5A). Generally, the status-quo model leads to lowest prevalence after one year of bed net use, and the
symptomatic prevalence-based model leads to the highest remaining prevalence. After one year of bed
net use, malaria has been reduced to 0 in the lowest baseline transmission setting (10%) under all three
bed net use functions. From 20-40%, the status-quo model leads to 0% malaria, but the other bed net
models do not. The largest gap in final prevalence is in settings with 50% and 60% malaria at baseline,

where the status-quo model leads to at least 10% lower prevalence after 1 year.

The trends after 1 year are similar when we look at the impact of bed net use on symptomatic prevalence
(Fig 3.5B): bed net use leads to lower symptomatic prevalence across the board, regardless of baseline
transmission intensity or bed net use function. However, we see that the status-quo model leads to the
largest reductions in symptomatic prevalence, and the symptomatic prevalence-based model leads to the
smallest. The only exception is in the setting with 90% prevalence at baseline, where the prevalence-

based model performs slightly better than the status-quo model.
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Fig 3.5 Prevalence declines after 1 and 3 years in each model
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A) Prevalence after 1 year of bed net use. Values along the x-axis are baseline prevalence (i.e. at the
time bed nets are introduced). Y-axis shows prevalence; points on the plot show final prevalence after 1
under each model; lines show change from beginning of bed net use (top) to 1 year (bottom). B)
Symptomatic prevalence (on y axis) after 1 year (points) and change in symptomatic prevalence from the
beginning of bed net use (lines). Different functions of bed net use are indicated by color. C) Prevalence
after 3 years of bed net use. D) Symptomatic prevalence after 3 years of bed net use.

After 3 years of bed net use, malaria prevalence is reduced to zero in settings with 10-50% prevalence at
baseline under the status-quo model, in settings with 10-30% prevalence at baseline under the
prevalence model, and for settings at 10% or 20% prevalence at baseline under the symptomatic
prevalence model (Fig 3.5C). Between 40% and 70% baseline prevalence, the status-quo model still

leads to the greatest reductions in malaria prevalence, and the symptomatic prevalence model leads to
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the smallest reductions in prevalence. Although some of these prevalences are marginally lower, we can

see most of the change in prevalence occurred during the first year.

When we consider symptomatic prevalence after 3 years, there are much larger differences between the
status-quo model and the two dynamic bed net models. In particular, they diverge from previous trends
between the 40% and 60% baseline prevalence scenarios. The 3-year symptomatic prevalence is much
lower under the status-quo model than the other two models at 40% and 50%, but is higher when
baseline prevalence is 60%. Looking at prevalence dynamics over time, we confirm that in this particular
setting, symptomatic prevalence drops quickly when bed nets are first introduced (as still can be seen in
Fig 3.5B, after 1 year), but begins to rise again over time (Fig S3.4). This suggests that non-linear
dynamics in malaria transmission may occur under some settings, but do not necessarily depend upon a
dynamic bed net use model. In sensitivity analyses in which the parameters of the bed net usage

functions are varied, we see similar trends when comparing the bed net use functions (Fig S3.5-3.6).

Discussion

Successful malaria control and elimination strategies are dependent on not only the availability of
effective prevention and treatment interventions, but also on their utilization. Mathematical models of
malaria have played an important role in malaria control policy, and have become increasingly complex
over the past decades. However, they have often lacked nuance with respect to the role of human

behavior in the use and success of these interventions.

A traditional assumption about the relationship between malaria prevalence and bed net use is that there
is a causal relationship that moves in one direction: increased use of bed nets, an effective intervention
against malaria, leads to reduced malaria transmission. However, health behavior is itself generally
determined by subjective risk perception. These mechanisms are not mutually exclusive: this relationship
likely flows in both directions, meaning that malaria transmission itself impacts bed net use through the

perception of disease risk.
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The objective of this paper was to use a simple mathematical model to highlight the possible role of risk
perception in malaria transmission reduction efforts where intervention use relies on individual decision-
making, and to examine what kinds of information human behaviors may respond to. While people may
not be consistent in their decision-making, and clinical incidence is clearly not the only factor determining
the use of bed nets, our model shows that these relationships may have important and counterintuitive
implications for the predicted success and timelines of malaria interventions. In particular, if bed net use
relies on individual perceptions of risk that are in turn predicated on observed clinical incidence, then we

may expect to see more constant use, or even higher use, as prevalence declines.

Although it is unlikely that individuals have information about the true prevalence (i.e. positivity rates) in
their communities, it may be the case that people respond to specific subsets of information. In infants
and young children alone, we see a fairly linear relationship between prevalence and symptomatic
disease (Fig 3.2), which is very similar to the prevalence-based bed net use pattern that we examine
here. If disease in this subset of the population drives intervention use, the prevalence based model may
be a reasonable representation of this behavior pattern.

Models of malaria have become increasingly complex over time, but have often focused more closely on
the biological factors determining malaria transmission, rather than on individual behavior'®24, While
added complexity does not always improve the predictions of mathematical models, a key element of
mathematical modeling of infectious disease is determining which relationships are important for
transmission dynamics and which are not!?%125, We do not know how subjective risk perception compares
to other factors driving the decision to use bed nets, but we see from the results here that it can lead to
important differences in outcome over the duration of a standard bed net evaluation window.
Furthermore, failure to incorporate these dynamics may impede the ability to assess whether an

intervention is on track.

Limitations

There are several limitations to this model. One of our main assumptions is that people link malaria risk to

mosquito exposure, and additionally believe that bed nets are an effective means of preventing mosquito
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bites!?6127, This may not be the case if individuals experience mosquito biting throughout the day, in the
evening before they are protected by bed nets, or do not see an impact of bed nets on night biting28-12°,
Even when this assumption holds, there are many other reasons individuals may use bed nets, such as
education level and seasonality—both due to discomfort from heat and the prevalence of mosquito

biting3!. Here, we exclude these variables for simplicity, so as to focus specifically on the importance of

risk-based decision making.

The data we use to motivate this study is based in one region of one country, and does not include any
very low prevalence settings. In addition, it is cross sectional, which means that we are not able to
determine any causal relationships between prevalence, perceived risk, and intervention usage. Thus, in
our main analysis, we assume three different scenarios for the relationship between bed net use and
disease risk; we do not, however, intend to determine one is more accurate than the others. Our goal is
instead to use this example to discuss the relevance of human behavior to modeling of disease

transmission.

Although the model incorporates immunity to malaria, it is a simplification of the actual dynamics of
immunity, which are very complicated*3>-134, We also do not incorporate or consider multiple infections,
which are common in areas with high transmission intensity'%®>. These simplifications could impact our
results if they alter the relationship between prevalence and symptomatic disease. We also do not look at
settings below 10% prevalence at baseline, so we are not comparing settings with very low transmission
(near elimination). It is possible that risk perception plays an even more important role in these settings,

where low perceived risk may make sustained intervention use even more challenging?®1%7.

