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Abstract

Within this thesis, | performed a systematic review of approaches to broad-scale
modelling of disease vector distributions and determined the most widely used methods
predict current species niches and project the models forward under future climate scenarios
without temporal validation. I then provided a forward-looking summary of emerging
techniques to improve the reliability and transferability of those models, including historical
calibration.

| then predicted Anopheles mosquito distributions across Tanzania in 2001 (before
large-scale ITN distributions) and compared this model with countrywide ITN use by 2012
to assess where the most suitable mosquito habitats were located and whether ITN rollouts in
Tanzania ensured coverage of such areas. | concluded that ITNs in Tanzania did not
optimally target areas most at risk of malaria. In doing so, I provided a new approach to

monitoring and evaluating vector control interventions across large spatial scales.



Résumé

Dans cette thése, j’ai effectué une revue systématique des approches de modélisation
de distribution de vecteurs de maladie a grande échelle et j’ai déterminé que les méthodes de
modélisation les plus couramment utilisées prédisent les niches d'especes actuelles et
produisent des modeles prévisionnels selon des scénarios climatiques futurs sans validation
temporelle. J’ai ensuite fourni un résumé des nouvelles techniques pour améliorer la fiabilité
et la transférabilité de ces modeles, notamment la calibration au moyen de données
rétrospectives.

Ensuite, j’ai prédit les distributions des moustiques Anopheles a travers la Tanzanie
en 2001 (avant la distribution a grande échelle des moustiquaires imprégnées d’insecticide).
Ce modeéle a ensuite été comparé avec I’utilisation des moustiquaires en 2012 afin de
localiser les habitats les plus favorables aux moustiques et d’évaluer si les déploiements de
moustiquaires ont atteint une couverture suffisante dans ces zones. J’ai conclu que les
moustiquaires n'ont pas ciblé adéquatement les zones les plus a risque de paludisme. Ainsi,
j’ai fourni une nouvelle approche pour le suivi et I'évaluation des interventions

antivectorielles a grande échelle.
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General Introduction

Vector-borne diseases represent an estimated 17% of the global disease burden
(Karunamoorthi 2012), making accurate predictions of vector distributions critical to human
health applications. Environmental changes, including climate change and land use changes,
have already altered arthropod vector distributions, such as mosquitoes, tsetse flies, and ticks
(WHO 2014a). With these environmental changes expected to accelerate over the next
century due to increasing greenhouse gas emissions (IPCC 2013) and aggravated by land use
intensifications in many parts of the world (Van Asselen and Verburg 2013), spatiotemporal
modeling of arthropod vectors is also rapidly growing. Not only are forecasts of vector
distributions under these environmental changes important to optimize vector control
placements in the future, but spatial analyses comparing current placements of controls with
predicted vector distributions is imperative to learn whether past and present-day control
systems need to be improved.

The expanding fields of “landscape epidemiology” (Pavlovsky 1966; Kitron 1998;
Peterson 2006; Reisen 2010), “medical geography” (Meade and Earickson 2000) and
“disease macroecology” (Keith et al. 2012) examine the spatial and temporal variations in
the biophysical determinants of disease vectors to better understand past, present, and future
disease distributions. With climatic changes accelerating, predicting future disease
emergence is a particularly urgent area for advancements in forecast modeling. This includes
forecasts of malaria through projections of Anopheles mosquito distributions (e.g., Fuller et
al. 2012a; Fuller et al. 2012b; Drake and Beier 2014), Lyme disease through projections of
tick distributions (e.g., Ogden et al. 2008; Simon et al. 2014), and trypanosomiasis through

predictions of tsetse fly distributions (e.g., Messina et al. 2012). Epidemiological models



therefore follow many of the same underlying principles and processes as those used in
biogeography or macroecology (Kerr et al. 2011).

Spatiotemporal models of disease vectors, be they correlative or mechanistic, must
learn the ecology of the disease vector (Fischer et al. 2014). Correlative models, such as
species distribution models, estimate a species’ realized niche over geographical space by
learning relationships between the species’ georeferenced presence records and
environmental predictors (Elith and Leathwick 2009). Similarly, mechanistic models
estimate a species’ fundamental niche without the need for species occurrence records but
instead using knowledge of physiological tolerances of the species under different
environmental conditions (Kearney and Porter 2009). These modelling methods can function
strictly through space or, using inputs of predicted future environmental scenarios (e.g.,
using combinations of General Circulation Models with emissions scenarios created by the
Intergovernmental Panel on Climate Change), they can be projected into the future.

Anopheles mosquitoes are an excellent example of insect vectors that are strongly
influenced by their environmental conditions and, due to these influences, alter the pathogens
and parasites they transmit (e.g. malaria protozoa, lymphatic filariasis worms, and multiple
viruses) (Afrane et al. 2012). Only female mosquitoes feed on blood, and in doing so,
transmit the pathogens or parasites into the host’s blood stream (Clements 2012). Average
global temperatures are expected to rise 2.6-4.8°C by 2100 (IPCC 2013), potentially
increasing mosquito biting rates, reproduction rates, mosquito larvae development rates, and
parasite survival and development within mosquitoes (Blanford et al. 2013) as well as
increasing their spread into higher altitudes (Siraj et al. 2014). Areas with increasing rainfall
promotes more mosquito breeding grounds (Blanford et al. 2013), and anthropogenic

environmental changes such as urbanization, agricultural development, and deforestation



also have critical impacts on habitat availability and microclimatic conditions (Afrane et al.
2012). Anopheles mosquito species are also generally difficult to control. Their ~460 species
worldwide occupy a variety of niches that allow them to inhabit and invade a wealth of
environments (Afrane et al. 2012). Many of the 30-40 Anopheles species that carry malaria
parasites are growing increasingly resilient to insecticides (e.g., Protopopoff et al. 2013;
Matowo et al. 2014; Nkya et al. 2014).

Disease vector control is an example of the phrase “prevention is better than cure,”
yet the most recent report from the World Health Organization outlines an alarming lack of
infrastructure and skills around the world to improve efficiency, monitor impact and
maintain coverage and surveillance of vector controls (WHO 2014a). Increased accuracy of
statistical models forecasting disease vector distributions can improve the prevention of
disease transmission from vectors to humans by predicting where vectors will be in the
coming years. Vector control efforts rely on these analyses to target human populations that
will be most at risk of disease transmission and must be strengthened to decrease current
disease rates and manage any short-term climate risks to later increase resilience to long-term
climate change effects (Campbell-Lendrum et al. 2015).

Studies of antimalarial controls, such as insecticide-treated mosquito nets (ITNs),
have already begun at local, countrywide, and even near continent-wide scales, but
predominantly from socioeconomic perspectives. Distributions of ITNs in sub-Saharan
Africa have been found to vary spatially, with almost random distributions and showing no
relationship to malaria endemicity (Vanderelst and Speybroeck 2013). These variations are
likely a complex combination of socioeconomic, ecological, and cultural factors (Graves et
al. 2011). Although malaria cases and deaths have decreased in recent years, Plasmodium

falciparum malaria — the most dangerous parasitic form of malaria — continues to infect an



estimated 200 million people and cause over 550 000 deaths globally every year (WHO
2014b). Approximately 90% of all malaria deaths occur in Africa, with the main victims
being children under the age of five and pregnant women (WHO 2014b).

Unfortunately, spatiotemporal models of arthropod disease vector distributions carry
many limitations. Most forecast modelling techniques validate their models through space
but not through time (Acheson and Kerr 2015). These forecast models therefore work under
the assumption that spatial accuracy is equivalent to temporal reliability, often referred to as
the space-for-time assumption (Blois et al. 2013). This assumption is often false, however, if
a species’ observed spatial relationship to environmental characteristics differs from its
temporal relationship to these factors (Kerr et al. 2011). To correct for this assumption,
forecast analyses should perform historical calibration (Kharouba et al. 2009), which
employs a multi-temporal design to validate models through a time period that has already
passed before projecting into the future. Yet this approach can also be challenging.
Georeferenced disease vector occurrence records are generally rare or insufficient for
statistical modelling, and more substantial collections largely contain data lacking systematic
sampling across space and through time and suffering from sampling bias (e.g., favouring
areas near roadsides, villages, etc.). This lack of systematic, large-scale, continuous and
unbiased sampling continues to limit validation of vector forecast analyses (e.g., Martens et
al. 1999; Levine et al. 2004; Estrada-Pena and Venzal 2007; Gonzalez et al. 2010; Tonnang
et al. 2010; Messina et al. 2012). However, these issues are beginning to be addressed. An
increasing number of sources provide large assemblages of freely-accessible occurrence
records for vectors, like Anopheles mosquitoes, through online sources and primary research

publications.



The absence of prolonged, systematically-sampled species observations often limits
vector distribution models to purely spatial (i.e. static) ones. These models are no less useful
than forecast models, however, and can provide insights into species’ responses to spatial
environmental gradients while allowing for comparatively more feasible validation. While
there is no lack of spatial models of mosquitoes (e.g. Kulkarni et al. 2010), ticks (e.g.,
Leighton et al. 2012), and tsetse flies (e.g., Matawa et al. 2013), the incorporation of vector
control measures into these models has been encouraged (Kelly-Hope et al. 2009; Luz et al.
2010) but barely explored.

This thesis consists of two chapters, each of which addresses a question regarding
spatiotemporal modelling of arthropod disease vectors. The first chapter focuses on the
temporal aspects of statistical forecast models while the second chapter focuses purely on
spatial modelling methods.

Chapter One performs a systematic review of the current methods used in statistical
models to forecast arthropod disease vectors under future environmental scenarios, and
whether these models are validated temporally. It reviews the forecast and validation
methods and explains the benefits or drawbacks of each. Historical calibration is then
introduced as a solution to forecast model validation, detailing the multi-temporal design
required to validate models through a time period that has already passed before projecting
into the future (Kharouba et al. 2009).

Chapter Two questions whether insecticide-treated mosquito net distributions in the
United Republic of Tanzania (hereafter referred to as Tanzania) have so far adequately
targeted prime habitats for Anopheles mosquitoes, the vector of malaria parasites. |
hypothesize that if the distribution of ITNs has been optimized, areas of high mosquito

habitat suitability before mass distributions of mosquito nets would be followed by increased
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use of ITNs throughout these areas and thus lower variance (coverage rates should be
consistently high in malaria-endemic areas) in ITN use. | combine georeferenced records of
Anopheles mosquito presences before mosquito net rollouts in 2004 with environmental
predictors and use ecological niche modelling to create a layer of relative habitat suitability
for these mosquitoes. | then create separate layers depicting mosquito net use distributions in
Tanzania as of the most recent surveys from 2011-2012. By comparing the intensity of
mosquito net use across Tanzania with the corresponding predicted mosquito habitat
suitability in those surveyed areas, | determine how well mosquito net use correlates with
mosquito habitats.

