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Abstract

:

Using georeferenced phylogenetic trees, phylogeography allows researchers to elucidate interactions between environmental heterogeneities and patterns of infectious disease spread. Concordant with the increasing availability of pathogen genetic sequence data, there is a growing need for tools to test epidemiological hypotheses in this field. In this study, we apply tools traditionally used in ecology to elucidate the epidemiology of foot-and-mouth disease virus (FMDV) in Uganda. We analyze FMDV serotype O genetic sequences and their corresponding spatiotemporal metadata from a cross-sectional study of cattle. We apply step selection function (SSF) models, typically used to study wildlife habitat selection, to viral phylogenies to show that FMDV is more likely to be found in areas of low rainfall. Next, we use a novel approach, a resource gradient function (RGF) model, to elucidate characteristics of viral source and sink areas. An RGF model applied to our data reveals that areas of high cattle density and areas near livestock markets may serve as sources of FMDV dissemination in Uganda, and areas of low rainfall serve as viral sinks that experience frequent reintroductions. Our results may help to inform risk-based FMDV control strategies in Uganda. More broadly, these tools advance the phylogenetic toolkit, as they may help to uncover patterns of spread of other organisms for which genetic sequences and corresponding spatiotemporal metadata exist.
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1. Introduction


Owing to the increasing availability of genetic sequence data, phylogenetic techniques have become a fundamental component in the study of the epidemiology of infectious diseases. Phylogeographic tools enable the reconstruction of the spatiotemporal dispersal history of pathogens [1], such that time-stamped phylogenetic trees can be visualized in a geographic context. Landscape epidemiology elucidates interactions between environmental heterogeneities and patterns of infectious disease spread using georeferenced phylogenetic trees [2]. For example, using phylogeographic approaches, Dellicour et al. demonstrated that West Nile virus lineages tend to disperse faster in areas with higher temperatures [3], and Zhang et al. demonstrated an association between the spatial spread of Middle East respiratory syndrome coronavirus and the regional transportation network [4]. Phylogeographic techniques can provide insights into the complex interplay between the pathogen, host, and environment and help to guide disease control strategies.



Here, we utilize foot-and-mouth disease virus (FMDV) sequences from Uganda as a case study for the development of novel tools in landscape epidemiology. While foot-and-mouth disease (FMD) has been eradicated from most developed countries, it remains widespread in Africa, where frequent outbreaks contribute to the cycle of poverty among livestock owners [5,6]. Infection with FMDV causes vesicular lesions in cloven-hooved animals, affecting animal welfare and causing short and long-term production losses [7]. FMDV is transmitted primarily through direct contact via respiratory droplets, but may also be transmitted by fomites [8]. An RNA virus in the Picornaviridae family, FMDV is characterized by a high nucleotide substitution rate. With seven immunologically distinct serotypes, as well as an extensive intra-serotypic diversity, the genetic diversity of FMDV presents a significant obstacle to control. However, this genetic diversity can be used to better understand disparities in risk across space, as its evolutionary dynamics occur on the same time scale as ecological and epidemiological dynamics.



A cross-sectional serological study carried out in Uganda found that the risk of FMDV exposure was not uniform across the country, with areas near international borders, particularly southwestern and eastern Uganda, having a relatively higher risk of FMDV exposure [9]. In addition, pastoral cattle herds, herds in areas of low rainfall, and herds in areas of high cattle density had relatively higher numbers of seropositive animals. The phylogeographic modeling of sequences obtained from the same cross-sectional study, combined with previous sequence data from Uganda, Kenya, Tanzania, and Ethiopia, re-affirmed the transboundary nature of the spatiotemporal spread of FMDV and identified a tendency for FMDV to remain circulating near livestock markets, in areas of high cattle density, and in areas of high human population density [10]. However, using available methods, no directional trends in FMDV spread were elucidated. Here, we sought to determine which external factors influence the dispersal direction of serotype O FMDV in Uganda, as the ability to predict directionality of FMDV spread may help to guide the application of limited resources (i.e., vaccination) in the face of an outbreak. Specifically, we aimed to (1) determine which environmental factors predict where, among available locations, FMDV is likely to disperse, and (2) characterize FMDV source and sink locations along a gradient of hypothesized environmental factors. In order to elucidate directional patterns in FMDV spread, we adapted a spatial regression tool that has historically been used in the wildlife ecology literature and developed a novel regression tool. Resource selection function (RSF) models were originally designed to correlate environmental covariates to animal location data by identifying characteristics of areas used by the animal within an “availability domain”, the area within which any location is assumed to be available for use [11,12]. In the context of wildlife ecology, these models are used to make inferences regarding habitat selection. More recently, step-selection function (SSF) models built upon RSF models by restricting the available, unobserved locations at time t to areas deemed accessible from the previous step at time t − 1 [13,14]. SSFs allow for the inference of movement processes in addition to habitat selection by including movement-related covariates, such as step lengths, and requiring that random, unobserved locations are generated by sampling under one of several statistical distributions [15,16,17,18]. In this first analysis, we apply the SSF framework to a phylogenetic model to determine which external factors are predictive of FMDV spatial spread given a defined availability domain.



