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ABSTRACT

Vectorborne and zoonotic diseases comprise a serious public health concern globally
Over the past 30 years, an increase in nemhgrging vecteborne pathogens, coupled with the
broader dispersal of known pathogens, has resulted in substantial challenges for public health
intervention and prevention prograniis burden highlights theeed for continued
improvement of modeling approaches and prediction methods to help identify areas vulnerable to
infection, thereby contributing toward more efficient distributions of limited public health
resources.

The field of disease ecology emphasiinteractions between disease system components
and the natural environment, recognizing that humans are not always the catalyst fggrpatho
dispersal and distributiongVhile incorporating environmental factors in assessing potential
pathogen risk is bbgical first step, complexities in this approach exist because pathogens are
nested within the broader community ecology of host, vector, and reservoir species, and often,
notall of these elements are knowAlthough this element poses challenges toeustdnding
limiting factors of specific environmental pathogens, the multitude of components within
individual disease systems offer several avenues from which to study patterns, provigdirg ins
into risk. Mosquito vectors are one such component. Thisvkedge, coupled with advances in
geospatial technologies, provides excellent opportunities to model environmental factors
contributing to potential pathogen distributions and to help predict disease risk in humans.

Here, | present three ecological modglapproaches to quantify and predict suitable
environments, abundances, and connectivity for three mosquito vector species important to
human and domestic livestock health. The first chapter delivers a global model of suitable

environments foAedes aegytpandAe. albopictusinder present and future climate change



calibrated on presenamly data. The second chapter outlines a new approach to predieting
mcintoshiabundances in Kenya and western Somalia atday8emporal resolution during
October taJanuary from 2002 2015. The third chapter demonstrates the potential to investigate
Ae. mcintoshpopulation genetic structure and associations between environmental variables
across eastern Kenya using gene sequence data. Each of these chapternsdiddhess

research questions using a disease ecology approach, while contributing more broadly to

knowledge of mosquito vector ecologies and the potential for human disease risk.
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INTRODUCTION

Vectorborne and zoonotic diseases comprise a serious public health concern globally
(Reisen 2010, Kilpatrick and Randolph 2012¢ctor-borne diseases are infections transmitted
to humans, usually by arthropods, such as insects or(ktdasde and Earickson 200@ver the
past 30 years, an increase in negtyerging vecteborne pathogens, coupled with the broader
dispersal of known pathogens, has resulted in substantial challenges for public health
intervention and prevention prograi#Slpatrick and Randolph 2I2). This burden highlights
the need for continued improvement of modeling approaches and prediction methods to help
identify areas vulnerable to infection, thereby contributing toward more efficient distributions of
limited public health resources.

The field of epidemiology centers largely on characterizing disease risk as a function of
detected occurrence in humghsast et al. 1995)but often, humans do not play a central role in
pathogen maintenance in the environm@atvlovsky 1966)This knowledgealthough not
recognized widely in traditional epidemiolo@fyeterson 2014)s not a new concept. In the
1930s, E.N. Pavlovsky stated formally that zoonotic disease systems exist in the natural
environment independent of disease incidence in humansgtiénrisk in humans occurred
only when encountering these environméR@vliovsky 1966)The field of disease ecology
stems from this paradigm, emphasizing interactions between disease system components and the
natural environment, recognizing that humane not always the catalyst for pathogen dispersal
and distributiongOstfeld et al. 2008, Peterson 2018avlovsky stated further that identifying
environmental factors and geographic barriers that limit the spatial distribution of a disease
provides he information necessary to map and to predict future disease risk in a given area

(Pavlovsky 1966)



While incorporating environmental factors in assessing potential pathogen risk is a
logical first step, complexities in this approach exist because path@ge nested within the
broader community ecology of host, vector, and reservoir species, and often, not all of these
elements are know(iPlowright et al. 2008)Although this element poses challenges to
understanding limiting factors of specific envimental pathogens, the multitude of components
within individual disease systems offer several avenues from which to study patterns, providing
insight into risk(Plowright et al. 2008)Disease vectors, and more specifically, mosquito vectors
are one suchanponent. This knowledge, coupled with advances in geospatial technologies,
provides excellent opportunities to model environmental factors contributing to potential
pathogen distributions and to help predict disease risk in hufafisri et al. 2007)

Here, | present three ecological modeling approaches to quantify and predict suitable
environments, abundances, and connectivity for three mosquito vector species important to
human and domestic livestock health. The first chapter delivers a global medgaable
environments foAedes aegypandAe. albopictusinder present and future climate change
calibrated on presenamly data AedesaegyptiandAe. albopictusre important vectors of
dengue, chikungunya, and Zika viruses, as well as being irtgdies vectors of yellow fever,
Japanese encephalitis, and a suite of additional path{igegsrs et al. 2006, Hayes 2009, Pages
et al. 2009, Lambrechts et al. 2010, Jentes et al. 20h#&)second chapter outlines a new
approach to predictinge. mcintoki abundances in Kenya and western Somalia atday8
temporal resolution during October to January from 202@15.Aedes mcintoshs a primary
mosquito vector for Rift Valley fever virus in East Afrianthicum et al. 1985, Pepin et al.
2010, Rosmas et al. 2011, Tchouassi et al. 2Q1a) important human and livestock disease

that results in devastating economic losses in affected re@itunghi et al. 2011, Chengula et



al. 2013) The third chapter demonstrates the potential to inves#gatenantoshipopulation

genetic structure and associations between environmental variables across eastern Kenya using
gene sequence data. Understanding connectivity between vector populations across a landscape
provides a new toolset from which to predict tlséemtial for pathogen dispersal across different
geographic regions. Each of these chapters address individual research questions using a disease
ecology approach, while contributing more broadly to knowledge of mosquito vector ecologies

and the potentidbr human disease risk.



CHAPTER 1

Climate Change Influences on Global Distributions of Dengue and Chikungunya Virus Vectors

The global distributional potential of mosquitorne viruses has seen considerable
research attention in recent years, padicularlyas regards viruses transmittedAwsdes
mosquitoegBrady et & 2012 Charrel et al. 20QJentes et al. 201 Rogers et al. 20Q6/an
Kleef et al. 201D These diseasése.g.,dengue, yellow fever, and chikunguByaresent
serious public health concerns, particularly in light of recent spread events, in which each of the
diseases has emerged either in new regfidbepoortere et al. 2008r in new environments
(Massad et al. 20Q%¥asconcelos et al. 20D1As a consequencAgdestransmitted viral
diseases have been of considerable concerrc@mtrgears across much of the Tropics and
Subtropicsvorldwide

The situation for this suite of diseases is complicated still more by the global spread of
two vector speciededes aegyptandAe.albopictus(Benedict et al. 20QTTaminade et al.
2012 Erickson et al. 201 5Simard et al. 2005 These two species have spread essentially
worldwide at lower and middle latitudes in recent decades, providinggneewly reinfested,
particularly efficientvec or s f or transmi ssion of oO0forest di:
periurban setting@Massad et al. 20030f particular interest are a series of intriguing results
regarding interactions between the two spedesalbopictusappears to be the superiarval
competitor(Braks et al. 2004Juliano et al. 2004-ounibos et al. 2002 yetAe.aegyptiappears
to be the vector species responsiblenfimst or all massive outbreaks of den@uembrechts et
al. 2010Q. As a consequence, quite a bit is to be gained from a deep understanding of the present

geographic distribution of these specwhich has been the focus of several resaudies



(Benedict et al. 200 Bhatt et al. 2013Caminade et al. 201 Fischer et al. 20%4.ambrechts et
al. 2010; however, in light of alredy-occurring changes in climagnd the possible
distributional opportunities that these open for the mosquitsesell as the ongoing evolution
of the actual distributions of these two globatlyasive specieALA 2014; Derraik 2006
Holder et al. 201)) a predictive view of their distributional potential into coming decades as
global climates change also useful

In this paper, then, wesa correlative ecological niche modeling approa¢Regerson et
al. 2011 to evaluate and assess the distributional potentidédés aegyptndAe.albopictusat
present and, most importantly, into the future. We use diverse models and scenarios for future
climate conditions, and constrain our results and interpretatioefittato avoid
overinterpretation of pattern in the data. The chief r@stiiat with the exception of smaller
regional shiftsdistributional potential of these two species will likelyrbtativelystable in
coming decadés canbe understood as the cogsence of broad climate tolerances by these
two species, such that changes in global climats coming decadesaynot translate into
majordistributionalshiftsin these vector specigddodel results also, however, pointttee
potential forreorganization ofhe distributions of the two species, each in response to its own
particular ecological niche profiley several areas, which may have implications for disease

transmission.

