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Dissertation overview 

Many of the milestones attained in conservation can be attributed to the translation of theory into 

conservation practice (Robinson, 2006). One of the cornerstones of conservation practice is 

protected areas, which currently cover about 14% of the terrestrial surface of earth and have been 

crucial in reducing biodiversity loss within their boundaries (Butchart et al., 2012, 2015). In 

addition to protected areas, control of invasive species has facilitated the recovery of threatened 

species, especially on insular ecosystems (i.e. islands) where a disproportionate amount of the 

world’s biodiversity is found (Jones et al., 2016; Tershy et al., 2015). However, despite decades 

of conservation efforts, biodiversity continues to decline globally, and again disproportionately 

on islands (Dirzo et al., 2014; Russell & Kueffer, 2019). On islands, habitat loss and invasive 

species have historically been the major threats to biodiversity (Millenium Ecosystem 

Assessment, 2005). Furthermore, other emerging drivers of biodiversity loss – climate change, 

pollution, and intensification of land use - are affecting both islands and continents as well 

(Tilman et al., 2017). The future of conservation will require an understanding of Anthropocene 

landscapes in which humans shape many of the ecological processes that give rise to unique 

habitat, species interactions, functional and genetic diversity (Geldmann et al., 2014; Margules & 

Pressey, 2000a; Russell & Kueffer, 2019). 

In my dissertation, I focus on an insular ecosystem, Puerto Rico, and two major threats to its 

biodiversity: human influence and invasive species. I address three key themes: 1.) the potential 

of spatial graphs (networks) to support conservation management decisions, 2.) determining the 

best species distribution modeling approach to inform invasive species surveying efforts, and 3.) 

identifying causal relationships between landscape permeability and invasive species population 

genetic patterns. 
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Protected areas exist within an intervening matrix of differing habitat quality (Franklin & 

Lindenmayer, 2009). Species survival is thus partly regulated by the ability of individuals to 

move across diverse landscapes (Fahrig et al., 2011). Therefore, landscape connectivity is a 

critical component for ecosystem conservation, especially when important habitats are 

fragmented and widely separated. Defined as the degree to which landscape facilitates or 

impedes movement of organisms among resource patches (Taylor et al., 1993), landscape 

connectivity is crucial to dispersal and gene flow. Ecological networks are coherent systems 

composed of core habitat areas linked by ecological corridors that sustain species movement 

through the landscape in which the network is embedded (G. Bennett, 2004).  Landscape 

connectivity has a net positive effect on biodiversity conservation (Samways & Pryke, 2016).  

However, the same mechanisms that support connectivity may also facilitate the spread of 

invasive species, and, therefore, strong ecological networks could increase their spread, density 

and ecological impacts (Haddad et al., 2014; Wilkerson, 2013). Despite this concern, current 

conservation planning efforts rarely evaluate invasive species potential movement through 

ecological networks (Resasco et al., 2014). Because the spread of invasive species has direct 

effects on biodiversity and ecosystem functioning, it is critical to evaluate how connectivity may 

facilitate the spread of invasive species through landscapes. 

The consequences of invasive species introductions are especially evident in islands (Courchamp 

et al., 2003; Rohrer et al., 2011). Mammalian species introductions (e.g., of feral cats, pigs, rats 

and mongooses) have been particularly detrimental for other wildlife species, driving some to 

extinction and acting as disease vectors (e.g., Leptospirosis and Rabies) (Fagerstone, 2003; 

Pimentel et al., 2005; Veitch et al., 2011). Collectively, invasive predators are responsible for at 

least 58% of all bird, mammal, and reptile extinctions (Bellard et al., 2016; Doherty et al., 2016). 
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Remarkably, 42% of bird extinction on islands are due to mammalian introduced predators 

(Fagerstone, 2003) and native species continue to be threatened by exotic mammals ((Borroto-

Paez, 2009; Engeman et al., 2006). The costs associated with invasive species management are at 

least $120 billion per year in the United States (Pimentel et al., 2005).  

Most mammalian predator introductions on islands are successful because of their high trophic 

position and broad diet preference (Galiana et al., 2014) thus exerting substantial pressure on the 

biological communities of islands. Key factors which may also contribute to their persistence 

include the amount of optimal habitat available, the distribution of habitat, and its structural 

connectivity, which determines how freely a species can disperse in a heterogeneous landscape 

(Blackburn et al., 2011; Sakai et al., 2001; Schreiber & Lloyd-Smith, 2009). Because the spread 

of invasive species has direct effects on biodiversity and ecosystem functioning, it is critical to 

evaluate how landscape connectivity may facilitate the spread of invasive species through 

landscapes. 

The small Indian mongoose (Herpestes auropunctatus [family (Herpestidae)]), is one of the top 

invasive species in the world blamed for the extinction or decrease in numbers of native species, 

particularly within the island ecosystems (Lowe et al., 2004). The mongoose is a solitary 

opportunistic carnivore native to parts of the Middle East, India and Asia but was introduced to 

many Pacific and Caribbean islands at the beginning of the 20th century for biological control 

primarily for rats and snakes (A Barun et al., 2011). Mongoose population density, feeding 

behavior, and home range estimates throughout the Caribbean have been found to be variable 

and can differ among study locations (Berentsen et. al. 2018). This species is the focus of two of 

my three chapters. Shortly after species establishment, noticeable declines in populations of 

several native island species were reported (Nadin-Davis et al., 2008; Seaman & Randall, 1962). 
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The ability of mongooses to recolonize areas from which they have been removed is important 

considering efforts to mitigate their negative effects (mainly predation) on species of 

conservation concern.  

This dissertation includes three chapters:  

Chapter 1: Conservation planning for island nations: Using a network analysis model to find 

novel opportunities for landscape connectivity in Puerto Rico 

The location, size, quality, and connectivity of habitats are all important considerations when 

deciding which areas to protect. The question is how to incorporate all these land attributes into 

models that capture both the function and structure of wildlife habitat, and that are scalable 

across global, regional, and local levels? 

I used network analysis, rooted in graph theory, to answer part of that question. First, I developed 

a map of the human footprint at a 30-m resolution for the island of Puerto Rico to identify areas 

that have high naturalness. Using the human footprint as a cost-surface for potential species 

movement, I modelled spatially coherent networks of habitats linked by potential flows of 

organisms through the landscape matrix. I found that Puerto Rico possesses a compact network 

of natural areas, with a few patches critical to structural connectivity. More than half of Puerto 

Rico’s current land surface had a low human footprint (56%), but most coastal areas were 

affected by human use (82%). The ecological network is likely to maintain its resilience in the 

face of frequent disturbances such as hurricanes.  

