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ABSTRACT


	Vector-borne diseases account for almost one-fifth of all infectious disease cases globally, and are a particularly pressing public health issue in low and middle-income countries. In Madagascar, ticks and flea vectors are known to transmit a wide array of pathogens that impact the health of domestic animals and people, most notoriously in the cases of recent plague outbreaks. This study sought to investigate if ecological factors could be used to predict the abundance of disease vectors across landscapes and within the boundaries of a rural village in northeast Madagascar. Using high resolution ecological data from satellite imagery and human land use data collected by portable GPS devices, maps of overlap between ticks and humans were created, and subsequent exposure measurements were calculated for individuals. Within the village, ecological survey data were used to generate geospatial models of flea abundance. The identification of risk hotspots is a crucial public health interest in low-resource settings like rural Madagascar, as preventative resources can be targeted specifically to these areas, lowering the costs of such interventions. Ecological modeling that incorporates human land use data is an innovative approach that shows potential to shift vector-borne disease outbreak infrastructure away from reactionary control measures and instead towards efficient, proactive methods. 













INTRODUCTION

Background
	Vector-borne diseases are spread by pathogens that utilize intermediate arthropod hosts, infecting an estimated one billion people every year and resulting in approximately 1 million deaths annually (WHO 2014). Although mosquitoes are the most infamous disease vector, other arthropods such as ticks, fleas, sandflies, flies, and mites also transmit pathogens of global importance, many of which have recently seen sharp increases in incidence (WHO 2014) (Dantas-Torres, Chomel & Otranto et al. 2012). These vectors have contributed to the emergence and re-emergence of many infectious diseases in the last three decades, in part due to ecological changes and shifting priorities in public health (Gubler 2010; Kilpatrick & Randolph 2012). 
	Many vector-borne diseases that were controlled by the mid-twentieth century re-emerged by the turn of the 21st century because public health agencies had not continued the preventative measures which had originally proven effective against them (Gubler 1998; Gubler 2010). An erroneous yet widespread consensus that infectious diseases had been conquered ignored their persistence in low-resource settings and overlooked potential for the evolution of resistance to control measures (Berkelman & Hughes 1993; Gubler 1998). To combat modern emerging and re-emerging vector-borne disease threats, public health efforts should learn from the successes of the past while leveraging innovative approaches to intervention optimization. Projected hotspots of emerging and re-emerging vector-borne diseases are concentrated in low-income countries, making these areas of particularly high importance for the future of global health, and making the financial efficiency of future preventative measures a top priority (Jones et al. 2008).

An Ecological Approach
	Low income countries are not only home to more hotspots of vector-borne disease emergence, but they are also home to the world's highest rates of deforestation (Ewers 2006). Natural resources are being exhausted as these countries develop, and one often-overlooked consequence of this development is the impact that it has on infectious disease dynamics. Deforestation leads to altered ecosystem composition which can impact the transmission cycle of pathogens in a manner detrimental to human health, as exemplified in the Lyme disease system of the northeastern United States (LoGuidice et al. 2003; Ostfeld & Keesing 2012). It has been suggested that forest fragmentation causes larger bodied animals with large home ranges to be extirpated, igniting a chain reaction in the ecological web that leads to a relatively large population size of small bodied mammals like the deer mouse (Peromyscus), which is a highly competent host for the Borrelia bacterium that causes Lyme disease (LoGuidice et al. 2003; Ostfeld & Keesing 2012) High competency hosts like the deer mouse have the ability to carry a pathogen without being significantly impacted by its virulence, making them important reservoir hosts that can facilitate disease spread (Richter, Schlee & Matuschka 2011). A decrease in the number of less competent hosts and proportional increase in the number of more competent hosts leads to increased parasite transmission and disease risk for humans (LoGuidice et al. 2003; Ostfeld & Keesing 2012). Large, intact forests which sustain sizeable populations of large bodied, low competency hosts could thus pose less disease risk to humans – a phenomenon referred to as the dilution effect (LoGuidice et al. 2003; Ostfeld & Keesing 2012). 
	Importantly, areas of low-risk for vector borne diseases may be converted to areas of high-risk for vector borne disease through land use change (Yasuoka & Levins 2007; Wayant et al. 2010). This is hypothesized to occur either via a perturbation of cross-species transmission rates or via the exposure of hosts to unfamiliar landscapes with previously unencountered pathogens (Murray & Daszak 2013). Analyses of well studied vector-borne diseases such as malaria reveal that disease incidence may rise in areas recently converted from forests to agricultural sites (Yasuoka & Levins 2007; Wayant et al. 2010). Agricultural areas which border forested areas with may confer additional risks as increasing contacts between humans, domesticated animals, and wild animals have been linked to the emergence of key emerging zoonotic diseases such as Nipah Virus and Hendra Virus (Halpin et al. 2000; Pulliam et al. 2012). These two pathogens persist in bat populations, but have been shown to cause human cases through infecting intermediate domestic animals - pigs in the case of Nipah virus and horses in the case of Hendra virus (Halpin et al. 2000; Pulliam et al. 2012). The likelihood of transmission from bat to human is exceedingly rare due to lack of frequent contact, but domestic animals grazing under trees are hypothesized to be particularly susceptible to interspecies transmission (Halpin et al. 2000; Pulliam et al. 2012. These viruses can then be transmitted from domestic animals to the people who care for them.
	However, research on the dilution effect and health consequences of land use change remains divisive, with a significant body of evidence indicating that biodiversity may increase pathogen transmission and that land development may decrease the risk of vector-borne disease (Randolph & Dobson 2012; Valle & Clark 2013; Salkeld, Padgett & Jones 2013). Thus, the conservation of forests is of potential public health interest from the perspective of infectious disease, although the specific conditions under which this may be a successful approach remain contested.