Methods
We collected primary occurrence déta., data doamenting occurrences of individual
animals at points in time and spata)the two focal specief\édes aegyptndAe.albopictus,

and indeedecords fotthe entire genuéedes accumulatingligital accessibleecords from



VectorMap(http://vectormap.org/ Atlas of Living Australia(http://www.ala.org.ay/
speciesLinkhttp://www.splink.org.bry, and GBIF(http://www.gbif.org/ searches mad9

April 2013, individual totals of records not possible, as these data sources frequenidpon

their coverage of specific data recqtdehe data for the two focal species were used to calibrate
models, as is described in detail below; the data for the broader genus were used to characterize
sampling effort across the Earth, which is quibeven, focusing on the many species in the

genus, such that collecting intensity and sampling techniques would be broadly representative of
sampling that would yield records of the focal spedigis step was necessitated by the almost
universal lackof eporti ng of negative data in biodiver:
but di d .Datawefeinspdcted to remove daeordsnot referring to this genus of
mosquitoesFinally, to provide a qualitative independent test of modaliptiens, one of us

(DML) extracted an independent data set from the broader scientific litergtayditerature,

and personal collections; these data wereused in model calibration, for lack of information

on underlying sampling, but provided a useful check@n comprehensive our model

predictions really are.

To summari ze sampling eff oangspatigresolwiendfl v, we
106 that was coincident in position and orien
used in model calibration (see below). Via this polygon shapefile, we counted individual records
out of the 118,134 overall records of the genus falling in e&te square polygodsthese
sampling intensities varied from 6dveringapproximately99.5%o0f the terrestrial portion of the
Earthodés surfacddlar eoomds manyaasi Aaghe 1006 pixel
values, we created a raster datetlsat could be used to represent sampling intensity for this

genus.



We characterized presedidy climates (195Q000) via data layers provided as part of the
WorldClim climate data archiv@Hijmans etal. 2006 Speci fically, we wused
variables (106 resolution) that ar e nioethilyi ved f
averageminimum temperature, andonthlyprecipitation, all across the haléntury time
period. We obtained paralldata layers for general circulation model (GCM) projections to 2050
from the CMIP4 futureclimate model projection&CI 2014); these futureclimate projections
summarized 48 different GCMs (i.e., distinct implementations of simulation models for global
climate dynamics) for three scenarios of futalienate emissions (A2, B1, A1B).

Ecological niche models were calibrated in Maxent, version &hillips et al. 2006
Initial exploratory runs served to detect a number of apparent artifacts in some of the climate
datasets: bio-8, bio 1819 were particularly notablm the presentlay coveragesapparently as
a consequence of their linking between temperaturgeealpitation variableso we removed
them from analysis at the outsatfew other variables presented odd artifacts upon visual
inspection, and also were remové&d reduce dimensionality, and to reduce collinearity among
layers, we applied principal ogponents analysis to tlemainingbioclimatic layersand used
the component loadings in the present to transform the falunate model projections in
parallel We used initial, exploratory Maxent runs with its jackknife functionality to explore the
relative contributions of each of the principal compongaisl eliminated layers that showed
consistently low contribution to model predictions. As a consequercegmwfinal models based
onsets of6 and 8 principatomponent$or each species

To provice a general evaluation of the predictive ability of our models, and also to allow
decisions about whether thed 8-component models were preferable for interpretation, we

used partial receiver operating characteristic (ROC) andRsigerson et al. 2008Given



concerns about the appropriateness of traditional ROC applicétioins et al. 2008 which

plots omission and commission erragoss a set of model thresholds, and compares the area
under that curve to the area under a line of null expectatimgartial ROCapproachrescales

one axis of th&ROC curve to reflect proportional area identified as suitable (instead of
commissiorerror), and focuses only on predictions that have acceptable levels of omission error
(termedE; in this case, we usdfl= 5%).We subset spatially unique occurrence paiatslomly

into equal portions for model calibration and model evaluaRartial RGC calculations were

carried out via programs developed by N. Barve (http://hdl.handle.net/1808/10059). Probability
values were determined by direct count of AUC ratib$), among 1000 replicate 50% bootstrap
subsamplings.

In general, final models were dadated in Maxent with its bootstrapping/replicated run
functionality. In view of the apparently massive invasive potential of both mosquito species
involved (Benedict et al. 20Qdansen & Beebe 20),Gve used a very broad hypothesis of the
accessible are®\) for them, consideringhuch of theworld, and eliminating onlyhe highest
southernatitudes (i.e., < 60° S). We set aside 50% of imqpgtc ur r ence poi nts as
per cent endactedO rapiicdte analyses to consider effects of particular calibration data
sets on model outcomes. The sampling bias layer described abowveldsdin the Maxent
Abi as | ay e rgoaidetosammingitowards eharacirization of the broader
0 b a ¢ k g foranodelditing akin to pseudoabsence sampling in other niche modeling
algorithms(Phillips et al. 2009 this layer is illustrated in theupplementary Materialsand is
available as a GeoTIFF @aet atttp://hdl.handle.net/1808/152 748 0dels were calibrated for
presentday conditionsandthen transferred onto each of the futalienate scenarios and models

that were available to seeTable 1for a summary).



Table 1. Summary dhture-climate scenarios (B1, A1B, and A2) and climate models assessed

Model Host country Al1B and A2 B1
BCCR-BCM 2.0 Norway X X
CSIROMK 3.0 Australia X

CSIROMK 3.5 Australia X X
INM-CM 3.0 Russia X X
MIROC medium resolutior Japan X X
NCAR-CCSM3.0 United States X X

Once all models were calibrated and all future transfers developed, we used the median
value for all replicate analyses for each combination of model, scenario, and number of principal
components. We then calculated the mediamedians for a given scenario and number of
principal componentseeking a central tendency across all of the replicate models developed
from different random resamplings from available occurrence W&tecalculated differences
between future and presentthesdogistic suitability scores; we also thresholded the data using
an E = 5% training presence data criterjom whichwe sought the highest suitability score that
included 95% of the data used to calibrate the mottetxynvert raw suitability scores into
binary estimates of potential presence and absence across ragfbribe estimate dt derived
from assessment of approximate error rates in input(Batarson et al. 2008ased on these

binary outputswe explored anticipated range expansions and contractions.

Results
In all, we assembled 2108 an@4® occurrence records fAedes aegypandAe.

albopictus respectivelywhich distilled down to 338 and 350 spatially unique records at the
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resolution of our analysig he overall picture of sampling 8iedesnosquitoes, however,

indicated sampling of this genasrather more concentrated in the temperate zone than are the
populations of these two species (Figure 1). In preliminary explorations, inclusion of this surface
as a O6bias | ayer6 in model calibration made
emphasize the importance of considering sampling effaty modeling exercises that are cast

on an uneven landscape of sampliegen within the accessible area for a species

Figure 1. Summary of primary occurrence data available globalkddesnosquitoes in

general (blue), ande. aegypt(black) andAe. albopictugyellow) in particular.

o Aedes aegypti

Aedes albopictus > : .
. Aedes -

2)

Calibrating models across the entire accessible region for the species (i.e., most of the
world) based on a subset of available occurrences resulted in model predictions that performed
uniformly better than random expectations. That is, using partial ROC analysis on random 50%
subsets of data set aside from model calibraibrtomparisons yielded AUC ratios that were

significantly above null expectationB € 0.001).Comparing among differenumbers of

S
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principal components as descriptors of environmental spAtks ratiosfor 8-component
modelswere higher than those fércomponent models by 1.7257%; ence, we focusealll
subsequengxplorations on models based opricipal componenté&-component results are
presented in the Supplementary Materiatsd do not differ markedly from those for 8
component mode)s

Model predictions for the present day reflected well the known global distributions of
each of the twapecies (Figure 2). Indd, some of the more interesting features include an
indication ofmarkedlybroader distributional potential fé&tedes aegypthan forAe.albopictus
in Australia, and indeed perhaps overall broader distributional potential in tropical and
subtropical regions foke.aegyptj but thencuriously abroader overalpotentialdistribution of
Ae.albopictusin North AmericaThese explorations also comfirthat these two successful
invasive species have indeed fulfilled much or all of their invasive potential glédaibad
regions that appear to be suitable climatically, but from which no occurrence data were available
to us includd eastern China, Vietna Philippines, Borneo, and northeastern BrazilNer
aegyptj and South America, Africa, India, Japan, and New Zealanfidalbopictus
Nonethelesssearches via Google Scholar quickly revealed known presences of these species in
almost all of thesareagDias et al. 199;7Hondrio et al. 2003Huber et al. 200X alra et al.
1997 Kobayashi et al. 2002Macdonald & Rajapaksa 19;7/Rages et al. 200Savage et al.
1992 Schudtz 1993 Tsuda et al. 20Q1so the gap is one of availability of occurrence data, rather
than absence of the species from these potemak. The sole significant exception is that of
New Zealand, which has beeeached byie.albopictus but apparently does not yet have

established popul@ns (Derraik 2006 Holder et al. 2010Laird et al. 1994



- Present ,NX

Figure 2. Summary of modeled potential distributional patterdsedés aegyptindAe.

albopictusunder presentlay conditions based on analysis of 8 principal components.