Chapter 2: Field validation of habitat suitability models for the small Indian mongoose: 

Implications for the use of species distribution models for guiding field surveys, assessing 

uncertainty and usefulness   

The usefulness of a given modeling framework depends on how it will be applied.  For managers 

who want to control the spread of an invasive species, predicting the potential distribution of 

species is important. Which environmental features in the island are associated with mongoose 
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presence? Which species distribution best predicts the relative probability of occurrence 

compared to observed mongoose presence? 

I tested different types of species distribution models in their ability to predict out-of-range 

occurrences with independent validation data in Puerto Rico. I parameterized four types of SDM 

models (plus their ensemble model) with available mongoose presence data and relevant 

bioclimatic and land-use covariates. All models slightly differ in their treatment of pseudo 

absences and correlative approaches. I used the resulting predictive maps to guide my field 

survey to validate the SDM model predictions. I characterized important habitat variables 

associated with mongoose presence and assessed the utility of the different SDM approaches in 

predicting mongoose occurrence outside the model training area. The distribution of habitat 

suitability and likelihood of species presence differed in geographic space among the four model 

types. I highlight various observations based on this study: 1.) Maps that maximize specificity 

through emphasis on correctly identifying potential suitable habitat were highly prone to 

misclassification, and 2.) multiple evaluation metrics were needed to assess prediction accuracy, 

and I especially noted differences in metrics that evaluate model calibration. The results 

emphasize the importance of re-evaluating and iteratively improving SDMs with independent 

data vs cross-validation, particularly if initial models are trained with data from a limited 

geographic extent. Predicted mongoose presence in coastal areas in the southwest of Puerto Rico 

coincided with highest values of predicted terrestrial native vertebrate resident, endemic, and 

endangered species richness. These areas should be considered of primary conservation concern. 

Chapter 3: Genetic variability of the small Indian mongoose in Puerto Rico is associated with 

proximity to modified landscapes. 

Understanding the degree to which invasive species are related among populations is 

fundamental to managing their populations and ultimately mitigating their impacts.  In this 



6 

 

chapter I tested whether landscape connectivity facilitated spread of the small Indian mongoose 

(Herpestes auropunctatus) in Puerto Rico. I did this using genetic estimates of gene flow to test 

several landscape genetic hypotheses about the relationship of structural landscape connectivity 

with mongoose dispersal. I analyzed the correlation between individual-level genetic distance 

based on microsatellite loci, and landscape cost distance based on landscape resistance. Under a 

landscape genetics framework, my objectives were to first, quantify the genetic variation and 

population structure of the small Indian mongoose in Puerto Rico, and second, assess the 

influence of landscape connectivity and features on genetic patterns. In addition to null 

hypotheses (i.e. Panmixia and Isolation by Distance), I considered alternative hypotheses that 

could explain the genetic variability observed in mongoose individuals, i.e., isolation by barrier, 

and landscape resistance hypotheses, which include habitat suitability levels, degrees of 

structural connectivity (patch-level), and the human footprint index.  

Although I found no statistical evidence of genetic structuring, there was a spatial pattern in the 

shared alleles among individuals. Genetically similar individuals were more common near highly 

human-modified landscapes but there was no evidence of mongooses taking advantage of 

connected habitats in the landscape.  

Conclusion and significance 

High demand for natural resources contributes to high vulnerability of wildlife populations in 

island nations because of their small size and isolation. Understanding the current extent, 

intensity and spatial pattern of human activities, which typically degrade the conservation value 

of habitat patches to varying degrees, is key to identifying areas of high conservation value. 

Furthermore, the extent to which natural areas are connected or fragmented within heterogeneous 

landscapes may affect species survival and consequently species spatial distributions. Although 
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well-connected landscapes can serve as conduits for vulnerable species, this connectivity can 

also influence the spread of invasive species, and human-disturbed and fragmented landscapes 

facilitate biotic invasions. Studying the distribution of invasive species in relation to local 

environmental variables and functional population connectivity aids in our understanding of our 

current ecological network. This information on ecological networks is often lacking yet crucial 

for the development of species and land management plans. It is important to identify areas of 

high conservation value within islands given their significance for global biodiversity and 

vulnerability to anthropogenic modification.  

The results of my dissertation are directly applicable to conservation planning for islands. I 

adapted commonly used conservation biology tools (Human footprint, network (graph) theory, 

species distribution models, conservation genetics) to understand Puerto Rico’s ecological 

network, the distribution of unprotected areas with high conservation value, the degree to which 

these areas are connected, and how resilient the current network is. I also assessed the utility of 

species distribution models to design of field surveys and to quantify the accuracy of model 

predictions. Using a landscape genetics approach, I quantified the functional genetic connectivity 

of mongooses in Puerto Rico and addressed whether the structural connectivity of the landscape 

drive patterns of genetic variability in a mongoose population.  

There are currently few examples of human footprint maps developed specifically for islands. As 

a product of this dissertation, I created a human footprint map at a resolution that is relevant to 

conservation management and characterized the connectivity of patches with low human 

modification that structurally connects the island’s ecological network. These two products will 

be made publicly available for further modification depending on constant land-use changes, 

additionally; the network analysis can be adapted to study any species functional connectivity 
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within the context of a modified landscape. I also provided examples of how species with a 

variety of dispersal distances see the current ecological network and found that although 

structural connectivity is high in the mountainous areas of Puerto Rico, functional connectivity 

highly varies for the vulnerable species. My results highlight that urgent conservation action is 

needed for coastal areas in which valuable conservation areas are fragmented and isolated. At the 

same time, the network reveals how current forest laws might aid in maintaining connectivity 

and resilience of natural areas.  

The potential distribution of an exotic species is a key indicator of its ability to spread and is 

therefore frequently considered in prioritization processes focused on eradication. Mongoose are 

among the most successful invasive mammals in Caribbean and Pacific islands and also the most 

detrimental for local species. The challenge is hence to develop methods for detecting and 

controlling mongoose. My dissertation identified how features of the Puerto Rican landscape 

influence the distribution of mongoose and their neutral genetic variability across multiple 

environments. I showed that the invasive mongoose maintains a widespread and relatively 

unstructured panmictic population in Puerto Rico, and that these patterns are not related to the 

structural connectivity in the island. Proximity to wetlands strongly predicted mongoose 

presence, although its relative importance varied among my four species distribution models. 