Disease Prevention and Control Strategies
	High resolution ecological modeling represents a powerful tool for predicting disease hotspots in low-resource settings, especially as landscapes change (Eisen & Eisen 2007). High profile disease vectors such as A. aegypti and A. albopictus – which transmit dengue, yellow fever, chickungunya, and Zika – have been mapped at a global scale using an ecological framework and similar methodology has been employed to predict hotspots of Ebola virus reservoir populations (Pigott et al. 2016; Kraemer et al. 2019). A similar framework could have a dramatic impact on the health of people worldwide if used to inform prevention measures for neglected vector-borne diseases. However, in most low-resource settings, prevention and surveillance measures rely mainly on mapping and controlling confirmed, probable, and suspected illness cases instead of predicting and controlling high-risk environments (Gubler 1998; Gubler 2010).
	Disease surveillance systems that rely solely on existing disease cases have two key drawbacks. First, they often operate on broad geospatial scales (Eisen and Eisen 2008). These data fail to represent fine scale details which are often crucial for ecological epidemiology, as micro-habitats can be just as important for disease spread as macro-habitats (Reisen 2010). Poor resolution data can obscure local hotspots, or conversely, exaggerate the spread of a problem which is only locally extreme (Grubesic & Matisziw 2006). The arbitrary borders defined by governments and often used in these surveillance strategies rarely reflect ecological boundaries, and as a result, each region likely includes a wide variety of land types (Grubesic & Matisziw 2006; Eisen and Eisen 2008). Second, these strategies operate in a reactionary manner, controlling disease transmission as opposed to controlling disease origins (Eisen and Eisen 2007). This practice informs decisions about where medical personnel should be established (Eisen and Eisen 2007; Eisen et al. 2010). However, this approach reveals only one component of a pathogen's transmission cycle and thus shows an incomplete representation of the pathogen's geospatial distribution (Eisen and Eisen 2007). This strategy could be complemented by an ecological approach to addressing disease vectors, preventing disease outbreaks before humans are ever infected (Weinstein 1997; Eisen et al. 2010). 
	While disease control programs of the past have been highly successful in eradicating vector-borne diseases through insecticide mediated vector control, these campaigns have also had longitudinal detrimental effects (Turusov, Rakitsky & Tomatis 2002). Extensive use of insecticides, particularly DDT, have since been linked to widespread environmental and human harm, specifically as potent carcinogens (Turusov, Rakitsky & Tomatis 2002). By identifying hotspots of disease risk and specifically targeting the areas with the highest risk, the volume of insecticides could be reduced dramatically compared to previous vector control campaigns.

The Local Context: Rural Madagascar
	One country that would benefit greatly from a prospective, ecological framework for vector-borne disease surveillance is Madagascar, which faces a burden of vector-borne disease that is 1.6 times the global average (IHME 2016). Healthcare infrastructure in Madagascar is extremely limited, and in 2014 Madagascar's health spending was the lowest in the world at $13.56 per capita (World Bank 2014). Approximately 30-40% of people in Madagascar lack access to primary healthcare and distance to clinics has been linked to unfavorable health outcomes (Kashima et al. 2012; Marks et al. 2016; Bustamante et al. 2018). Even when healthcare is accessible, it is often unused. Whereas in several mainland African countries, the healthcare visitation rate for persons with fever exceeds 80%, a recent study in the central region of Madagascar found that just 30% of people with fever utilized physically accessible healthcare facilities (Marks et al. 2016). Cost and a lack of confidence in that medical care have both been shown to contribute towards this low healthcare utilization rate (Marks et al. 2016; Garchitorena et al. 2017; Bustamante et al. 2018). A disease surveillance program that relies on reports of suspected cases through such inaccessible and underutilized health infrastructure is inherently flawed. Until the Malagasy healthcare system can be strengthened, preventative measures should be prioritized in at-risk areas. An ecological approach to vector control would be a valuable addition to Madagascar's public health infrastructure.
	Several vector-borne disease outbreaks in recent years highlight the weaknesses of Madagascar’s current disease control measures and the potential of a predictive ecological framework to mitigate disease threats. Plague, caused by the flea-borne pathogen Yersinia pestis, is endemic in Madagascar and is most often harbored in populations of Rattus rattus (Andrianaivoarimanana et al. 2013). In recent years, more than one third of the world's plague cases have been located in Madagascar (Andrianaivoarimanana et al. 2013). Between 2010 and 2014, the number of cases reported annually ranged from 312 to 648 (Rakotoarisoa et al. 2017). These annual outbreaks alone constitute a major public health concern, but pale in comparison to the 2017 outbreak which resulted in over 2,400 confirmed, probable, and suspected cases (WHO 2017b). Of these, 209 patients died, resulting in a case fatality rate of 9% (WHO 2017b). This outbreak heavily impacted the large urban center at Antananarivo, showing that this disease can proliferate beyond a rural setting (WHO 2017b).
	An outbreak of Rift Valley Fever in 2008-2009 also took a heavy toll on the island and exposed weaknesses in the country's health infrastructure (Andriamandimby et al. 2010) (Chevalier et al. 2011). This mosquito-borne disease mainly affects cattle, but can also infect human populations (Andriamandimby et al. 2010; Chevalier et al. 2011). In total, 476 confirmed, probable, and suspected human cases were counted in the 2008-2009 outbreak, 19 of which were fatal (Andriamandimby et al. 2010). The virus responsible for Rift Valley Fever quickly became widespread on the island, and cattle in 92 of Madagascar's 111 districts tested seropositive for the virus (Andriamandimby et al. 2010). Importantly, rodents such as Rattus rattus have been implicated as reservoir hosts for this virus (Gora et al. 2000). During the winter when the virus is unable to persist solely through cattle and mosquito transmission, rodent populations may still harbor the virus, enabling the propagation of future outbreaks (Gora et al. 2000). These outbreaks of Rift Valley Fever and plague highlight the key role that rodents in Madagascar play in the transmission cycles of emerging infectious diseases. 