In the second analysis, we developed a novel method, termed the resource gradient function (RGF) model, to identify patterns of FMDV source/sink dynamics. Source/sink models describe unequal gene flow: source regions serve as viral reservoirs from which outbreaks or epidemics tend to emerge, whereas sinks are areas in which the virus would be less likely to persist without repeated reintroduction from source regions. Thus, source regions are areas in which control efforts may have the greatest impact. The aim of the RGF model is to compare characteristics of locations where the branches originated to characteristics of locations where they ended, thus describing the resource gradient through which lineages tend to travel (i.e., from lower values to higher values, or vice versa), thereby identifying characteristics of FMDV source regions. Collectively, the SSF and RGF models serve to identify factors that contribute to the disproportionate transmission of pathogens. These methods could be applied to study the spread of any organism for which genetic sequences and corresponding spatiotemporal metadata exist.




2. Materials and Methods


2.1. Virus Sampling and Sequencing


FMDV viral sequences were collected as part of an FMDV surveillance study in Uganda previously described [19,20]. Serotype O was the most common serotype isolated; all isolates included in this analysis are serotype O, topotype EA-2. No additional serotype O sequences were available on GenBank during the time period analyzed here. Each cattle herd (n = 48) was sampled at only one point in time, resulting in high within-herd nucleotide identities. Thus, one sequence was randomly selected from each herd using R version 3.6.1. Sequences were aligned using ClustalW in MEGA (v10.0.5) [21].




2.2. Phylogeographic Analysis


First, the temporal signal of the data was evaluated in Tempest (v1.5) [22]. Using a linear regression of phylogenetic root-to-tip distances versus sampling dates, a positive correlation (R2 = 0.68) was demonstrated. jModeltest (2.1.10 v20160303) [23,24] was used to identify the best nucleotide substitution model. Next, we estimated FMDV spatial diffusion dynamics using a continuous phylogeographic method implemented in BEAST (v1.10.4) [25], in which, tree branches represent time and tree tips and internal nodes are associated with geographic locations. A Cauchy relaxed random walk (RRW) model was used for inference of the spatial locations of internal nodes.



Combinations of molecular clock models (uncorrelated lognormal relaxed, strict) and coalescent population models (constant, exponential, GMRF Bayesian skyride, logistic) were compared using path sampling/stepping-stone sampling [26,27], each using default priors. Results of path sampling/stepping-stone sampling are shown in Supplemental Table S1. Each molecular clock–population model combination was evaluated using the mean of the log marginal likelihood of two Markov chain Monte Carlo (MCMC) runs. Uncorrelated relaxed molecular clock models were run on the CIPRES Science Gateway (www.phylo.org, accessed on 2 January 2020) for 500 million generations, sampling every 50,000 generations; strict molecular clock models were run for 100 million generations, sampling every 10,000 generations. Tracer (v1.7.1) [28] was used to assess convergence of MCMC runs after excluding 10 percent of the MCMC chain as burn-in, ensuring an effective sample size (ESS) of at least 200 [29].



Next, the seraphim package in R (v 3.6.1) was utilized to extract the spatiotemporal information contained in the phylogenetic trees inferred in BEAST [30]. We extracted the information from 1000 trees randomly sampled from the posterior distribution after discarding burn-in. seraphim was then used to estimate dispersal statistics based on phylogenetic branches, which can be treated as conditionally independent movement vectors [31].




2.3. Directional Analyses


The output of seraphim was utilized such that each phylogenetic branch was considered a vector defined by a start and end location (latitude and longitude) and start and end dates. ArcGIS Pro 2.4.0 was used to calculate the vector direction (0–360) of branches between start and end locations. To test the significance of the mean direction of spread, a Rayleigh test was conducted using the R package circular [32]. R packages dplyr, ggtree, rBt, and treeio were used to integrate outputs from BEAST, seraphim, and ArcGIS analyses [33,34,35,36,37,38].




2.4. Step Selection Function Model


In order to investigate factors associated with the spatial spread of FMDV, we chose the following covariates as hypothesized predictors: mean annual rainfall, cattle density, human population density, Euclidean distance to nearest livestock market, Euclidean distance to nearest major roadway, and Euclidean distance to nearest international border. These factors were previously found to be associated with high seropositivity (proximity to international borders, low rainfall, and high cattle density); hence, we hypothesized that areas with such characteristics may serve as viral sources (i.e., frequently export the virus) [9]. Additionally, we predicted a tendency for FMDV to spread along routes of animal movement and trade—that is, a tendency for FMDV to spread toward roadways, livestock markets, and areas of high human population density. Sources of covariate data are shown in Supplemental Table S2.



In wildlife ecology, the movement from t − 1 to t is a “step”, and the distance traveled is the step length. We applied the step selection function framework to a phylogenetic model by treating individual branches of the phylogenetic tree as steps, and branch distance as step lengths. We then generated unobserved available locations (i.e., locations that the virus could have reached given spatio-temporal constraints on dispersal, but were not observed in our dataset) based on analytical distributions fitted to the inferred phylogenetic tree branch distances. We limited the analysis to branches with a duration of six months or less. The reasoning for this was two-fold: (1) to decrease the spatial uncertainty of the inferred node locations, and (2) to make predictions for an appropriate timeframe from an outbreak control standpoint. Among the sequences analyzed here, the mean dispersal velocity was 262.5 km (km)/year (95% HPD: 138.1–915.4); thus, we filtered our dataset to include only branches less than 131 km (i.e., mean distance traveled in 6 months) in length. This step eliminated the eight longest branches in the dataset, yielding a dataset of 86 branches. Branches in the full dataset had a median length of 8.4 km; the median branch length after subsetting to branches less than 131 km was 6.6 km.