Strong predictors of mongoose occurrence also indicated that higher temperatures and areas with 

low precipitation are also important. These observations are consistent with the fact that 

mongoose density is higher in coastal areas. Although I was not able to discern the complex 

genetic processes that characterize mongoose demography (i.e. evidence of propagule pressure, 

genetic drift, founder effects), I did find that mongooses might be exploiting aspects of modified 

environments. This suggests that although mongoose can travel far from modified habitats, they 
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might do so infrequently, and that management of the species should focusing efforts within 

vulnerable areas and at the edges of modified habitat. In terms of where to find mongoose 

populations, I showed that species suitability models are useful, but model type should match the 

main objective of the project. For example, MaxEnt can be useful for preliminary assessments of 

species distributions and field survey design with limited presence and spatial data since it was 

able to identify potential species occurrence. Indeed, MaxEnt correctly identified observed 

presences. However, boosted regression trees might be the best choice after recalibration with 

new presence data, when the objective is to find individuals in low suitability areas.  

My study is of particular interest to researchers, managers, and policy makers dealing with 

dynamic landscapes such as islands, and particularly island nations. Human influence and 

invasive species effects on the local biodiversity depend on the local context of the landscape. 

My research provides novel information about the current state of the ecological network in 

Puerto Rico and how an important invasive species is distributed and functionally connected 

through the island. Islands share unique challenges in integrating conservation, human resource 

use, and altered patterns of disturbance. Thus, extending conservation theory to application is 

relevant when decisions need to be urgently made in the face of uncertainty.   
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Chapter 1. Conservation planning for island nations: Using a network analysis model 

to find novel opportunities for landscape connectivity in Puerto Rico 

Abstract 

Oceanic islands are important habitats for many endemic species. Global conservation 

assessments, however, are too coarse to characterize areas of high human influence or landscape 

connectivity at a resolution that is useful for conservation planning on most islands.  Our goal 

was to identify landscape elements that are essential for the maintenance of structural 

connectivity among natural habitat patches on islands.  Using the Caribbean island of Puerto 

Rico as a case study, our specific objectives were to: (1) develop a map of the human footprint, 

and (2) characterize the connectivity of patches exhibiting low human modification that 

structurally connect the island’s ecological network. We used the human footprint as a measure 

of impediments to connectivity among Puerto Rico’s natural areas using network analysis. We 

found that more than half of Puerto Rico’s current land surface had a low human footprint 

(56%), but that coastal areas were highly affected by human use (82%). Puerto Rico possesses a 

compact network of natural areas, with a few patches in the interior mountains critical to 

structural connectivity. The number of isolated patches is very high; more than 60% of the 

patches were 2000 m or more apart.  Identifying sites that are key hubs to connectivity on islands 

and ensuring they remain undeveloped is one strategy to balance land use and conservation, and 

Citation: Guzmán-Colón, D. K., Pidgeon, A. M., Martinuzzi, S., & Radeloff, V. C. (2020). 

Conservation planning for island nations: Using a network analysis model to find novel 

opportunities for landscape connectivity in Puerto Rico. Global Ecology and Conservation, 

23, e01075. https://doi.org/10.1016/j.gecco.2020.e01075 
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to facilitate the persistence of endemic species. We show here how to improve general 

conservation assessment methods to be more relevant for islands. There is potential to support an 

interconnected network of natural areas that promotes landscape connectivity in Puerto Rico 

among non-coastal habitats, because the human activities are concentrated along the coast 

whereas the interior mountain range has a relatively low human footprint. 

 

Keywords: Island Conservation, Conservation planning, Networks, Anthropogenic influence 

 

Introduction 

Mitigating the effect of human influence on ecological landscapes has become a global 

conservation issue (Ellis & Ramankutty, 2008). Less than a quarter of the Earth’s terrestrial 

surface remains "wild" and 20% has been classified as semi-natural (Ellis et al. 2010). For island 

nations, limited size, isolation, and high demand for natural resources all contribute to high 

vulnerability to human modification (Mimura et al., 2007; Vitousek et al., 1997; Wong et al., 

2005). Although occupying only 5% of the global land area, islands are priorities for 

conservation because of their high levels of endemism, the small population sizes of many island 

species, and diverse functional traits found among many island species (Borges et al., 2018; Kier 

et al., 2009). Thus, it is important to identify areas of high conservation value within islands 

given their significance for global biodiversity and vulnerability to anthropogenic modification. 

Understanding the current extent, intensity and spatial pattern of human activities, which 

typically degrade the conservation value of patches to varying degrees, is key to this process. 

Human footprint maps, i.e., standardized efforts that synthesize multiple anthropogenic threats to 

biodiversity, have been developed at regional (González-Abraham et al., 2015; Leu et al., 2008; 
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Tapia-Armijos et al., 2017; Woolmer et al., 2008) and global scales (Geldmann et al., 2014; 

Sanderson et al., 2002). Unfortunately, however, the resolution of these maps is in most cases too 

coarse to capture patterns of the human footprint within islands, and there are few examples of 

human footprint maps developed specifically for islands. The question is how to derive human 

footprint maps at a scale suitable for conservation planning and management on islands.  

In addition to mapping the human footprint, characterizing landscape connectivity is important 

for conservation planning to identify barriers to the movement of organisms or processes among 

habitat patches (Taylor et al. 1993; Crooks and Sanjayan 2006; Dobson et al. 1999; Margules 

and Pressey 2000; Mitchell et al. 2013) . In particular, measures of connectivity based on graph-

theory, such as network models, provide a strong framework for evaluating multiple aspects of 

habitat connectivity (Pascual et al., 2007; Urban & Keitt, 2001), ranging from simple patch and 

landscape structural indices to more complex spatially explicit metapopulations (Calabrese & 

Fagan, 2004; Rojas et al., 2016; Rozenfeld et al., 2008).  There are few  connectivity assessments 

of islands (but see Zhang & Wang, 2006), and it is unclear if islands have landscape patterns that 

either uniquely foster or hinder connectivity. 

Ecological networks, defined here as a set of spatially linked patches that are relatively 

uninfluenced by humans, have been the focus of conservation actions around the world aimed at 

increasing landscape connectivity to conserve biodiversity and other ecosystem functions 

(Biondi et al., 2012; Damschen et al., 2019; Hermoso et al., 2018). Network topology, the 

physical configuration of patches connected by links in a network, is an emergent property which 

stems from features such as the total network area, patch quality, patch density, and permeability 

of the matrix (Opdam et al., 2006). Network topology can help to predict the spread of 

information and disease, vulnerability to disturbance, and stability of a system (Albert & 
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Barabási, 2002; Gastner & Newman, 2006; Melian & Bascompte, 2002). Network analysis has 

revealed overlooked patterns of resource partitioning for certain species (M. S. Araújo et al., 

2008), helped disentangle the effects of habitat loss and fragmentation across multiple scales 

(Dilts et al., 2016), and helped to identify the spatial decision‐making patterns of loggers in the 

Amazon basin (Walker et al., 2013). Conservation plans for islands could benefit from network 

analysis for efficient characterization of landscape connectivity. Further, network analysis can 

easily incorporate more information as it become available for a given species or a process of 

interest (Dale & Fortin, 2010; Rayfield et al., 2011; Urban et al., 2009). 