The Human Element
	The study of these outbreaks would be incomplete without considering the ways that humans impact their trajectories. Disturbingly, 85% of the cases in the 2017 plague outbreak were pneumonic plague and just 15% were bubonic plague, indicating significantly higher human-to-human transmission than is usually observed (WHO 2017b). As Madagascar develops, the threat of a similar outbreak ravaging a large urban area grows and the chance of such an outbreak being exported from the country similarly increases (WHO 2017b). In an increasingly globalized world, it is crucial to acknowledge that rural villages are not as isolated as they once were. The 2017 plague outbreak began when a man in a rural district travelled via public transportation through the country's capital city while symptomatic, leading to many secondary cases (WHO 2017a). Improved transportation facilitates human connections across further distances and therefore expedites long distance disease transfer. Lack of healthcare facilities in rural areas may cause some people to travel long distances to seek healthcare, further worsening this threat. For these reasons, rural zoonotic disease cases should not be viewed as isolated dangers existing in a vacuum, but instead, as threats to an increasingly global human network with potentially widespread consequences (Bonds et al. 2018).
	Considering this, an understanding of the dynamic way that humans interact with environments is a crucial component of an ecological approach to disease prevention. In Madagascar, 82.4% of the population lives below the poverty line and most live agrarian lifestyles, relying on natural resources for survival (World Bank 2014). People of varying socioeconomic statuses are likely to be exposed to land types with differential vector-borne disease risk depending on their reliance on the land. For example, in the 2008-2009 outbreak of Rift Valley Fever, 81% of the probable and confirmed human cases were in farmers (Andriamandimby et al. 2010). Land types frequently visited by impoverished populations may present disproportionately high disease risk, and spending more time in high risk areas is likely to increase the likelihood of contracting such a disease. Neglected vector-borne diseases are well-documented drivers of poverty traps, hindering advancements for both human health and ecomonic development (Bonds et al. 2009; Hotez, Fenwick, Savioli, Molyneux 2009). 
	
Objectives of this study
	The aim of this study is to create an ecologically based model for identifying high-risk areas of vector-borne disease transmission in rural Madagascar so that a public health agency could deploy targeted prevention measures to these environments. To achieve this aim, I conducted fieldwork in Madagascar collecting and analyzing ectoparasites on small mammals captured across an environmental gradient ranging from a primary rainforest to a village. Using these data, a landscape-level model of tick abundance and a village level model of flea abundance were created. The control of these vectors are of high importance to local public health interests, as in Madagascar as ticks are known to transmit the causative agents of diseases such as babesiosis, tick-borne relapsing fever, Q-fever, borreliosis, and neoehrlichiosis while fleas are known to transmit the causative agents of plague, typhus, and spotted-fever. (Uilenberg, Hoogstraal & Klein 1979; Andrianaivoarimanana et al. 2013; Rakotonanahary et al. 2017; Qurollo et al. 2018). 
	In the creation of the landscape level tick abundance model, it was hypothesized that tick abundance would be highest in areas of intermediate forest cover levels. In comparison, areas of high forest cover were expected to have lower tick abundance due to the aforementioned dilution effect observed in areas of high biodiversity (LoGuidice et al. 2003; Ostfeld & Keesing 2012). Areas of low forest cover would also be expected to have lower tick abundance because human disturbances in these areas are likely to create microhabitats less suitable for ticks, as shown in the case of invasive grass species causing increased tick mortality in the eastern United States (Civitello, Flory & Clay 2008).
	Within the village, it was hypothesized that rats captured closest to the village boundary and the main road would have the highest flea abundance as these areas border potential food sources such as neighboring rice fields and food markets. In other villages, rats captured closer to these areas been shown to possess higher flea parasitism and also plague antibody seroprevalence (Duplantier & Rakotondravony 1999). Additionally, rats captured in houses with more plants in their yards were expected to have higher flea abundance, as sisal plants in Malagasy villages have been shown to be hotspots of rats, fleas, and plague antibody-seroprevalence (Duplantier & Rakotondravony 1999). It was further hypothesized that rats captured in houses constructed with natural materials would have higher flea abundance than rats captured in houses with concrete floors, as these rats may spend more time outdoors in flea prone areas. 
	Localized, targeted efforts are needed to aid in the prevention of vector borne-disease outbreaks, and these interventions must be particularly efficient in Madagascar considering the scarcity of resources and the fragile healthcare system. Therefore, this project seeks to identify areas of overlap between ecologically based vector abundance models and human presence, while also investigating if any individuals face abnormally high risk based off their land use. Ecologically based predictive models that accommodate human interactions with the environment represent an innovative approach to addressing vector-borne diseases in rural Madagascar. 


METHODS 

Overview

Summary 
	Small mammals were trapped in and around Marojejy National Park in the Sambava district of northeast Madagascar from June - August 2018 at five trapping sites. (Figure 1). Coordinates of each capture at those sites were recorded. For each animal, ectoparasites were collected, counted, and broadly classified. Geospatial ecological data were then analyzed as predictors for tick abundance based on the observed tick counts from sampled coordinates. Subsequent analyses utilized human land use data gathered from portable GPS devices to study the intersection of human activity and parasite presence. Additional analyses were performed using data from within the village to identify areas or characteristics of houses with risk of high flea abundance.
Figure 1: The Study Area. Trapping sites and trap locations, mapped on percent forest cover in 2017. 
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Site Descriptions
	At each trapping site, ecological surveys were conducted to quantitatively compare habitat characteristics across sites, using methods previously described by Ganzhorn (2003). Survey plot locations for each site were the four corners and center point, as well as at the ends and center of the pitfall lines. In the village, the four corners of each property were chosen as the survey plots. Within these 7m x 7m (49m2) diamond pots, the Malagasy name, diameter at breast height (DBH), total height, crown height, and crown diameter were recorded for all trees with a DBH greater than 5 cm. The coordinates at the center of each trapping site, as well as ecological characteristics of that trapping site are provided in Supplementary Table 1. The Primary Rainforest and Edge Forest sites which both fall within the boundary of Marojejy National Park contain the highest tree density and tree species richness. The Mixed Agricultural site had the lowest tree density and also the smallest count of tree species richness. While the Village site had the highest average DBH, it also had the lowest tree density.

Animal Trapping
	Animals were trapped using Sherman, Tomahawk, Havahart, and pitfall traps. At all sites except the village, traps were arranged into a 100 m x 100 m grid, with one trap positioned every 10 meters. Two pitfall lines were created with 15 m of the grids, each with eleven traps – one line at the highest elevation and one line at the lowest elevation.
	In the village, no pitfall line was constructed, and Sherman traps were placed in houses instead of a grid. Houses were randomly selected from a subset of households that had been randomly selected to participate in demographic surveys. Five Sherman traps were given to each household. Traps at all sites were baited with peanut butter in the afternoons and checked for captures the following morning. 
	All animals were identified to the species level with the exception of members of the genus Rattus, which were identified to the genus level. For all processed animals, ectoparasites, endoparasites, blood, feces, urine, and tissue samples were collected. Animals that represented more than the 10th capture of a native species at a site were released. 
	The trapping effort and capture rate for each site can be found in Supplementary Table 2. Capture rate was lowest at the two sites within Marojejy National Park and highest in the village.