12
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Model transfes to future conditionsveregenerallysimilar to presentiay patternsat
least in the broadest terr®1B scenario shown iRigure 3 other scenarios provided in
Supplementary MateriglsFor Aedes aegyptimodel predictions indicated some potential for
northward expansion ieastern North America, South Asia, and East Asia, and southward in
Africa and Australia; broadening distributional potential was indicated in interior South America
and Central Africa. &r Ae.albopictus model predictions gave clearer indications of exipamn
distributional potential in eastern North America and East Asia, plus expanding potential across
Africa and in eastern and southern South America; distributional potential in Australia was

anticipated to expand rather markedly for this species
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Figure 3. Summary of modeled potential distributional pattersedies aegyptandAe.
albopictusunder future conditions (A1B) based on analysis of 8 principal components.
Confidence in presemttay and future distributional potential is based on agreemestigath
climate models (Table 1): presefdy-only distributional areas are shown in blue, with model
agreement regarding stability of presdaly distributional areas shown via the intensity of blue
shading (light blue = low, dark blue = high model agreaméuture distributional potential is
shown as shades of orange (light orange = low, dark orange = high model agreement in
predicting future suitability).

Assessing the distributional potential of the two species in tandem suggests a complex
mosaic of tle distributions of the two species around the world (Figure 4): wWeitkes
albopictushas the broadest potential distributiarNorth AmericaAe.aegyptiappears thave a
broader potentiah Africa and Australia. Assessing how ttlistributional patterns of the two
speciewill change, continent by continent, we smenplex rearrangements (Figure Ag.
aegyptiappears to gaipotential distributional area South America, lose ground in Australia,
andrearrange its distributionakeain Europe, whileAe.albopictusmay be able to expand its
distributional areanorethanAe.aegyptiin North America; Asia shows particularly complicated

shifts in dominance of the two species geographically.
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. :I Aedes albopictus only
:] Absent both species

- Present both species
- Aedes aegypti only ,N\ )

[ ] Aedes albopictus only
- Present both species
I:] Absent both species

Aed fonly & 7 ; : o ¢
N oo mgyetonly Modeled future projections of overlap

patterns, under scenario A1B

Figure 4. Summary of patterns of potahtlistributional overlap derived from ecological niche
models ofAedes aegyptindAe. albopictusvorldwide, both under current conditions and under

modeled future conditions (A1B scenario), based on 8 principal components.
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Figure 5. Summary of patterns of change in potential presence and distributional overlap of
Aedes aegyptindAe. albopictusvorldwide under the A1B scenario, continent by continent.
Patterns of shift under climate change scenario A1B are shown viaitnamsétrices for each
continent: rows indicate preseady situation, and columns indicate model projections of future

potential. AL =Ae. albopictusAE =Ae. aegypiiB = both species; = neither species.

Discussion

Mosquito distributions arkighly dynamic in space and timastheir life cycles are short
and heavily influenced by environmental variat{@rans 2003 Therefore their distributions
respond fluidly to new opportunities,g.,in terms of(1) overcoming dispersal barriers to
colonize new areas (e.g., the global invasion of the two species under analysjsBeradict
et al. 2007, (2) ready expansion into new areas as conditions change and improve for their
population biology(Roiz et al. 201}, and (3) the dynamic interactions and potential competitive
exclusion between the two spec{Bsaks et al. 2004Juliano et al. 2004_ounibos et al. 2002
As such, for example, the difference between the two speciasns tf Australian distribution

is intriguing while Ae.aegyptiis present and establishék.albopictusis not established
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there, in spite of having been introduced to at least four §ltds2014): based omur results
we view this lack of establishment as reflecting-neal conditions for the speciesAustralia
althoughFischer et al. (20)Jpresented a more optimistic and suitable picture for the species
under presendlay conditions in Australisand certainly the Australian Quarantine Service has
expended considerable effort in assuring its-establishmentSimilarly demonstrated
colonizaion pressure by this species without successful establishment has occurred in New
Zealand, though probably thanks to rapid and effective mitigation efféotder et al. 2010

More generally, in view of the impressive disg@rand colonization abilities of these two
species, our models of potential distributional areas replicate quite well their aeaeatpay
distributional areas.

Our models, while largely coincident with known presgay distributions of the two
specieswere developed to explore climate change implications for these two specietesl,
modelsdidf ai | i n replicating s o piesendaygistributionsas f t he
can be appreciated from Figugewith the overlay of independent occurrence data example
model predictias failed to identify suitable habitldr Ae. dbopictusin northeastern Mexico
and northeastern Brazil. This omission em@slikely a consequence aicomplete sampling in
our training data set, resultingumderrepresentatioor no representation ehvironmental
combinationsnanifestedn these regionsAlthoughincompleteinput data may account for
somemodel failuresanthropogenic factors could alisepact model results locatlyor example,
Aedes albopictupopulations introduced into and established in Los Angeles, in southern
California(Zhong et al. 20183may be able to survive there thanks to urban subsidy of moisture,
but the details are not cledm.addition to omissios) model predictions appeared to extrapolate

into severahigh-latituderegions(e.g.,Greenlandl reflecting model extrapolatidmeyond the set
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of environmentatonditionsassociated witlthe calibration regionThese inconsistencies may
derive fromperipherality of environmenta&haracteristics of occurrencegthin thecalibration

region,leading towild and inappropriatextrapolationOwens et al. 2013

Figure 6. Overlay of independent occurrence data set (yellow triangles) on model predictions for
preserdday potential distributions &edes aegyptndAe. albopictusGreen boxes delimit

areas in which model predictions failed to anticipate known occurrences.

Aedes albopictus
in the Americas

Ourfuture-climate projections, however, indicate considerable potential for shifting

establishment of these two vector species in sedaedtions, as follows: (1) more broadly in
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eastern North Americ42) farther south in southe®outh Americgparticularly inAe.aegypt);

(3) locally northward into southern Eurqigé) more broadly in Central Afric&5) more broadly

in East Asiaand (6) across northern and eastern AustrAkaglbopictug. While these potential
range shifts in response to climate agkativelysubtle, they are the implications of

environmental shifts that would transform areas from presenting conditionseooit$ice

modeled ecological niches of the vector species (e.g., no establishment in Australia despite
repeated introductions) to presenting conditions that do permit maintenance of populations.
Clearly, even within the present distributional areas of tepseies, changing conditions may
cause changes in their abundance and dominance, although those shifts are not included in our
present modeling effori®artinezMeyer et al. 201

Regionalscale modeling efforts have shed considerable light on the distributional
potentialof Ae.albopictus thanks to a series of detailed analy@ascher et al. 201 4ischer et
al. 201). These studies have provided a level of rigor that is unusual in the present literature on
climate change e butioas; dng offersconsigemlae detail on likely s t r i
distributional shifts of this species across Europe as climates change. Beisctier et al.

(2011 models and our own results indicate a curious mititlaude focus of suitability foAe.
albopictusin Europe, which contrasts with the southern and southeastern Igyitabffiles for
this speciesn North America.