The goal of this study was to identify those landscape elements that are essential for the 

maintenance of structural connectivity within a matrix of anthropogenic threats, to serve as 

resource for landscape conservation planning. Specifically, we aimed to 1) map the human 

footprint at a scale relevant to management (i.e. 30-m resolution), and 2) characterize the 

connectivity of patches with low human modification that structurally connect the island’s 

ecological network. We used Puerto Rico, an island territory of the United States located in the 

Greater Antilles archipelago, as a case study.  

Methods  

Study area  

Puerto Rico is an 8,900 km2 island territory of the USA, one of more than thirty island nations or 

territories located in the Caribbean (Figure 1). With a population of 3,725,789, Puerto Rico is 

densely settled (~438 persons/km2) (United States Census Bureau, 2010), although it has seen a 

rapid population decline since 2005 (around 20% of the total population, Makoff & Setser, 2017; 

Meléndez & Hinojosa, 2017). 
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Altitude ranges from sea level to 1300 m, annual temperatures range from 19.4 °C to 29.7 °C, 

and precipitation ranges from 701 mm to 4,598 m (Daly et al., 2003). The island features diverse 

geology and topography, which is expressed as three major physiographic regions: coastal and 

interior plains, hills and central range, and the Luquillo mountain range (Figure 1). Land cover in 

Puerto Rico is dominated by forests (39 %) and grasslands (32 %) with 11 % of the area 

classified as urban with a high level of urban sprawl, the rest is composed of a mix of cultivated 

land, scrub/shrub, wetlands and shoreline (Gould et al., 2008; Wang et al., 2016). Protected areas 

occupy 16 % of the total land surface (Caribbean Landscape Conservation Cooperative, 2016). 

The island supports about 3,100 plant species (more than 250 endemics and up to 300 naturalized 

exotics) and 378 terrestrial vertebrate species (14 endemic bird species, 15 endemic amphibians, 

70 endemic reptiles) (R. Joglar, 2005; R. L. Joglar et al., 2007; Miller & Lugo, 2009).  

Human footprint model 

Datasets 

We selected ten spatial datasets to create a map the human footprint, within the broad categories 

of land use, human access, and electrical infrastructure (Table 1).   

Variable scoring for human footprint  

We assigned a score from 0-1 to each variable, representing irreversibility of habitat 

modification (Table 2). A score of 0 indicates no documented modification and a score of 1 

indicates severe human modification and irreversibility. For example, the conversion of a forest 

patch to pasturelands alters species composition and soil attributes, however, some ecosystem 

functionality is retained or is restorable (Shimamoto et al., 2018). Therefore, pasturelands were 

assigned a lower human modification score than urbanized areas, but a higher score than forests 

(González-Abraham et al., 2015). Our scores were based on published studies relevant to Puerto 
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Rico and followed the scoring system used in other studies (Etter et al., 2011; González-

Abraham et al., 2015; Sanderson et al., 2002; Theobald, 2013; Woolmer et al., 2008) 

Land cover  

We simplified the 13-class land cover classification scheme to five classes (Table 2). Mixed 

primary and secondary forests, wetlands, scrub, shrubs and shoreline, grasslands, and cultivated 

lands (pastures and agriculture). We eliminated: “Open Water” and “Natural Barrens” 

(represented <0.4% of the island’s area or 3,576 ha). The latter included Rocky cliffs and 

shelves, Gravel beaches and stony shoreline, Fine to coarse sandy beaches, mixed sand and 

gravel beaches, Salt and mudflats, and they were included in the “shore” category.  

Puerto Rico’s landscape has experienced rapid land cover change during the 20th century 

(Helmer et al. 2002). The landscape underwent a 64% reduction in agricultural lands between 

1977 and 1992 and these areas mostly reverted to mixed secondary forests. Some of the former 

agricultural land has converted to pasture (48,000 ha) or urban/developed lands ( ~ 7,300 ha) 

(Helmer, 2004). While some pasturelands have also reverted back to secondary forest in the past 

decades (a total of 64,000ha)(Helmer, 2004).  We did not assign specific values to protected 

areas because we also wanted to capture human modification within their boundaries. 

Grassland cover represents a mix of active or abandoned pastures that are is actively maintained 

by intentional fire and grazing. Other land covers influenced by humans include shrub and 

scrublands, which have been recently abandoned or are described as marginally active and semi-

active pastures. Wetlands are a natural land cover on the island, but when they are not flooded, 

they are used for grazing or hay cultivation, and some wetlands develop on disturbed saline 

swamplands. Most shore land is subject to artificial maintenance and periodically flooded (Gould 

et al., 2008).  
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Dams 

Dams can prevent the migration of riverine species (e.g. shrimp), between freshwater and 

saltwater (Holmquist et al., 2008; Ligon et al., 1995; March et al., 2003). In Puerto Rico’s 

freshwater ecosystems, even low-head structures on inland streams were found to decrease 

connectivity for aquatic species (Cooney & Kwak, 2013). To characterize both downstream and 

upstream effects, we assigned scores at two levels: at the dam site and at the watershed level. We 

defined large dams as either a) ≥15 m high from the lowest foundation to the crest, spillway 

discharge of >2000m3, or b) having a reservoir volume of >1 000 000m3; Clarke 2000). We 

defined the zone of influence of each dam to be a circle with a diameter equal to the dam’s crest 

length plus 100 m to account for any spatial inaccuracies of the data, following Woolmer et al. 

(2008). All dam locations were assigned the highest modification score of 1. To assess the 

influence of large dams at the watershed level, we calculated the reservoir volume (m3) per area 

(km2) for each watershed influenced by a dam, and using the distribution of values for 

volume/area, we assigned a human modification score for entire watersheds designating the top 

75% of volume/km2 as 0.5, the median volume/km2 as 0.3, and the lowest 25% received a score 

of 1, following the approach developed by WWF-Canada (2003) and implemented by Woolmer 

et. al. (2008). Watersheds without dams were given a score of 0 (Table 2).  