The goal of this thesis is to attempt to improve on current forecasting approaches
used in disease vector modelling. In addition, it puts forward an interdisciplinary approach of
incorporating disease vector control data into ecological niche models. To achieve these
goals, a macroecological approach was used. In regards to Chapter Two, this thesis does not
attempt to explain why spatial variations may exist in antimalarial interventions; these
reasons extend beyond purely ecological ones, such as social inequalities, life style choices,
and cultural beliefs (Graves et al. 2011). Regardless of these reasons, the analyses presented
in this thesis examine patterns at larger spatial and temporal scales, attempting to target
signals from the large variations inherent not only in environmental predictors but also in the

socioeconomic factors to assess mosquito net use at a countrywide scale.



Chapter 1:
Looking forward by looking back: Using historical calibration to
improve forecasts of human disease vector distributions

Please note: This paper has been published in the peer-reviewed journal Vector-Borne and
Zoonotic Diseases, with the following citation:

Acheson, E. S. and J. T. Kerr. "Looking Forward by Looking Back: Using Historical

Calibration to Improve Forecasts of Human Disease Vector Distributions.”" Vector-Borne and
Zoonotic Diseases 15, no. 3 (2015): 173-183.

Abstract

Arthropod disease vectors, most notably mosquitoes, ticks, tsetse flies, and sandflies,
are strongly influenced by environmental conditions and responsible for the vast majority of
global vector-borne human diseases. The most widely used statistical models to predict
future vector distributions model species niches and project the models forward under future
climate scenarios. Though these methods address variations in vector distributions through
space, their capacity to predict changing distributions through time is far less certain. Here,
we review modelling methods used to (1) validate and (2) forecast future distributions of
arthropod vectors under the effects of climate change and outline the uses or limitations of
these techniques. We then suggest a validation approach specific to temporal extrapolation
models that is gaining momentum in macroecological modelling and has great potential for
epidemiological modeling of disease vectors. We performed systematic searches in Web of
Science, ScienceDirect and Google Scholar to identify peer-reviewed English journal articles
that model arthropod disease vector distributions under future environment scenarios. We
included studies published up to and including June 2014. We identified 29 relevant articles
for our review. The majority of these studies predicted current species niches and projected

the models forward under future climate scenarios without temporal validation. Historically-



calibrated forecast models improve predictions of changing vector distributions by tracking
known shifts through recently observed time periods. With accelerating climate change,
accurate predictions of shifts in disease vectors are crucial to target vector control

interventions where needs are greatest.

Introduction

Rising concerns over environmental changes and their potential effects on disease
prevalence require more extensive exploration of statistical modelling methods that can
accurately predict future disease vector distributions (Mills et al. 2010; Tabachnick 2010).
Satellite-based remote sensing and statistical geographic information tools continue to evolve
at an extraordinary pace, providing continuous measurements of environmental factors at
progressively finer spatial and temporal resolutions (Hay et al. 2000). As a result,
increasingly accurate spatial models are being created using present-day data and projected
into future time periods to predict disease vector distributions under climate change scenarios
(e.g., Tonnang et al. 2010). While many of these models appear accurate across space, their
predictions are often highly divergent through time (Araujo et al. 2005b; Pearson et al. 2006;
Kharouba et al. 2009; Braunisch et al. 2013). The “temporal transferability” of these models
— their ability to predict independent events through time correctly — is highly uncertain
(Araujo and Guisan 2006).

The failure of the space-for-time assumption (Blois et al. 2013) imposes strong limits
on the reliability of spatial models for temporal prediction. For example, nine modelling
techniques used to forecast four South African plant species’ distributions in 2030 predicted

between a 92% loss to a 322% gain, but all models successfully described the current spatial



distributions of these species (Pearson et al. 2006). Furthermore, environmental factors that
correlate positively with species’ distributions spatially may show the opposite relationship
temporally. For example, models of Canadian butterfly species’ richness showed a positive
association with human population density spatially but a negative association temporally
(White and Kerr 2006). Species distribution modeling methods range from logistic
regression to highly specialized machine-learning techniques (Elith and Leathwick 2009), all
of which have proven useful under different circumstances. Strong tests of model accuracy
are critical to forecasting how changing environmental circumstances will alter the
distributions of disease vectors through time.

Accurately projecting distributions of human disease vectors, such as those
transmitting malaria, Lyme disease, dengue, and trypanosomiasis, is crucial because of their
human health impacts and the related economic consequences of misdirected management
interventions. Yet, predictions of future vector distributions often conflict. For example,
models of Anopheles mosquito distributions, the vectors of the malaria parasite, across the
Caribbean did not predict northern range expansions into the Gulf coastal region under
warming climates by 2080, contradicting previous studies which predicted future expansions
of malaria by as early as 2050 (Fuller et al. 2012a). Conflicting results of future vector
distributions mislead control programs and practices that already pose substantial financial
challenges for many developing countries (Martens et al. 1999; WHO 2008). Technological
advances are unlikely to permit predictions of future species distributions to be tested
unambiguously; the definitive, but impractical, method for testing such models is to wait to
compare predictions to actual events (Rastetter 1996; Algar et al. 2009). This does not mean

forecasting future species distributions, and validating these methods, lacks rigour. It does,



however, underscore the need for strong validation methods to increase confidence that such
models are reliable (Botkin et al. 2007).

There are extensive parallels between macroecological models, which predict species
distributions over broad areas (e.g., regions and continents, see Brown and Maurer 1989;
Kerr et al. 2007) and epidemiological models needed to predict changing vector distributions
across comparable modelled areas. Both may use correlative and mechanistic methods for
projecting changing species distributions (for a comparison of these two methods in vector
modelling under future climates, see Fischer et al. 2014). Correlative models can include
general linear models or use machine-learning technigues, such as maxent (Phillips et al.
2006), technigues from the Biomod modelling package, such as random forest analyses
(Thuiller 2003), and genetic algorithms for rule-set production (Stockwell and Peters 1999)
to relate species occurrence records to environmental factors and determine the area the
species actually occupies (i.e., realized niche). Mechanistic models, or stochastic models
coupled with habitat suitability or population models, use lab- and field-based measures of
physiological traits (e.g., behaviour, temperature tolerances, energy turnover) to determine
all potential areas where the species may persist (i.e., fundamental niche) (Kearney and
Porter 2009). While temporal macroecological models often seek to forecast future species
distributions for the purposes of conservation (Trejo et al. 2011), invasive species (Sobek-
Swant et al. 2012), or agriculture (Ureta et al. 2012), their forecasting and validation methods
show considerable overlap with those predicting changing disease risk. Satellite remote
sensing tools provide a common array of baseline measurements for both fields that are
revolutionizing statistical modelling in epidemiology (Hay et al. 2000) and macroecology
(Kerr and Ostrovsky 2003) by improving detection of spatial and temporal variation in the

biophysical determinants of species distributions. Consequent syntheses of techniques from
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both disciplines has led to the emergence of “eco-epidemiology,” “landscape epidemiology”
(Pavlovsky 1966; Kitron 1998; Peterson 2006; Reisen 2010), “medical geography” (Meade
and Earickson 2000), and “disease macroecology” (Keith et al. 2012).

In attempting to predict changes in species distributions through time, predictive
models commonly share a straightforward approach. Generally, these models 1) use current
environmental conditions to predict current disease vector distributions, 2) test the accuracy
of the model by evaluating its fit to current spatial observations, and 3) project the model to a
future time period by substituting anticipated environmental observations into the spatial
model. Spatial validation, which improves confidence in model fit in the current time period,
does not imply temporal reliability. To ensure the latter, analyses must be multi-temporal
(Kharouba et al. 2009). A validation technique that accounts for time (or historical
calibration) is needed. Using this approach, models are constructed with observations from
different time periods. These models are then projected either backwards or forwards into a
time period with independent vector data to test their capacity to predict changing
distributions through time. Historical calibration is likely the minimum requirement to
establish confidence that these models can be used to forecast changes in vector distributions
accurately (e.g., Kharouba et al. 2009; Rapacciuolo et al. 2014). This approach provides
spatiotemporal tests of model reliability, rather than spatial tests followed by risky reliance
on space-for-time assumptions.

Here, we review the critical field of forecasting future disease vector distributions
under changing climate. First, we discuss the different methods used to validate the spatial
models of present-day vector distributions. Next, we assess how these spatial models are
projected into future time periods under different climatic scenarios. We then introduce the

framework we call historical calibration for validation that is specific to temporal
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extrapolations in macroecology and may increase accuracy of forecasting models in
epidemiology. While we focused on disease vectors that directly affect human health for this
review, the assessment of the forecast and validation approaches can be applied across
spatial scales and broadly among many focal species and hosts, such as livestock (e.qg., for
advances in forecast modelling of Culicoides midges and the bluetongue virus in livestock,

see Acevedo et al. 2010 and Guichard et al. 2014).

Methods

We performed systematic searches in three databases for peer-reviewed literature:
Web of Science (http://thomsonreuters.com/thomson-reuters-web-of-science), ScienceDirect
(http://www.sciencedirect.com/) and Google Scholar (http://scholar.google.com). We
restricted the search to English journal papers. We included studies published up to and
including June 2014. Each search varied depending on the search engine input options, but
combined the following three sets of inputs: the first set used “either/or” for the projection

29 ¢

methods “forecast™,” “climate scenario®,” “projection”, or “future”; the second set used

“either/or” for the model types “correlative”, “mechanistic” or “model”; the third set used
“either/or” for the vector species “mosquito™,” “tsetse*,” “tick™®,” or “sandfly*.” While the
term “forecast” generally refers to predicting forward through time, relative to a baseline
period (e.g., using historical data to predict present-day conditions) (Elith and Leathwick
2009), this review only examines papers forecasting future events. The initial searches
yielded a total of 1082 papers. Studies were included if they predicted future vector

distributions under changing climate or changing non-climatic factors (e.g., land use). We

therefore excluded studies that modelled disease cases instead of the arthropod vector itself

12



(e.g., Naish et al. 2013). We included studies using future climate scenarios (e.g., general
circulation models, or GCMs) and environmental changes proposed by the study (e.g.,
incremental increases in temperature). Both correlative and mechanistic models were
included. Since the focus of this review is forecasting arthropod vectors that transmit
diseases to humans, we excluded models of vectors that solely attack non-humans, such as
livestock. We also excluded non-arthropod vectors, such as rodents. Based on these inclusion
and exclusion criteria, only 29 studies remained relevant as primary literature in the final

review.

Results and Discussion

Validating spatial models

First, it is important to distinguish between model fit — whether a model’s predictions
reasonably match data available within an observed time period — and true model validation
— determining whether the parameters of a model are causally linked with the biological
response, which it predicts accurately. The former is the domain of approaches such as the
“split data” approach. The latter truly tests model predictions, rather than model fit.
However, true model validation is more challenging because it requires independent disease
vector data to test models' generality or temporal transferability (i.e. data not used in model
training and that are spatially or temporally independent). All too frequently, such data do
not exist. While the validation methods reviewed were limited by inevitable autocorrelation
issues or data availability, and occasionally were not described at all, these 29 studies

generally included strong validation techniques, which are categorized and described below.
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The most common test of model fit we observed in these studies is a variation of the
“split-data” approach (see Table 1.1). This approach is a subset of cross-validation, which
divides datasets into two parts: training data used to calibrate the model and testing data to
evaluate its predictive accuracy. The “split-data” approach randomly splits the original data
into training and testing data (e.g., 70% of occurrence data are used for training the model,
and the remaining 30% are used for testing). While the “split-data” approach is a cross-
validation method, it tests model fit, not the model's temporal transferability.