Conclusion

Understanding how and why the use of interventions varies with the underlying burden of disease
represents a major knowledge gap in the design of strategies for reducing the burden of malaria globally,
and a fundamental obstacle to the successful implementation of transmission-reduction policies. Our

results point toward the importance of collecting malaria risk perceptions as a routine element of malaria
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surveys, as these measures could provide critical inputs into strategic planning for malaria control and

elimination.
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4. Conclusion
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In these three chapters, | have explored how mathematical modeling can be used to enhance our
understanding of the more complicated dynamics of malaria. While the reductions in malaria transmission
in the earlier part of this century were significant, the reductions in recent years have been slower.
Modeling can be an important tool for understanding the more intractable challenges that we now face.
Malaria—which results from the interaction of one parasite and two separate hosts —is a complicated
disease with important complexities. In this dissertation, | use mathematical models to approach several

of these sources of complexity—both behavioral and biological, in both humans and mosquitoes.

In the first chapter, | demonstrate how mathematical models can be used to demonstrate the implications
of novel experimental findings. | find that the reduction in the malaria EIP increases the reproduction
number Ro by at least 10%, and possibly higher in areas with less optimal temperatures for transmission.
This is an important finding for understanding the continued persistence of malaria in low-transmission
settings, and may have implications for our understanding of mosquito mortality and the relative efficacy

of insecticide-based interventions.

In the second chapter, | parameterize the bias in adult-captured insecticide resistance assays, and find
that the bias in adult-captured assays can be reduced using a very simple mathematical approach. Adult
capture methods may be better than the current larval-capture method as they have the potential to be
used in a greater variety of settings, and may in fact be a better sample of the population of interest.
These results suggest that adult-capture samples could be used more widely to inform resistance

monitoring programs.

In the final chapter, | show that the relationship between perceived risk and bed net use may have
important and counterintuitive implications for the predicted success and timelines of malaria
interventions. These results point toward the importance of understanding malaria risk perceptions, and

how they impact the use of bed nets and other disease-prevention behaviors.
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Modeling is a flexible framework that can allow us to think clearly about the many challenges facing
malaria control and elimination. The results of the studies described here can be used to improve the way
we model malaria control strategies and provide insight into novel approaches for monitoring and

evaluation.
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Chapter 1 Supplement

Supplemental Methods

Rearing of Anopheles gambiae mosquitoes

Anopheles gambiae mosquitoes (wild-type G3 and transgenic strains) were reared in cages at 27 °C, 70—
80% humidity on a 12 h light:12 h dark cycle. Adults in colony cages were fed on 10% glucose solution ad
libitum and weekly on human blood (Research Blood Components, Boston, MA). Males and females were
sexed as pupae and mated in large cages.

Plasmodium falciparum (NF54 strain) was cultured as in?>%*¢ and is used under the permissions of a
material transfer agreement from the laboratory of Carolina Barillas-Mury, National Institutes of Health,

Bethesda, MD, USA.

Gene expression knockdown using dsRNA

PCR fragments of the eGFP control (495 bp) and Lp (600 bp) were amplified from plasmids pCR2.1-eGFP
and pLL10-Lp, as described previously*®” and verified by DNA gel electrophoresis. dsRNA was transcribed
and purified from the PCR templates using the Megascript T7 transcription kit (Thermo Fisher Scientific) as
described previously?®'3%. 690 ng of dsRNA (dsGFP, dsLp) was injected (Nanoject Il, Drummond) at a
concentration of 10 ng/nl into adult G3 females within 1 day (d) of eclosion. Females were randomly
assigned to injection groups and surviving females were mated with G3 males and used in subsequent
experiments. Gene knockdown levels were determined in at least 3 biological replicates by RNA extraction,

cDNA synthesis and quantitative real-time PCR at 6 d post injection as described in*%,

P. falciparum infections of An. gambiae mosquitoes

Cages of mated female mosquitoes aged 4 d (or 4-6 d for transgenic mosquitoes) were blood fed on ~320
pl P. falciparum culture for 30—60 min via heated membrane feeders and introduced into a custom-built
glove box (Inert Technology, Amesbury MA). Feeding behavior was encouraged by starving mosquitoes of
10% glucose solution for 24 h and females not fully engorged were removed. Blood-fed mosquitoes were

provided 10% glucose solution for 48 h and then given an oviposition site. Females were fed a second time
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3 d after the initial infectious blood meal, using uninfected blood. Blood intake at the second blood meal
was encouraged by providing an oviposition site 2 d post infectious blood meal (pIBM) and non-blood fed
mosquitoes were removed. Females blood-fed twice and control mosquitoes fed once were provided 10%
glucose solution until dissection. At dissection time points, mosquitoes were aspirated into 80% ethanol
and transferred to 1X phosphate-buffered saline (PBS) (oocyst stages) or aspirated into ice-cold PBS

(sporozoites stages) and beheaded. At least 3 biological replicates of each infection were performed.

Oocyst counts and measurements: At 7 d pIBM, midguts were stained directly in 2 mM mercurochrome
(Sigma-Aldrich, St. Louis, MO) for 12 min. Mercurochrome-stained midguts were imaged at 100X on an
Olympus Inverted CKX41 microscope, and oocysts were counted and measured using scaled images in
F1JI5586, Burst oocysts were counted but excluded from oocyst size analysis. Mean oocyst size was

calculated for each midgut to avoid pseudoreplication.

Oocyst staining: At 8 and 10 d pIBM, midguts were fixed in 4% formaldehyde for 30—40 min, permeabilized
and blocked for 1 h in PBS, 0.1% Triton (PBS-T), 1% bovine serum albumin (BSA) at 22 °C, and stained
with an anti-CSP mouse monoclonal 2A10 (BEI Resources)(1:350), followed by a goat anti-mouse-Alexa
488 secondary antibody (Molecular Probes)(1:1000). Samples were washed in PBS-T, stained with DAPI
(1 pg/ml) and mounted in Vectashield with DAPI (Vector Laboratories, Burlingame, CA), and then imaged

at 630X on a Zeiss Inverted Observer Z1 with Apotome2. Scaled images were processed in FIJI.

Sporozoite counts: Mosquitoes were decapitated and the salivary glands of individual females were
collected in a small volume of PBS and disrupted using a handheld disposable pestle. Released sporozoites
were spun at 8000 g for 10 min at 4 °C and resuspended in a known volume of PBS. Sporozoites in 0.1 pl
were counted using a disposable hemocytometer at 200X magnification on an Olympus Inverted CKX41

microscope with phase-contrast microscopy and sporozoite totals for each mosquito were calculated.
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Generation of Dzpg females

Zpg and Cas9-carrying mosquito strains were generated previously?®1%, Zpg/Cas9 mutant females,
hereafter Dzpg mutants, were the F1 progeny of Zpg and Cas9 transgene homozygotes. Zpg controls and
Dzpg mutant females were mated to G3 males prior to infection, and did not differ in their ability to take a

blood meal.