Impervious surfaces 

Urban development has especially long-lasting ecological consequences (Blair, 2004; Hansen et 

al., 2005). We used land cover data to identify impervious surfaces and open developed spaces 

(Table 2). Open-developed spaces have a mixture of constructed materials, and managed 

vegetation such as parks or gardens. 
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Roads and railways 

Compared to Australia (11 km/km2) or Netherlands (331 km/ km2), Puerto Rico's road network is 

very dense (301 km/ km2). Roads fragment landscapes affecting wildlife demography and water 

quality, promote spread of invasive species, and limit accessibility to natural areas (Fahrig & 

Rytwinski, 2009; Forman & Alexander, 1998). In tropical dry forests, roads alter sediment 

production and run-off. Even when a relatively small percentage of the land in dry forests are 

disturbed, there’s an increase in run-off and sediment delivery to into coastal waters (Ramos‐

Scharrón & Thomaz, 2017).   

We divided the roads into primary (highways, expressways) and secondary (local) roads. We set 

the maximum human modification score for primary roads at 1, and a maximum score for 

secondary roads at 0.8, and assigned incrementally lower modification scores with increasing 

distance from roads, out to 1000 m (Table 3). Similarly, we assigned a modification score that 

declined with distance from railways, out to 500 m, following Woolmer et al (2008). The basis 

for the buffer values follow a ''road-effect zone'' based on common ecological effects extending 

different distances from a road (Forman & Alexander, 1998). Given that we could not find 

specific studies on effect zones for roads in PR, we assumed that there are road effect even at 

>500m as previous studies have demonstrated that roads lead to contagious development (Ibisch 

et al., 2016) .  While the linear decay rate followed the methodology established in the re-scaled 

Global Human Footprint analysis by Woolmer et al. 2008. We believe that we were able to 

capture road density influence when two road buffer zones overlap within a pixel, these scores 

are not additive, using Theobald’s 2013 fuzzy algebraic sum we aimed to reduce errors due to 

partial dependence between layers (i.e., road buffers) that can coincide in the same pixel. 

Mines 
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Sand extraction is common in Puerto Rico (Orris & Carbonaro, 1992; Rodriguez, 2017). We 

distinguished active from inactive mines assigned scores following the same decay function used 

for roads, with a score of 0.5 for active mines and a maximum score of 0.3 for inactive mines 

(Table 3).  

Power Plants and Electrical substations 

We divided Puerto Rico’s electrical power infrastructure into two categories: main power plants 

(score of 1) and electrical substations (0.3) (Table 3), with a distance decay function with 

distance. Although transmission line data was available, the majority of the electric lines ran 

parallel to the roads, thus we decided to exclude these from the analysis.  

Human footprint calculation 

We used a  “fuzzy algebraic sum” to calculate the human footprint in Puerto Rico (Bonham-

Carter, 1992; Theobald, 2013), and to address the issue of non-independence among variables. 

The overall value of human modification Hi at each cell i is calculated as: 

𝐻𝑖 = 1 −∏(1 − ℎ𝑗)

𝑘

𝑗=1

 

where hj is the human modification score of each layer (j=1…k), with values ranging from zero 

to one. 

Level of agreement between the Global HF and our final HF model 

Lastly, we compared the 1 km2 resolution global human footprint map developed by Sanderson 

et al. 2002 with our HF map by calculating a Kappa statistic as a degree of agreement of scores 

between the two maps. This analysis was based on a sample of 1,669 random points with a 

minimum distance of one km (a total of 8.7% of the Global HF map of the island).  
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Network datasets  

Landscape representation 

Patches 

We characterized structural connectivity using attributes from both patches (habitat area and 

human modification score) and links (see section 3.1.2 below for description). We considered 

patches with >25 ha area and with a human footprint ranging from 0 to 0.3 as high quality. We 

selected the patch size based on the average home range sizes of IUCN red-listed species and 

species of concern from the Puerto Rico GAP analysis (Gould et. al. 2008) (Table 4). We used 

Core Mapper within Gnarly Landscape Utilities in ArcGIS 10.3 

(http://www.circuitscape.org/gnarly-landscape-utilities; accessed 30 March 2018) to calculate the 

average habitat value within a 25-ha circular moving window. The resulting habitat patch layer 

contained 352 patches with a total area of 3,121km2 (35% of the total land surface; protected 

areas represented 16% of the area of these patches). 

Links by resistance distance 

We used the HF map layer as a cost surface to model pair-wise connectivity between all patches. 

This layer represents landscape resistance to movement from 0 (no resistance) to 1 (maximum 

resistance). We used Circuitscape to create the cost surface layer using an eight neighbor rule 

(McRae et al., 2008).  

Network construction 

We converted the set of connected patches and their pair-wise resistance values into an 

adjacency matrix, in which connections present between two patches represented the total 

resistance distance between zero and one. The network was constructed and analyzed using the 
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“igraph” package in R (Csardi & Nepusz, 2006). Finally, we removed links between patches 

with >0.6 resistance distance.  

Links by Euclidian distance 

We built five additional adjacency matrices to construct networks with various dispersal distance 

thresholds for hypothetical species (from 300 to 2600 m, in 600m steps). We selected the 

specific distances based on home range sizes of five species prioritized on the IUCN red list and 

Puerto Rico GAP analysis (Gould et. al. 2008) (Table 4). Centroid-to-centroid Euclidian 

distances between habitat patches were calculated using SDM toolbox GIS extension for ArcGIS 

10.3 (www.sdmtoolbox.org/data/sdmtoolbox/; accessed 15 April 2018). 

Network analysis 

Network parameters 

We quantified several route-specific properties of network connectivity, including flux, 

redundancy, and vulnerability (Rayfield et. al. 2011) as well as network resilience (Table 5). 

Within the island’s network, “components” refer to subsets of patches that are structurally 

connected to each other but are disconnected from other subsets in the network. For this study, 

the network metrics dealing with “distance” refer to the number of links or paths needed to reach 

any two patches in the network. Redundancy refers to the presence of multiple or alternate 

potential movement routes among habitat patches. Route vulnerability captures the stability of 

the network, and the degree to which the landscape structure funnels movement.  

Network topology 

We evaluated network topology by comparing the actual network in Puerto Rico to a null model 

derived from 10,000 networks with the same number of patches and links that were randomly 

arranged (see Table 5metrics). We fitted the connectivity distribution and the clustering 
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coefficient distribution of each network to a power law (M. Newman, 2005). This processing 

was done using package “igraph” in R.  