The “split-data” approach is limited by autocorrelation between calibration and
validation data sets (Araujo et al. 2005a). Modelling methods assume the modelled
occurrences are independent and thus suitable for model validation, but this is not the case
when the data used to calibrate and validate the model are collected from the same modelled
region. For example, the spatial models of Anopheles mosquitoes in the Caribbean were
validated by randomly selecting 36 points from the original 350-point data set, which were
then treated as “independent test points” (Fuller et al. 2012a). Yet, randomly selected subsets
of the original data set do not become independent because the environmental determinants
of species distributions are strongly autocorrelated with the data used for model calibration.
This issue was shown when model validation using independent vs. non-independent data
found the latter consistently resulted in higher estimations of model accuracy (Araujo et al.
2005a). The use of independently collected vector test data from the same modelled area in
different time periods (e.g., Ogden et al. 2008) does not correct this issue but only introduces
the risk of temporal autocorrelation due to possible lack of independence between data points
adjacent through time (Araujo et al. 2005a; Rapacciuolo et al. 2014). Species distribution
models may therefore sometimes perform no better than random but predict spatial

distributions accurately purely because of underlying spatial or spatiotemporal
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autocorrelation in predictor variables (Bahn and McGill 2013). It then becomes possible to
fit environmental factors to almost any spatially autocorrelated species distribution, making
it difficult to determine whether a distribution arises because the vector responds biologically
to that factor or because both the species distribution and environmental factors share a
similar autocorrelative structure. Species distributions, including those of disease vectors like
mosquitoes, depend strongly on environmental factors that are highly autocorrelated both
spatially and temporally (e.g., Duncombe et al. 2013). As a consequence, any other variable
that shows similar underlying spatial autocorrelative structure may appear, spuriously, as a
causal variable in a model. Validation efforts that limit spatial and temporal autocorrelation
by drawing model testing data from different areas and/or times are more likely to be
effective (Araujo et al. 2005a; Botkin et al. 2007). Developing statistical techniques to
measure spatial autocorrelation explicitly can also increase confidence that the model is
predicting accurately and capturing critical biological processes (Kerr et al. 2011).
Unravelling the relative roles of purely spatial variables, purely environmental causes, and
the overlapping contributions of space and time may require additional statistical analyses,
such as variance decomposition (Legendre and Legendre 1998). Moran’s I or Geary’s C are
also useful to evaluate the strength of spatial autocorrelation in datasets used in these models
(see Dormann et al. 2007).

In the absence of independent data, many studies we assembled were forced to rely
on AUC (area under the receiver operating characteristic) as a surrogate for model
validation, with models considered validated if they received high AUC values for their
training and testing data (e.g., Moo-Llanes et al. 2013; Garza et al. 2014; Gonzalez et al.
2014). However, AUC tests model fit and does not perform true model validation. AUC’s

measure of a statistical model’s fit is derived from presence-absence species data, and this
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method can overestimate model accuracy (for details on these problems, see Lobo et al.
2008). The true skill statistic (TSS), however, is threshold-dependent (i.e., uses continuous
probabilities of presence) and appears to provide more reliable tests of model fit than AUC
(Allouche et al. 2006). Ideally, multiple test statistics should be used to assess model
performance (Elith and Leathwick 2009); methods such as AUC and TSS should be used to
assess model fit while model tests of spatial and temporal transferability using independent
observations should be used to test those models more strongly.

A second method of validation is the use of independent data (i.e., data not used for
model training or tests of model fit) and is the ideal validation approach for predictive
models to test the model’s transferability to independent events (Araujo and Guisan 2006;
Botkin et al. 2007). Independent data sets can come from a geographically distinct area
(Fielding and Haworth 1995; Randin et al. 2006), or from a different time period (Araujo et
al. 2005a). For instance, Anopheles mosquito occurrence records collected between 1930 and
1940 from northeastern Brazil were used to validate present-day spatial models of these
mosquito species in sub-Saharan Africa (Tonnang et al. 2010). Yet, correlative disease vector
forecast models rarely use temporally independent data for model validation (e.g.,
Brownstein et al. 2005), usually due to data scarcity.

We found that studies using mechanistic models to predict changing disease vector
distributions were more likely to employ independent field observations for validation, with
six of the nine mechanistic model studies using this approach (Table 1.1). Studies employing
correlative models (e.g., Beebe et al. 2009; Drake and Beier 2014) did so more rarely.
Another variation of independent validation involved comparison of the study’s spatial
models with predicted suitability maps from other sources from that same time period. For

example, the Tsetse Ecological Distribution model (see Figure 1.1), used to predict the
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sleeping sickness vector Glossina morsitans in Kenya, was validated by comparing it to a
combination of tsetse fly habitat suitability maps from other sources (DeVisser et al. 2010;
Messina et al. 2012). However, agreement between the model’s output and available tsetse
habitat suitability maps is low, likely due to variation in how each map was constructed and
what each map represents (e.g., maps of historical ranges, species distribution models, etc.).

Many of the studies we reviewed claimed insufficient data for validation (e.g.,
Martens et al. 1999; Levine et al. 2004; Estrada-Pena and Venzal 2007; Gonzalez et al. 2010;
Tonnang et al. 2010; Messina et al. 2012). While mechanistic modelling of disease vectors is
one way to counter this problem, independent occurrence data are still needed to validate the
models. Paleoecological observations have value for model validation for some species
(Martinez-Meyer and Peterson 2006; Willis and Birks 2006; Roberts and Hamann 2012), but
their potential for arthropod vectors is limited because some specimens are rarely preserved
and because environmental conditions at the time of their preservation can be too uncertain
to provide insight into present-day environmental dependence (Borkent and Grimaldi 2004).
This also reveals the added challenge of modelling most emerging vector species (e.g.,
mosquitoes carrying West Nile Virus; e.g., Yoo 2014), especially with the historical
calibration approach: historical records will be largely lacking for places of concern. For
these cases, historical calibration might not be possible until sufficient vector records have
been collected.

A third validation approach, the comparison of occurrence data of arthropod vectors
with the locations of infected reservoir species, holds significant promise (Table 1.1). For
example, models of phlebotomine sand flies were validated using disease case data on
leishmaniasis, for which dogs are a reservoir (Galvez et al. 2011). Leishmaniasis case data

were collected from veterinary clinics scattered across 32 villages in Madrid. The number of
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dogs infected with leishmaniasis, and the locations of the clinic in which they were
diagnosed, were recorded. Their locations were then geocoded into a map layer and
compared with the map of phlebotomine sand fly vectors and disease presence and predicted
phlebotomine distributions were found to be strongly related.

While the presence of a disease suggests the nearby presence of the vector that
transmits it, such as leishmaniasis in dogs carried by the phlebotomine fly, areas where the
disease is detectable are commonly subsets of a vector's geographical distributions (Kulkarni
et al. 2010). Furthermore, disease cases may be aggregated around the health centres where
they were diagnosed and recorded, offering biased measurements of the geographical
distribution of disease incidence and, consequently, vector distributions. For example, the
Human African Trypanosomiasis (HAT) vector Glossina morsitans still inhabits many
regions of Tanzania, but HAT is now mainly found in the western and northern regions of

the country (Matemba et al. 2010; Malele 2011).

Projecting vector distributions into the future

Studies we reviewed projected future changes in disease vector distributions by
substituting future environmental changes into their current spatial models in one of three
ways: using general circulation models (GCMs), adding a constant increment of
environmental change uniformly throughout the region of interest, or extrapolating recent
environmental trends linearly into the future (see Table 1.1). First, twenty-four of the 29
papers we reviewed used GCMs to model climate on the basis of its underlying physical
processes and used these models to predict geographical variation in future climates under
different emissions scenarios. For instance, Lyme disease risk in North America was

predicted by modelling Ixodes scapularis tick distributions with current climate data and tick
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occurrence records and then projecting the current spatial model to 2020, 2050, and 2080
using GCMs in combination with emissions scenarios (Brownstein et al. 2005). While GCMs
are believed to remain the most advanced tools available for future projections of climate
change (Randall et al. 2007), their outputs still fail to address changes in biological processes
through time when the GCMs are projected from only one spatial model.

Second, the use of constant environmental increments set by the study, such as the
input of 0.1, 2, or 4°C increases in temperature combined with 10% increases or decreases in
seasonal rainfall across Africa to predict future Anopheles mosquito distributions (Tonnang
et al. 2010), assumes the spatial environmental patterns will remain constant through the
modelled period. Retaining constant spatial trends in environmental factors using this
approach will lead to discontinuities in predicted vector distributions if modelled
environmental differences exceed thresholds of tolerance among vector species in some
areas. For this reason, detailed knowledge of the vector’s ecology is imperative to these
modelling approaches. Information on temperature thresholds for survival are gathered
through field observations, such as for the Asian tiger mosquito, Aedes albopictus (Fischer et
al. 2014). Upper and lower critical temperatures can also be tested in laboratory settings and
then incorporated in future climate scenarios. However, results for survival thresholds can
vary substantially between field and laboratory conditions. Since ecological complexity, such
as short-term temperature fluctuations, can affect results of survival thresholds in the field,
both field and laboratory results should be taken into account when modelling geographic
limitations (e.g., Brady et al. 2013). While such measurements are likely to correlate with
species' realized thermal niche limits beyond laboratory confines, species' capacities for
behavioural thermoregulation are variables, among species and among environments

(Sunday et al. 2014).
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Third, extrapolating from recent environmental trends by adding a constant change
increment (e.g., +1 °C) is an improvement to setting theoretical increments because its future
projections are grounded on observed trends through time. For example, change in irrigated
cropland in Sudan and Upper Egypt was first calculated between 2001 and 2009 and then
extrapolated to 2050 to predict future Anopheles arabiensis mosquito distributions (Fuller et
al. 2012b). However, this method assumes these trends will only continue linearly.

Determining which projection method is most realistic will remain uncertain because
the future is uncertain, but ensemble forecasting is a promising solution to increasing
forecast robustness (Araujo and New 2007). Multiple model outputs are analysed for their
range of projections. Forecast models derived from different future scenarios are combined
using consensus methods to produce outputs and are predicted to be more accurate than
forecasts from single models (Forester et al. 2013). Ensemble forecasts can and are already
being used in epidemiological forecast models. For instance, projections of Ae. albopictus in
Europe used 10 regional climate models and achieved climate projections consistent with the
IPCC projections and future hot spots consistent with other published studies (Caminade et
al. 2012). But regardless of the method used to project future environmental change, a
forecast model will lack credibility unless the magnitude of species’ temporal response to
environmental change can be approximated.