Statistical analysis

Experimental data were analyzed using JMP 14 Pro statistical software and GraphPad Prism 8.0. JMP 14
Pro was used to construct statistical models to account for variation due to multiple factors in an experiment.
Residual Maximum Likelihood (REML) variance components analysis was used by fitting linear mixed
models after data transformation to normality. The number of blood feeds, dsRNA injection or genotype
and their interaction were used as fixed effects and replicate was included as a random effect. Model effect
test outputs are reported and multiple comparisons were calculated using 4 pairwise Student’s t tests
followed by FDR correction (Table S1, Table S2). Graphpad Prism 8.0 was used to calculate EIP (using
logistic regression curves), Z tests, Fisher's exact tests and c? tests (Table S3, Table S4). A significance

value of 0.05 was used as a threshold in all tests.

Supplemental Results

An additional blood meal accelerates P. falciparum oocyst development in an Lp-independent manner
We set out to determine the potential effects of a second blood feeding on parasite development, and
whether any of these effects might be mediated by the lipid transporter Lp. To achieve this, we injected An.
gambiae females with double-stranded RNA (dsRNA) targeting Lp (dsLp) and compared them to control
females injected with dsRNA targeting green fluorescent protein (dsGFP) (Fig S1.6 in the Supplementary
Information). After allowing females to mate, we blood fed them on a P. falciparum (NF54) culture and
provided them with the opportunity to lay eggs, and then, at 3 days (d) post infectious blood meal (pIBM),
we gave them an additional, uninfected blood feed (2BF groups, Fig S1.1A). By this time, females have
completed their first gonotrophic cycle and are therefore ready to feed again to produce a second egg

batch. For comparison, feeding control groups were instead maintained on sugar after the initial infectious
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feed (1BF groups, Fig 1.1A). We dissected females from all four groups (dsGFP 1BF; dsGFP 2BF; dsLp
1BF; dsLp 2BF) at 7 d pIBM, and analyzed oocyst numbers and size by fitting linear mixed models
incorporating the number of blood feeds, dsRNA injection and their interaction as fixed effects, and replicate
as a random effect (Table S1.1). While we detected no effects on the prevalence (c? test, Table S1.3) or
intensity of infection (Fig 1.1B, prevalence shown in pie charts), we observed a striking increase in oocyst
area in females that had been blood fed a second time, measured by averaging the cross-sectional area of
up to 50 mercurochrome-stained oocysts in each midgut (Fig 1.1C). Median oocyst size was 94% larger in
these females (model: #BF: p<0.0001), suggesting increased parasite growth rates following an additional
blood meal. However, increased oocyst size was not mediated by Lp-transported lipids, as after a second
blood meal oocysts in Lp-silenced females showed an increase in size comparable to those in dsGFP
females (model: dsRNA: n.s.; Fig 1.1C). Lp silencing did reduce oocyst numbers, but without affecting

prevalence, as previously observed after a single blood meal (model: dsRNA: p<0.0001; Fig 1.1B) 4°,

We next performed immunofluorescence microscopy to assess the developmental stage of these oocysts
using a DNA stain and an antibody recognizing the P. falciparum circumsporozoite surface protein (CSP),
which is expressed during late oocyst development and on sporozoites*l. At 8 d pIBM, while oocysts
developing in females fed once had DNA but no detectable CSP staining, oocysts derived from females
that had fed twice already showed increased DNA content and detectable CSP expression (Fig 1.2A-B),
consistent with additional rounds of DNA replication and the beginning of sporozoite formation. Remarkably,
by 10 d pIBM, some oocysts in this group were already releasing mature CSP-labelled sporozoites (Fig
1.2C). Together these data show that P. falciparum development is accelerated when females blood feed

a second time, and that accelerated growth is not significantly mediated by the lipid transporter Lp.

Mosquitoes are infectious sooner following an additional blood meal

Accelerated parasite development suggests that mosquitoes may become infectious sooner following an
additional blood meal, with consequences for their transmission potential. We therefore compared the
timing of the appearance of sporozoites, the infectious stage of parasite development, in dissected salivary

glands over the course of several days of sporogony in dsGFP-injected females fed once or twice. Following
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a similar protocol of a second blood meal at 3 d pIBM, we detected sporozoites as early as 7 d pIBM, and
we observed a significant increase in sporozoite prevalence at 8 d pIBM—an early time for sporozoite
invasion of the salivary glands—when we detected sporozoites in 33% of control 2BF females compared
to 3% in control 1BFs (Fig 1.3A). This significant increase was still evident at 10 d pIBM, with 84% of dsGFP
2BF mosquitoes harboring sporozoites compared to 40% of 1BF females (Fig 1.3A). We calculated that
females were 15-fold and 7.7-fold, respectively, more likely to have sporozoites in their salivary glands at
these early time points if they had had an additional blood meal (c? test; 8d: p=0.0018; 10d: p<0.0001;
Table S3, Table S4). Moreover, the intensity of infection was also increased at 10 d pIBM (model: #BF:
p=0.0001; Fig 1.3B, Table S1.1, Table S1.2), where we observed a number of highly infected mosquitoes
(>10,000 sporozoites/salivary glands), but low prevalence in the singly fed groups prevented statistical
testing at 8 d pIBM (Fig S1.7). These observations were not due to a change in the prevalence or intensity
of oocyst infection, which were both unaffected in dsGFP-injected controls as described above (Fig 1.1B).
By 14 d pIBM 1BF and 2BF mosquitoes became comparably infected, as sporozoites in 1BF mosquitoes
had also reached the salivary glands, with sporozoite prevalence near 100% (Fig 1.3A) and only a
significant increase in infection intensity across the 2BF groups (model: #BF: 0.034) that did not persist
after post-hoc testing (Fig S1.7, Table S1.1, Table S1.2).

Consistent with the observed lack of effects on oocyst growth (Fig 1.1C), Lp-silenced females behaved as
the dsGFP controls and also showed a striking increase in prevalence of infection after a second blood
meal (Fig 1.3A-B, Fig S1.7). Although the reduced oocyst numbers lowered total sporozoite intensities at
14 d pIBM (model: dsRNA: p=0.0053), again this difference was not significant after post-hoc testing (Fig
S1.7).