Assessing network resilience 

We wanted to investigate how the connectivity of the network changed as patches were removed 

to reveal the network’s robustness to patch loss. Thus, we quantified the effects of patch removal 

following the principles of percolation theory (Stauffer & Aharony, 1994). In particular, we 

assessed the fraction of patches that could be removed before the largest component 

disintegrated into smaller components (i.e., network contained 50% or less of its original 

patches, or reached zero components (Franceschet, 2012; M. E. J. Newman, 2010; Stauffer, 

1987). We progressively removed patches using three strategies: 1) in decreasing order from 

most connected to least connected, 2) random, and 3) in decreasing order of patch area size. 

Results  

Human footprint in Puerto Rico  

Our human footprint map for Puerto Rico provides a spatially detailed view of current human 

influences on the island (Figure 2. The human footprint in Puerto Rico. The highest human 

footprint scores (blue colors) are near main roads, coastal areas, and densely populated 

municipalities. The areas in beige represent the lowest values of human footprint. High and very 

high categories covered 32% of the island, while the two lowest categories covered 55%. The 

totals do not add to 100% due to rounding.). More than half of the island’s area (56%) has very 

low or low human footprint (HF class < 3) and highest HF areas (>5) are concentrated around 

main roads, cities, and coastal areas. 

While most of Puerto Rico has a very low and low human footprint (55% of the area), there were 

far more patches in the highest HF class than the lowest class (16,787 versus 4,344 for in the 
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lowest HF class), indicating fragmentation in areas where human activities are concentrated 

(Table 6). 

Local HF index comparison with Global HF 

Our HF map and the 1 km resolution Global HF developed by Sanderson et. al. (2002) were 

spatially distinct (unweighted Kappa Index of 0.21 (CI = 0.19-0.23; SE= 0.007) on a scale of -1 

to 1, with 1 indicating perfect agreement, 0 indicating what would be expected by chance and a 

negative value indicating disagreement. In our visual assessment, the influence of roads and 

dense urban areas were well represented in the Global HF, but it overlooked the heterogeneity of 

human influence that was apparent at a finer scale. Overall, the Global HF underestimates the 

amount of the most natural areas and overestimates the amount of human modification (Figure 

3).  

Spatial patterns of anthropogenic impacts 

The three main physiographic regions of the island differ in the degree of human impact 

experienced (Figure 4). Puerto Rico has higher human footprint scores in the coastal and plain 

areas than in the interior mountains. In total, 82% of the coastal region fell within medium to 

high HF classes.  

Puerto Rico ecological network  

Network topology 

We used Puerto Rico’s human footprint model to define a landscape ecological network. A total 

of 152 patches and 481 links were present, organized in a theoretical scale-free network (R2 = 

0.95). Such networks are distinguished by having a few highly connected patches (‘hubs’) and 

many patches with few connections (Barabási and Albert 1999). We found that PR’s network 

contained 33 densely connected groups (Q = 0.47; Newman 2006) ranging 1 to 42 patches (x̅ = 
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4). The network had one major hub (Area = 73 km2) in the central northwest of the island 

between the municipalities of Arecibo and Utuado (18.343511, -66.749858) which had the most 

links (31 or 6%).  

Network parameters 

We compared network parameters between PR ecological network and a simulated random 

network (Table 7) and found several differences. The clustering coefficient for the PR network 

was threefold that of the random network, and the connectivity correlation was positive in PR’s 

network but negative in the random network. These characteristics imply that there are tight 

clusters and a few patches with a disproportionate number of connections, specifically in the 

central northwestern Karst region of the island. 

The values for number of components, size of the largest component, and diameter, along with 

clustering coefficient and connectivity correlation suggest that the PR network is more compact 

than random, however, the average shortest path length was larger in the PR network. Thus, the 

random network had a higher number of short paths between patches. Since size of the largest 

component is related to the diameter, a better way to compare size of the network is to calculate 

the ratio of the size to diameter for the largest component. Both networks had the same ratio of 

0.5. The random network’s average shortest path length was shorter (<2.5) even though it had the 

largest component, compared to PR network’s average shortest path length, which was relatively 

short (3.4). Both numbers are characteristic of a highly compact network in which hypothetical 

individuals would potentially interact with others through a path of <3 links even though patches 

were spread over a large area. 

We further explored how the number of connections for each patch were distributed compared to 

a simulated random network. We found that PR’s network displayed a skewed distribution 



28 

 

(skewness = 1.07; Figure 6), indicating a complex network, and supporting our finding for a 

scale-free network in which there are relatively few, but very well connected patches (M. E. J. 

Newman, 2003). 

Finally, we examined connectivity correlation of the PR network, by calculating the mean patch 

degree of neighbors connected to a patch of k connections (Figure 7). For our simulated random 

network, there was no relationship between number of patch connections and the mean number 

of connections of a patch’s neighbors, and all patches in the random network were accessible.  In 

contrast, PR’s network had a positive relationship (r = 0.29) in which patches with the greatest 

number of connections tended to have neighbors with more connections.  

Distance thresholds and patch area 

Most patches within the PR network were connected. Unconstrained by distance, only 15% of 

the patches were completely isolated (k = 0), all them in the coastal region. However, when 

accounting for dispersal threshold distances, 98% of patches were isolated from other patches at 

a maximum dispersal distance of 1000 m. Even at 2000 m, 60% were still isolated from each 

other (Figure 8a). The number of components decreased as the threshold distance increased 

(Figure 8b). Both the percent of isolated patches and the number of components decreased as 

dispersal threshold distance was increased.  

Network robustness  

We calculated the robustness of the PR network using three patch removal strategies. First, we 

quantified the effects of progressively removing the most highly connected patches, second, we 

removed patches randomly, and third, we progressively removed the largest patches. In the first 

case, when 32 (of 152, or 21%) highly connected patches were removed, 50% of all connections 

were lost. Under random removal of patches, 49% of patches needed to be removed to reach that 
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threshold. When removing patches by size (area), we found that 42% of the patches in the 

network needed to be removed to reach the threshold.    

Discussion 

Our goals were to develop a human footprint map and characterize the ecological network of 

Puerto Rico. We found that global analysis did not capture Puerto Rico’s heterogeneity, and 

underestimated natural areas. Our findings highlight the potential of using network analysis to 

reveal the spatial context and connectivity among natural habitat patches, and the need for 

island- specific characterization of the human footprint, rather than relying on products 

developed at the global scale. Further, our network model showed that Puerto Rico possesses a 

robust network characterized by a concentration of potential habitat patches with high 

connectivity values in the western mountainous region of the island.  However, coastal areas are 

fragmented and disconnected from the main network, a cause for concern regarding conservation 

of littoral ecosystem processes.   