Each of the projection modelling frameworks we reviewed requires the space-for-
time assumption (Pearson et al. 2006; Fisher et al. 2010). That is, observed spatial
environmental gradients within the species’ current range are assumed to be identical to how
it would respond to the temporal environmental changes of similar magnitude. Models are
then extrapolated to spatial and temporal domains different from those the models were

trained in (Dobrowski et al. 2011; Kerr et al. 2011). However, spatially accurate models may
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not be temporally transferrable. Slight differences in the current distributions of species
predicted by different models become magnified when those distributions are then projected
into future climate scenarios, resulting in a variety of predicted range sizes for the same
species and region and increasing projection uncertainty (Kharouba et al. 2009).

If species distributions are at or near equilibrium with environmental conditions (i.e.,
the current areas where the population is found represent the full possible extent of the
population’s distribution), it is more likely that models will correctly predict their
distributions through time (Botkin et al. 2007; Broennimann and Guisan 2008; Elith and
Leathwick 2009; Araujo and Peterson 2012; Pagel and Schurr 2012; Sax et al. 2013; Wenger
et al. 2013). Yet, disease vectors are often likened to invasive species in their ability to
spread rapidly into new environments through human transport and changes in land use and
climate and equilibrium assumptions are likely to be unreliable (Crowl et al. 2008; Fuller et
al. 2012b). The equilibrium assumption may mislead predictions over broad areas, depending
on species' traits (e.g., dispersal), so species' capacities to colonize previously unoccupied
areas may affect reliability of model predictions (Araujo and Pearson 2005; Leroux et al.
2013).

Understanding dispersal limitations can be crucial. For example, correlative
modelling of the potential spread of Ae. albopictus to higher altitudes in the Alps was
assessed by relating presences and absences of the mosquito to high resolution (200-m) land
surface temperature data (Roiz et al. 2011). A temperature-gradient-based model was created
to fill the no-data areas and, combined with threshold conditions governing egg and adult
overwintering survival, the models agreed with previous studies’ results of annual and
January mean temperature as the most crucial to mosquito dispersal. The authors did not

discuss their validation method but do admit that model validation with empirical
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observations is needed and that they will validate with independent field data as they conduct
new vector collections in the coming years. Mechanistic modelling of Glossina morsitans
tsetse flies in Kenya, for example, considers both environmental factors and fly dispersal
abilities (Messina et al. 2012). The modelling framework accounts for fly dispersal by setting
a “fly front” (i.e., tsetse population movement as a whole, instead of individual tsetse
movement rates), where interactions between tsetse distributions and predicted
environmentally-suitable areas would be considered tsetse presence. The end result consists
of 250-m spatial and 16-day temporal resolution presence-absence tsetse maps (see Figure
1.1), validated with tsetse habitat suitability maps from other sources. A cost analysis
estimates that if such a predictive modelling system is implemented it will, over an eight-
year tsetse management campaign, save Kenya’s control programs over $19 million or

approximately 58% of normal tsetse control expenditures (McCord et al. 2012).

Historical calibration

A validation method in macroecology that relies on historical calibration of model
predictions (Kharouba et al. 2009) is achieving general acceptance in conservation and
global change research (Rapacciuolo et al. 2014; described in Figure 1.2). We found no
studies that have yet used this framework for predicting changing vector distributions
through time, so we describe its utility by drawing on examples from macroecological and
global change research. The key benefit of this framework is to evaluate the reliability of the
space-for-time assumption and provide a direct test of whether spatial models are temporally
transferrable in the context of a natural, or pseudo-, experiment (Kerr et al. 2007).

Historically-calibrated distribution models employ the usual tests of model fit, based

on cross-validation and statistical accuracy assessment (e.g., AUC and TSS). However,
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predictions of how a species' distribution will change through time are tested through a
period during which such changes can be directly observed. For example, butterfly
distributions across Canada were examined in a historical period (1900-1930; Kharouba et al.
2009). Each of these species' range responses to subsequent climate change was tested by
substituting observed climate measures from 1960-1990 into this historical model and
predicting how their ranges should have changed if historical relationships between climate
and species’ occurrences remained constant. Predictions for the latter time period (1960-
1990) could then be tested in two ways. The first involves recalculating model accuracy
statistics based on new occurrence points from that latter time period. The second involves
constructing new models from latter observations for comparison with historical model
predictions. Predictions of butterfly species distribution changes over the 20th century across
Canada were strongly correlated with observed changes in those distributions. These studies
assume that species do not adapt to novel environmental conditions through the observed or
anticipated time periods. While that assumption appeared reasonable for butterflies in
Canada, which often have one generation per year, uncertainties regarding disease vectors’
potential to adapt to new environments (particularly since many breed extremely rapidly in
far less seasonal environments than Canada) are substantial (Fischer et al. 2014).

The use of multi-temporal species observations and environmental data reduces the
uncertainty imposed by the space-for-time assumption. Minimally, using historical data to
test (or validate) model predictions through time will reveal clear violations of the
assumption, such as instances when models appear spatially accurate but predict
nonsensically through time (e.g., Pearson et al. 2006). Yet, predicting future conditions will
always require this assumption: changes observed recently will continue to reflect changes

anticipated through the future period that is being modelled. Both forecasting (Figure 1.2a)
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and backcasting (or hindcasting; Figure 1.2b) can provide some measure of historical
calibration for model predictions. These historical calibration methods are finding increased
application, especially in conjunction with advancing measures of species’ dispersal
capacities, population growth, and even species' particular behavioural thermoregulatory
strategies under continuously varying environmental changes (e.g., Monahan and Tingley
2012; Sunday et al. 2012; Leroux et al. 2013; Sunday et al. 2014). Opportunities to use this
framework to gain biological insights into vector responses to global change appear
substantial, particularly given the increasing availability of historical species observations.
Advanced modelling techniques, rapidly evolving satellite remote sensing tools, and
increased vector surveillance provide the tools necessary for building historically-calibrated
vector models. For instance, forecast models of Anopheles mosquitoes are advancing with
both mechanistic (e.g., Yamana and Eltahir 2013) and correlative (e.g., Tonnang et al. 2010)
approaches at macroscales. Satellite-borne remote sensing data sources, such as the Moderate
Resolution Imaging Spectroradiometer (MODIS;
https://Ipdaac.usgs.gov/products/modis_products_table/modis_overview) are increasingly
accessible and provide high resolution (up to 250m for MODIS), near-real time
measurements of both climate and land use changes over very broad areas (see Figure 1.3).
Occurrence records for vectors, like Anopheles mosquitoes, are also increasingly accessible
through online sources, such as the Global Biodiversity Information Facility
(http://www.gbif.org/), Malaria Atlas Project (http://www.map.ox.ac.uk/) and IRMapper
(http://www.irmapper.com/), and primary research publications also provide large
assemblages of these observations. Nevertheless, occurrences records for many species
remain difficult to find (noted in several studies here: Estrada-Pena and Venzal 2007;

Gonzalez et al. 2010; Messina et al. 2012) and predicting changes in associated disease risk
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will remain proportionately more difficult (and interventions harder to implement) while this
problem persists.

While historical calibration of species distribution models does not eliminate
shortcomings intrinsic to predicting an uncertain future, it reduces or resolves more
challenges than it creates. This historical calibration and testing framework reduces the risk
that spatial autocorrelation may create misleading fits between environmental predictors and
species distributions, but it cannot eliminate potential impacts of autocorrelation, which
exists temporally as well as spatially. Yet, a key benefit is a direct test of the temporal
transferability of a species distribution model that might otherwise provide only a snapshot
of a species' reliance on environmental conditions over broad areas. When accompanied by
more reliable projection methods, like ensemble forecasting, historically-calibrated forecast
models increasingly address the current dilemma of determining predictive model accuracy

over areas where vector range changes have actually been tracked through time.

Conclusions

Validation through historical calibration is increasingly used for macroecological and
global change research and could be adapted readily for epidemiological models forecasting
disease vector distributions. Tests of model transferability, used with other statistical tests of
model fit, will increase confidence in model predictions both spatially and temporally.
Availability of reliable species observations over broad areas and at different times is a
significant impediment here, as it has been for macroecological and global change research.
Increased and consistent disease vector occurrence data collections are urgently needed.

Forecasting disease vector distributions is further complicated by inadvertent or careless
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introductions of vectors into new areas (Sutherst 2004; Fischer et al. 2014). For example,
chikungunya was recently found in St. Maarten in December 2013, the first recorded
instance of local transmission of the disease in the Western Hemisphere (CDC 2014).
Despite continuous improvements in techniques that assess how vector species' distributions
and abundances depend on environmental conditions, predicting their future distributions
will remain a challenging endeavor. Nevertheless, interdisciplinary opportunities to improve
biological understanding of how and when vector species will respond to environmental
changes could improve prospects for successful interventions to reduce their impacts on

human health. Historical validation is one such opportunity.
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Tables

Table 1.1.

Different approaches to validation of forecast models for arthropod disease

vectors with environmental change.
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Validation approach

Forecast approach

Reference

Data Splitting

Independent Validation

Validation  with
disease
cases

Validation
approach
not
specified

General
circulation
model

Environmental
changes
proposed by
study

Project
quantity
of
change
in
environ-
mental
variable

Correlative models

Beebe et al. 2009
Brownstein et al. 2005
Cross and Hyams 1996
Drake and Beier 2014

Estrada-Pena and VVenzal 2007

Feria-Arroyo et al. 2014
Fischer et al. 2011
Fuller et al. 2012a
Fuller et al. 2012b
Galvez et al. 2011
Garza et al. 2014
Gonzalez et al. 2010
Gonzalez et al. 2014
Hongoh et al. 2012
Levine et al. 2004
Moo-Llanes et al. 2013
Peterson and Shaw 2003
Roiz et al. 2011

Schafer and Lundstrom 2009
Tonnang et al. 2010

X

XXXXXXX XXXXXX

X

X

X X

XXXXXXXXXX XXX X XX

Mechanistic models

28



Caminade et al. 2012
Erickson et al. 2012
Kolivras 2010

Medlock et al. 2006
Messina et al. 2012
Morin and Comrie 2010
Ogden et al. 2006

Ogden et al. 2008
Yamana and Eltahir 2013

X

X X X X X

XXX XX XXX
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Figures

Figure 1.1.

The African Trypanosomiasis Forecasting System (ATcast) modelling outline.
Incorporated in this modelling framework is the Tsetse Ecological
Distribution (TED) Model, which accounts for spatio-temporal dispersal
dynamics of tsetse fly distributions, among various other climatic and non-
climatic factors. Projected regional temperature changes are calculated using
the regional atmospheric modelling system (RAMS). MODIS = Moderate
Resolution Imaging Spectroradiometer; LST = Land Surface Temperature;
NDVI = Normalized Difference Vegetation Index. Adapted from Messina et

al. 2012.
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Figure 1.2.

Methodology applied when using historical species occurrence data to
validate species niche models through time (adapted from Kharouba et al.

2009), where models can be (a) forecasted, (b) hindcasted, or both.