To compare the rates of parasite development between our treatment groups, we constructed EIP curves
based on the above prevalence data using logistic regression to describe over time how an additional blood
meal changes the infectiousness of mosquitoes (Table S1.3). From these curves, we calculated the EIPso—
the point at which half of the mosquitoes become infectious, or in other words the median time until the
appearance of sporozoites in the salivary glands—for each treatment group. An additional blood feeding
significantly shortened the EIPso, with dsGFP 2BF mosquitoes becoming infectious 2.3 + 0.4 d earlier than

dsGFP 1BF (Z test: p<0.0001; Table S4), corresponding to a 21% reduction in EIP (Fig 1.3C, solid lines).
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Larger oocyst size at 7 d pIBM is therefore associated with shorter estimates for the EIP, as previously
shown??140, Similar results were obtained in Lp-depleted females (2.4 + 0.4 d; 20% reduction; p<0.0001),
confirming that neutral lipids carried by this transporter do not mediate increased parasite growth after a
second blood feeding event (Fig 1.3C, dashed lines). Given mosquitoes regularly take multiple (>3) blood
meals in the field'#!, these results suggest that transmission is likely to occur much sooner than previously

thought, and is therefore also mediated by younger mosquitoes.

Effects of an additional blood meal are exacerbated in females with impaired egg development

We have previously shown that in females blood fed once, parasite development is substantially faster in
multiple instances where oogenesis is reduced*?. As mosquito reproduction is a target of genetic control
strategies currently in the pipeline?®14!, we went on to determine whether parasite growth could be further
boosted after a second blood meal in females with impaired egg development. To this aim, we used
genetically modified An. gambiae mutants that are mosaics of zero population growth (Dzpg), a gene
required for germline cell maintenance whose disruption in females causes severely atrophied ovaries42.
After infecting Dzpg or control females with P. falciparum, we replicated the experimental design
described above and provided an additional blood meal to approximately half of each group to compare
parasite development in both feeding regimes. Median oocyst size was increased in Dzpg females fed
either once or twice when compared to controls (model: #BF: p<0.0001, genotype: p<0.0001; Fig 1.4A,
Table S1.1, Table S1.2), confirming that P. falciparum growth can be further boosted in this background,
while oocyst prevalence was unaffected (Fig 1.4B, pie charts). Despite lower oocyst numbers (genotype:
p<0.0001; Fig 1.4B), sporozoite intensity in the salivary glands at an early time point (10 d pIBM) was
higher in Dzpg females than in controls under both feeding regimes, and significantly so after one blood
feed (model: #BF: p<0.0001, genotype: p=0.0056; Fig 1.4C). Moreover, sporozoite prevalence at 10 d
pIBM was significantly higher in Dzpg females fed once (c? test; p<0.0001; Fig 1.4C, upper pie charts).
Finally, cumulative prevalence across both single and double blood feedings was significantly increased
(Fisher’s exact test: p<0.0001) and these mutants were 3.9-fold more likely to have sporozoites in their
salivary glands than control mosquitoes (odds ratio; 95% CI: 2.3—-6.5 fold; Fig 1.4C, lower pie charts).

These results suggest that, even in cases where they may support lower oocyst loads, females with
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impaired egg development might be more effective at transmitting P. falciparum parasites under either

blood feeding regime.

Supplemental Figures and Tables
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Fig S1.1 A second blood meal increases oocyst size in a Lp-independent manner

(A) dsGFP (Cntrl)- and dsLp-injected females were infected with P. falciparum 3 days post injection (inj)
and then either provided a second uninfected blood meal 3 days post infectious blood meal (d pIBM) (two
red circles) or maintained on sugar (one red circle). Infection outcomes in all groups were determined at 7—
14 d pIBM (arrows). (B) Oocyst prevalence (P, pie charts) (4 test: 02=4.3, d.f.=3, n.s.) and intensity (Linear
mixed model; FDR-corrected post-hoc Student’s t tests shown for all models) are not affected by a second
blood meal at 3 d pIBM (#BF: n.s.), but intensity is lower in Lp-depleted groups (dsRNA: p<0.0001). (C)
Oocyst size at 7 d pIBM is significantly increased in females fed twice in both injection groups (Linear mixed
model; #BF: p<0.0001; dsRNA: n.s.). Horizontal bars indicate median values. n=numbers of mosquitoes
analyzed from 3 different experiments. n.s.=not statistically significant. See Tables S1-S4 for details of
statistical models.
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Fig S1.2 A second blood meal accelerates oocyst development

(A-B) Immunofluorescence assay of oocysts from control females (A) fed once (one red circle) or (B) fed
twice (two red circles) at 8 d pIBM. (C) Oocyst from a female fed twice showing the release of mature
sporozoites at 10 d pIBM. Sporozoites are labelled with circumsporozoite protein CSP (magenta) and DNA
is stained with DAPI (gray). In all panels, scale bar=10 pm.
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Fig S1.3 Mosquitoes are infectious sooner following a second blood meal

(A-B) Salivary glands of females fed twice (two red circles) show (A) a significantly higher prevalence (P,
pie charts) of sporozoites at 8 and 10 d pIBM (O? test: 8 d, 0%=15, d.f.=3, p=0.0018; 10 d, 0°=43, d.f.=3,
p<0.0001; FDR-corrected post-hoc 02 tests shown) and (B) significantly more sporozoites at 10 d pIBM
(Linear mixed model; #BF: p=0.0001; FDR-corrected post-hoc Student’s t tests shown) than females fed
once (one red circle). Horizontal bars indicate median values. There is no difference in sporozoite
prevalence at a later time point (02 test: 14 d, 0%=2.4, d.f.=3, n.s.). (C) The EIPso (time to 50% infectious —
dotted line; values also shown £ 95% C.l.) of control (Cntrl) females fed a second time (blue solid line) is
reduced by 2.3 d (21%) compared with controls fed once (orange solid line), as determined from the
sporozoite prevalence data shown in (A) (z test, Z=5.7, p<0.0001). Similarly, EIPso is reduced by 2.4 d
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(20%) in Lp-depleted females fed a second time (purple dashed line) compared to those fed once (red
dashed line) (z test, Z=5.3, p<0.0001). Fitted logistic curves (lines), EIPso = 95% C.I. (shaded). n=numbers
of mosquitoes analyzed from 4 different experiments. n.s.=not statistically significant. See Tables S1-S4
for details of statistical models.
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Fig S1.4 Parasite developmental rates are further enhanced in eggless mosquitoes

(A) Oocysts are significantly larger in Ozpg (eggless) mutant females at 7 d pIBM after both one or two
blood meals (Linear mixed model; #BF: p=0.0001; genotype: p<0.0001; FDR-corrected post-hoc Student’s
t tests shown for all models) compared to controls (Cntrl). (B) Oocyst intensities are lower in 0Ozpg mutant
females compared to controls (Linear mixed model; #BF: p=0.041; genotype: p<0.0001), whereas oocyst
prevalence (P, pie charts; 02 test: 0%=6.5, d.f.=3, n.s.) is unaffected. (C) Salivary glands sporozoite
numbers are increased in both control and Ozpg mutant females at 10 d pIBM after a second blood meal
(Linear mixed model; #BF: p<0.0001; genotype: p=0.0056), with sporozoite prevalence (P, upper pie charts)
also increased in the Ozpg mutant background (02 test, 02=81, d.f.=3, p<0.0001), significantly at the first
blood meal. Pooling data shows higher sporozoite prevalence in Ozpg mutant population (P, lower pie
charts) (Fisher’s exact test). Horizontal bars indicate median values. n=numbers of mosquitoes analyzed
from 3 (A and B) or 4 (C) different experiments. n.s.=not statistically significant. See Tables S1-S4 for
details of statistical models.
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Fig S1.6 Lp expression is effectively silenced following dsRNA injection.