Next, we created a vector of FMDV movements from the output of the seraphim analysis. Using the amt package [39], one observed movement was generated from each branch of the phylogenetic tree, with each movement having a corresponding start location, end location, start date, and end date. Movement distance was calculated as the distance between start location and end location, which was treated as the step length for movement calculations. End locations of these movements are hereafter referred to as used locations, as these represent observed movements made by the virus. A gamma distribution was fit to the movement distances, and ten random distances were drawn from this distribution per observed movement (Figure 1a). Based on these random distances, unobserved end locations were generated to represent locations where the virus could have traveled (“availability domain”), but did not, under the same space–time constraints. Unobserved end locations are hereafter referred to as available locations. If prior information is available regarding the direction of viral spread, this can inform the turn angle used to generate the unobserved movements. In this case, however, we assumed the virus was equally likely to spread in any direction from the start location. Thus, a uniform distribution was used to generate the turn angle. The resulting available locations (n = 860) were filtered so that all remaining locations remained within Uganda’s boundaries. For example, if an available location was generated within Kenya or a body or water, it was removed. While we acknowledge that transboundary animal movement does occur, our dataset was artificially constrained to locations within Uganda (no comparable geo-referenced sequences were available from bordering countries); therefore, we built this same constraint into the matched, available locations. This step resulted in removal of 66 locations. Thus, our final dataset contained 86 used locations and 794 available locations. Next, covariate values at each end location (used and available) were extracted using amt [40]. A matrix showing correlation amongst predictors is shown in Supplemental Table S3; no significant correlations were identified. Covariates were categorized into terciles; cutoffs for the covariate categories are shown in Supplemental Table S4. Using the ResourceSelection package in R [40,41], SSF matched models were used to fit the end location data, with used/available as the binary response variable, using 99 bootstrap iterations. Backwards stepwise selection (Bayesian information criterion) was used to determine the best-fitting model.




2.5. Resource Gradient Function Model


The step selection function model compares characteristics of used relative to available branch-end locations without formally integrating the environmental characteristics of the start location. In contrast, the aim of the resource gradient function model is to compare characteristics of locations where the branches started to characteristics of locations where they ended, thus describing the resource gradient along which lineages tend to travel (i.e., from lower values to higher values, or vice versa). Whereas SSF models utilize an observed-available design, the RGF model utilizes a start-end design to elucidate differences between branch-start locations and branch-end locations. In this analysis, we generated three random neighboring locations per observed start location and end location, e.g., a “start domain” and “end domain” for each movement (Figure 1b). The inclusion of neighboring locations serves to account for uncertainty in the precise locations of inferred nodes by capturing the characteristics of the areas in close proximity to the branch start and end locations while simultaneously increasing the statistical power of the analysis. To accomplish this, the branch lengths were divided by four to avoid overlap in the start and end domains, then a gamma distribution of distances was generated from the resulting shorter branch lengths. Neighbor locations were randomly generated following the gamma distribution of shorter lengths. Neighbor locations were combined with the observed locations for the RGF analysis and the dataset was cropped to ensure all locations were within the study area. In this case, only one neighboring location was eliminated. Thus, the final dataset contained 86 start locations with 255 associated neighbor locations, and 86 end locations with 256 associated neighbor locations (total n = 683). Covariate values at each start and end location were extracted using amt [39], and the same covariates were tested as in the SSF; the predictor correlation matrix is shown in Supplemental Table S5. Covariates were again categorized into terciles; cutoffs for the covariate categories are shown in Supplemental Table S4. Locations less than 14.8 km from a livestock market were categorized as near a market; locations greater than 30.4 km were considered far from a market. The survival package was used to fit a matched conditional logistic regression model [42,43] with node type as the outcome of interest: branch-starts were coded as 1, branch-ends were coded as 0. Backwards stepwise selection (concordance statistic) was used to determine the best-fitting model.




2.6. Viral Source Map


In order to better understand FMDV source locations, we utilized the informative predictors in the RGF model (i.e., those that were retained in the best-fitting model) to generate a qualitative risk map. Rasters of informative covariates (n = 3) were centered, scaled, and inverted (where appropriate), such that high values represent relatively higher likelihood of being a source of FMDV (i.e., classified as a branch-start under the RGF model). A new raster was generated by calculating the per-cell mean of the rescaled covariate rasters, which was plotted using the raster package [44].





3. Results


3.1. Model Selection and Directional Statistics


Supplemental Figure S6 shows the location of Uganda within Africa; Supplemental Figure S7A shows the location of the collection of the 48 serotype O isolates used for this study. GenBank accession numbers are summarized in Supplemental Table S8. The best-fitting nucleotide substitution–molecular clock–population model was the Jukes–Cantor-strict clock–constant population combination [45]. The nucleotide substitution rate was 5.37 × 10    − 3    substitutions/site/year (95% HPD: 2.34 × 10    − 3   − 8.55 × 10    − 3   ). The inferred phylogeny is shown in Supplemental Figure S9 and corresponding spatiotemporal diffusion is shown in Supplemental Figure S7B. For the time period assessed here, the overall direction of spread was 296.1 degrees, which is a west-northwest direction. The Raleigh test of directionality was not statistically significant; that is, the overall direction of spread was not significantly different from random.