32



a)

Use historical data to
model historical range

Use current data to
model current range

b)

Use historical model to
project current range

Compare projected
range to modelled
current range

Use current model to
project historical range

Compare projected range
to modelled historical
range

33




Figure 1.3.

Different satellite imagery layers for mainland Tanzania in 2001 from the
Shuttle Radar Topography Mission (SRTM, elevation) and MODIS used in
conjunction with Anopheles mosquito occurrence records for predictive
modelling. These satellite data can often be acquired for multiple years and

even in areas where environmental data sampling is sparse.
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Chapter 2:
Where have all the mosquito nets gone? Spatial modelling reveals
mosquito net distributions across Tanzania do not target optimal
Anopheles mosquito habitats

Please note: This paper has been submitted to the peer-reviewed journal Malaria Journal on
May 5™, 2015 (and later published on August 17", 2015) with the following citation:

Acheson, E. S., A. A. Plowright and J. T. Kerr. Submitted. “Where have all the mosquito

nets gone? Spatial modelling reveals mosquito net distributions across Tanzania do not target
optimal Anopheles mosquito habitats.” Malaria Journal.

Abstract

Malaria remains the deadliest vector-borne disease despite long-term, costly control
efforts. The United Republic of Tanzania has implemented countrywide antimalarial
interventions over more than a decade, including national insecticide-treated net (ITN)
rollouts and subsequent monitoring. While previous analyses have compared spatial variation
in malaria endemicity with ITN distributions, no study has yet compared Anopheles habitat
suitability to determine proper allocation of ITNs. This study assesses where mosquitoes
were most likely to thrive before implementation of large-scale ITN interventions in
Tanzania and determine if ITN distributions successfully targeted those areas. The niche
model was built with Maxent, incorporating 2001 environmental data with mosquito
occurrences from 1999-2003. A 2011-2012 layer of mosquito net use was created using
georeferenced data across Tanzania from the Demographic and Health Surveys. We
compared baseline mosquito habitat suitability to subsequent ITN use using 1) the average
number of ITNs per house and 2) the proportion of households with >1 net to compare with
national targets. Elevation, land cover, and human population density outperformed variants

of temperature and NDV1 in the niche model. The spatial distribution of ITNs across
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Tanzania was near-random in geographical space (Moran’s 1=0.070). An average of 2.488
ITNs were used per household and 93.41% of households had >1 ITN. Mosquito habitat
suitability was not statistically related to numbers of ITNs/household and very weakly to the
proportion of households with >1 ITN (R?=0.051). Proportional ITN use/household varied
relative to mosquito habitat suitability (Levene’s test F=3.0037). We used quantile regression
to assess trends in ITN use among households with the highest and lowest 10% of ITN
usage. ITN use declined significantly toward areas with the highest vector habitat suitability
among households with lowest ITN use (t=-3.38). In areas with lowest habitat suitability,
ITN use was consistently higher. ITN use is a key strategy to control malaria in many
tropical regions. While Tanzania-wide efforts to distribute ITNs has reduced malaria
impacts, gaps and variance in ITN use are unexpectedly large in areas where malaria risk is
highest. Supplemental ITN distributions targeting prime Anopheles habitats are likely to have

disproportionate human health benefits.
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Introduction

Malaria remains the most deadly of all vector-borne diseases, infecting an estimated
200 million people and causing over 550 000 deaths globally every year (WHO 2014b).
Approximately 90% of all malaria deaths occur in Africa, where an estimated 78% of deaths
are in children under the age of five (WHO 2014b). Malaria parasites are transmitted
exclusively by Anopheles mosquitoes (Kelly-Hope et al. 2009), spurring decades of research
not only on the parasite but also on its widespread vector. The spatial variation in vector-
borne disease distributions such as malaria can likely be attributed to variations in
environmental conditions (e.g., land cover, temperature, precipitation) that disease vectors
depend on for survival (Ernst et al. 2006). Ecological niche models (ENMSs) correlate these
environmental factors with georeferenced occurrences of Anopheles mosquitoes to improve
detection of spatial and temporal variation in biophysical determinants of these malaria
vectors, often at a countrywide or even continent-wide scale (e.g., Kulkarni et al. 2010;
Tonnang et al. 2010; Fuller et al. 2012a; Fuller et al. 2012b; Drake and Beier 2014).
Although these modelling methods are rapidly advancing using environmental factors, they
have yet to incorporate anti-malarial intervention data, though such approaches have been
suggested and encouraged (Kelly-Hope et al. 2009). Antimalarial controls are not only time-
intensive but also financially burdensome, with $2.7 billion US used for global malaria
controls in 2013, although the target was $5.1 billion (WHO 2014b). The synthesis of
ecological niche modelling and large-scale mosquito control methods can offer a new
perspective on the potential effects of antimalarial controls but has yet to be explored.

Insecticide-treated nets (ITNs) are an excellent example of such vector control

methods working on a large scale. Since 2000, global antimalarial initiatives, including
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ITNs, have saved an estimated 3.3 million lives and reduced mortality rates by 42%
worldwide and 49% in Africa (WHO 2015a). In 2014, a record number of ITNs were
distributed to malaria-endemic African countries, with the total number of ITNs delivered to
Sub-Saharan Africa reaching 427 million (WHO 2014b). Within the United Republic of
Tanzania alone (hereafter referred to as Tanzania), an extensive ITN national plan has been
implemented over the past 25 years, supported by both the Global Fund to Fight AIDS,
Tuberculosis and Malaria (GFATM) and the USA President’s Malaria Initiative (West et al.
2012). Since 2004, the Tanzania National Voucher Scheme has provided subsidized ITNs to
pregnant women during antenatal visits (Marchant et al. 2010). Between 2009 and 2010, a
mass campaign distributed 8.7 million ITNs across the country, free to families with children
under the age of five (Bonner et al. 2011). In 2011, a Universal Coverage Campaign
distributed 17.6 million ITNs nationally with the goal to increase global use in the general
population to 80% (West et al. 2012). In addition, the GFATM set a national target for
Tanzania to increase the proportion of households with at least one ITN to 90% by 2013
(GFATM 2011).

Numerous analyses have been conducted to determine the effects of ITN use on
malaria endemicity (e.g., Vanderelst and Speybroeck 2013; Burgert et al. 2014; Larsen et al.
2014; Ngonghala et al. 2014) and on mosquito populations at local scales (e.g., Bayoh et al.
2014; Futami et al. 2014; McCann et al. 2014), but none has yet compared ITN coverage
with mosquito habitat suitability to determine if coverage has been optimally allocated.
Environments that favour Anopheles mosquito survival and reproduction will be
environments where malaria risk will be greater. Despite the enormous time- and cost-
intensive efforts, antimalarial controls in Tanzania have so far failed to eliminate malaria

transmission, likely due to scarcity of information about Anopheles ecology and their
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susceptibility to insecticides (Kabula et al. 2011). With such a mass distribution of ITNs, is
the use of ITNs across Tanzania targeting the most at-risk groups in areas with high
mosquito habitat suitability? Furthermore, if mosquito nets have been optimized to target the
most at-risk groups, areas with greater mosquito habitat suitability would be expected to not
only have a greater average number of mosquito nets used per house but also lower variance
in mosquito net use (coverage rates should be consistently high in malaria-endemic areas).
Yet, ITN use relative to vector suitability remains uncertain even in regions, such as
Tanzania, where national household surveys exist to permit such assessments.

Here, we create a habitat suitability model at 1-km resolution of Anopheles
mosquitoes across Tanzania in 2001 (before large-scale ITN distributions) and compare this
model with countrywide ITN use by 2012 (number of ITNs used per house and proportion of
houses with at least one ITN) to assess where mosquitoes were most likely to thrive and
whether ITN rollouts ensured coverage of such areas. If the distribution of ITNs has been
optimized, areas of high mosquito habitat suitability before mass distributions of mosquito
nets would be followed by increased use of ITNs throughout these areas and thus lower
variance in ITN use. To our knowledge, our study uses the most extensive collection of
Anopheles mosquito occurrence records in Tanzania to date, collected from over 400
published sources and supplemented by private data collections and the online IR Mapper
and the Malaria Atlas Project databases. This study combines ecological niche modelling of
Anopheles mosquitoes with ITN use and may serve as the starting point for the critical

synthesis of Anopheles mosquito ecology with broad-scale mosquito control interventions.
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Methods

Study area

The study area included all of Tanzania, as well as the group of islands off the
mainland’s east coast (Figure 2.1). Tanzania occupies 886 100 km? (NBS 2013a) and its
population exceeded 45 million people by 2012 (WB 2013). Tanzania remains one of the
poorest countries in the world, with a per capita average yearly income of $630 US as of
2013 (WB 2013). Of all vector-borne diseases in the country, malaria still causes the highest
morbidity and mortality rates (Mboera et al. 2011). Over 85% of cases are caused by P.
falciparum, the most dangerous malaria parasite (CDC 2013).

The country has a tropical climate with wet and dry seasons that vary due to its
topography. The northern and eastern regions experience two wet seasons, with short rains
from October to December and long rains from March to May. The western, central, and
southern regions mainly have one wet season that lasts from October to April or May. About
80% of the population lives in rural arid regions (Mtega and Ronald 2013) with densities as
low as 1 person per km?, with the remaining population in high-density urban centers, such
as Dar es Salaam, of up to 3133 people per km? (NBS 2013b). Mosquito net coverage
following ITN rollouts has not been found to be associated with poverty (i.e. higher
mosquito net coverage was not found in poorer areas) but is intended to prioritize pregnant

women and families with children under the age of five (West et al. 2012).

Entomological records
The main malaria vectors in Tanzania are An. arabiensis, An. funestus, and An.

gambiae s.s. (Temu et al. 1998). A review of over 400 published literature sources was thus
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conducted to collect georeferenced occurrence records of Anopheles mosquitoes in Tanzania.
Records were collected for Anopheles species for which localities were specified and for any
month and year of collection between 1934 and 2014. These data were supplemented by
unpublished data collections (personal comm. Dr. Maureen Coetzee) and online databases IR
Mapper (http://www.irmapper.com) and the Malaria Atlas Project database
(http://www.map.ox.ac.uk). Each coordinate was verified using Google Earth (Version
7.1.2.2019, Google Inc.).

When complete, the database comprised 203 unique georeferenced observations of
An. gambiae s.l. (35.5%), An. arabiensis (32.4%), An. funestus s.l. (16.2%), and An. gambiae
s.S. (15.9%) across all years. Identification of mosquitoes within the An. gambiae s.l.
complex relied on polymerase chain reaction or cytogenetics. The database details species,

month and year of collection, citation source, village of collection, and trapping method.

Niche model

Maxent software (Phillips et al. 2006), v.3.3.3k, was used to predict the relative
habitat suitability of Anopheles mosquitoes across Tanzania. Maxent combines presence-
only species occurrence records with environmental data to create a model that predicts areas
of relative habitat suitability for a given species. Maxent niche models of acceptable internal
accuracy have been constructed before for a variety of arthropod disease vector species,
including mosquitoes (e.g., Foley et al. 2010; Kulkarni et al. 2010; Rochlin et al. 2013;
Mughini-Gras et al. 2014), ticks (e.g., Porretta et al. 2013; Feria-Arroyo et al. 2014; Giles et
al. 2014), tsetse flies (e.g., Matawa et al. 2013; Bouyer et al. 2014; Dicko et al. 2014) and
sandflies (e.g., Colacicco-Mayhugh et al. 2010; Fischer et al. 2011; Samy et al. 2014).