The relative roles and importance of these two species in dengue transmission appear to
be unequal. That is, a recent analysis indicatedAbatlibopictusdoes not appear taide major
dengue outbreaktambrechts et al. 20)0such tha\e.aegyptiemerges as the chief driver of
largescaledengue transmissioBoth the pattern of known occurrences and the maps of

potential distribution$or the two species, ilarge part, suggest thAe.aegyptiis more
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extensive distributionally thafe.albopictus with the exceptionsf eastern North America and
EastAsia, neither of which haslang history of dengue transmission; both of these regions,
however, appear now teave activdransmissior{fRadke et al. 2032Ramos et al. 2008Vu et
al. 201Q. These imbalances, however, may not hold for oNeglestransmitted diseases, such
as chikungunyawhich is reaty transmitted byAe.albopictus at least in some casgksetsarkin
et al. 201}, and which has shown recentjoradistributional expansio(Fischer et al. 2013/an
Bortel et al. 2014 with importation events presentipgtential for further colonizatio(Centers
for Disease Control and Prevention 206

The global dstribution ofAedesborne virusesparticularlydenguehas seem lot of
attention in the scientific literature in recent ye@.g.,Bhatt et al. 2013Brady et al. 2012
However, these efforts have not included deep contemplatidetailed mappingf
distributions and distributional shifts in vector specrather, they have focused in largest part
on human infections. While clearly vectmopulations can exist without virus presence, such
populations set the stage for edsseasentroduction, as is evidenced by recent dengue
emergence in the southern UfRadke et al. 203 Ramos et al. 20Q8particularly as both
vector populations and human populatioesrrange spatially regponse to climate change (in
the case of the vectors) and economic opportunity (humans). In this sense, we see the results of
the present study as offering a quantitative input that can be incorporated into future summaries
of human disease distributiahgo this end, we have placed GeoTIFF versions of our raster
model outputs in a data repository at the University of Kansas
(http://hdl.handle.net/1808/152)/5

The models presented herein are far from definitive, however. While this study is novel

in its glokal scopewith consideration of multiple models and climate change scenarios, several
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O6next stepsd emerge as highly desirabl e. Firs
data for mosquitoes globally is simultaneously an opportunity and &aomghe opportunity is

that as much data as we found were readily avaifablenalysis; howevethese data are still

sparse and even lacking for some key regions (e.g., most of Asia, much of South America, parts

of the United States). Clearly, more data exist, but are cloistered in national, institatiohal,

even personal research dsdaes, andra not available to the broader community.

Second, distributional complexities need also to be incorporated into these.nibdels
competitive interactions between the two speaiben they cenccur present a first dimension of
complexity Anothermajor tend in dengue transmission has been its urbanization in many parts
of the world thistrend, and the unique opportunities offered to the mosquitoes by urban
environments, is not reflected in these models, and yet is crucial to understandemggags
dergue transmissiofdansen & Beebe 20LMultiscalar, nested models may represent a useful
way forward for dealing with such effects.

Finally, a major factor in transmission of mogqtborne diseases is the effect of
temporal and spatiotemporal dynamics of conditions. For example, a recent analysis indicated
the potential fochikungunyaransmission across the eastern United States, but in very limited
seasons at the northernmsie analyzed (New York City), such that transmissionldmot be
at all efficient(Ruiz-Moreno et al. 2012 A previousstudy by our research gro(peterson teal.

2005 indicated clear predictivity of spatiotemporal dynamics of dengue vector mosquito
populations across Mexico, but further exploration of this potential has been stymied by lack of
adequate and sufficiently dense (in time and space) occutatecéor the species. Overall,

though, the indication is of a system that is highly predictable, and one in which climate change
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is likely to produce distributional shifts that, while not massive, will have significant public

health implications worldwide

Acknowledgments
We thank our colleagues Rick Wilkerson and Des Foley at WRAIR, for their efforts to
enable broad and open sharing of data regarding mosquito distribatnch&e thank the

organizers of this collection of papers for their kind inwatato contribute

References

ALA. 2014 Atlas of Living Australiahttp://www.ala.org.ay/accessed 2 July 201€@anberra:

Atlas of Living Australia.

Benedict, M. Q., Levine, R. S., Hawley, W. A.l&unibos, L. P. 2007 Spread of the tiger:

Global risk of invasion by the mosquifeedes albopictud/ectorBorne and Zoonotic
Disease¥, 76-85.

Bhatt, S., Gething, P. W., Brady, O. J., Messina, J. P., Farlow, A. W., Moyes, C. L., Drake, J. M.,
Brownstein J. S., Hoen, A. G. & Sankoh, O. 2013 The global distribution and burden of
dengueNature496 504507.

Brady, O. J., Gething, P. W., Bhatt, S., Messina, J. P., Brownstein, J. S., Hoen, A. G., Moyes, C.
L., Farlow, A. W., Scott, T. W. & Hay, S. I. 2012fing the global spatial limits of
dengue virus transmission by evidetii@sed consensudLoS Neglected Tropical
Diseases$, e1760.

Braks, M. A. H., Hondrio, N., Lounibos, L., Lourende-Oliveira, R. & Juliano, S. 2004

Interspecific competition betwedwo invasive species of container mosquit@egjes


http://www.ala.org.au/

23

aegyptiandAedes albopictufiptera: Culicidae), in BrazilAnnals of the Entomological
Society of Americ87, 130-139.

Caminade, C., Medlock, J. M., Ducheyne, E., Mcintyre, K. M., Leach, S., Bayli& Mbrse,
A. P. 2012 Suitability of European climate for the Asian tiger mosquito Aedes albopictus:
recent trends and future scenarid@urnal of the Royal Society Interfa@e27082717.

Centers for Disease Control and Prevention. 2006 Chikungunya fever diagnosed among
international travelersUnited States, 2008006.Morbidity and Mortality Weekly Report
55, 10401042.

Charrel, R. N., de Lamballerie, X. & Raoult, D. 2007 Chikungunyareaits-The globalization
of vectorborne diseasdsew England Journal of Medicirg56, 769.

Cl. 2014Globally downscaled climate projections for assessing the conservation impacts of

climate changehttp://futureclimates.conservation.orgccessed 2 July 2014

Washington, D.C.: Conservation International.

Crans, W. J. 2004 A classification system for mosquito life cycles: Life cycle types for
mosquitoes of the northeastern United Stalesrnal of Vetor Ecology29, 1-10.

Depoortere, E., Salmaso, S., Pompa, M., Guglielmetti, P. & Coulombier, D. 2008 Chikungunya
in Europe Lancet371, 723.

Derraik, J. G. 2006 A scenario for invasion and dispersakdes albopictu@iptera:
Culicidae) in New Zealandournal of Medical Entomolog43, 1-8.

Dias, J., Pedrabampaio, D. B. & Jones, T. C. 198@des aegypsurveillance and correlation
with the occurrence of dengue fever in Bahia, Br&ihzilian Journal of Infectious

Diseased, 3641.


http://futureclimates.conservation.org/

24

Erickson, R. A.Hayhoe, K., Presley, S. M., Allen, L. J. S., Long, K. R. & Cox, S. B. 2012
Potential impacts of climate change on the ecology of dengue and its mosquito vector the
Asian tiger mosquitoAedes albopictysEnvironmental Research Lettefs034003.

FischerD., Thomas, S., Neteler, M., Tjaden, N. & Beierkuhnlein, C. 2014 Climatic suitability of
Aedes albopictus Europe referring to climate change projections: Comparison of
mechanistic and correlative niche modelling approadb@ssurveillancel9, 20696.

Fischer, D., Thomas, S. M., Niemitz, F., Reineking, B. & Beierkuhnlein, C. 2011 Projection of
climatic suitability forAedes albopictuSkuse (Culicidae) in Europe under climate
change conditionsslobal and Planetary Changés, 54-64.

Fischer, D., Thomas. M., Suk, J. E., Sudre, B., Hess, A., Tjaden, N. B., Beierkuhnlein, C. &
Semenza, J. C. 2013 Climate change effects on Chikungunya transmission in Europe:
geospati al anal ysis of vectorods climatic
Int J Health Geogrl?, 51.

Hijmans, R., Cameron, S., Parra, J., Jones, P. & Jarvis, A. 2005 Very high resolution interpolated
climate surfaces for global land arebernational Journal of Climatolog®5, 1965
1978.

Holder, P., George, S., Disbury, M., Singe, Kean, J. M. & McFadden, A. 2010 A biosecurity
response téedes albopictu@iptera: Culicidae) in Auckland, New Zealadurnal of
Medical Entomology7, 600-609.

Hondrio, N. A., Silva, W. d. C., Leite, P. J., Gongalves, J. M., Lounibos, L. P. & Lonitkn
Oliveira, R. 2003 Dispersal éfedes aegypandAedes albopictu@iptera: Culicidae) in
an urban endemic dengue area in the state of Rio de Janeiro, Meamibrias do

Instituto Oswaldo Cru28, 191-198.



25

Huber, K., Le Loan, L., Hoang, T. H., Tieh, K., Rodhain, F. & Failloux, A. 2002 Temporal
genetic variation irhedes aegyppopulations in Ho chi Minh City (Viethamiieredity
89, 7-14.

Jansen, C. C. & Beebe, N. W. 2010 The dengue véetdes aegyptMWhat comes next.