3.2. Regression Models


Under the step selection function model, the best fit model included only rainfall as a predictor. This finding was marginally significant (p = 0.056), with locations in the lowest category of annual rainfall having an odds ratio (OR) of 2.02 (95% confidence interval: 0.97–4.19). Thus, locations in areas of low rainfall were marginally more likely to be classified as a used location as opposed to an available (but unused) location. Under the resource gradient model, three predictors were informative: rainfall, cattle density, and distance to the nearest livestock market. RGF model ORs and 95% confidence intervals are shown in Table 1. Areas of high cattle density and in close proximity to livestock markets were more likely to be classified as a branch start location, indicating that they are more likely to be FMDV source areas. Areas of low cattle density and low annual rainfall were more likely to be classified as branch end locations, indicating that they are more likely to be FMDV sink areas. A map displaying the qualitative risk of FMDV source areas is shown in Figure 2.





4. Discussion


In this study, we have detailed two methods, the SSF model and the RGF model, for examining the spatial dynamics of viral phylogenies. These methods serve to advance the phylogenetic toolkit, as they may be used to study the spread of any organism for which genetic sequences and corresponding spatiotemporal metadata exist. We applied SSF and RGF models to identify factors that contribute to the disproportionate transmission of FMDV in Uganda. Under the SSF model, areas of low rainfall were marginally more likely to be classified as a used location. This finding is consistent with our earlier findings using serology data, which revealed a high seropositivity in low rainfall areas [9]. Drier conditions are expected to decrease the survivability of FMDV outside the host [46], so this pattern is not likely a result of the effect of rainfall on transmissibility. Rather, it is likely that rainfall serves as a proxy for factors not assessed here. For example, drier conditions alter the patterns of animal movement and resultant host contacts [47,48], as animals may move further for access to food and water and congregate around limited water resources. Additionally, dry conditions can result in poor body conditions, which may impact the host susceptibility to FMDV. The remaining covariates (cattle density, human population density, distance to roadway, distance to international border) were not informative in the SSF model.



In a previous study of FMDV phylogenetics using seraphim, we identified several characteristics of areas where FMDV is likely to remain circulating (near livestock markets, areas of high cattle density, and high human population density), but we were unable to elucidate directional patterns in FMDV spread [10]. Using the RGF model, we identified directional trends related to rainfall, cattle density, and proximity to livestock markets. Areas of low rainfall were more likely to be classified as branch-ends as opposed to branch-starts. The SSF model indicated that low rainfall areas were marginally more likely to be classified as used locations. Considered together, these findings provide evidence that areas of low rainfall can be considered sinks of FMDV serotype O in Uganda. That is, FMDV is frequently found in these areas, but, since they have low odds of being classified as source locations, they are likely experiencing frequent reintroductions from elsewhere.



In the RGF model, areas of high cattle density were 2.6 times more likely to be classified as a branch-start (95% CI 1.26–5.52), and areas of low cattle density had a protective effect (OR 0.22 for branch-start, 95% CI 0.06–0.81) (Table 1). Thus, our inferred phylogeny indicated that FMDV branches tended to disperse from areas of high cattle density towards areas of lower cattle density. Given (1) the relatively short distances of branches examined in this dataset (median = 6.6 km) and (2) that the cattle density was assessed at the district level, it is somewhat surprising that this finding had statistical support. This implies between-district transitions occur with some regularity, and that cattle density could be used as an indicator of which neighboring districts are most at risk for introduction of the virus.



Using the RGF model, areas less than 14.8 km from livestock markets were 1.88 times more likely to be classified as a branch-start location (95% CI 1.05–3.39), indicating that these areas may act as a source of FMDV dissemination. Utilizing seraphim, we found that FMDV serotype O lineages in East Africa have a tendency to remain circulating near livestock markets [10]. Applying phylogeographic methods to FMDV serotype O in Ecuador, Carvalho et al. found that circulating strains had originated in areas of increased animal commerce [49]. In Cameroon, cattle trade is considered as the most significant risk factor for the dissemination of FMDV [50,51]. Livestock markets can be viewed as contact hubs, allowing for direct and indirect contact between animals from different areas and with different destinations [52]. Further, livestock traders and other stakeholders may unknowingly facilitate disease transmission as they move between markets [53]. Prioritizing market areas in prevention and control strategies may help to mitigate the spread of FMDV in endemic areas.



In this study, we have demonstrated the application of novel regression tools to time-stamped, georeferenced phylogenies. We chose to analyze only rasterized data for the RGF model presented here. However, non-rasterized data, such as management or seasonal factors, could also be explored in these models. Additionally, an advantage of both the SSF and RGF models is that they enable a multivariable approach, which is not currently possible with the suite of methods employed in the seraphim package. There are several reasons for why we chose to limit this analysis to our relatively small dataset of 48 FMDV serotype O sequences. A limitation of presence-only data, like that utilized in SSF models, is that the sampling bias has a stronger effect than in presence–absence models [54]. Thus, the implementation of SSF models for viruses should be reserved for situations in which sampling is reasonably representative of the distribution of cases, which we believe is the case for our Uganda dataset. This dataset was collected over two years, with 90% of the sequences collected in one year. In combination with a relatively small geographic area, this helped to reduce uncertainty in our inferred nodes. Finally, we chose to utilize the VP1 coding region of the FMDV genome because it is an important immunogenic site, and is therefore often the focus of FMDV molecular epidemiology studies [55,56,57,58,59]. It is possible that an analysis using whole genome sequences may have arrived at different results [60]. Additionally, the rainfall dataset utilized in this study is a 50-year mean, and thus does not capture any short-term changes in precipitation. Future models may aim to analyze the effects of seasonality or longer-term climate variations.