Despite Maxent’s tendency to be more conservative than other machine-learning techniques
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(Moffett et al. 2007), it is one of the most reliable species distribution modelling methods,
even with very small numbers of species observations (Pearson et al. 2007; Hernandez et al.
2008).

Since large-scale mosquito net distributions commenced in 2004, we narrowed our
niche model building to the Anopheles coordinates collected between 1999 and 2003. Many
historical records for anopheline mosquitoes in the 1999-2003 period do not distinguish
species within the An. gambiae s.l. complex (e.g., only three geographically-unique points
were recorded as An. gambiae s.s. compared to 54 recorded as An. gambiae s.1.). We
combined all recorded Anopheles species to build the Maxent model. Our focus includes any
of these malaria vectors, despite niche differences among species, relative to mosquito net
use. All eight species within the An. gambiae s.l. complex can transmit malaria parasites
except An. amharicus, which does not occur in Tanzania, and An. quadriannulatus, which
has not been recorded in the country since 1968 (Coetzee et al. 2013). The absence of
spatially detailed data sufficient for these models prevents species-by-species evaluation of
habitat suitability for the time period relevant to national ITN distribution. In total, 56
occurrence records were thus used to build the Maxent model (see Appendix A for full list),
substantially exceeding minimum requirements (>5 observations) to produce informative
predictions (Pearson et al. 2007).

Multiple models were constructed using elevation, human population, land cover, and
variations of temperature and NDVI (average, minimum, and maximum). For assessment of
model accuracy, occurrence records were randomly partitioned into 75% for model training
and 25% for model testing. Ten replicates were run for each model, using 10-fold cross-
validation, each with a randomized partitioning of training and testing data, a technique that

can reliably test spatial model skill for disease vector distributions (Acheson and Kerr 2015).
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The habitat suitability raster maps were then averaged to determine the relative probability of
suitability per grid cell.

The model’s accuracy was determined using a threshold-dependent binomial
omission test and a threshold-independent receiver operating characteristic analysis (Phillips
et al. 2006). For the binomial test of omission, we used a fixed threshold for habitat
suitability values of 0.1 (Moffett et al. 2007; Kulkarni et al. 2010). For the threshold-
independent analysis, we evaluated model skill using area under the receiver operating
characteristic (AUC) (e.g., Estrada-Pena and Venzal 2007; Kulkarni et al. 2010; Moo-Llanes
et al. 2013). AUC values approaching 1 indicate perfect discrimination between suitable and
unsuitable areas for the target species, and values of 0.5 indicate performance no better than
random. Each variable's unique and shared contribution to model accuracy was evaluated
using jackknife procedures (Phillips et al. 2006). Each variable’s relative contribution to

overall model predictions was then calculated and presented as a percentage.

Environmental data

The histories of many mosquito-borne diseases, including malaria, indicate that
climate is rarely the principal determinant of mosquito distributions in tropical regions and
that shorter-term consequences of human activities often exert greater effects (Rogers and
Randolph 2000; Reiter 2001). Relevant climatic factors include land surface temperature and
precipitation (Moffett et al. 2007; Kulkarni et al. 2010). Models incorporating satellite-based
land cover and/or topography as indicators of mosquito habitats can pinpoint local variations
in malaria risk (Kerr et al. 2011). Human population density is a critical determinant of
relative malaria risk because of density-dependent transmission of parasites among

individuals in the presence of anthropophilic Anopheles vectors (Moffett et al. 2007).
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We used measurements of environmental conditions at 500-1000m resolution across
Tanzania derived using the Moderate Resolution Imaging Spectroradiometer (MODIS)
sensor on the Terra satellite. We acquired all 8-day Land Surface Temperature composites
(LST; MOD11A2, 1000 metre resolution), 12 monthly Normalized Difference Vegetation
Index composites (NDVI; MOD11A3, 1000 m), and land cover observations (MCD12Q1,
500 m) for 2001. NDVI measures greenness and photosynthetic activity, which also captures
impacts of irrigation (such as rice-growing areas). We also obtained digital elevation data at
90-m resolution from the Shuttle Radar Topography Mission (SRTM, http://www.cgiar-
csi.org/data/srtm-90m-digital-elevation-database-v4-1) as well as 2001 human population
density data from the OakRidges National Laboratory LandScan database at 1000-m
resolution (http://web.ornl.gov/sci/landscan/).

We unprojected the MODIS data from Sinusoidal to geographic coordinates (GCS
WGS 1984 datum) using the MODIS Reprojection Tool (MRT, v.4.0 from US Geological
Survey). We transformed human population and elevation layers to the same geographical
coordinates using ArcGIS v.10.1 (ESRI 2012, Redlands, CA). Some 8-day LST and NDVI
mosaics’ pixels were flagged as missing or of low quality, usually due to atmospheric haze
or cloud cover. We imported data into R v.3.0.2 (http://www.r-project.org/) and the raster
brick function (package raster) was used to extract mean, minimum and maximum
temperature and NDVI, omitting missing and low-quality pixels. The raster-bricked
temperature and NDVI layers were then exported back to ArcGIS 10.1 and all environmental
layers were clipped to a mask of countrywide Tanzania and converted to ASCII format for

use in Maxent.
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Mosquito net survey data

We used 2011-2012 data conducted by the AIDS Indicator Survey (AIS) throughout
Tanzania, with permission from the Demographic and Health Surveys (DHS) Program
(http://www.dhsprogram.com, funded primary by the US Agency for International
Development). AIS fieldwork was conducted between December 2011 and May 2012,
implemented by Tanzania's National Bureau of Statistics. This survey provided data on
number of ITNs used per household, including long-lasting insecticide nets (LLINS). All
DHS procedures and questionnaires were reviewed and approved by the ICF International
Institutional Review Board. Further details are provided in each survey’s final report.

To protect respondent confidentiality, the georeferenced cluster points were each
displaced, with shifts in latitude and longitude under set parameters (Perez-Heydrich et al.
2013). Urban clusters were displaced 0-2 km and rural clusters were displaced 0-5 km, with
1% (or every 100" point) displaced from 0-10 km. Shifts in direction and distance were both
random. In addition, displacement of the georeferenced clusters was restricted at the district
(admin2) level for the 2011-2012 AIS survey (Figure 2.1). During the randomized cluster
displacement process, clusters could cross localized administrative boundaries (e.g., ward

boundaries) but not a DHS region or district boundary.

Mosquito net use layers

For the 2011-2012 AIS survey for Tanzania, data were provided for 10 040
households and accompanied by the corresponding GPS dataset of 583 georeferenced survey
clusters, which each represent 17-18 surrounding households. Ten clusters were removed due
to missing data. Of the remaining 573 clusters, 440 were in rural locations and 133 were in

urban locations (Figure 2.2). Using this data set, we measured mosquito net use in two ways:
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first, the average number of mosquito nets used in each household and, second, the
proportion of houses using > 1 mosquito net. While both offer distinct perspectives on
mosquito net use, the latter is particularly relevant to the stated national target of 90% of
households with at least one mosquito net (GFATM 2011). For each layer, the resulting
calculated value from the surrounding households was assigned to their corresponding
cluster coordinate.

We expected that mosquito net usage patterns would show very strong spatial
autocorrelation and could consequently be used to estimate mosquito net usage rates
throughout unsurveyed areas of Tanzania. To test this possibility, we attempted such
extrapolations using kriging and inverse distance weighting techniques in ArcGIS. We
compared predicted mosquito net usage from extrapolated surfaces to observed mosquito net
usage rates using 10-fold crossvalidation, but model fit was very poor. Mosquito net usage
shows very little spatial autocorrelation, as measured using Moran's | statistic (1 = 0.07, p <
0.05, where Moran's | scales as the Pearson product-moment correlation between 1 and -1,
with 0 indicating no autocorrelation). We restricted further analyses to point-based
measurements.

We created buffer zones surrounding each survey locality, with urban clusters having
a circular buffer zone with a radius of 2 km and rural clusters having a circular buffer zone
with a radius of 5 km for each layer of ITN usage. Since cluster points were randomly
relocated but did not cross district boundaries, buffer zones that crossed into an adjacent
district could be made more spatially precise by clipping along the district boundary. Buffer
zones were consequently retained only within the district particular to each survey locality.
This processing resulted in a total of 912 mosquito net polygons. The area of the buffer zone

was assigned the value attributed to its cluster point for the average number of mosquito nets

47



and the proportion of houses with >1 ITN. For overlapping buffer areas, the averaged value

of the individual buffers was calculated.

Statistical analyses

To relate mosquito habitat suitability to mosquito net usage, the habitat suitability
map created in Maxent and the mosquito net buffer layers created in ArcGIS 10.1 were
imported into R statistical software (v.3.0.2, http://www.r-project.org). Since each buffer
zone has either a 2- or 5-km radius, and had been clipped depending on proximity to district
boundaries, R was used to calculate the average habitat suitability pixel value for each buffer
zone, including overlapping buffer areas. This process attributed one averaged suitability
pixel value to each buffer zone. Ordinary least squares (OLS) regression models were then
constructed to test whether Anopheles habitat suitability predicted either average numbers of
mosquito nets used per household or proportions of households with >1 mosquito net. For
each regression analysis, Levene’s test was conducted to determine if variances differed
significantly between deciles of suitability. Residual spatial autocorrelation and the
associated Moran’s I were calculated using R. Results were considered significant if p<0.05.
In addition, we tested for other possible relationships between the two measures of mosquito
net use as a function of mosquito habitat suitability by performing quantile regression
analyses in the 0.1 and 0.9 quantiles. Quantile regression is a method for providing a more
complete view of possible relationships in ecological processes aside from the mean of the

response variable distribution (Cade and Noon 2003).
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Results

Habitat suitability model

Elevation, land cover, and human population density provided stronger predictions of
mosquito habitat suitability than any temperature- or NDVI-based measurements (Table 2.1).
Model fits were comparable whether the latter measurements were omitted (AUC = 0.872) or
included (AUC = 0.862-0.875). Elevation made the greatest contribution to the model,
followed by human population density and land cover. Jackknife analysis attributed the
maximum training gain to elevation (0.828), which indicates this variable contains the most
information that is not present in the other variables. Modelled habitat suitability
demonstrated concentrated areas of high habitat suitability along low elevation areas, mainly
along the eastern coastlines and extending into Kilombero Valley and in the southeast along
the Mozambique border (Figure 2.3). Areas surrounding Lake Victoria and north of Lake
Malawi also contain extensive areas with high habitat suitability for anopheline mosquitoes.
Dense shrub land and cropland/natural vegetation mosaic land covers were associated with
higher mosquito habitat suitability. Internal accuracy of the model through the threshold-
dependent binomial omission test was also high, with an omission error rate of 7.14% (n =
56). Removing elevation from Maxent models degraded model fit substantially
(AUC=0.765), increasing proportional contributions of human population density and land
cover (65% and 25.1%, respectively), with minor increases in temperature and NDVI (7.1%
and 2.8%, respectively). The model excluding any variant of temperature and NDVI while

still maintaining a comparatively high AUC value was retained.
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ITN use and mosquito habitat suitability

The relationship between the average number of mosquito nets used per house and
mosquito habitat suitability was not significant (p>0.05, Figure 2.4a) and model residuals
showed practically no spatial autocorrelation in net use, even at short distances (Moran’s I =
0.07, p < 1 x 10). Average mosquito net use per house did not significantly differ between
rural (2.485 mosquito nets) and urban (2.491 mosquito nets) surveyed areas (t= 0.13,
p=0.8967). Although variance appears smaller in only the highest decile of habitat suitability
(Figure 2.4b), a Levene’s test reveals variance did not significantly differ among deciles of
habitat suitability (F=0.7821, p=0.6331). Both the 0.1 and 0.9 quantiles of the average
numbers of mosquito nets per house showed no significant trend with mosquito habitat
suitability (p > 0.05; Figure 2.4a).