Lp gene expression was determined in pools of 5-10 decapitated females at 6 d post injection (3 d pIBM)
at the time of the second blood feed. Lp expression levels were normalized to Rpl19. Four biological
replicates were analyzed with means * standard error shown by horizontal bars. Unpaired t-test.

79



8d plBM 14 d pIBM
. n.s. \ n.s. ,
o n.s. o n.s. n.s.
£ 2000 ! 1 £ 200000 ! y |
3 .
2 @ 150000+
4 £ 1
£ 4500- % 1000001
8 ] 2 -
e ] S 50000+
) ] o 4 ey
g 10007 2 10000)
- ] T 8000
c E
> 1 > 4000- —
S 1 — S 2000-
'T;g 0 1 1 T 1 E c L] 1 1 1
Cntrl Cntrl Lp Lp Cntrl Cntrl Lp Lp
® oo O o0 @ o0 [ ] o0

n. (1) (10) (1) 6) n (29 (17) (26) (14)

Fig S1.7 Sporozoite intensities in control and Lp-depleted mosquitoes at 8 and 14 d pIBM. (A)
Salivary glands of females fed twice (two red circles) show more sporozoites than females fed once (one
red circle) at 8 d but low prevalence in singly-fed groups prevents a determination of statistical significance.
(B) Sporozoite levels in salivary glands at 14 d pIBM are comparable between singly and doubly-fed control
and Lp-silenced mosquitoes (Linear mixed model; #BF: p=0.034; dsRNA: p=0.0053; FDR-corrected post-
hoc Student’s t tests shown). Neither the increase in infection intensity across the 2BF groups, nor the
decreased sporozoite intensity in Lp-silenced groups persist after post-hoc testing (Tables S1-S2).
Horizontal bars indicate median values. n=numbers of mosquitoes analyzed from 3 different experiments.
n.s.=not statistically significant.
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Fig S1.8 Anopheles gambiae EFD data fit to a quadratic function. Data points extracted from Villena et
al. [2] were fit to a quadratic function using the nls function in R as described in Mordecai et al. [1]. The
fitted quadratic function is shown, with parameters listed in Table S1.6.
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Fig S1.9 Monthly changes in Ro under a multiple blood feeding scenario. We calculated the monthly
changes in Ro for each 5x5 km grid cell by taking the ratio R2/Ro using the mean temperature of each month
that has a mean temperature at 27 + 2 °C. The restricted data points shown here are used to create the
summary maps in Fig 1.2.
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Table S1.1 Statistical models. JMP 14 Pro statistical software was used to construct models for data
analysis to account for multiple variables in an experiment. Residual Maximum Likelihood (REML) variance
components analysis was used by fitting linear mixed models after cube-root transformation to resemble a
normal distribution. The number of blood feeds, dsRNA injection group and their interaction were used as
fixed effects and replicate was included as a random effect. Effect test outputs are reported here. Multiple
comparisons were calculated using 4 pairwise Student’s t tests followed by FDR correction (see Table S2).
d pIBM = days post infectious blood meal; #BF = number of blood feeds; FDR = false discovery rate.

Fig Comparison Test/Model Effect Test Outputs
#BF p=0-5719
s1ig | /d rﬁgﬂrsggysts, dsRNA p<0.0001
dsRNA x #BF p=0.1733
#BF p<0-0001
S1.1C mear: ggésgf size dsRNA p=0.1617
Y dsRNA x #BF p=0.3842
10 d pIBM #BF p=0-0001
S1.3B sporozoites, _ _ dsRNA p=0.0822
where >0 Linear Mixed Model dsRNA x #BF p=0.9128
followed by 4 post-
hoc t-tests, FDR

corrected (Table S2) #BF p<0-0001
S1.4A ! gé’éle\:l Srinzeean genotype p<0.0001
y genotype x #BF p=0.0236
#BF p=0-0825
S1.4B 7d F\)/:/E(I\a/lr:c;((:)ysts, genotype p<0.0001
genotype x #BF p=0.4823
10 d pIBM #BF p<0.0001
S1.4C sporozoites, genotype p=0.0056
where >0 genotype x #BF p=0.2767

8d pIBM
S1.7A sporozoites, n/a Insufficient data to run model

where >0
14d pIBM near ixed Model #BF p=0-0336
S1.7B sporozoites, on t oot EDR dsRNA p=0.0053
where >0 corrected (Table S2) dsRNA x #BF p=0.4303
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Table S1.2 Post-hoc testing. Significant differences in oocyst size and oocyst and sporozoite intensity
using an FDR of 0.05. See Table S1.1

Fig S1.1B p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 1.80 x 10* (0.1799) | 2.40 x 10! (0.2398) No

Cntrl 1BF — Lp 1BF 7.72 x 103 (0.0077) | 1.54 x 102 (0.0154) Yes

Cntrl 2BF — Lp 2BF 3.21x10° 1.28 x 10 (0.0001) Yes

Lp 1BF — Lp 2BF 5.67 x 10 (0.5689) | 5.67 x 10 (0.5689) No

Fig S1.1C p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 5.45x 102 1.09 x 108 Yes

Cntrl 1BF — Lp 1BF 6.90 x 101 (0.6896) | 6.90 x 10 (0.6896) No

Cntrl 2BF — Lp 2BF 1.28 x 101 (0.1276) | 1.72 x 10 (0.1707) No

Lp 1BF — Lp 2BF 4.06 x 1034 1.62 x 103 Yes

Fig S1.3B p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BE 3.70 x 102 (0.0037) | 3.04 x 10 (0.0148) Yes

Cntrl 1BF — Lp 1BF 2.66 x 101 (0.2658) | 2.66 x 10! (0.2658) No

Cntrl 2BF — Lp 2BF 1.48 x 10 (0.1478) | 1.97 x 10" (0.1971) No

Lp 1BF — Lp 2BF 6.87 x 10 (0.0069) | 1.37 x 102 (0.0137) Yes

Fig S1.4A p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 9.28 x 107 3.71x 1016 Yes

Cntrl 1BF — Azpg 1BF 1.81x10° 3.62 x10° Yes

Cntrl 2BF — Azpg 2BF 2.49 x 103 (0.0025) | 2.49 x 102 (0.0025) Yes

Azpg 1BF — Azpg 2BF 2.43x 108 3.24x 108 Yes

Fig S1.4B p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 8.57 x 102 (0.0857) | 1.14 x 101 (0.1143) No