The methods presented here contribute to the growing field of landscape phylogeography by utilizing novel approaches to elucidate interactions between patterns of infectious disease spread and heterogeneities in environments. These tools could be used to develop risk-based FMDV control strategies following outbreaks. Instead of the somewhat haphazard “fire-brigade” approach to administering FMDV vaccinations, one might use these methods to determine which direction of spread is most likely given the attributes of the outbreak’s starting location. An understanding of FMDV source/sink locations may help veterinary officers to scale up or down their response to an outbreak when deciding how to best utilize limited resources. For example, an outbreak near a livestock market may warrant a more urgent and aggressive response than an outbreak far from a livestock market. These tools could be used to inform FMDV control strategies in other endemic settings, and, more broadly, for understanding the spread of any organism for which genetic sequences and corresponding spatiotemporal metadata exist.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/pathogens11050524/s1; Supplemental Tables S1–S5 and S8; Supplemental Figures S6, S7 and S9.





Author Contributions


L.L.R., A.P., F.N.M., K.V. and A.M. designed research; F.N.M., S.O., L.V.-S., Z.A., E.R. and A.M. performed research; A.M. and K.V. contributed new analytical tools; A.M. analyzed data and wrote the paper. All authors have read and agreed to the published version of the manuscript.




Funding


Cooperative Biological Engagement Program of the United States Department of Defense, Defense Threat Reduction Agency [agreement #8802]; Agricultural Research Service, United States Department of Agriculture [CRIS project #1940-32000-061-00D]; National Institute of Food and Agriculture, United States Department of Agriculture [grant #2016-38420-25288].




Institutional Review Board Statement


The study was approved by Uganda Institutional Animal Ethics Review Committee (SBLS/REC/13/016), Makerere University.




Data Availability Statement


See Velazquez-Salinas et al. (2020) and Supplementary Table S8 for FMDV sequences collected for this study.




Acknowledgments


The authors thank Johannes Signer and John Fieberg for assistance with the amt R package.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Lemey, P.; Rambaut, A.; Welch, J.J.; Suchard, M.A. Phylogeography takes a relaxed random walk in continuous space and time. Mol. Biol. Evol. 2010, 27, 1877–1885. [Google Scholar] [CrossRef] [PubMed]

	



Pybus, O.G.; Tatem, A.J.; Lemey, P. Virus evolution and transmission in an ever more connected world. Proc. R. Soc. B Biol. Sci. 2015, 282, 20142878. [Google Scholar] [CrossRef] [PubMed]

	



Dellicour, S.; Lequime, S.; Vrancken, B.; Gill, M.S.; Bastide, P.; Gangavarapu, K.; Matteson, N.L.; Tan, Y.; du Plessis, L.; Fisher, A.A.; et al. Epidemiological hypothesis testing using a phylogeographic and phylodynamic framework. Nat. Commun. 2020, 11, 5620. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, A.R.; Shi, W.Q.; Liu, K.; Li, X.L.; Liu, M.J.; Zhang, W.H.; Zhao, G.P.; Chen, J.J.; Zhang, X.A.; Miao, D.; et al. Epidemiology and evolution of Middle East respiratory syndrome coronavirus, 2012–2020. Infect. Dis. Poverty 2021, 10, 66. [Google Scholar] [CrossRef]

	



Casey-Bryars, M.; Reeve, R.; Bastola, U.; Knowles, N.J.; Auty, H.; Bachanek-Bankowska, K.; Fowler, V.L.; Fyumagwa, R.; Kazwala, R.; Kibona, T.; et al. Waves of endemic foot-and-mouth disease in eastern Africa suggest feasibility of proactive vaccination approaches. Nat. Ecol. Evol. 2018, 2, 1449–1457. [Google Scholar] [CrossRef]

	



Knight-Jones, T.; Rushton, J. The economic impacts of foot and mouth disease—What are they, how big are they and where do they occur? Prev. Vet. Med. 2013, 112, 161–173. [Google Scholar] [CrossRef]

	



Perry, B.D.; Rich, K.M. Poverty impacts of foot-and-mouth disease and the poverty reduction implications of its control. Vet. Rec. 2007, 160, 238–241. [Google Scholar] [CrossRef]

	



Alexandersen, S.; Mowat, N. Foot-and-mouth disease: Host range and pathogenesis. Foot Mouth Dis. Virus 2005, 288, 9–42. [Google Scholar]

	



Munsey, A.; Mwiine, F.N.; Ochwo, S.; Velazquez-Salinas, L.; Ahmed, Z.; Maree, F.; Rodriguez, L.L.; Rieder, E.; Perez, A.; VanderWaal, K. Spatial distribution and risk factors for foot and mouth disease virus in Uganda: Opportunities for strategic surveillance. Prev. Vet. Med. 2019, 171, 104766. [Google Scholar] [CrossRef]

	



Munsey, A.; Mwiine, F.N.; Ochwo, S.; Velazquez-Salinas, L.; Ahmed, Z.; Maree, F.; Rodriguez, L.L.; Rieder, E.; Perez, A.; Dellicour, S.; et al. Phylogeographic analysis of foot-and-mouth disease virus serotype O dispersal and associated drivers in East Africa. Mol. Ecol. 2021, 30, 3815–3825. [Google Scholar] [CrossRef]

	