There is a slight tendency for the proportion of households to decrease toward areas
with higher mosquito habitat suitability (R? = 0.051, p < 1 x 10°®; Figure 2.4c). Overall,
93.41% of surveyed households had at least one mosquito net (93.51% in rural households
and 93.05% in urban households). A Levene’s test revealed that variance did differ
significantly between deciles of habitat suitability (F = 3.0037, p = 0.0015; Figure 2.4d).
While the 0.9 quantile of the proportion of households with at least one mosquito net showed
no significant trend relative to mosquito habitat suitability, the 0.1 quantile of the proportion
of households with at least one mosquito net significantly decreased as mosquito habitat

suitability increased (f = -0.0753, t = 3.38, p < 0.001; Figure 2.4c).
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Discussion

The World Health Organization (WHO) estimates ~50% of African households had
access to >1 ITN by 2010 but only ~3% in 2004 (WHO 2014b). Our analysis of the DHS
survey data across Tanzania from 2011-2012 suggests more optimistic results, with >93% of
Tanzanian households having one or more nets, meeting the national target of at least 90%
by 2013 (GFATM 2011). There is no statistical difference in ITN use between rural and
urban households. However, the effectiveness of ITN distributions varies among
communities, many of which have much lower rates of ITN use than national averages.
Among such communities, the proportion of households with at least one mosquito net is
inversely related to mosquito habitat suitability. There is a clear opportunity to improve ITN
effectiveness at a national scale by targeting supplemental net distributions in areas where
current use rates are low but mosquito habitat suitability is extremely high. The unexpected
decrease in ITN presence in some surveyed areas where malaria risk is high likely
contributes to persistent, high malaria morbidity and mortality (20 900 deaths in 2013 (WHO
2015b)). Other factors clearly contribute to malaria persistence, including increasing
insecticide resistance among Anopheles mosquitoes in Tanzania (Protopopoff et al. 2013;
Matowo et al. 2014; Nkya et al. 2014).

Regardless of the causes for whether ITN rollouts achieve national or international
targets, it is imperative that they reach households where mosquito habitat suitability, and
thus malaria risk, is highest. We expected that areas with higher mosquito habitat suitability
would have the most comprehensive ITN coverage and lowest variance in the number and
proportion of households with one or more ITNs, but we observed the opposite trends. In

areas with the highest anopheline habitat suitability, proportional ITN presence in
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households declines below more modest (=80%) international targets (77% of households
have >1 ITN; Figure 2.4c). These declines were most visible when analyzing the proportion
of households within the lowest 10% with >1 ITN, indicating that evaluations of
performance trends using only measures of central tendencies may fail to identify gaps in
ITN use that may have significant health consequences. Over an assemblage of 23 African
countries, coarse resolution analyses have revealed similarly uneven mosquito net use
relative to malaria endemicity (Vanderelst and Speybroeck 2013). Internal networks used to
distribute ITNs and education and promotion programs supporting ITN use in Tanzania are
unlikely the causes of local variability in ITN presence or usage rates, as such factors (e.g.,
road access) should have led to spatially autocorrelated trends, which were marginal in this
study (Moran’s I = 0.07). In other African countries, variation in net use has multiple causes.
These include beliefs in malaria risk, trust in health workers distributing nets, perceived
benefits of the nets, education, the number of children under five in the household, and
availability and use of other vector control measures (Graves et al. 2011).

Our prediction of mosquito habitat suitability relates strongly to georeferenced
malaria cases as well as independent maps of Anopheles mosquito distributions in Tanzania.
We repeated the binomial test of omission with the fixed threshold of 0.1 to test the model
against independently-collected data on unique georeferenced records of Plasmodium
falciparum across Tanzania from the MAP website. Our prediction of mosquito habitat
suitability corresponded strongly to malaria records from 1985-2008 (of 568 geographically-
unique P. falciparum records, our model had an omission error rate of 12.46%) as well as
those specifically between our 1999-2003 study period (of 107 P. falciparum records, our
model had an omission error rate of 13.21%). In addition, our model’s prediction of

mosquito habitat suitability (based on the fixed threshold of 0.1) was broadly consistent with
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the predicted occurrence maps for An. gambiae, An. arabiensis, An. funestus, and An.
gambiae s.s. as developed by the Malaria Atlas Project across the eastern coastline (including
the islands), throughout Kilombero Valley, and extending halfway along the Mozambique
border (MAP 2010). However, our model did not predict as extensive a distribution as those
provided by the Malaria Atlas Project (MAP), even though our model combined An. gambiae
s.l. and An. funestus s.l. mosquito species. MAP data are coarser and are used to generate
continental models that are subsequently clipped by country, whereas our map was built
using more detailed satellite information and more extensive vector observation data, which
may reveal local variations in suitability of Anopheles habitats. Although our Anopheles
training records did not include the Lake Victoria region, our model correctly predicted high
relative habitat suitability there. This region is a malaria hotspot (Gething et al. 2011), with
malaria steadily spreading to higher altitudes and aggravated by climate variability and
poverty (Wandiga et al. 2010).

The distribution of anopheline mosquitoes and malaria is strongly influenced by land
cover (e.g., Foley et al. 2009; Fuller et al. 2012b) and human population density (e.qg.,
Moffett et al. 2007; Ayala et al. 2009) in addition to climatic and topographical factors
(Moffett et al. 2007; Mutuku et al. 2009; Ermert et al. 2012; Stefani et al. 2013). Elevation
can similarly limit Anopheles distributions (e.g., Moffett et al. 2007; Kulkarni et al. 2010;
Sinka et al. 2010) and its omission from ecological niche models can severely degrade both
model fit and prediction accuracy (Sweeney et al. 2006). In this study, mosquito habitat
suitability increased particularly in cropland/natural land cover, reflecting roles for irrigation
or water pooling, but also in closed shrublands. Land features, such as soil type, are not
directly measured in these satellite land cover data but may help explain such findings

through differences in water holding capacity that can alter mosquito breeding success (e.g.,
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Foley et al. 2009). Temperature and NDV1 explained little unique variation in habitat
suitability, though both can limit mosquito distributions under some circumstances (e.g.,
Kulkarni et al. 2010; Sinka et al. 2010; Obsomer et al. 2012; Drake and Beier 2014).
Temperature shows relatively little spatial variation across Tanzania except along elevation
gradients (Goyal and Harmsen 2014), which are more directly measured by the elevation
variable. NDVI relates to vegetation greenness, productivity, and moisture availability,
which are also strongly related to mosquito reproduction (Yamana and Eltahir 2013).
However, satellite-based land cover measurements provide similar measurements that may
subsume the unique contributions arising from measures of greenness. Furthermore, highly
productive vegetation (i.e. areas with high NDVI) can be found in many regions of Tanzania,
eroding the capacity for such measures to discriminate between suitable and unsuitable
mosquito habitats at this scale of analysis.

While our dataset includes the most comprehensive collection of spatially-unique
georeferenced Anopheles records for this region to date, systematic, randomized, broad-scale
sampling that identifies species in the An. gambiae complex would be extremely valuable.
Presence-only species observations assembled from an array of sources that differ in
sampling effort and geographical focus (Kearney et al. 2012) could bias models toward areas
with easier access (e.g., roadsides). Collections are not fully or equally representative of the
cross-section of environments in Tanzania. In addition, lack of species-by-species evaluation
for the historical period forced us to combine Anopheles species. Increased sampling and
differentiation of species within the An. gambiae complex is needed to create species-by-
species niche models that can be more reliably projected through time and related to
measurements of the effectiveness of programs such as ITN rollouts. ITN use can differ

depending on which Anopheles species is locally common (e.g., An. arabiensis is more
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commonly found outdoors in dry environments and urban areas (Sinka et al. 2010), rendering
it less affected by ITNs than An. gambiae s.s. and An. funestus (Kitau et al. 2012)).
Systematic, repeated sampling of Anopheles mosquitoes across Tanzania could significantly
improve the capacity to target interventions efficiently and relative to health needs and would
provide a stronger basis for predicting how distributions of these vectors would change

through time (Obsomer et al. 2013).

Conclusions

Insecticide-treated nets have been broadly distributed across Tanzania but are used
unevenly and with decreasing frequency in areas where anopheline mosquito distributions
are concentrated. The combination of ecological niche models, drawing on high-resolution
satellite information, and georeferenced mosquito net data can provide useful perspective on
the effectiveness of such interventions in areas where georeferenced vector and vector
control data exist. These techniques are transferrable to other vector-borne disease systems.
With 3.2 billion people at risk of malaria infection worldwide (WHO 2014b), the need to
control malaria continues to be a top global health priority. The incorporation of
georeferenced mosquito net data into mosquito habitat suitability modelling is a promising
approach to inform control programs how to optimize allocation of limited resources and

minimize malaria cases where risk is greatest.

55



Tables

Table 2.1.  Contribution of environmental variables to Anopheles Maxent model,
including and excluding variants of temperature and NDVI. Variants of
temperature and NDVI (mean, maximum, minimum) were attempted in
different models, but yielded similar minor contributions to the model. AUC,
or area under the curve, values approaching 1 indicate the model’s perfect
discrimination between suitable and unsuitable areas for the target species,
and values near 0.5 indicate performance no better than random. Model 4 was
retained for analyses.

Variable % Contribution  AUC with AUC Model
to model variable without AUC
alone variable
Model 1  Elevation 66.2 0.817 0.772 0.869
Human population  28.2 0.727 0.773
density
Land cover 4.2 0.634 0.865
Mean temperature 1.2 0.615 0.874
Mean NDVI 0 0.593 0.869
Model 2  Elevation 65.9 0.817 0.769 0.875
Human population  28.0 0.727 0.815
density
Land cover 4.3 0.634 0.870
Max temperature 14 0.546 0.876
Max NDVI 0.5 0.542 0.875
Model 3  Elevation 64.3 0.817 0.766 0.862
Human population 27.1 0.727 0.800
density
Land cover 4.0 0.634 0.857
Min NDVI 2.9 0.606 0.875
Min temperature 1.6 0.575 0.862
Model 4  Elevation 66.5 0.812 0.764 0.872
Human population 28 0.732 0.794
density
Land cover 5.5 0.640 0.876
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Figures

Figure 2.1.