Patterns of the human footprint  

The spatial analysis of Puerto Rico’s HF showed clear gradients in human-caused pressures 

among Puerto Rico’s three physiographic regions. The most obvious pattern was the strong 

difference between the coastal and central mountain regions in terms of number and isolation of 

patches. Developed areas sprawled from main roads, and impervious surfaces are increasingly 

encroaching on  the protected areas (Castro et al., 2016). Our observations agree with other 

studies that have shown a positive relationship between roads, human density and conversion to 

urban cover (e.g. Estes, et. al. 2012; Freitas, Hawbaker, & Metzger, 2010; Hawbaker, et. al. 

2005).  
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In coastal areas, fragmentation was high and the few areas with low human footprint score were 

isolated. Unfortunately, in addition to direct anthropogenic pressures, the coastal areas are also 

the most vulnerable to sea level rise as a consequence of climate change (Jury, 2018; Strauss & 

Kulp, 2018). On the other hand, most of the connected low-HF patches were concentrated in the 

central mountain range region. The resulting PR network has the largest component and most 

important hubs in a region where a multi-sectorial effort to protect 3,900 acres of diverse 

ecosystems has been carried out since 1999 (Ley Núm. 182 Del Año 2014, 2014). The PR 

network identified priority areas in the western karst and mountainous region that are important 

for conservation and landscape connectivity, and supports the current law which requires 

harmonizing the protection of the natural environment, while promoting sustainable 

development(Ley de Bosques de Puerto Rico, 1975; Ley Orgánica Del Departamento de 

Recursos Naturales y Ambientales, 1972).  

It has been argued that limiting human influence into areas of conservation value may be the 

most cost-effective and direct way of achieving global sustainability goals (Ibisch et al., 2016b).  

Our findings suggest that some unprotected land may be suitable for conservation or sustainable 

mixed uses in Puerto Rico. Currently, protected areas cover around 16% of the island (Caribbean 

Landscape Conservation Cooperative, 2016) however, our study found that very low and low HF 

areas cover 53% (Figure 5). Identifying unprotected areas of conservation value is very 

important since  unprotected secondary forests are the dominant forest type in the island  

(Chazdon et al., 2009).  Secondary forests >20 years old in the island exhibit novel plant species 

assemblages and share some characteristics with mature forests in terms of structure, 

heterogeneity and complexity (Herrera-Montes & Brokaw, 2010) meaning that ecosystem 

function could recover in a relatively short period of time if human modification is limited. 



31 

 

Further, second-growth forests will be critical spots for conserving evolutionary diversity for 

multiple species and assume a pivotal role in terms of carbon sequestration and carbon stocks 

(Chazdon, 2008; Edwards et al., 2017).  

Global land-use trends in indicate that agricultural expansion takes place on fertile soils, while 

abandoned farmlands are most common on marginal areas with poor soils (Cramer et al., 2008). 

Abandoned farmlands present an opportunity for ecological restoration efforts on islands, but 

management of degraded landscapes is highly varied and the impacts of second-growth forest on 

biodiversity also varies substantially (Queiroz et al., 2014). Islands share similar histories of land 

use dynamics yet trajectories of forest regeneration over time are varied (Aide et al., 1995; 

Blondel & Médail, 2009; Chazdon, 2003).  In the Caribbean island of St Croix for example, 40-

year-old post-agricultural tropical dry forests that regenerated from former plantations shares 

similar structural characteristics but differs in species composition(Atkinson & Marín-Spiotta, 

2015), a pattern similar to post-agricultural forests in Puerto Rico. In contrast, there is a wide 

range of responses to pastoral or agricultural abandonment in the Mediterranean islands (Médail, 

2016). While agricultural abandonment has led to a general increase in matorral and second-

growth forests on some Mediterranean islands, the relationship between successional processes, 

biodiversity, and land-management is still uncertain (Rühl & Pasta, 2007; Schaich et al., 2015). 

In some cases, the end of traditional agricultural land use in Mediterranean islands has led to 

severe soil erosion or extinction of endemic species (Médail, 2016; Petanidou et al., 2008). 

Although global analyses are good at capturing general trends, specific conservation problems 

can differ by island. In this study we have identified unprotected land areas of high conservation 

value.  
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For islands, balancing the trade-offs between urban development and local and global 

conservation goals is especially challenging. However, our characterization of human 

modification patterns and connectivity via network analysis provide the quantitative knowledge 

needed to find that balance. For example, protected area effectiveness is highly dependent on the 

possibility of movement through unprotected landscapes (Saura et al., 2018). That is why we 

included landscape context in the form of human modification scores to quantify the important 

areas for structural connectivity, and our approach is adaptable and hence suitable for diverse 

conservation goals.    

Human footprint at the local level 

Global models of the human footprint (Sanderson et al., 2002; Venter et al., 2016) are essential 

for understanding  broad trends of human impacts in terrestrial ecosystems. However, global 

models are likely to be of limited use for islands as they can be incomplete. For example, most of 

the datasets used to build the Global HF do not consider oceanic islands which are thus excluded 

from global analyses. Therefore, to effectively interpret how the human footprint may influence 

ecological processes on oceanic islands, fine-scale island-specific data are needed. For example, 

our study revealed that relatively undisturbed natural areas have been underestimated by the 

global human footprint model, with the result that opportunities for conservation could be 

overlooked. Other studies have also found greater heterogeneity in fine scale models (Perkl, 

2017) relative to global efforts, for example landscapes in the western United States were 

considered relatively undisturbed in global models but 13% of the region was covered by 

anthropogenic features in an analysis of fine-scale data (Leu et al., 2008). Similar to our findings 

for Puerto Rico, in both southern Patagonia and the Northern Appalachian Region of the USA, 

the global HF model underestimates the wildest areas (Inostroza et al., 2016; Woolmer et al., 
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2008). Overall, efforts to reassess the human footprint at greater resolution than global models 

are important and useful for conservation planning at the regional level.  

Network topology and parameters 

We found that the PR network follows the principle of preferential attachment, in which patches 

tend to connect to other patches that have an existing high level of connectivity (Barabasi and 

Albert 1999). Additionally, the PR system is highly compact in that within clusters, the majority 

of patches are connected to other patches via a path of < 3 connections.  Nevertheless, the high 

skewed patch-degree distribution and positive connectivity correlation highlights the fact that 

there are many patches with few or no links to other patches. In other words, there are key 

patches that hold the network together and those hubs tend to be clustered (Minor & Urban, 

2008). The clustering coefficient was higher for the real PR network than for the simulated 

random network, indicating that there are redundant or alternative paths in the real network.  