Huzurbazar, S. Resource Selection Methods and Applications: Proceedings of the 1st International Conference on Resource Selection, Laramie, Wyoming, 13–15 January 2003; Omnipress: Madison, Wisconsin, 2003. [Google Scholar]

	



Manly, B.; McDonald, L.; Thomas, D.; McDonald, T.; Erickson, W. Resource Selection by Animals: Statistical Design and Analysis for Field Studies; Springer: Dordrecht, The Netherlands, 2007. [Google Scholar]

	



Fortin, D.; Beyer, H.L.; Boyce, M.S.; Smith, D.W.; Duchesne, T.; Mao, J.S. Wolves influence elk movements: Behavior shapes a trophic cascade in Yellowship National Park. Ecology 2005, 86, 1320–1330. [Google Scholar] [CrossRef]

	



Thurfjell, H.; Ciuti, S.; Boyce, M.S. Applications of step-selection functions in ecology and conservation. Mov. Ecol. 2014, 2, 4. [Google Scholar] [CrossRef] [PubMed]

	



Avgar, T.; Potts, J.R.; Lewis, M.A.; Boyce, M.S. Integrated step selection analysis: Bridging the gap between resource selection and animal movement. Methods Ecol. Evol. 2016, 7, 619–630. [Google Scholar] [CrossRef]

	



Duchesne, T.; Fortin, D.; Rivest, L.P. Equivalence between Step Selection Functions and Biased Correlated Random Walks for Statistical Inference on Animal Movement. PLoS ONE 2015, 10, e0122947. [Google Scholar] [CrossRef]

	



Forester, J.D.; Im, H.K.; Rathouz, P.J. Accounting for animal movement in estimation of resource selection functions: Sampling and data analysis. Ecology 2009, 90, 3554–3565. [Google Scholar] [CrossRef]

	



Signer, J.; Fieberg, J.; Avgar, T. Estimating utilization distributions from fitted step-selection functions. Ecosphere 2017, 8, e01771. [Google Scholar] [CrossRef]

	



Mwiine, F.N.; Velazquez-Salinas, L.; Ahmed, Z.; Ochwo, S.; Munsey, A.; Kenney, M.; Lutwama, J.J.; Maree, F.F.; Lobel, L.; Perez, A.M.; et al. Serological and Phylogenetic Characterization of Foot and Mouth Disease Viruses from Uganda during Cross Sectional Surveillance Study in Cattle between 2014 and 2017. Transbound. Emerg. Dis. 2019, 66, 2011–2024. [Google Scholar] [CrossRef]

	



Velazquez-Salinas, L.; Mwiine, F.N.; Ahmed, Z.; Ochwo, S.; Munsey, A.; Lutwama, J.J.; Perez, A.M.; VanderWaal, K.; Rieder, E. Genetic Diversity of Circulating Foot and Mouth Disease Virus in Uganda Cross-Sectional Study During 2014–2017. Front. Vet. Sci. 2020, 7, 162. [Google Scholar] [CrossRef]

	



Kumar, S.; Stecher, G.; Li, M.; Knyaz, C.; Tamura, K. MEGA X: Molecular Evolutionary Genetics Analysis across Computing Platforms. Mol. Biol. Evol. 2018, 35, 1547–1549. [Google Scholar] [CrossRef]

	



Rambaut, A.; Lam, T.T.; Max Carvalho, L.; Pybus, O.G. Exploring the temporal structure of heterochronous sequences using TempEst (formerly Path-O-Gen). Virus Evol. 2016, 2, vew007. [Google Scholar] [CrossRef]

	



Darriba, D.; Taboada, G.L.; Doallo, R.; Posada, D. jModelTest 2: More models, new heuristics and parallel computing. Nat. Methods 2012, 9, 772. [Google Scholar] [CrossRef] [PubMed]

	



Guindon, S.; Gascuel, O. A Simple, Fast, and Accurate Algorithm to Estimate Large Phylogenies by Maximum Likelihood. Syst. Biol. 2003, 52, 696–704. [Google Scholar] [CrossRef] [PubMed]

	



Suchard, M.A.; Lemey, P.; Baele, G.; Ayres, D.L.; Drummond, A.J.; Rambaut, A. Bayesian phylogenetic and phylodynamic data integration using BEAST 1.10. Virus Evol. 2018, 4, vey016. [Google Scholar] [CrossRef] [PubMed]

	



Baele, G.; Li, W.L.S.; Drummond, A.J.; Suchard, M.A.; Lemey, P. Accurate Model Selection of Relaxed Molecular Clocks in Bayesian Phylogenetics. Mol. Biol. Evol. 2012, 30, 239–243. [Google Scholar] [CrossRef]

	



Baele, G.; Lemey, P.; Bedford, T.; Rambaut, A.; Suchard, M.A.; Alekseyenko, A.V. Improving the Accuracy of Demographic and Molecular Clock Model Comparison While Accommodating Phylogenetic Uncertainty. Mol. Biol. Evol. 2012, 29, 2157–2167. [Google Scholar] [CrossRef]

	



Rambaut, A.; Drummond, A.J.; Xie, D.; Baele, G.; Suchard, M.A. Posterior Summarization in Bayesian Phylogenetics Using Tracer 1.7. Syst. Biol. 2018, 67, 901–904. [Google Scholar] [CrossRef]

	



Drummond, A.J.; Bouckaert, R.R. Bayesian Evolutionary Analysis with BEAST; Cambridge University Press: Cambridge, MA, USA, 2015. [Google Scholar] [CrossRef]

	