United Republic of Tanzania, detailed by districts and elevation. The map
shows the 148 Demographic and Health Surveys “admin 2” district
boundaries, as well as elevation, several major cities, and bordering countries.

The inset map details Tanzania’s location within Africa.
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Figure 2.2.

The 573 raw georeferenced cluster points provided by the 2011-2012 DHS
survey. Cluster points are colour coded to represent spatial variation in a) average
number of mosquito nets used per household or b) the proportion of households

with at least one mosquito net across Tanzania.
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Figure 2.3.

Maxent output of relative Anopheles mosquito habitat suitability. The habitat
suitability map ranges from blue to red, with blue representing lowest
predicted relative habitat suitability for Anopheles mosquitoes. The suitability
map is overlaid with the “admin 2” districts of Tanzania. Predicted relative
habitat suitability in many areas are coterminous with the LandScan human
population data (e.g., the southeastern polygonal area of low habitat suitability
corresponds substantially with the Selous Game Reserve, where human

population approaches zero in most areas.)
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Figure 2.4.

Scatterplots and corresponding boxplots of mosquito net use as a function of
mosquito habitat suitability. (a) Scatterplot of the average number of mosquito
nets per house as a function of relative Anopheles habitat suitability with
quantile regression and ordinary least squares (OLS) regression lines shown.
The 0.9 quantile line is shown in blue, the ordinary least squares regression
line is shown in green, and the 0.1 quantile line is shown in red. (b) Boxplot of
mean and standard deviation of average number of mosquito nets used per
house as a function of Anopheles relative habitat suitability, where habitat
suitability is divided into deciles (e.g., 1 corresponds to lowest 10%, etc.).
Boxplot whiskers extend to the maximum and minimum values. (c)
Scatterplot of the proportion of houses with mosquito nets as a function of
relative Anopheles habitat suitability (i.e. houses with >1 mosquito net were
assigned a value of 1; otherwise, 0), with quantile regression and ordinary
least squares (OLS) regression lines shown. The 0.9 quantile line is shown in
blue, the ordinary least squares regression line is shown in green, and the 0.1
quantile line is shown in red. (d) Boxplot of mean and standard deviation of
the proportion of houses with mosquito nets as a function of relative

Anopheles habitat suitability, where habitat suitability is divided into deciles.
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Conclusions

This thesis has focused on the spatial and temporal modelling of arthropod disease
vector distributions. Specifically, it focused on statistical modelling methods that 1) are
currently used to forecast arthropod vector distributions under changing environmental
scenarios and 2) can potentially be used to evaluate how well georeferenced vector controls,
such as insecticide-treated nets in Tanzania, are targeting disease vector distributions.

Chapter One systematically reviewed the current statistical modelling methods used
to forecast disease vector distributions under future environmental changes. My results
suggested that most models are validated through space but not through time and use the
validated spatial model to project into future time periods under different climate change
scenarios. These results highlight that spatial validation does not imply temporal reliability.
Historical calibration of temporal models using multi-temporal analyses (Kharouba et al.
2009) is a promising solution to ensure the latter. Further investigations into other methods to
increase accuracy of spatial and temporal species distribution models would be most useful
for future work, including historically-calibrated ensemble forecast models. Historical
calibration can strengthen disease vector model forecasts, which in turn could improve
prospects for successful interventions to reduce vector-borne impacts on human health.

Chapter Two tested whether the insecticide-treated mosquito nets distributions as of
2012 have been optimally targetting areas of high mosquito habitat suitability in Tanzania, as
determined by a mosquito niche model built from data before large-scale ITN distributions. |
not only found that mosquito nets were randomly distributed across the country, but the
proportion of households with at least one net was inversely related to mosquito habitat

suitability. These results suggest there is an urgent need to increase mosquito net coverage in
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areas at high risk of malaria in Tanzania. Other broader-scale analyses of mosquito net
distributions in sub-Saharan Africa confirmed my findings of a random distribution of ITNs
(Vanderelst and Speybroeck 2013), suggesting numerous other socioeconomic and cultural
factors may be playing a role in this trend. This finding brings attention to novel
interdisciplinary ways of studying the efficacy of vector control allocations by combining
georeferenced vector control data with species distribution modelling, compares mosquito
net use to national targets for Tanzania (including the proportion of houses with at least one
mosquito net), and can be applied to any study region where georeferenced vector and vector
control data exist.

The major weakness of my thesis is the requirement to rely on an Anopheles niche
model. The niche model was constructed on occurrence records collected from a variety of
independent sources which demonstrated sampling bias and inconsistent systematic sampling
across Tanzania. Yet, independent validation using malaria cases within the same time
periods of collection demonstrate the model shows high predictive accuracy and is therefore
useful to compare to mosquito net use. The rejection of the hypothesis that insecticide-
treated nets have optimally targetted prime Anopheles habitats sheds new light on time- and
cost-intensive vector controls in Tanzania and potentially in other tropical and sub-tropical
countries. Countrywide mosquito net rollouts require increased monitoring and surveillance
to manage such large-scale antimalarial interventions and ensure maximum coverage in areas
at the greatest risk of malaria. Future work should focus on determining if similar
relationships exist between mosquito habitat suitability models and ITN distributions in other
tropical and sub-tropical countries.

To my knowledge, this thesis presents the first systematic review of disease vector

forecast modelling, as well as the first study to incorporate large-scale antimalarial control
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survey data into Anopheles mosquito distribution modelling. Given the results presented
here, vector control interventions can incorporate georeferenced survey data into ecological
niche modelling to target vector-borne diseases at large spatial scales. This thesis also
stresses that while statistical models of disease vectors may nearly always contain sampling
flaws, their thorough validation through space and time still makes them an invaluable

contribution to disease vector control.
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Appendix A

Anopheles occurrence records used in Chapter 2.

Table A.1: List of the 56 geographically-unique Anopheles mosquito occurrence records used in Chapter 2. Corresponding references

are provided in Appendix B.

Mosquito species Year start  Yearend References District Specificarea  Trap method(s)
An. arabiensis 2001 2002 Kulkarni et al. 2006 Hai Foo Light traps
An. funestus s.1.
An. arabiensis 2001 2002 Kulkarni et al. 2006 Hai Sonu Light traps
An. funestus s.I.
An. arabiensis 2001 2002 Kulkarni et al. 2006 Hai Kware Light traps
An. funestus s.1. Pit

Pyrethrum spray
An. arabiensis 2000 2000 McCall et al. 2001 Lower Moshi ~ Masingi Resting catches
An. arabiensis 2001 2002 Kulkarni et al. 2006 Hai Rundugai Light traps
An. funestus s.l. Pyrethrum spray

Pit
An. gambiae s.l. 2000 2002 Graham et al. 2005 Muheza Station Experimental hut
An. gambiae s.s. 2003 2003 Kweka et al. 2008 Muheza Mkuzi Light traps
An. funestus s.s. Pyrethrum spray
An. gambiae s.I. 2003 2003 Meyrowitsch et al. 2011 Tanga Kirare Light traps
An. funestus s.l.
An. gambiae s.I. 2001 2001 Simonsen et al. 2004 Tanga Masaika Light traps
An. funestus s.l.
An. gambiae s.1. 1999 1999 Kulkarni et al. 2007 Dodoma Dodoma Resting catches
An. gambiae s.l. 1999 1999 Kulkarni et al. 2007 Morogoro Mvomero Resting catches
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Mboera et al. 2006
Mboera et al. 2006
Mboera et al. 2006

Mboera et al. 2006
Kigadye et al. 2010

Mboera et al. 2008
Mboera et al. 2008
Huho et al. 2012

Mboera et al. 2008
Mboera et al. 2006
Killeen et al. 2007
Schwartz and Koella 2002
Killeen et al. 2007

Pinto et al. 2007

Killeen et al. 2007
Drakeley et al. 2003

Drakeley et al. 2003

Killeen et al. 2007

Bagamoyo
Bagamoyo
Mpwapwa
Mpwapwa
Iringa

Iringa
Rufiji

Iringa
Iringa
Rufiji

Iringa

Iringa

Idete
Ifakara
Idete

Ifakara
Namwawala
Ifakara

Ifakara

Ifakara

Matimbwa
Kongo
Kibakwe
Chogola
Mangalali

Idodi

NA

Tosamaganga

Makifu
Rufiji

Lulanzi
Kilolo
Godawn
Limaomao
Msumbiji
Ifakara
Videnge
Town centre

East

Namwawala
Site B

Light traps
Light traps
Light traps
Light traps
Light traps
Pyrethrum spray
Light traps
Pyrethrum spray
Light traps

Pyrethrum spray
Pyrethrum spray
Light traps

Pyrethrum spray
Pyrethrum spray
Light traps
Resting catches
Light traps

Not specified
Light traps
Light traps

Light traps

Light traps
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An.
An.
An.
An.

An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.
An.

arabiensis
funestus s.I.

gambiae s.I.
gambiae s.1.

gambiae s.1.
gambiae s.l.
gambiae s.I.
gambiae s.l.
gambiae s.I.
gambiae s.I.
gambiae s.I.
gambiae s.I.
gambiae s.l.
gambiae s.I.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.l.
gambiae s.1.
gambiae s.l.
gambiae s.1.
gambiae s.l.

1999

2001

2001
2001
2001
2001
2001
2000
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
2001
1999

2000

2003

2003
2003
2003
2003
2003
2000
2003
2003
2003
2003
2003
2003
2004
2003
2003
2003
2003
2003
2003
2003
2003
2003
1999

Drakeley et al. 2003

Killeen et al. 2007

Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007

Schwartz and Koella 2002

Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Huho et al. 2012
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Killeen et al. 2007
Kulkarni et al. 2007

Ifakara

Ifakara

Kivukoni
Kivukoni
Mbingu
Kivukoni
Kivukoni
Ifakara
Mavimba
Kichangani
Minepa
Mavimba
Mchombe
Lukolongo
Ulanga
Mkangawalo
Mkangawalo
Lupiro
Lupiro
Lupiro
Lupiro
Mkangawalo
Kidugalo
Iragua
Mtwara

South

Namwawala
Site A
Chikago
Ramba
Mbingu
Butiama
Gezaulole
Njagi
Manjole
Mahongole
Kisakimbali
Manjole
Mchombe
Lukolongo
Ulanga
Itongoa A
Mkangawalo
Ndoro
Lupiro Kati
Libaratula
Madibila
Mgudeni
Kidugalo
Igunda
Mtwara

Light traps

Light traps

Light traps
Light traps
Light traps
Light traps
Light traps

Resting catches

Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps
Light traps

Resting catches
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