Ectoparasite Collection 
	Each processed animal was examined for ectoparasites using brushes and tweezers. All animals were examined by the same investigator to avoid potential discrepancies in collection methods and ability. Ectoparasites were stored in 1 ml tubes of 70% ethanol. Samples were later examined under a light microscope to be identified as either a tick, flea, louse, or mite. Using an identification key published in Uilenberg et al. (1979), ticks were morphologically identified to the genus level as members of genus Haemaphysalis or genus Ixodes, both common tick genera in Madagascar. In the analysis and geospatial prediction of tick abundance, data on the two genera were combined, yielding a model that predicts overall tick abundance not specific to any one genus. 	

Landscape Level Modeling
Predictive Landscape Variables
	Data on forest cover levels were extracted from the Global Forest Change database (Hansen et al. 2013). This Landsat imagery defines a tree as vegetation taller than 5m. Forest cover data from the year 2000 were used and then deforestation data from 2000-2017 was subtracted from this to produce more current estimates of forest cover levels. All forest cover rasters had 30m spatial resolution and the original extents were all -20S to -30S, 40E to 50E. A handheld Garmin GPS device was used at trap points to record elevation in the field at trap sites. The USGS Earth Explorer tool was used to collect elevation data for the surrounding study area using an ASTER Global DEM model at 30m spatial resolution. The original extent of this raster was -19S to -18S, 46E to 47E. The elevation data were manipulated to calculate slope and aspect rasters using the terrain function in the raster package of for the R statistical environment (Hijmans et al. 2015; R Core Team 2018). By setting the unit argument to 'degrees' a slope raster was generated and by additionally setting the opt argument to 'aspect', an aspect raster was created. Slope refers to the steepness or levelness of the terrain while aspect refers to the orientation that the land is sloping towards. The USGS Earth Explorer tool provided the temperature and precipitation data for this study. These temperature data represent the average monthly land surface temperature and precipitation levels from 1981-2010. The resolution of these rasters are 0.5˚ x 0.5˚ and the extent of these rasters is nearly global at (89.75S to 89.75N, 0.25E to 359.75E).

Landscape Level Spatial Autocorrelation
	Moran's I statistic was calculated to test for spatial autocorrelation of log adjusted tick abundance using the Moran.I function in the ape package of R Studio (Paradis, Claude & Strimmer 2004). To adjust for apparent spatial autocorrelation, five adjusted models (exponential, Gaussian, spherical, linear, and ratio) were tested to determine the best fit using the glm function in the nlme R package (Supplementary Table 3) (Pinheiro et al. 2017). Semivariograms of each model were created with the variogram function in the gstat R package (Supplementary Figure 1) (Pebesma 2004). 

Landscape Level Distribution Model
	To test the hypothesis that tick abundance is predicted by environmental variables, I used linear and generalized linear models. In these models, the natural-log adjusted tick abundance was the dependent variable, and the tested independent variables were forest cover, elevation, precipitation, temperature, slope, and aspect.

	A linear model was compared with a Poisson model using three methods to determine which was a better fit for the data and which generated less extreme over-predictions. First, histograms of the residuals for each model were compared (Supplementary Figure 2). Second, a paired-sample t-test was performed for each model between the observed and predicted values at points where animals were captured. Lastly, the linear and Poisson models were compared to see which generated more tick predictions above the highest observed abundance of ticks.
	
Overlaying Landscape Raster Layers
	Raster data from the input variables were combined using the stack function in the raster package of R. This stack was then combined with the optimized multiple regression model to predict the tick abundance across the landscape using the predict function in the raster package of R. A visualization of this process is shown below in Figure 2. The tick abundance raster was then overlain with spatial polygons that represent each person's home range at the 95% and 50% kernels. The tick abundance within these boundaries was calculated using the extract function in the raster package of R. As the linear model used to predict landscape level tick abundance was shown to overpredict parasitism levels, all predicted values that exceeded observed values were not included in the calculations of individual human risk. This maximum value was not established using a cutoff based on the distribution such as using a value two standard deviations above the mean, as this value was far from the maximum observed value and would therefore obscure the existence of potential super-spreaders. The total tick abundance in a home range represents the sum of all tick abundance within that kernel, and the relative tick abundance in a home range represents total tick abundance divided by the total range area (km2).
Figure 2: Combining predictive landscape data. 
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Human Land Use Data
	People that participated in an associated study on household demographics and social networks were randomly selected from randomly chosen grids within the village. Their participation in the survey and the land use portion of the study was voluntary, and all provided freely informed consent (IRB 2018-0537). Eight individuals participated in the GPS portion of this study. Each participant carried the portable GPS device until the battery indicator light turned off. Subsequently in the analyses, the home range data were standardized to be based on 5 days of GPS data. These data were used to create a dynamic Brownian bridge model of each individual's home range using the adehabitatHR package in R (Calenge 2006; Kraunstauber et al. 2012). This method models the proportion of recorded coordinates that occur within an area, accounting for the time between recorded points and the associated potential speed of an individual. Using this model, I extracted the top 95% and top 50% most used areas. As such, a 50% Brownian bridge model is more restrictive than the 95% Brownian bridge model, as it represents the area a person is likely to be found in half of the time, whereas the 95% Brownian bridge model must include the area where people may be found an additional 45% of the time.

Village Level Modeling
Floor Type and Flea Abundance
	A two sample t-test was performed to compare the flea abundance in houses with concrete floors and houses with wood floors. In this analysis, the term wood floor refers to a variety of natural materials including bamboo, Ravinala planks, and wood planks.