Cntrl 1BF — Azpg 1BF 1.09 x 10”7 4.36 x 107 Yes

Cntrl 2BF — Azpg 2BF 8.09 x 106 1.62x10° Yes

Azpg 1BF — Azpg 2BF 4,57 x 101(0.4571) | 457 x 101(0.4571) No

Fig S1.4C p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 2.73 x10° 5.46 x 10 Yes

Cntrl 1BF — Azpg 1BF 2.09 x 102(0.0209) | 2.79 x 102 (0.0279) Yes

Cntrl 2BF — Azpg 2BF 1.13x10%(0.1126) | 1.13x10%(0.1126) No

Azpg 1BF — Azpg 2BF 3.14 x 10° 1.26 x 10°° Yes

Fig S1.7B p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 3.10 x 102 (0.0310) | 6.20 x 102 (0.0620) No

Cntrl 1BF — Lp 1BF 8.74 x 102 (0.0874) | 1.16 x 101 (0.1165) No

Cntrl 2BF — Lp 2BF 2.43 x 102 (0.0243) | 9.72 x 102 (0.0972) No

Lp 1BF — Lp 2BF 3.51x 101 (0.3510) | 3.51 x 10! (0.3510) No
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Table S1.3 Statistical testing for infection prevalence. GraphPad Prism 8 was used for logistic

regression, Fisher’s exact and j? tests.

Fig Comparison Test/Model Test Outputs
2—
x*=4.263
S1.1B 7 d pIBM oocyst d.f.=3
prevalence
2 p>0-05
1-test 225,697
7 d pIBM sporozoite Xd f':3
prevalence 0>0-05
2—
8 d pIBM sporozoite y2test X d_]%é;,?l
prevalence followed by 4 Ry
) p=0-0018
S1.3A post-hoc y°tests, 2-43 33
10 d pIBM sporozoite FDR corrected X d_f :'3
prevalence (Table S4) 0<0-0001
2—
14 d pIBM sporozoite 2 test x J?:;S
prevalence 0>0-05
Cntrl 1BF: log odds =
-8-858+0-8142*d
Logistic regression Cntrl 2BF: log odds =
L?nes of lgest fit: -8:646+1.002*d
' Lp 1BF: log odds =
-8.228+0.7125*d
Lp 2BF: log odds =
130 7_l4d pIoM 18.762+0.9520*d
' gt Cntrl 1BF: 10.88 £ 0.32 d
P Cnirl 2BF: 8.63 £ 0.23 d
Lp 1BF: 11.55+0.37d
ElPso £ s.e. Lp 2BF:9.20 £ 0.32d
Z test Cntrl 1BF-Cntrl 2BF: z=5.74
Cntrl 1BF-Lp 1BF: z=-1.36
Cntrl 2BF-Lp 2BF: z=-1.74
Lp 1BF-Lp 2BF: z=5.28
%?=6.488
S1.4B 7d PIBN 00cys! L2 test d.f=3
P p>0-05
y?test,
. followed by 4 x?=83-41
10d E)Irz\'\//l alse[?]%rgzone post-hoc ¥ tests, d.f.=3
S1.4C FDR corrected p<0-0001
' (Table S4)
10 d pIBM sporozoite
prevalence Fisher’s exact test p<0-0001

(pooled by genotype)
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Table S1.4 Post-hoc testing. Significant differences in infection prevalence using an FDR of 0.05. See

Table S1.3.
Fig S1.3A -8d pIBM | p-value FDR-adjusted p-value | Significant?
Cntrl 1BF — Cntrl 2BF 2.56 x 10 (0.0026) | 1.04 x 102 (0.0104) Yes
Cntrl 1BF — Lp 1BF 1.00 1.00 No
Cntrl 2BF — Lp 2BF 3.85x 101 (0.3848) | 5.13x 10! (0.5131) No
Lp 1BF — Lp 2BF 5.17 x 10 (0.0517) | 1.03 x 101 (0.1034) No
Fig S1.3A-10d p-value FDR-adjusted p-value | Significant?
pIBM
Cntrl 1BF — Cntrl 2BF | 2.19 x 10°® 8.76 x 10°® Yes
Cntrl 1BF — Lp 1BF 3.29x 101 (0.3289) | 3.29 x 101 (0.3289) No
Cntrl 2BF — Lp 2BF 1.69x 101 (0.1687) | 2.23 x 101 (0.2253) No
Lp 1BF — Lp 2BF 2.10x 10° 4.20 x 10° Yes
Fig S1.3C — AEIPso p-value FDR-adjusted p-value | Significant?
Cntrl 1BE = Cntrl 2BE | 9.47 x 10° 3.79x 108 Yes
Cntrl 1BF — Lp 1BF 1.74x 101 (0.1740) | 1.74 x 101 (0.1740) No
Cntrl 2BF — Lp 2BF 8.19 x 102 (0.0819) | 1.09 x 101 (0.1092) No
Lp 1BF — Lp 2BF 1.29 x 107 2.58 x 1077 Yes
Fig S1.4C p-value FDR-adjusted p-value | Significant?
Cntrl 1BF = Cntrl 2BF 1.42 x 1012 5.68 x 1011 Yes
Cntrl 1BF — Azpg 1BF | 5.74x 10 1.15x 108 Yes
Cntrl 2BF — Azpg 2BF | 1.52 X 101(0.1517) | 1.52x 10 (0.1517) No
Azpg 1BF — Azpg 2BF | 2.76 x 10 (0.0028) | 3.68 x 10" (0.0037) Yes

Table S1.5. Temperature dependent traits fitted with Briere function. All parameters from Mordecai et

al.18 See references within.

Trait C To (°C) Tm (°C)
a 0.000203 11.7 42.3
PDR 0.000111 14.7 34.4
MDR 0.000111 14.7 34

Table S1.6. Temperature dependent traits fitted with quadratic function. Parameters for bc, p, and pea
from Mordecai et al.®. See references within. Parameters for EFD were fit to data published in Villena et

al.®.
Trait q r S
bc -0.54 25.2 -206.0
p -0.000828 0.0367 0.522
PeA -0.00924 0.453 -4.77
EFD -1.908 100.353 -1257.111
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Chapter 2 Supplement

Supplemental Methods

For all scenarios, the probability of exposure on a mosquito’s first blood feed (f = 1), p1, is equal to
coverage p multiplied by LLIN effectiveness. If the probability of exposure is a constant over the mosquito
life cycle, i.e. the probability of insecticide exposure for an individual mosquito is equal and random at
each blood feed, the effective coverage in the population is very high. This can be demonstrated by
estimating the probability of remaining unexposed by the end of the life cycle—for example, if coverage is
50%, p (incorporating LLIN failure) is equal to 0.4, and a mosquito on her fourth blood feed has only a 1—
(1-p)* = 13% probability of having escaped exposure until that point. From a population perspective, this
causes a very unstable population under moderate and high levels of insecticide coverage and we see a

rapid rise to full saturation of the resistance gene over a short period of time.