Microbes and Infectiod2, 272-279.

Jentes, E. S., Poumerol, G., Gershman, M. D., Hill, D. R., Lemarchand, J., Lewis, R. F., Staples,
J. E., Tomori, O., WildeBmith, A. & Monath, T. P. 2011 The revised global yellow
fever risk map and recommendations for vaccination, 2010: Carsehghe Informal
WHO Working Group on Geographic Risk for Yellow Feueancet Infectious Diseases
11, 622632.

Juliano, S. A., Lounibos, L. P. & O6Meara, G.
Aedes albopictusn A. aegyptin South Florida: Differences between sites of coexistence
and exclusion®ecologial39 583593.

Kalra, N., Kaul, S. & Rastogi, R. 1997 Prevalenc@efles aegypaindAedes albopictus
Vectors of dengue and dengue haemorrhagic fever in north;eesthnd central India.
Dengue Bulletir21, 84-92.

Kobayashi, M., Nihei, N. & Kurihara, T. 2002 Analysis of northern distributioAexfes
albopictus(Diptera: Culicidae) in Japan by geographical information syslearnal of
Medical Entomolog9, 4-11.

Laird, M., Calder, L., Thornton, R., Syme, R., Holder, P. & Mogi, M. 1994 Jap&yestes
albopictusamong four mosquito species reaching New Zealand in usedJorgsal of

the American Mosquito Control Associatibd, 14-23.



26

Lambrechts, L., Scott, T. W. &ubler, D. J. 2010 Consequences of the expanding global
distribution ofAedes albopictukr dengue virus transmissioALoS Neglected Tropical
Diseasesl, e646.

Lobo, J. M., Jiméne¥alverde, A. & Real, R. 2008 AUC: A misleading measure of the
performane of predictive distribution model&lobal Ecology and Biogeographiy,

145151.

Lounibos, L., Suarez, S., Menéndez, Z., Nishimura, N., Escher, R., O'Connell, S. & Rey, J. 2002
Does temperature affect the outcome of larval competition bethveges aegypand
Aedes albopictisJournal of Vector Ecologg7, 86-95.

Macdonald, W. & Rajapaksa, N. 1972 A survey of the distribution and relative prevalence of
Aedes aegyptn Sabah, Brunei, and Saraw#ulletin of the World Health Organization
46, 203209.

MartinezMeyer, E., DiazPorras, D., Peterson, A. T. & Yafi@zenas, C. 2012 Ecological niche
structure determines rangewide abundance patterns of sfiiolegy Letter,

20120637.

Massad, E., Burattini, M. N., Coutinho, F. A. B.L&pez, L. F. 2003 Dengue and the risk of
urban yellow fever reintroduction in Sdo Paulo state, BrReVista de Salude Publi&g,
477-484.

Owens, H. L., Campbell, L. P., Dornak, L. L., Saupe, E. E., Barve, N., Soberon, J., Ingenloff, K.,
Lira-Noriega, A, Hensz, C. M., Myers, C. E. & Peterson, A. T. 2013 Constraints on
interpretation of ecological niche models by limited environmental ranges on calibration

areasEcological Modelling263 10-18.



27

Pages, F., Peyrefitte, C. N., Mve, M. T., Jarjaval, Fsd#& S., lteman, |., Gravier, P., Nkoghe,

D. & Grandadam, M. 2008edes albopictusiosquito: The main vector of the 2007
Chikungunya outbreak in GabdALoS Onet, e4691.

Peterson, A. T., Martine€ampos, C., Nakazawa, Y. & Martindteyer, E. 2005 Timepeific
ecological niche modeling predicts spatial dynamics of vector insects and human dengue
casesTransactions of the Royal Society of Tropical Medicine and Hy@8n@4 7-655.

Peterson, A. T., Papecxk, M. & Soobharactemstic J. 2008
analysis applications in ecological niche modelliggological Modelling213, 63-72.

Peterson, A. T., Soberdn, J., Pearson, R. G., Anderson, R. P., MMigger, E., Nakamura, M.

& Araujo, M. B. 2011Ecological Niches and Geographic Digttions Princeton:
Princeton University Press.

Phillips, S., Dudik, M., Elith, J., Graham, C., Lehman, A., Leathwick, J. & Ferrier, S. 2009
Sample selection bias and presennéy distribution models: Implications for
background and pseuddsence dat&cological Applicationd 9, 181:197.

Phillips, S. J., Anderson, R. P. & Schapire, R. E. 2006 Maximum entropy modeling of species
geographic distributiong&cological Modellingl90, 231-259.

Radke, E. G., Gregory, C. J., Kintziger, K. W., SatBehnatz, EK., Hunsperger, E. A,

Gallagher, G. R., Barber, J. M., Biggerstaff, B. J., Stanek, D. R. & Tomashek, K. M.
2012 Dengue outbreak in Key Eest, Florida, USA, 2&08erging Infectious Diseases
18, 135137.

Ramos, M. M., Mohammed, H., Zielins@utierrez, E.Hayden, M. H., Lopez, J. L. R.,

Fournier, M., Trujillo, A. R., Burton, R., Brunkard, J. M., Anayapez, L., Banicki, A.

A., Morales, P. K., Smith, B., Munoz, J. L., Waterman, S. H. & The Dengue Serosurvey



28

Working Group. 2008 Epidemic dengue and denguedndhagic fever at the Texas
Mexico border: Results of a househtldsed seroepidemiologic survey, December 2005.
American Journal of Tropical Medicine and Hygiéf& 364369.

Rogers, D., Wilson, A., Hay, S. & Graham, A. 2006 The global distributionlloiwyéever and
dengueAdvances in Parasitology2, 181-220.

Roiz, D., Neteler, M., Castellani, C., Arnoldi, D. & Rizzoli, A. 2011 Climatic factors driving
invasion of the tiger mosquité\édes albopictysnto new areas of Trentino, northern
ltaly. PLOSONE6, e14800.

Ruiz-Moreno, D., Vargas, I. S., Olson, K. E. & Harrington, L. C. 2012 Modeling dynamic
introduction of chikungunya virus in the United StatélsoS Neglected Tropical
Diseases$, €1918.

Savage, H., Ezike, V., Nwankwo, A., Spiegel, R. & MillB. 1992 First record of breeding
populations ofAedes albopictus continental Africa: implications for arboviral
transmissionJournal of the American Mosquito Control Associat#ri01103.

Schultz, G. 1993 Seasonal abundance of dengue vectorsiitaM@epublic of the Philippines.
Southeast Asian Journal of Tropical Medicine and Public HEx869-375.

Simard, F., Nchoutpouen, E., Toto, J. C. & Fontenille, D. 2005 Geographic distribution and
breeding site preference Atdes albopictuandAedesaegypti(Diptera: Culicidae) in
Cameroon, Central Africdlournal of Medical Entomolog§?2, 726:731.

Tsetsarkin, K. A., Chen, R., Sherman, M. B. & Weaver, S. C. 2011 Chikungunya virus:
Evolution and genetic determinants of emerge@eerent Opinion in \iology 1, 310G

317.



29

Tsuda, Y., Takagi, M., Wang, S., Wang, Z. & Tang, L. 2001 MovemeAtdés aegypti
(Diptera: Culicidae) released in a small isolated village on Hainan Island, Gburaal
of Medical Entomolog8, 93-98.

Van Bortel, W., Dorleans, FRosine, J., Blateau, A., Rousseau, D., Matheus, S., L-€paffart,
l., Flusin, O., Prat, C. & Césaire, R. 2014 Chikungunya outbreak in the Caribbean region,
December 2013 to March 2014, and the significance for the European Baoron.
Surveillancel9, 20759.

Van Kleef, E., Bambrick, H. & Hales, S. 2010 The geographic distribution of dengue fever and
the potential influence of global climate changmplKA.net

Vasconcelos, P. F., Rosa, A. P., Rodrigues, S. G., Rosa, E. S., Monteiro, H. A., Cruz, A. C.,
Barros, V. L., Souza, M. R. & Rosa, J. F. 2001 Yellow fever in Para state, Amazon
region of Brazil, 1998.999: Entomologic and epidemiologic findingsnerging
Infectious Diseases 565569.

Wu, J-Y., Lun, Z-R., James, A. A. & Chen, >G. 2010 Dengue fer in mainland China.
American Journal of Tropical Medicine and Hygie8& 664671.

Zhong, D., Lo, E., Hu, R., Metzger, M. E., Cummings, R., Bonizzoni, M., Fujioka, K. K.,
Sorvillo, T. E., Kluh, S. & Healy, S. P. 2013 Genetic analysis of invasages
albopictuspopulations in Los Angeles County, California and its potential public health

impact.PLoS ONEB, e68586.