Predictive Village Variables
	Ecological surveys were conducted at each house where traps were set in the village according to methods previously discussed, using protocols from Ganzhorn (2003). From these surveys, tree density (trees/km2) and tree species richness were evaluated as predictors of flea abundance at each house. The type of floor inside a house was also evaluated as a predictor of flea abundance, and floors were categorized as either wood or concrete. Additionally, the distance to the main road and the distance to the village boundary were utilized as variables in the regression analyses (Figure 3). These lines were created using QGIS and georeferenced onto an image from Google Earth (Gorelick et al. 2017). 





Figure 3: Map of geospatial variables in the village.
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Overlaying Village Raster Layers
	Raster data from the input variables were combined using the stack function in the raster package of R Studio. This stack was then combined with the optimized multiple regression model to predict the flea abundance throughout the village using the predict function in the raster package of R Studio. A visualization of this process is shown below in Figure 4. The extent of the village model was restricted to only apply within the village boundary using the mask function from the raster package of R, as no fleas were documented at any trapping sites beyond the village boundary.





Figure 4: Combining predictive village data.
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Village Level Spatial Autocorrelation
	Moran's I statistic was calculated using the Moran.I function in the ape package of R Studio to test for spatial autocorrelation of log adjusted flea abundance within the village. 

Village Level Distribution Model
	A linear model was compared against a Poisson model to determine which most appropriately fit the data using two methods. First, histograms of the residuals of both plots were generated (Supplementary Figure 3). Second, a paired-sample t-test was performed for each model between the observed and predicted values at points where animals were captured. 







RESULTS 

Animal Captures

	A total of 302 animals were captured and 258 animals were processed. Of these captures, 164 were Rattus sp., 62 were Microgale brevicaudata, 41 were Mus musculus, 12 were Eliurus webbi, 12 were Suncus murinus, 7 were Setifer setosus, 2 were Suncus etruscus, 1 was Eliurus tanala, and 1 was Nesomys audeberti. No native species were captured at the village trapping site - only Rattus sp., Mus musculus, and Suncus murinus. Animal capture rates by site can be seen in Supplementary Table 2. 

Landscape Level Tick Abundance Model 

Landscape Level Spatial Autocorrelation
	A value of Moran's I = 0.23 (p < 0.0001) was calculated, indicative of positive spatial autocorrelation. Therefore, five models designed to account for spatial autocorrelation were also examined. The linear adjusted model failed to compute, indicating poor fit. The other four models generated fits of the data which are summarized in Supplementary Table 3. Although the Moran's I statistic indicated that positive spatial autocorrelation was present, these data suggested that the original model was preferred to the adjusted models intended to account for spatial autocorrelation as it had the lowest AIC scores. Semivariograms further supported the assertion that no benefit was provided from the adjusted models, as the plots appeared nearly identical regardless of the model employed (Supplementary Figure 1). These plots demonstrate the extent to which points that are increasingly far apart have similar or different tick abundance values, so that a horizontal line at the value of 1 would indicate no spatial autocorrelation. Thus, despite the positive Moran's I statistic, we used the original model which did not account for spatial autocorrelation, as it was found to be the best fit for the geospatial data in this analysis.
Landscape Level Data Distribution
	The residuals of the linear model had an approximately normal distribution, while the residuals of the Poisson model were skewed to the right (Supplementary Figure 2). For the Poisson model, a significant difference was detected between the observed and predicted values of log adjusted tick abundance at the sampling points (mean difference = 1.25, p < 0.0001). The 95% confidence interval for difference of means ranged from 1.12 to 1.39, indicating that the Poisson model consistently over-predicted the observed values. For the linear model, the difference between the observed and predicted values at the points where animals were captured approached significance (mean difference = 0.13, p = 0.056). While the linear model also yielded an over-prediction, this effect was not of the same magnitude, as the 95% confidence interval ranged from -0.01 to 0.26. The Poisson distribution model predicted that 6.54% of the landscape would surpass the maximum number of observed ticks, while the linear distribution model predicted that 2.09% of the landscape would exceed this value. Considering the relatively normal distribution of the residuals, the preferable paired t-test results, and presence of fewer overpredicted values, the linear model was used for all additional calculations. For comparison, the tick abundance predictions created using the Poisson model can be viewed in Supplementary Figure 4.

Landscape Level Regression Analyses
	Five distinct models were tested for their ability to predict the geospatial distribution of tick abundance (Table 1). The interaction between forest cover and elevation strengthens the forest model, an effect which is shown in Figure 5. According to this interaction effect, in areas of high forest cover, elevation has no effect on tick abundance and this tick abundance is low. Contrastingly, in areas of low forest cover, areas of higher elevation are associated with higher tick abundance. Slope and aspect were not included in the combined model as multicollinearity with elevation rendered them ineffective variables. The model with the lowest AIC score is highlighted in bold.
	The combined model had the highest R2 value (0.2459) and the lowest AIC score (delta AIC = 8.7981) and was therefore used to generate the geospatial predictions of tick abundance over the landscape (Figure 6). Within this combined model, the variables included in the forest interaction model are shown to be the most informative, as the addition of variables from the climate model only contributes a marginal improvement to the R2 value. This is likely due to the coarse resolution of the climate data in comparison to the forest cover and elevation variables. 

Table 1: Comparison of potential landscape models.  

	Model
	Variables
	Coefficients
	R2
	AIC
	P Value

	Forest
	Forest Cover
Elevation
	0.02
9.02 x 10-4
	0.13
	802.72
	1.56 x 10-8

	Forest Interaction
	Forest Cover
Elevation
Forest Cover * Elevation
	0.04
0.03
-3.23 x 10-4
	0.21
	776.29
	8.56 x 10-14

	Climate
	Precipitation
Temperature
	-4.18
0.23
	0.15
	796.56
	7.46 x 10-10

	Topography
	Slope
Aspect
	0.04
-1.9 x 10-3
	0.12
	804.54
	3.83 x 10-8

	Combined
	Forest Cover
Elevation
Forest Cover * Elevation
Precipitation
Temperature
	0.04
0.02
-2.77 x 10-4
0.20
-3.76
	0.25
	767.49
	5.16 x 10-15





	 




Figure 5: Interaction effect between elevation and forest cover in predicting tick abundance. Variables presented here are z-score transformed.
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Figure 6: Landscape map of tick abundance. This map was created with the linear model.


