Daily mortality curves

We used a Gompertz-Makeham survival function to fit the daily mortality data for each genotype*®:
a
s(x) = exp exp (—Ax -3* (eP* — 1)>

where x is the day of life and a, b, and A are shape parameters. This model was fit to daily mortality data
from TIA control (unexposed) and TIA every 4™ day (exposed) groups from & to produce daily mortality
estimates for mosquitoes with a history of insecticide exposure and without (Table S2). We also fit this
model to data from & to model SS survival curves. SR mortality for each day was the mean of RR and SS

daily mortality. Survival curves can be found in Fig S8 panel A.
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Supplemental Figures and Tables

Table S1. Mosquito life cycle parameters

Parameter Value Reference
duration of egg stage (days) 3 146
duration of larval stage (days) 9 147
duration of pupal stage (days) 1 148
maximum number of gonotrophic cycles 6 149
maximum duration of adult stage (days) 26 83
baseline larval mortality (per day) 0.035 151
larval carry constant 1/5000000**

larval insecticide mortality 0, 0.01*, 0.05*

pupal mortality (per day) 0.25 151
days per gonotrophic cycle 4, 3* 146
Number of eggs per gonotrophic cycle 60 131
Proportion of surviving pupae that are female 0.5 152
Length of sporogony (days) 12 153
Insecticide coverage 0.05-0.95 varied
Spatial clustering parameter 0-1 varied
LLIN failure 0.2 154

* indicates sensitivity analysis parameter

** get such that set such that pre-intervention equilibrium adult population = 100,000

Table S2. Gompertz-Makeham mortality function parameters

Genotype a b A

SS unexposed 0.0004 0.3523 0.0113
RR unexposed & 0.0413 0.1569 -0.0621
RR exposed & 0.0538 0.1704 -0.0778
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Table S3. Insecticide exposure mortality

Genotype 1st exposure mortality 2nd exposure mortality [ 3 and higher exposure
mortality

SS 1 - -

RR 8 0.005 0.219 0.391

Fig S2.1 Fully elaborated model schematic
-*IEI*I*I—I—*%@@l%&@lﬂ%@&@{@@@{@@@ﬁ{@@@
N S E**"%;“@%‘w@'@@w@m

A . l-*l-'l*%:l-'l-’l* l*l*E—E—*I—*I—E]*EI—I*D*E—*EI*I—EI
- }EEI*E;@I*E]*@I*I*I*E_&I*I*E]*EE*I—E]

e _”HMM.p@pkm@m m@@%@mm%@mﬁﬁt@m

Full schematlc of mosqwto populatlon model for aII three genotypes with exposure days h|gh||ghted in
yellow. The aquatic stages (in green) represent multiple days: the egg stage is 3 days, larval stage is 5
days, and pupal stage is 2 days. In adult (non-aquatic) stages, each compartment represents a single
day. Mosquitoes have the opportunity for exposure on each feeding (highlighted), which varies by spatial
coefficient s and is determined by past exposure history. The number of past exposures is not tracked
beyond 2 exposures. Mosquitoes live up to 26 days. Daily mortality and egg laying are not shown for
ease of visualization.
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Fig S2.2 Mortality in exposed and control groups

A - Bioo{ —
2 - T 0.75
8 0.75 2
= o]
s o
S >
£ 0504 £ 050+ —I
E: S
c 2 .
=1 5 T
9 0.254 & 0.254 S
0.00 4 0.004
0 10 20 0 10 20
Age (days) Age (days)
genotype RR — SR — S8 exposure — EO ---- E1 --- E2

A) Daily survival curves for mosquitoes by genotype and past exposure status, in the absence of
insecticide exposure. B) Survival probability for mosquitoes when exposed to insecticide in the assay, by
exposure and genotype.

Fig S2.3 Proportion of feeding mosquitoes exposed per day by spatial coefficient and exposure
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Proportion of adult mosquitoes feeding on a given day who were exposed given a particular coverage
across values of spatial coefficient s, taken at two time points: A) 1 year after introduction of insecticides
and B) 25 years after introduction of insecticides, at resistance equilibrium.
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Fig S2.4 Sensitivity Analysis results: No mortality fitness cost
A
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0% 10% 20% 30% 40% 50% 60% 70% B0% 90% 100%
Resistance

Adult capture survival

Results for a model in which SS, SR, and RR mosquitoes all have daily age-based mortality equivalent to
that of RR mosquitoes in the absence of insecticide exposure, i.e. there is no fitness cost of resistance. A)
Mean survival by resistance, from 100 assays simulated with larval (green) and adult (blue) capture. B)

Adjustment proposed for adult capture assays, to align with larval capture results which closely reflect
true resistance frequency.

Fig S2.5 Sensitivity Analysis results: Intermediate mortality fithess cost
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Results for a model in which RR mosquitoes all have daily age-based mortality that is equivalent to the
mean of original SS and RR mortality curves in the absence of insecticide exposure. SR genotype
mortality is the mean of new SS and RR mortality. A) Mean survival by resistance, from 100 assays

simulated with larval (green) and adult (blue) capture. B) Adjustment proposed for adult capture assays,
to align with larval capture results which closely reflect true resistance frequency.
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Fig S2.6 Sensitivity Analysis results: Longevity effect
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Results for a model in which RR and SR mosquitoes do not have increased daily mortality following
insecticide exposure, compared to unexposed mosquitoes of the same genotype. A) Mean survival by
resistance, from 100 assays simulated with larval (green) and adult (blue) capture. B) Adjustment

proposed for adult capture assays, to align with larval capture results which closely reflect true resistance
frequency.

Fig S2.7 Sensitivity Analysis results: Three-day gonotrophic cycle
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Results for a model in which each gonotrophic cycle is three days, rather than four days. A) Mean survival
by resistance, from 100 assays simulated with larval (green) and adult (blue) capture. B) Adjustment

proposed for adult capture assays, to align with larval capture results which closely reflect true resistance
frequency.
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Fig S2.8 Sensitivity Analysis results: Larval selection (low)
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Results for a model in which mosquitoes experience low insecticide exposure during larval stages. While
RR mosquitoes are fully resistant to larval exposure, SS and SR mosquitoes experience low daily
mortality during larval stages (1% per day). A) Mean survival by resistance, from 100 assays simulated
with larval (green) and adult (blue) capture. B) Adjustment proposed for adult capture assays, to align
with larval capture results which closely reflect true resistance frequency.