30

CHAPTER 2
A New Approach for Predicting AbundancesA@des mcintosha Primary Rift Valley Fever

Virus Mosquito Vector

Rift Valley fever virus (RVFV) is a mosquiborne zoonotic disease of great economic,
livestock, and human health importance in Africa and the Arabian Penjagjlalrransmission
of RVFV to humans generally involves direct contact with infected tissulesdy fluids of
animals, or bites of infected mosquitg8s Human illness from RVFV often goes undetected,
or results in flulike symptoms, but a more severe form of the virus may present, resulting in
ocular disease, meningoencephalitis or hemorrifagar, the latter with a cadatality rate of
50%[4]. Symptoms of RVFV in livestock are less likely to be asymptomatic. High numbers of
simultaneous, spontaneous abortions among ruminants@sb | ed fiabor ti on storr
mortality rates among yogranimals accompany epizooti&§. Effects of epizootics on
domestic livestock herds are devastating, and result in tremendous economic losses and food
insecurity for communities whose livelihoods depend on lived®ickRVFV has also been
detected in avide variety of wild ruminants, from African buffalo to giraffes, but without the
pronounced symptoms displayed in livestpck

Current RVFV forecasting models use persistence of aheemge rainfall, positive
Normalized Difference Vegetation Index analies, cloud coverage measurements, and EIl Nifio
Southern Oscillation information to guide early warning syst@is3]. However, this approach
treats mosquito population ecology as homogenous among vector species: predictions are made
for the aggregate abdances of both primary and secondary mosquito vectors. Although this

approach has seen some success in predicting RVFV risk to general locations and time periods
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[8,9,1417], model outputs do not identify the specific timing and locations of high abceslan

of primary vectors, and thus, potential virus emergence. Identifying drivers of high abundances
of primary vector species will contribute to a better understanding of RVFV ecology, improve
current prediction methods, and contribute to more efficiémtation of veterinary and public
health resources.

Mosquito vectors in the genefeedesandCulexare responsible for RVFV maintenance
and amplification in natural environmeifis]. Primary vector ecology is a key component in
the RVFV disease system, manting special consideration when inferring risk. Evidence
suggests that adukedesnosquitoes in the subgendiaomelaniconiomndAedimorphus
transmit the virus transovarially to their eggs, strongly implicating these species as primary
disease vects(3]. Adult Aedesmosquitoes can emerge already infected with the virus, before
feeding on wild or domestic ungulates, thereby establishing low levels of virus activity within a
geographic area. If suitable environmental conditions pe@ig¢xmosquit@s emerge, acting
as secondary vectors that amplify the virus broadly across vulnerable popiEgijoms Kenya,
where 11 epizootics occurred between 1951 and pP#)7the mosquito specidse. mcintoshi
(included within the subgenideomelaniconion has been implicated as an important RVFV
primary vectof5,20], with evidence of transovarial transmiss[@t,22]and high RVFV
prevalence in the species during the 2Q067 epizootic in this regioi3].

Early field studies provided fundamental inforioatregardingAe. mcintoshpopulation
biology and ecologyAe. mcintoshpr ef er fAdamboo habitats: shallo
landscape that become flooded following heavy raifi2aj24] Linthicum, Bailey, Davies and
Kairo [25] flooded a dambo artificiy for 18 continuous days and found that female emergence

occurred at ~14 days, and blood feeding at ~18 days; mosquito life expectancy was <45 days,
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female dispersal was low (~0.15 km), and direction of dispersal did not always correspond to
surface wing. Logan et al.conducted a sequence of artificial flooding events and found that
~90% ofAe. mcintosheggs hatched during the initial flooding of a dambo habitat, with fewer
eggs hatching in subsequent flooding periods. Our study uses the biologw&dag® gained

from these initial field studies to predise. mcintoshadult abundances across broader

landscapes and at different time periods, using georeferenced mosquito abundance data, remotely

sensed environmental variables, and a prediatizdelling approach.

Specifically, we investigated effects from land surface temperature, cumulative

precipitation, compound topographic wetness index values, and percent clay in the soil on adult

Ae. mcintoshabundances, using zerdflated negative binomal regression and a multimodel

averaging approach. We hypothesized that wetness index values, land surface temperatures, and

cumulative precipitation would all have positive effects on subsequent adult abundance. We
hypothesized that because soils withrencay retain water better, higher percent clay would be
associated with lower probabilitesofeoa |l | ed fA st r uct unflatedd modeler o s
framework (see Methods). Having parameterized models with avafl@blmcintoshsurvey

data, we usethe model to prediche. mcintoshabundances retrospectively across Kenya and
western Somalia over the months leading up to the P@GD®7 RVFV epizootic in the study

region, and we compared those values to retrospective predictions for dates acrygesrdifie

period (2002 to 2016) to observe general differences between predicted values during epizootic

and interepizootic time periods.

n
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Methods
Rainfall varies greatly across Kenya, with more moisture in the West. Kenya experiences
tworainyseasos referred to as the fishort rainso (Oc
(March through May), that coincide with movement of the intertropical convergence zone
(ITCZ) [26]. More rainfall occurs from October to December during warm El Nifilo Southern
Ogxtillation (ENSO) anomalief27].
Mosquito abundance data fae. mcintoshat 23 locations across Kenya were acquired
by RS and JL as part of ongoing studies in the United States Army Medical Research Unit in
Kenya (Figire1). The data consisted of repeampling at each location for 3 to 4 days, usually
twice yearly from 2007 to 2012, except for 2011..@@ited CDC light traps were placed

overnight at sample sites, and trapped mosquitoes were identified to species by Kenya Medical

Research Institute esrhology personnel.

Ocean

9 Elevation
~ High: 5880 m

~ Low:0Om

Figurel. Sample site locations and elevation in

study area.
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A total of 158 sampling days were accumulated across all locations during the study
period, with abundance values ranging from 0 to 4,426 individuals; dates on which sampling
took place but the species was not recorded were assigned an abundancezeayesoth zero

counts represented 41% of the total countsui€g).

60"

Frequency
S

I|I|||.|I| Il . i Lll--.l +oma s umam
0 20 40 51 1000 3000
Ae. mcintoshi Counts

4500
Figure2. Count frequencies from 0 to 50 and 51 to 5,000.

We obtained Land Surface Temperature/Emissivity data from the Moderate Resolution
Spectroradiometry Shuttle Mission (MODIS&gjua sensor at and@ay temporal resolution and 1
km spatial resolution through the Reverb ECHO NASA data portal
(http://reverb.echo.nasa.gov/reverb). Climate Hazards Group Infrared Precipitation with Stations
(CHIRPS) data were obtained through the Ursitg of California at Santa Barbara data portal at
a daily temporal resolution and a 5 km spatial resolution (http://chg.ucsb.edu/index.html).
Compound topographic wetness index val2&} were derived from Shuttle Radar Topography
Mission (SRTM) versia 4.0 data at a 90 m spatial resolution accessed through the Consultative
Group on International Agricultural Research Consortium for Spatial Information

(http://srtm.csi.cgiar.org/). Minimum and maximum wetness index values within a 500 m radius
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of each ampling location were calculated. Percentage of soil clay content was obtained at a 1

km spatial resolution from the Global Soil Dataset for Earth System Modeling 33jils
Environmental values were extracted from raster pixels at the geographicrafasach

sample site using the raster package [B@®. Daily cumulative precipitation data corresponding

to sampling dates were constructed in three time windows: sampling date to 14 days prior, 14 to

18 days before the sampling date, and 14 to 28 plags Land surface temperature data were

acquired in &ay mean composites. We identified the date of sampling and then subtracted 8,

16, and 24 days from the sampling date. The composite data with dates closest to this subtracted

value were used in thenalysis (Table 1).

Table 1. Environmental variables included in candidate models.