Human Land Use and Tick Exposure

Extracting Tick Abundance Exposure From Home Ranges
	Each person's 95% and 50% kernel home ranges were mapped on top of the tick abundance map shown in Figure 6 to generate individual representations of tick abundance exposure (Figure 7). The tick abundance levels within these home ranges for each participant are shown in Table 2. Home range size and tick abundance exposure varied dramatically across individuals. The 95% kernel for half of participants was less than 1 km2, while the 95% kernel for individual B spanned 5.6 km2. Participants B, G, and H had the highest total tick exposure at both the 95% and 50% home range levels (Figures 7B, 7G & 7H) (Figures 8A & 8B). To account for the fact that larger home ranges are likely to have higher tick abundance exposure within, home range size was plotted against tick abundance exposure (Figures 8C & 8D). While most points were comparable to the expected value, individual G (marked in orange) had a tick abundance exposure markedly higher than would be expected at the 50% home range level (Figure 8D).









Figure 7: Individual home ranges and tick exposure. Black outlines represent the 95% Brownian bridge estimated home range for each person, while shaded blue areas inside these areas represent the 50% Brownian bridge estimated home range for that individual.
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Table 2: Human tick exposure within home ranges.
	Person
	Total Tick Abundance in 95% Range
	95% Range Area (km2) 
	Relative 95% Tick Abundance (per km2)
	Total Tick Abundance in 50% Range
	50% Range Area (km2)
	Relative 50% Tick Abundance (per km2)

	A
	4,069.5
	0.59 
	6,902.1
	5.6
	0.003
	1,942.6

	B
	24,538.4
	5.61
	4370.9
	253.6
	0.14
	1,860.4

	C
	3,357.9
	0.63
	5,316.6
	49.9
	0.004
	12,486.3

	D
	19.6
	0.01
	2,085.9
	5.5
	0.002
	26,286.9

	E
	4,260.1
	1.69
	2,525.9
	40.0
	0.02
	1,651.4

	F
	4,420.9
	0.73
	6,016.5
	59.9
	0.02
	3,310.5

	G
	13,167.8
	2.58
	5,109.9
	346.1
	0.04
	7,811.9

	H
	11,699.3
	3.88
	3,016.2
	306.1
	0.12
	2,568.0






Figure 8: Individual tick exposure within home range and in comparison to expected risk.
























Combining Home Ranges to Identify Spillover Hotspots	
	Tick abundance data from within the boundaries of each individual's 95% and 50% home ranges were then summed to generate maps showing hotspots of human/tick contact (Figure 9). These models highlight areas that not only have high rick abundance, but also have high human land use.

Figure 9: Geospatial model of human/tick overlap. 




Village Level Flea Abundance Model 

Floor Type and Flea Abundance
	A two sample t-test was conducted to determine if there was a significant difference between the log adjusted flea abundance for rats caught in homes with wood and concrete floors. This test revealed a statistically significant difference between the mean log adjusted flea abundance for rat captures by floor type (mean difference = -0.87, p = 0.0011). The 95% confidence interval for this difference of means is -1.36 to -0.38.
Figure 10: Floor type and flea abundance. 


















Village Level Spatial Autocorrelation
	Moran's I statistic was not significant (p = 0.30) indicating that models accounting for spatial autocorrelation did not need to be employed.

Village Level Distribution Model
	Histograms of the residuals for the linear model were approximately normally distributed, while the residuals for the Poisson model were skewed right (Supplementary Figure 3). A t-test between the predicted and observed values for the Poisson model indicated a statistically significant underprediction of log adjusted flea abundance (mean difference = 0.85, p < 0.0001). The 95% confidence interval for the difference of means ranged from 0.61 to 1.10. By contrast, the linear model showed no statistically significant difference between the predicted and observed values for log adjusted flea abundance (mean difference = 0.01, p = 0.98). The 95% confidence interval for this difference of means ranged from -0.24 to 0.25. Considering the normally distributed residuals and similarity of predicted values to observed values, the linear model was chosen over the Poisson model. For comparison, a map generated using a Poisson model for log adjusted flea intensity is included in (Supplementary Figure 5).

Village Level Regression Analyses
	A total of six models were tested for their ability to predict log adjusted flea intensity within the village (Table 3). The models that incorporated tree density and tree species richness data from ecological surveys were not significant. The interaction effect between distance to the main road and distance to the village boundary strengthened model D over model C (Figure 11). This interaction effect indicates that the areas with the highest flea abundance are close to the road and the village boundary. The model that includes this interaction effect was not strengthened by the inclusion of an ecological variable in tree species richness. The model with the lowest AIC score is shown in bold. This model was used to generate the village level prediction of flea abundance (Figure 12).
Table 3: Village Flea Models.
	Model
	Variable
	Coefficients
	R2
	AIC
	P Value

	Village A
	Tree Density
	.001
	-0.0207
	122.63
	0.72

	Village B
	Tree Species Richness
	0.08
	0.0158
	121.03
	0.20

	Village C
	Distance to Main Road
Distance to Village Boundary
	-0.11
0.40
	0.0653
	119.69
	0.09

	Village D
	Distance to Main Road
Distance to Village Boundary
Road Dist. * Boundary Dist.
	1.33
1.54
-0.40
	0.1863
	114.51
	0.01

	Village E
	Distance to Main Road
Distance to Village Boundary
Road Dist. * Boundary Dist.
Tree Species Richness
	1.35
1.56
-0.41
-0.01
	0.1656
	116.50
	0.03





[bookmark: _GoBack]Figure 11: Interaction effect between distance to the road, distance to the village boundary, and flea abundance.
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[image: ]Figure 12: Village geospatial model of flea abundance.











DISCUSSION
	Using ecological variables, a landscape level model for tick abundance and a village level model for flea abundance were created to illustrate the risk of vector-borne disease risk in various environments. By overlaying the typical home ranges of local people, I was able to calculate measures of vector exposure for individuals and demonstrate that people are differentially exposed to ticks and fleas throughout their daily routines. As ticks in Madagascar have been shown to transmit the causative agents of babesiosis, tick-borne relapsing fever, Q-fever, borreliosis, and neoehrlichiosis, and fleas in Madagscar have been shown to transmit the causative agents of plague, typhus, and spotted fever, the control and surveillance of these vectors are important public health issues for the country (Uilenberg, Hoogstraal & Klein 1979; Andrianaivoarimanana et al. 2013; Rakotonanahary et al. 2017; Qurollo et al. 2018). This framework provides a valuable approach for predicting disease hotspots at the landscape and village levels so that disease prevention measures can be efficiently implemented. 
	 