Dellicour, S.; Rose, R.; Faria, N.R.; Lemey, P.; Pybus, O.G. SERAPHIM: Studying environmental rasters and phylogenetically informed movements. Bioinformatics 2016, 32, 3204–3206. [Google Scholar] [CrossRef]

	



Pybus, O.G.; Suchard, M.A.; Lemey, P.; Bernardin, F.J.; Rambaut, A.; Crawford, F.W.; Gray, R.R.; Arinaminpathy, N.; Stramer, S.L.; Busch, M.P.; et al. Unifying the spatial epidemiology and molecular evolution of emerging epidemics. Proc. Natl. Acad. Sci. USA 2012, 109, 15066–15071. [Google Scholar] [CrossRef]

	



Agostinelli, C.; Lund, U. R Package ‘Circular’: Circular Statistics. Available online: https://cran.r-project.org/web/packages/circular/circular.pdf (accessed on 26 April 2022).

	



Sanchez-Ramirez, S. rBt: R BEAST Tools (rBt). Available online: https://github.com/santiagosnchez/rBt/blob/master/DESCRIPTION (accessed on 26 April 2022).

	



Wang, L.G.; Lam, T.T.Y.; Xu, S.; Dai, Z.; Zhou, L.; Feng, T.; Guo, P.; Dunn, C.W.; Jones, B.R.; Bradley, T.; et al. Treeio: An R Package for Phylogenetic Tree Input and Output with Richly Annotated and Associated Data. Mol. Biol. Evol. 2020, 37, 599–603. [Google Scholar] [CrossRef]

	



Wickham, H.; Averick, M.; Bryan, J.; Chang, W.; McGowan, L.; François, R.; Grolemund, G.; Hayes, A.; Henry, L.; Hester, J.; et al. Welcome to the Tidyverse. J. Open Source Softw. 2019, 4, 1686. [Google Scholar] [CrossRef]

	



Yu, G. Using ggtree to Visualize Data on Tree-Like Structures. Curr. Protoc. Bioinform. 2020, 69, e96. [Google Scholar] [CrossRef] [PubMed]

	



Yu, G.; Lam, T.T.Y.; Zhu, H.; Guan, Y. Two Methods for Mapping and Visualizing Associated Data on Phylogeny Using Ggtree. Mol. Biol. Evol. 2018, 35, 3041–3043. [Google Scholar] [CrossRef] [PubMed]

	



Yu, G.; Smith, D.K.; Zhu, H.; Guan, Y.; Lam, T.T. ggtree: A package for visualization and annotation of phylogenetic trees with their covariates and other associated data. Methods Ecol. Evol. 2017, 8, 28–36. [Google Scholar] [CrossRef]

	



Signer, J.; Fieberg, J.; Avgar, T. Animal movement tools (amt): R package for managing tracking data and conducting habitat selection analyses. Ecol. Evol. 2019, 9, 880–890. [Google Scholar] [CrossRef]

	



Lele, S.; Keim, J.; Solymos, P. ResourceSelection: Resource Selection (Probability) Functions for Use-Availability Data. Available online: https://cran.r-project.org/web/packages/ResourceSelection/ResourceSelection.pdf (accessed on 26 April 2022).

	



Lele, S.R.; Keim, J.L. Weighted distributions and estimation of resource selection probability functions. Ecology 2006, 87, 3021–3028. [Google Scholar] [CrossRef]

	



Gail, M.H.; Lubin, J.H.; Rubinstein, L.V. Likelihood calculations for matched case-control studies and survival studies with tied death times. Biometrika 1981, 3, 703–707. [Google Scholar] [CrossRef]

	



Logan, J.A. A Multivariate Model for Mobility Tables. Am. J. Sociol. 1983, 2, 324–349. [Google Scholar] [CrossRef]

	



Hijmans, R. Raster: Geographic Data Analysis and Modeling. Available online: www.researchgate.net/publication/311921423_Raster_Raster_Geographic_data_analysis_and_modeling (accessed on 26 April 2022).

	



Jukes, T.H.; Cantor, C.R. Evolution of Protein Molecules. In Mammalian Protein Metabolism; Elsevier: Amsterdam, The Netherlands, 1969; pp. 21–132. [Google Scholar] [CrossRef]

	



Donaldson, A.I. The Influence of Relative Humidity on the Aerosol Stability of Different Strains of Foot-and-Mouth Disease Virus Suspended in Saliva. J. Gen. Virol. 1972, 15, 25–33. [Google Scholar] [CrossRef]

	



Hamoonga, R.; Stevenson, M.; Allepuz, A.; Carpenter, T.; Sinkala, Y. Risk factors for foot-and-mouth disease in Zambia, 1981–2012. Prev. Vet. Med. 2014, 114, 64–71. [Google Scholar] [CrossRef]

	



VanderWaal, K.; Gilbertson, M.; Okanga, S.; Allan, B.F.; Craft, M.E. Seasonality and pathogen transmission in pastoral cattle contact networks. R. Soc. Open Sci. 2017, 4, 170808. [Google Scholar] [CrossRef]

	



de Carvalho, L.M.F.; Santos, L.B.L.; Faria, N.R.; de Castro Silveira, W. Phylogeography of foot-and-mouth disease virus serotype O in Ecuador. Infect. Genet. Evol. 2013, 13, 76–88. [Google Scholar] [CrossRef] [PubMed]

	