Variable Spatial Resolution Temporal Period
Minimum Wetness Index 90 m aggregated to 500 r Static
Maximum Wetness Index 90 m aggregated to 500 r Static
8 day Land SurfacEéemperature 1 km 8 day
16 day Land Surface Temperatui 1 km 8 day
24 day Land Surface Temperatur 1 km 8 day
Cumulative Precipitation 014 5 km Daily
Cumulative Precipitation 1418 5 km Daily
Cumulative Precipitation 1428 5 km Daily
Percent Clay in the Soil 1 km Static

Our count data included a greater number of zeros than may be expected under a Poisson
or negative binomial distribution (Rige 2). Ignoring this phenomenon would have led to large
biases in estimated parameters Hradr standard errors, and zeros can contribute to
overdispersion31,32], so we used a zeioflated statistical modelling approach. Zeros may
result from inevitable ecological factors or human error, including sampling error, observer error,

or situatiors in which suitable habitat is present, but is not occupied due to essentially random
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eventg32]. Following standard zermflated modelling approaches, we refer to zeros recorded
owing to inevitable circumst andeebychansediestad r uct u
sampling vari at i [BH. Thezerenftatedmggtessiongmndels that wesused
are mixture models that fit processes for both structural and samplind3&jrogau et al. [34]
parameterized the zeroflated negative inomial distribution as

P(y=0) =p @& pt

N
P(Y=y -p)gey+y g(l ¥,y 12..

: - k : .
where 0<p<1 is the probability of a structural zetre,m, and m is the mean of the negative

binomial distribution used for the sampling part of the model. So the three parameters of the

zeroinflated negative binomial used here are p, t and k (or, alternatively, p, kpaéro

inflated regession modelling is a standard technique used in ecology and entorf33e®§].

We evaluated the importance of relationships between mosquito abundances and our various
environmental wvariables using an Akai keods | nf
Information Criterion (BIC) approadi38-40]. Lower AIC or BIC scores indicate better

supported models. AIC model weights (denoted.AlBere also calculated; these values sum to
1 across all models, and indicate the weight of evidence supporting a nkewise, BIC

weights (BIGy) were computed. Begterforming models were considered thecatted 99%
confidence set of mode]39], i.e., for AIC, the models with highest Alalues and with a
cumulative sum of these weights just exceeding 0.99. Impmataf predictors was assessed
using a standard suof-weights approacf89]: the sum of AlG, (respectively, BIG) values for

all models in the 99% confidence set that contained a given predictor was computed, this sum

being an index of importance of th@atedictor. Modelaveraged coefficients were also computed,
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using a weighted average of the coefficients of the models in the 99% confidence set, with
weights being the Alg (respectively, BIG) values. We fit zeranflated negative binomial

models to a rasiom sample of 80% of our data set (n = 127), assighgncintoshabundance
values as the response variable and the assembled environmental data as predictor variables
(with different subsets of variables used in different models). All models were fitted using the
zeroinfl function specifying a negative binomial disttiba with a logit link in the pscl package

in R 3.13[41].

We calcul ated a Pearsonds correlation matr
between environmental variables, and found high correlation values within, but not between, sets
of variables (S1 Table). Only one land surface temperature variable, precipitation variable, and
wetness index variable were included in a candidate model at the same time. Percent clay could
be included in the zermflated portion of a model, but not in the negatbinomial portion.

We investigated model residuals from the low&KI model for evidence of spatial
autocorrelation using a spline correlogram in the ncf packagg4@,&3], and found no
evidence of it (S1 Fig). Although sampling dates were inst&isi across study site locations
and time periods, we investigated the potential for residual temporal autocorrelation. Plots of
model residuals against sampling dates did not identify obvious temporal patterns in the residuals
(S2 Fig).

Estimated paramets from best performing models were used to predict mosquito
abundances using a random sample of 20% of the abundance data (n = 31) withheld from the
regression models, and a root mean square predictive error was calculated to evaluate accuracy.

Weusedie predict function in the pscl package,
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structural zero portion and the sampling portion of the-gdtated negative binomial model
when predicting valuegll,44]

For retrospective predictions, unsamplechtions were generated across the study region
at 10 km intervals, predictions were generated from each model in the 99% confidence set, and a
weighted average of predictions was computed using the vellDes as weights. Predicted
values were rasteridanto a 10 x 10 km grid for visualization purposes. Values greater than
50,000 were considered extrapolative and excluded from visualizations, based on the fact that the
greatest number of mosquitoes trapped in a single day across all species in docatighs
was 47,694.
Results and Discussion

Model results indicated that relationships between environmental variablégand
mcintoshiabundances can be detected using remote sensing and that parameters derived from
these models can be used to predadurately the timing and location of primary vector
emergence. Additionally, our results corroborated several factors known frorsdadaistudies
to be important foAe. mcintoshdevelopment and population ecology. The 99% confidence set
of models wih respect to AIC consisted of 11 models (Table 2), and, with respect to BIC, of 19
models (S2 Table); these are the models best supported by data according to each information
criterion, with the support for each model quantified by its AIC (or BIC) we&iIC., or BICy).
The same variables tended to be included as predictors in th&upestrted models according to
both AIC and BIC, and modalveraged coefficients were similar (S3 Table), so the choice of
information criterion did not substantially affeesults. We henceforth use AIC because our

objectives include prediction, for which AIC is considered more suifdbld6]
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Table 2. Model averaged coefficients and sums of AIC,, for each candidate variable using the 11 best models. AIC;, values close to

one indicate strong support for the importance of a predictor.

Negative Binomial Model Component Zero-Inflation
fieccesi Wetness Wetness Precip Precip  Precip  Land Land Land Intercent %
P Index Index Oto14 14to18 14to28 Surface Surface  Surface P Col
Max Min days days days Temp8 Temp 16 Temp 24 ay
Model
avg.
coefficient ;) g58 0000  1.825 0010 0000 0000 0003 0004 0060 1202 -0.051
Sum of
AlCy 0.994 0.000 0.994 0.870 0.004 0.042 0.061 0.072 0.819 0994 0.994

The sum of AlG, across the 11 best models including a given predictor indicated the
importance of that predictor; these sushswed that minimum wetness index values within 500
m of a sampling site, cumulative precipitation from the sampling date to 14 days prior, land
surface temperature values frordl@y mean composites 24 days prior to sampling, and
percentage of clay in theoil (in the structuratero portion of the modélsee Methods) had the
greatest importance for predicting abundance (Table 2).

The data strongly supported a positive relationship between minimum wetness index
values within 500 m of a sampling site and mosquito abundance (Table 2). This result
corroborated existing information regardig. mcintoshecology: locations with high
minimum wetness index values have low slopes and high flow accumulation, indicative of
dambo habitats or landscapes likely to collect water during a precipitation event. We also found a
positive effect on mosquito abundance of cumulative precipitationtiieraampling date to 14
days prior, and no meaningful effect of cumulative precipitation 14 to 18 or 14 to 28 days prior
to sampling. These results indicated that precipitation within a short time period prior to
emergence has a greater impacfen mcinbshiabundances, suggesting that forecasting may

need to be performed at shorter time intervals. Model results indicated a positive effect on
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mosquito abundances ofddy mean land surface temperature composites at 8, 16, and 24 days
prior to sampling, wh 24 days prior having the greatest effect among these variables.
Temperature is known to play an important role in mosquito life stage development and may
impact RVFV vector competency in some spefgs48], but the role of local temperatures in
RVFV risk has been neglected in previous forecasting m¢¢@)sOur results indicated that

land surface temperature is indeed an important determin&et oficintoshabundances in the
study region. We found a negative relationship between percent claysaoilthed the

probability of a structural zero within the zardlated portion of the model, indicating that areas
with low clay content had a higher probability of a structural zerau(Eig), presumably

because standingater pools are less likely torfa over such soil types.

Structural Zero
Probability
0.8
0.7

EEEEN
o
o

Figure 3. Probability of structural zeros.

Modelaveraged oubf-sample predictions demonstrated the capacity of our models to

predict elevated abundances (g4 ) . Our model sb6 predictive

acecl
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observed albndances: the relationship between observed and predicted values was weak on the
left-most side of Figre4. However, as the intended use of the models is to predict very high
abundances, this point is of secondary importance. Prediction of high abundasedtective.

Model performance statistics, including root mean square error values frefigarmple

predictions for the 11 best models are provided in more detail in S2 Table.

L
3000

2000

Observed

1000

0 500 1000 1500
Predicted

Fig 4. Observed vs. predicted values (n = 31). These ai&f-eamplepredictions (see

Methods).