Landscape Level Tick Abundance
	The landscape level model for tick abundance was created using forest cover, elevation, temperature, and precipitation data. The interaction effect between forest cover and elevation indicates that high elevation areas with low forest cover pose the highest levels of tick abundance. The areas with these characteristics are the farmlands bordering Marojejy National Park on the western portion of the study area (Figure 6). Based on the abundance of vectors alone, this supports previous research indicating that land converted from forest to agricultural plot undergoes an increase in vector abundance (Yasuoka & Levins 2007; Wayant et al. 2010). The farmland bordering the national park provides an opportunity for an ecological interaction similar to the nexus between humans, domesticated animals, and wild animals which contributed to the rise of Nipah virus and Hendra virus (Halpin et al. 2000; Pulliam et al. 2012). Additional research has suggested that the specific farming methods used at these interfaces impacts the emergence of infectious diseases, implying that altering farming strategies could reduce the risk of disease in high-risk areas (Alexander & McNutt 2010). The perimeter of Marojejy National Park thus serves as an important boundary for tick abundance, as the model predicts a stark contrast between tick abundance inside and outside the park (Figure 6). 
	This finding is consistent with predictions from the dilution effect hypothesis, which suggests that intact forests with high levels of biodiversity and lower proportions of competent hosts confer a lower disease risk to humans (LoGuidice et al. 2003; Ostfeld & Keesing 2012). Additionally, this evidence supports the notion that conservation of forests and the protection of national parks promotes public health interests from the standpoint of infectious diseases. This also exacerbates the impact of a reported local phenomenon in which villagers burn forests, fearing that the plague originates from rats inside the forest (personal communication, Mandena village elder). In this study, no fleas were found on any rats in any setting outside of the village, in contrast to previous studies that have identified fleas on rodents in nearby rainforests (Laakkonen et al. 2003). The results also indicate that burning forests, and in the process converting them to agricultural land, would actually increase the risk of vector-borne disease. Thus, outreach programs in the area should seek to address the consequences of this practice and educate villagers about more effective strategies for preventing plague and other vector-borne diseases.


Human Land Use
	The human land use data revealed remarkable heterogeneity in home range size, as Individual B had a 95% kernel nearly 600 times larger than Individual D. Similarly, the 50% kernel for Individual B was 72 times larger than the 50% kernel for Individual D. At both home range levels, people with larger ranges were generally exposed to more ticks (Figures 8C & 8D). However, individual G experienced an abnormally high exposure to ticks for their home range size at the 50% kernel (Figure 8D). These findings indicate that there are high levels of variation in exposure to ticks across individuals, most of which is accounted for by home range size, but they also suggest that certain activities confer a disproportionately risk in terms of the exposure to ticks. By scaling up this type of analysis using innovative portable GPS devices that could be distributed to more than eight individuals, public health officials could identify geographic areas with high human/vector overlap (Vazquez-Prokopec et al. 2009). Additionally, sociological characteristics of people with disproportionately high exposure could potentially be identified and outreach programs could encourage villagers to avoid the behaviors which confer this elevated risk. 
	Other studies have similarly shown that people exposed to vectors across more of their home range have higher vector-borne disease risk, and that human movement can influence disease dynamics (Stoddard et al. 2009). The 95% kernel of Individual G reveals that this person not only traveled around the village where the study was focused, but also journeyed south to a neighboring village. This exemplifies a pathway through which a disease that originates in an isolated rural village could spread within a cluster of villages. Human movement, facilitated by modern transportation, has the power to spread diseases from rural areas at the interface of humans, domestic animals, and wild animals, to densely populated urban areas, just as occurred in the 2017 plague epidemic which was previously discussed (WHO 2017b)

Village Level Flea Abundance
	The village level model for flea abundance was created using data on how far houses were from the village boundary and the main road. The interaction effect between these distances indicated that in areas far from the village boundary, flea abundance is not impacted by proximity to the road, but in areas closer to the village boundary, proximity to the road is associated with higher flea abundance. As small mammals captured at agricultural areas in this study were found to have higher parasitism, the rice fields surrounding the village may represent an environment that similarly confers higher flea abundance at the village boundary. These results indicate that rats captured at houses adjacent to agricultural areas have higher flea parasitism – a finding similarly documented in studies of other vectors in agricultural settings (Yasuoka & Levins 2007; Wayant et al. 2010). Increased flea abundance near the main road could be explained by the local markets in these areas which could provide abundant food resources for rodents, a factor previously found to be associated with higher levels of rodent parasitism and pathogen seroprevalence (Duplantier & Rakotondravony 1999). More densely packed houses accordingly have smaller plots of land and fewer plants on their premises, potentially explaining why ecological survey variables were non-significant in this analysis. 
	While it was originally hypothesized that houses with concrete floors would have lower flea abundance than houses with wood floors, I found evidence to reject that hypothesis (Figure 10). Poor housing quality has previously been liked to risk of rodent-borne illness (Bonner et al. 2007), but in this study, houses with concrete floors actually harbored rats with a higher flea abundance. This is retrospectively hypothesized to be explained by the storage of excess food stocks in houses with concrete floors that are generally not kept in houses with natural floors, as food storage has been previously linked to higher rodent parasitism and pathogen seroprevalence levels (Duplantier & Rakotondravony 1999).
	Outbreak response organizations that focus on flea-borne pathogens in rural areas could thus prioritize houses that align with identified risk factors. In a setting with limited resources, this optimization could enable public health agencies to maximize the efficiency of the disease response. Importantly, education should not be overlooked as a public health measure in affected settings in conjunction with targeted insecticides. In Uganda - another low-resource setting with recurring plague epidemics - community education and involvement in the plague surveillance process has proven to be effective in alerting disease response units and preventing epidemics (Boegler et al. 2018). Ugandan villages where people were trained to identify and report suspicious rodent deaths experienced zero human plague cases (Boegler et al. 2018). This demonstrates the power of communities to positively impact outbreaks despite the fact that in Madagascar, burning practices based on a poor understanding of disease ecology threaten to exacerbate disease spread. Local people should not only be considered because of their potential to spread disease, but also because of their potential to prevent the spread of disease. 
	 