Fig S2.9 Sensitivity Analysis results: Larval selection (high)

A1OD%- B
10.0% 4
75%
d —
5
_ Sample E 5om
g e g
g 50% e laval 3
o . =
adult 3
<
0.0%
25% 4
-5.0% 4
0%

T T T T T T T T T T T
0% 10% 20% 30% 40% 50% ©60% 70% 80% 90% 100%

0% 10% 20% 30% 40% 50% 60% 70% B80% 90% 100%
Resistance

Adult capture survival

Results for a model in which mosquitoes experience high insecticide exposure during larval stages. While
RR mosquitoes are fully resistant to larval exposure, SS and SR mosquitoes experience high daily
mortality during larval stages (5% per day). A) Mean survival by resistance, from 100 assays simulated

with larval (green) and adult (blue) capture. B) Adjustment proposed for adult capture assays, to align
with larval capture results which closely reflect true resistance frequency.
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Chapter 3 Supplement

Supplemental Figures and Tables

Table S3.1 Model parameter values

immunity

Parameter Symbol Value Reference
Birth/death rate (people, per day) 1/(365*60) 108
Birth/death rate (mosquitoes, per day) u 0.12 108
Biting rate (per mosquito per day) 1/3 108
Duration of infection (days) r 21 108
75 108
140 [29]
Infectiousness of humans to mosquitoes 0.1 [30]
(per infected bite)
Infectiousness of mosquitoes to humans 0.55 [31]
(per infectious bite)
EIP (latent period in mosquitoes, days) A 10 [32]
Bed net protective effect (% reduction) 0.13 [33]
Bed net mortality effect (in addition to 0.23 [34]
baseline 12% mortality, on feeding days
only)
Probability baby acquired immunity p 1/100 Fit to incidence curves
in[35]
Probability child acquired immunity p 1/20 Fit to incidence curves
in[35]
Probability adult acquired immunity p 1/2 Fit to incidence curves
in[35]
Probability of symptoms with partial 0.25 Fit to incidence curves

in[35]
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Immunity waning rate (1/2 full duration) | w

Fit to incidence curves
in[35]

Table S3.2 Summary statistics from the data used as model parameters

Parameter Mean
Household size (people) 6.4
Bed net ownership (% of households with 21 bed net) 85
Bed nets owned per household 2.4

Table S3.3: Summary of OLS results - household level bed net use conditional on ownership

Observations 1938 (622 missing obs. deleted)
Dependent variable hcbednet
Type OLS linear regression

F(6,1931) 30.16
R? 0.09
Adj. R2 0.08

Est. S.E. tval p

(Intercept) 98.74 3.95 25.01 0.00
villagerdt -0.13  0.05 -2.60 0.01

aq 1.70  0.60 2.85  0.00
hhsize -2.96 0.24 -12.40 0.00
heduc -0.40 1.80 -0.22  0.82
hage -0.22  0.05 -4.13  0.00
hmale -0.86 2.66 -0.32  0.75

Standard errors: OLS
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Table S3.4 Summary of OLS results - village level bed net use conditional on ownership

Observations 92
Dependent variable villagecbednet
Type OLS linear regression

F(6,85) 9.47

R? 0.40

Adj. R*  0.36
Est.  S.E. t val P
(Intercept) 119.39 17.23  6.93 0.00
villagerdt -0.16  0.08 -1.93 0.06
villageaq -0.12 229 -0.05 0.96
villagehhsize -7.51 124  -6.05 0.00
villageeduc 327 1370 024 0.81
villageage -0.44 057 -0.78 044

villagemale 46.76 25,59  1.83 0.07
Standard errors: OLS

Table S3.5 Summary of OLS results - household level proportion of illnesses reported as malaria

Observations 2067 (493 missing obs. deleted)
Dependent variable hh selfmal adults
Type OLS linear regression

F(6,2060) 30.08
R? 0.08
Adj. R2  0.08

Est. S.E. tval p

(Intercept) 0.34 0.03 10.28 0.00
villagerdt -0.00  0.00 -5.41 0.00

aq 0.03 0.00 6.56 0.00
hhsize -0.01 0.00 -2.88 0.00
heduc 0.08 0.01 5.76 0.00
hage -0.00 0.00 -214 0.03
hmale 0.05 0.02 2.16  0.03

Standard errors: OLS
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Table S3.6 Summary of OLS results - village level proportion of illnesses reported as malaria

Observations 92
Dependent variable  village selfmal adults
Type OLS linear regression

F(6,85) 4.46
R2 0.24
Adj. R*  0.19

Est. S.E. t val P

(Intercept) 0.56 030 185 0.07
villagerdt -0.00  0.00 -1.13 0.26
villageaq -0.01 0.04 -0.32 0.75
villagehhsize -0.05 0.02 -2.50 0.01
villageeduc 0.41 024 1.70 0.09

villageage -0.00 0.01 -0.33 0.74
villagemale 0.32 045 0.71 0.48

Standard errors: OLS

Fig S3.1
perceived perceived perceived
risk increasing risk decreasing risk decreasing
00000 - 00000 - 00000 - 00000
using nats not using nets using nats niot using nets using nets not using nets using nats not using nets

Schematic of ordered assignment of bed net use at the household level. Note that unless bed net use
drops very low, the households listed first will always be using bed nets; unless bed net use rises very
high, the households listed last will never use bed nets. This allows for the assumption that households
have a “tendency” to maintain the same behaviors. If the proportion of households using bed nets is
oscillating, some households in the center will switch back and forth between using and not using bed
nets due to their placement on the list.
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Fig S3.2

Bed nets owned per household

6004

4004

2004

Number of Households

0 5 10 15
Number of bed nets owned

Distribution of the number of nets available in each household. Data collected by asking “how many bed
nets do you own?” In the model, households are assigned from the beginning of the simulation to have
either no bed nets (i.e. zero, the proportion of which is shown here), or to have at least one. Then, at each
monthly interval, the number of bed nets available to each household using nets is drawn from this
distribution (excluding zeros).
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Fig S3.3

A Household bed net use

Status-quo madel| Symptomatic Prevalence model True Prevalence model
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Baseline Prevalence — 10% — 20% — 30% — 40% 50% 60% TO% — 80% — 90%

Bed net use over time under each of three bed net use functions. Intervention use starts on day 1; colors
correspond to different baseline transmission intensities. A) Mean proportion of households using bed
nets on each day, using the identified method of deciding bed net use. B) Proportion of all individuals
using bed nets on each day, which is a factor of household decision and number of bed nets available
within each household. Bold lines show the mean across 50 simulations; thin lines show proportion using
bed nets in individual simulations. Note: 20%, 40%, 60%, and 80% baseline prevalence simulations
removed for ease of visualization.
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Fig S3.4

Status-quo model Symptomatic Prevalence model True Prevalence model
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Prevalence and symptomatic prevalence over time for each of the three bed net functions. Bold lines
show the mean across 50 simulations; thin lines show prevalence and symptomatic prevalence for
individual simulations. Dynamics shown for three different baseline prevalence settings, from top; 40%,

50%, and 60%.
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Fig S3.5

1-year change in prevalence
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Bed net use function: — Status-quo model Symptomatic Prevalence model — True Prevalence model

A) Sensitivity analysis of prevalence after 1 year of bed net use across varied values of mean bed net
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Fig S3.6

1-year change in symptomatic prevalence
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