Retrospective modealveraged vector abundance predictions were producedagt 8
intervals from 30 September 2002 through 25 January 2016. Monitoring and human health
agencies, such as the World Health Organization, rep@®@es2] high abundances of RVFV
cases at five times and locations during the 200/ epizootic period (Figure 5, numbered

circles). Retrospective vector abundance predictions were highaprey three of these (Rige
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5, heat maps). Elevated abundanceswpeedicted for 1 November 2006 in Bay, Bakool,
Jubbuda Dhexe, and Gedo Provinces, Somaliai(€tg circle 1), ~7 weeks prior to reports of
human casel$3]. Importantly, some ambiguity remains whether RVFV crossed into Somalia
from Kenya, or whether foceveloped independently within Somalia during the 22067
epizootic. Our results supported the possibility of virus circulation within Somalia independent
of Kenya, with high vector abundance predictions in isolated areas prior to elevated predicted
abundances in Kenya (Rige5). High abundances were predictied 17 and 25 November in
Garissa, ljara, and Kitui Districts, Kenya; human cases of RVFV were first reported-in mid
December in Garissa, with the potential index case presenting on 30 NovEigbex§g, circle

2) [54]. Additionally, several of the Kenyan districts located within high predicted abundance
areas for 25 November later reported RVFV activity for the first time: Kitui, Tharaka, Mwingi,
Embu, Kirinyaga, Meru South, Meru Central, andlikt@ District (Figure5, circle 3)[51]. The

World Health Organization recognized cases in these districts as a new RVFV focus during the
outbreak, although little information is available regarding the exact date of onset of symptoms

in humans or animal®2].
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1 November 2006 17 November 2006

2) First human cases
reported mid-December;
possible index case
30 November 2006

Model-averaged Predicted
Counts Ae. meintoshi

50,000
40,000
30,000

20,000

10,000
0

1) Bakool, Bay, Jubbuda Dhexe, Gedo Provinces, Somalia
2) Garissa, Injara Districts, Kenya
3) Mwingi, Tharaka, Embu, Meru South, Meru Central, Kirinyaga
Districts, Kenya; several districts reporting RVFV for the first time.
! 4) Kilifi Districts, Kenya,; first cases reported 1 December 2006.
“"kno‘.""' .WOrId He?“h Model outputs did not predict high abundances at any time.
Organization recognized

area as new RVFV focus | ) Baringo District,lKenya; ﬂr§t cases reported 25 Januar){ 2007.
Model outputs did not predict high abundances at any time.

25 November 2006

Fig 5. Predicted elevated abundances prior to and during the2B0G6epizootic (heat maps)

and locations of independently documented RVFV foci (numbered circles).

Human RVFV cases were first reported retrospectively on 6 December 2R@akbfin
District, near the eastern coast of Kenya (e, circle 4)[54]. Our models did not predict high
Ae. mcintoshabundances at any time in this afdguku et al. [54Found that illness in Kilifi
District coincided with heavy rainfall, rather themerging approximately one month after
heavy rainfall, as was the case in other regions, and that movement of infected livestock from the

outbreak area in Northeastern Province, Kenya into Kilifi District may have been the catalyst for
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the outbreak. Thesobservations suggest that primary vector emergence in Kilifi District may
not have been responsible for virus circulation in the area, but further investigation is needed.
lllness in Baringo District was estimated to begin in late December, 2006, eitinsth
human case reported on 25 January 38Q54], but our model results did not predict elevated
Ae. mcintoshabundances in Baringo District at any time during the study periodréfhg
circle 5). Although it is possible that our model predictions did not reflect the potenthed.for
mcintoshiabundance in this region, more likely the model was accurate and suitable habitat for
this species was deficient in the area. Low numbeAgommcintoshiwere collected in Baringo
District during the 2002007 epizootic, and followap sampling also indicated low densities of
this specie$3,24]. Our data set had only two records A@. mcintoshin Baringo District with 2
and 6 females recorderespectively. Alternative vectors or movement of infected mosquitoes or
livestock into this region may have contributed to the outbreak.
Comparative predictions between 2002 and 2016 indicated lower predicted abundances
across the study period (S1 Mewile), with the exception of one date in 2002 (iFe®, circle
1), and a few smalland mediurrscale (Figre7) predictions of elevated abundances which
apparently did not result in reported RVFV cases. High predicted abundances from 9 November
2002 wee located to the northwest of the 288@07 focus in Isiolo and Laikipia Districts,
Kenya (Figire6, circle 1); virus activity was not reported there during this time period, nor was
it reported in the regions shown in Gig7. Even though conditions apgred to be suitable for
high primary vector emergence, the possibility exists that ova deposited in these areas were not
infected with RVFV transovarially and did not emerge with the capacity to transmit the disease;
conditions were not suitable for largambers of secondary vectors to amplify the virus; or

susceptible livestock were not present in the area. In fact, some evidence indicates possible
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livestock movement restrictions in this area and during this time period because of rinderpest
virus detectd in cattle on 23 October 20025], but further investigation is needed before

determining whether this factor could have impacted potential RVFV circulation.

9 November 2002 25 November 2015

1) Garissa, Tana River, Isiolo, Meru North,Meru Central, Model-averaged Predicted
Laikpia Districts, Kenya Counts Ae. mcintoshi
) ) ' 50,000
Largest area of high and very high predicted abundances other than 2006
No cases reported 40’000
30,000
2) Garissa, ljara, Malindi, Districts, Kenya
20,000

Highest predicted abundances in 2015/2016 study period
Current surveillance system issued RVFV warning 10.000
No cases reported ’

0

Figure6. Predicted elevated abundances during interepizootic year 2002 (left paneljyand lo
predicted abundances during the 2015/2016 time period, when current RVFV surveillance

systems issued warnings, but no virus was detected (right panel).
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18 November 2008

o 1) Elevated predicted
- abundances; values are not

as high or widespread as

2006 epizootic period.

No cases reported.

24 October 2009

2) Elevated predicted
abundances;
concentrated values
lower than 2006 period.
No cases reported.

24 October 2011

| 3) Elevated predicted
- abundances; values are
widespread, but very high
values are not concentrated

Model-averaged Predicted
Counts Ae. mcintoshi

50,000
40,000
30,000

20,000

10,000
0

1) Garissa, Tana River, Wajir Districts, Kenya

2) Garissa, ljara, Tana River, Wajir Districts, Kenya; Jubbada Hoose,
Jubbada Dhexe, Bakool, Bay, Jubbuda Dhexe, Gedo, Bay,
Shabeellaha Hoose Provinces, Somalia

3) Garissa, ljara, Waijir Districts, Kenya; Jubbada Hoose, Jubbada Dhexe,
Bakool, Bay, Jubbuda Dhexe, Gedo, Bay, Shabeellaha Hoose Provinces,

No cases reported.

Somalia

Figure7. Mediumscale predictions of elevated abundances which apparently did not result in
ary reported RVFV cases, including 18 November 2008 (upper left), one week after animal

health authorities issued an RVFV warning in the far, northeastern region of Kenya.

Importantly, abundances predicted by our models were low during two time periods in
which RVFV warnings were issued in Kenya, but no virus was detected. Animal health
authorities issued a warning on 13 November 2008 in the far northeastern region, near the
borders of Ethiopia and Somalia because of persistent rainfall. Our model diédiot pigh

vector abundances in this region prior to this date. The highest abundances predicted around this



47

date were only moderate, and were south of this regionr@rg circle 1). Several national and
international agencies issued warnings for paaeRVFV activity in the 2015016 period

because of an El Nifio event in the study €& but we did not predict high abundances

during this time period (Fige6, right panel) and no virus was detected. Model predictions for a
total of 224 weeks from 1 September to 25 January between 2002 and 2016 are available in the
supplementary material (S1 Movie File).

Although our model can predict high mosquito abundaaceagrately, limitations exist.
Satellite measurements of environmental variables aggregate values across a landscape to a
single spatial resolution, even though the potential exists for local variations or for larger errors
in temperature measurementsemtarid regions because of high reflectance of land surfaces
and possible aerosols in the atmosplfgré Our data consisted of repeat sampling at locations
across Kenya, but sampling was sparse in some areas. Our model predicts abundances for one
primary RVFV vector, but additional primary vector species likely exist: several species were
identified for further investigation during the 202607 epizooti¢3]. RVFV surveillance may
benefit from applying our modelling framework to those species.

Our modeis the first to use predicted vector abundances as a means of predicting
potential RVFV emergence in this region, providing a powerful tool to help inform current
RVFV monitoring systems. Additionally, our framework reveals new information about primary
vector activity during inteepizootic years that may contribute to a better understanding on
RVFV ecology. The potential exists to extend our framework to multiple vectors and disease
systems. Our approach also allows exploration of the effects of clumatge oe. mcintoshi
We recommend incorporating our approach into the existing RVFV surveillance framework and

extending our methods to additional vectors.
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was included in the zerioflated portion of the model, but not in the negative binomial portion

of the model
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, scores, differences, and weights for all

ings

AIC and BIC rank

S2 Table. Candidate models

candidate models run in this analysis.
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