Implications for disease control systems
	Currently in Madagascar, disease control efforts are deployed when human disease cases are reported through the healthcare system. However, considering the inaccessibility and underutilization of clinics in rural areas, the deployment of outbreak control measures often lags behind epidemic progression (Marks et al. 2016; WHO 2017b). These reactive public health measures could likely be improved by prioritizing preventative measures. In low-resource settings, preventative measures are often regarded as a luxury that cannot afford to be prioritized over emergency response (Gubler 2010). However, targeted preventative control informed by the ecological framework of predicting human/vector contact could optimize the efficiency of these preventative measures, making them more affordable (Gubler 2010).
	This ecological approach could inform vector control measures that account for the flaws of mid-twentieth century vector control programs which resulted in longitudinal harm to environmental and human health (Turusov, Rakitsky & Tomatis 2002). Using smaller overall quantities of insecticides to target the areas of highest risk reduces the cost, environmental risk, opportunities for resistance to arise, and human exposure to the insecticides.
	Currently, Madagascar’s National Plague Control Program deems insecticide spraying in households an accepted strategy for controlling outbreaks. However, this type of spraying is only used as a response to pre-existing outbreaks and is not utilized as a preventative measure due to the associated dangers and costs. In Uganda, widespread insecticide spraying is similarly unaffordable, but a team at the U.S. Centers for Disease Control and Prevention and the Uganda Virus Research Institute have recently established a tube-based insecticide delivery method that is safer and cheaper than traditional insecticide spraying measures (Boegler et al. 2014). This method applies insecticides directly to rodents, which as previously highlighted, play a key role in the transmission cycle of emerging infectious diseases in Madagascar. This targeted insecticide approach utilizes locally available materials, and costs about one-third of what it would take to spray one household (Boegler et al. 2014). Although this intervention was tested in Uganda, it proved to be effective against the same species of flea which is responsible for the majority of plague cases in Madagascar (Miarinjara and Boyer 2016). The low quantity of insecticide required for this intervention reduces the costs, risks of environmental harm, odds of evolution of resistance, and human health consequences (Boegler et al. 2014).
	Frequent surveillance of reservoir populations is crucial, as recent outbreaks of vector-borne diseases in Madagascar, particularly plague, have impacted areas which have historically been non-endemic (WHO 2017b). Prior to trapping animals at the village site, local residents informed the research team that the rats in the village did not have fleas, as there was no plague in the area (personal communication, Mandena village elder). However, in total 115 fleas were found on 44 rats captured in the village. This does not necessitate that plague was circulating in the village, but it does indicate that surveillance, prevention, and control measures should investigate areas beyond those which are traditionally regarded as disease foci, especially as environments change. 

Conclusions
	Rural Madagascar is one example of a low-resource setting that has historically experienced severe vector-borne disease outbreaks, and has been dismissed as a location where preventative measures are pragmatic due to its weak infrastructure and financial woes. However, efficient preventative measures could yield improvements in the country's disease control system and make outbreaks less extreme. This would make preventative measures a smart investment. Considering the well-studied interface between disease vectors, land type, and human presence, an ecological predictive framework may be capable of providing high resolution predictive mapping of disease transmission hotspots a reality. This could inform disease prevention measures capable of precluding major disease outbreaks, and could also point to ways in which the environment could be altered or maintained to promote the health of people in Madagascar and in other settings affected by vector-borne diseases. 
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SUPPLEMENTARY MATERIALS


Supplementary Table 1: Site characteristics. GPS locations for sites indicate the centers of the trapping sites. 
†Signifies that this trapping site was within the boundary of Marojejy National Park.
*Due to methodological differences in animal trapping in the village as compared to other sites, the total area surveyed in the village is 8036 m2 instead of the 539 m2 surveyed at other trapping sites. 
	Site
	Latitude
	Longitude
	Tree Density (Trees/Hectare)
	Tree Species Richness
	Average Tree DBH (cm)

	Primary Rainforest†
	-14.45801
	49.79109
	2560
	53
	12.48

	Edge Forest† 
	-14.46065
	49.79246
	4731
	55
	11.28

	Forest Fragment 
	-14.46716
	49.79694
	667
	23
	12.08

	Mixed Agricultural Field
	-14.47131
	49.79694
	353
	12
	10.92

	Village*
	-14.47744
	49.81398
	280
	30
	17.28




Supplementary Table 2: Trapping effort and Capture Rate. 
	Site
	Primary Rainforest
	Edge Forest
	Forest Fragment
	Mixed Agricultural Site
	Village

	Trap Nights
	1169
	1605
	1349
	1157
	1029

	Capture Rate
	2.91%
	2.74%
	4.45%
	5.52%
	8.84%




Supplementary Table 3: Landscape spatial autocorrelation adjusted model comparison. 

	Model
	Intercept
	Elevation
	Forest Cover
	Precipitation
	Temperature
	logLik
	AIC
	Delta
	Weight

	Original
	24.65
	0.02
	0.04
	0.20
	-3.76
	-400.17
	814.8
	0
	0.31

	Spherical
	12.15
	0.01
	0.02
	0.14
	-2.21
	-398.41
	815.6
	0.76
	0.21

	Gaussian
	24.55
	0.02
	0.04
	0.20
	-3.75
	-398.61
	816.0
	1.16
	0.18

	Ratio
	24.73
	0.02
	0.04
	0.20
	-3.75
	-398.70
	816.1
	1.34
	0.16

	Exponential
	24.62
	0.02
	0.04
	0.20
	-3.76
	-398.84
	816.4
	1.61
	0.14






Supplementary Figure 1: Spatial Autocorrelation Adjusted Model SemiVariograms.
















Supplementary Figure 2: Residual comparison for landscape linear and Poisson distributions.
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Supplementary Figure 3: Residual comparison for village linear and Poisson distributions.
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Supplementary Figure 4: Poisson model landscape prediction.
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Supplementary Figure 5: Poisson model village prediction.
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