Bronsvoort, B.M.d.C.; Radford, A.D.; Tanya, V.N.; Nfon, C.; Kitching, R.P.; Morgan, K.L. Molecular Epidemiology of Foot-and-Mouth Disease Viruses in the Adamawa Province of Cameroon. J. Clin. Microbiol. 2004, 42, 2186–2196. [Google Scholar] [CrossRef] [PubMed]

	



Motta, P.; Porphyre, T.; Handel, I.G.; Hamman, S.M.; Ngu Ngwa, V.; Tanya, V.N.; Morgan, K.L.; Bronsvoort, B.M.d.C. Characterizing Livestock Markets, Primary Diseases, and Key Management Practices Along the Livestock Supply Chain in Cameroon. Front. Vet. Sci. 2019, 6, 101. [Google Scholar] [CrossRef] [PubMed]

	



Muleme, M.; Barigye, R.; Khaitsa, M.L.; Berry, E.; Wamono, A.W.; Ayebazibwe, C. Effectiveness of vaccines and vaccination programs for the control of foot-and-mouth disease in Uganda, 2001–2010. Trop. Anim. Health Prod. 2012, 45, 35–43. [Google Scholar] [CrossRef] [PubMed]

	



Fournié, G.; Pfeiffer, D.U. Monitoring and controlling disease spread through live animal market networks. Vet. J. 2013, 195, 8–9. [Google Scholar] [CrossRef] [PubMed]

	



Phillips, S.J.; Dudík, M.; Elith, J.; Graham, C.H.; Lehmann, A.; Leathwick, J.; Ferrier, S. Sample selection bias and presence-only distribution models: Implications for background and pseudo-absence data. Ecol. Appl. 2009, 19, 181–197. [Google Scholar] [CrossRef]

	



Bastos, A.D.S.; Haydon, D.T.; Forsberg, R.; Knowles, N.J.; Anderson, E.C.; Bengis, R.G.; Nel, L.H.; Thomson, G.R. Genetic heterogeneity of SAT-1 type foot-and-mouth disease viruses in southern Africa. Arch. Virol. 2001, 146, 1537–1551. [Google Scholar] [CrossRef]

	



Bastos, A.D.S.; Anderson, E.C.; Bengis, R.G.; Keet, D.F.; Winterbach, H.K.; Thomson, G.R. Molecular epidemiology of SAT3-type foot-and-mouth disease. Virus Genes 2003, 27, 283–290. [Google Scholar] [CrossRef]

	



Samuel, A.R.; Knowles, N.J. Foot-and-mouth disease type O viruses exhibit genetically and geographically distinct evolutionary lineages (topotypes). J. Gen. Virol. 2001, 82, 609–621. [Google Scholar] [CrossRef]

	



Sobrino, F.; Sáiz, M.; Jiménez-Clavero, M.A.; Núñez, J.I.; Rosas, M.F.; Baranowski, E.; Ley, V. Foot-and-mouth disease virus: A long known virus, but a current threat. Vet. Res. 2001, 32, 1–30. [Google Scholar] [CrossRef]

	



Tekleghiorghis, T.; Moormann, R.J.M.; Weerdmeester, K.; Dekker, A. Foot-and-mouth Disease Transmission in Africa: Implications for Control, a Review. Transbound. Emerg. Dis. 2016, 63, 136–151. [Google Scholar] [CrossRef] [PubMed]

	



Lasecka-Dykes, L.; Wright, C.F.; Di Nardo, A.; Logan, G.; Mioulet, V.; Jackson, T.; Tuthill, T.J.; Knowles, N.J.; King, D.P. Full Genome Sequencing Reveals New Southern African Territories Genotypes Bringing Us Closer to Understanding True Variability of Foot-and-Mouth Disease Virus in Africa. Viruses 2018, 10, 192. [Google Scholar] [CrossRef] [PubMed]








[image: Pathogens 11 00524 g001 550] 





Figure 1. Diagrams depicting (a) the step selection function (SSF) model and (b) the resource gradient function (RGF) models used in this study. Both models have a binary response variable, depicted here by black and white circles. SSF models describe differences between used locations (black circles) and n = 10 available, unused locations per used location (white circles). RGF models describe differences between the areas where branches start locations (white circles) and where branches end location (black circles). 
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Figure 2. Map depicting the qualitative risk of being a source area of FMDV in Uganda. The shading represents the likelihood of serving as FMDV source areas, with darker shades representing higher risk. Data from informative covariates in the resource gradient function model (RGF) were centered, scaled, and inverted (where appropriate), such that high values represent a higher likelihood of being a source of FMDV (i.e., classified as a branch-start under the RGF model). The map depicts the mean of the rescaled predictors. 
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Table 1. Odds ratios (ORs) and corresponding 95% confidence intervals (CI) for the best-fitting resource gradient model. ORs represent odds of a node placed in the indicated category being classified as a branch-start location. The reference group for each covariate is the second tercile, i.e., the midrange values. Asterisks represent significant p-values (p < 0.05).
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	Variable
	OR
	95% CI
	p-Value





	Low rainfall
	0.42
	0.22–0.80
	0.0008 *



	High rainfall
	0.66
	0.32–1.34
	0.253



	Low cattle density
	0.22
	0.06–0.81
	0.023 *



	High cattle density
	2.63
	1.26–5.52
	0.01 *



	Near livestock market
	1.88
	1.05–3.39
	0.034 *



	Far from livestock mark
	0.61
	0.29–1.28
	0.189







* denotes p-value < 0.05.
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