The PR network structure is attributable to the large extent of second-growth forest cover present 

in the western central mountain range in Puerto Rico. Prioritizing patches according to their 

degree of connectivity within this network can support mechanisms that promote species 

coexistence by facilitating colonization and promoting species' ability to survive in the aftermath 

of diverse disturbances (e.g. hurricanes, conversion to agriculture or pasture) (Uriarte et al., 

2012). It has been shown that distance between patches influences forest recovery in Puerto Rico 

(Hogan et al., 2016), however in our network model, we found that only a few patches within El 

Yunque National Forest in the east of the island served as key hubs that provided connectivity 

for otherwise isolated habitat patches of the eastern coastal areas. Nevertheless, these protected 

areas in the east of the island are crucial for the maintenance of endemic biodiversity and for 
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various ecosystem processes and services (Lugo, 2005), but they are in constant threat of human 

modification.  

There are positive and negative conservation implications that emerge from a scale-free network 

such as the one that we found. In terms of stability or resilience, if patches were to disappear 

randomly, there is a high likelihood that hubs would not be affected and that overall, components 

would remain connected. From our analysis, it appears that the PR network could sustain a fair 

amount of random patch loss before overall landscape connectivity is compromised, but loss of 

hubs would be highly detrimental (Barabási & Bonabeau, 2003; Urban & Keitt, 2001).  

Patch isolation and distance thresholds  

The combination of habitat isolation, dispersal limitation and low reproduction rates of 

organisms exacerbates the likelihood of extinctions (Kadmon & Allouche, 2007). Our 

assessment of isolated patches revealed that habitat connections for species with limited dispersal 

ability were few and many patches were isolated. For example, there are three release sites for 

the captive-bred and endangered Puerto Rican parrot that differed in the degree of structural 

connectivity. Two of these sites, the Rio Abajo and Maricao State Forests belong to the main 

component of the network in the west mountainous region of the island, while the other site, El 

Yunque National Forest appeared isolated. Based on species dispersal distance only the parrot 

could reach the patches within the main the network in the western region. On the other hand, 

parrot dispersal is restricted on habitat patches in El Yunque that have a strong human influence 

in its buffer zone with only a few links connecting them to coastal habitat. These distinct spatial 

patterns and the fact that El Yunque is considered sub-optimal habitat for this species, are a 

serious consideration for the Amazon population recovery. The level of human influence in 

eastern Puerto Rico contribute to patch isolation and potential species movement.  
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Limitations   

Connectivity and resistance surface models derived from naturalness indices may not contain 

enough information for identifying the needs of habitat specialist species. However, models of 

the HF are repeatable, relatively simple and further, connectivity models based on naturalness 

have been shown to provide a good proxy for focal species (Krosby et al., 2015). There’s wide 

acceptance that biodiversity conservation must adopt a dynamic approach when tackling climate 

change, biological invasions and habitat fragmentation (Harrison et al., 2006; Willis et al., 2009). 

Using HF as a resistance surface for landscape connectivity models can be the first step to 

analyze island natural areas networks within modified landscapes and can later be complemented 

with analyses that focus on individual species. Further, the graph-theoric approach for 

connectivity presented in this study is dynamic in the sense that patch attributes are modifiable 

depending on the conservation objective being tested.  

Conclusion  

The main driver of biodiversity decline is human pressure on Earth's ecosystems. Island 

ecosystems remain disproportionally threatened by a number of anthropogenic stressors, and as a 

result, it is imperative to not only study the spatial arrangement of those remaining natural and 

semi-natural areas, but to understand the existing structural connectivity among them. The 

smaller geographic size of islands often means that there are many vulnerable species due to 

small areas of habitat, small population sizes and high endemism. Conservation and economic 

development goals often clash, placing unsustainable demands on resources thus leading to 

exploitation of natural resources and habitat modification (Graham et al., 2017). In Puerto Rico, 

forests in the interior mountains are subject to less human activity based on our human footprint 

model than coastal areas. Furthermore, patches within these forests were of utmost importance 
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for connecting isolated coastal patches to the main network. Our analysis suggests that Puerto 

Rico’s ecological network is likely to maintain its resilience in the face of frequent disturbances 

such as hurricanes, if other disturbances do not substantially alter the network. The relatively 

robust ecological network is in large measure attributable to agricultural abandonment and 

subsequent second growth forest. Other islands might exhibit a different distribution of human 

modification patterns given the different histories of extraction and diverse natural forces that 

alter their habitats (Velmurugan, 2018), however, it is plausible that an analysis of coastal habitat 

patches in other island nations reveal a similar pattern of patch isolation and fragmentation. We 

found that existing legal protections in the western mountain region of Puerto Rico were crucial 

for the tightly connected ecological network found and that protection of the rainforest is critical 

for maintaining natural areas connectivity in the eastern region. Our study provides a guide to 

planning and prioritizing conservation efforts based on both naturalness and importance to 

maintaining overall landscape connectivity, and having such analyses completed can be useful 

when windows of opportunity for conservation actions occur.  
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Figures and tables 

Table 1. Variables, data sources and spatial resolution or scale of data used in the creation of 

the human footprint index for Puerto Rico. 

Category Variable Source Spatial resolution or 

scale of data 

Land Use  

Land cover: 

 

NOAA’s Coastal 

Change Analysis 

program. High-

Resolution Land 

Cover Classification 

scheme 

30-m grid  

Dams US Army Corps of 

Engineers National 

Inventory of Dams. 

2013.  

Point vector layer 

Watersheds United States 

Geological Survey 

Watershed Boundary 

Dataset. 2014 

Generally developed 

at 1:24,000/1:12,000 

scale 

Mines (Open)  Mineral Resources 

Data System 

(MRDS): U.S. 

Geological Survey 

Digital Data. 2005 

Point vector layer 

Access    

 Roads USA: Census –

Tiger/Line Files. 

2010   

1:100000 

 Railways Puerto Rico 

Transportation and 

Roads Authority 

Line vector layer 

Electrical Power 

Infrastructure 

 Puerto Rico Planning 

Board 

Point vector layer 
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Table 2. Impervious surfaces and reservoir volume density scores of human 

modification for each variable used in the analysis.  

Variable Class Score 

 

Land cover 

Mixed Forests 0 

Wetlands 1 

Scrub/Shrub/Shore 3 

Grasslands and Herbaceous 5 

Cultivated/Pastures, Hay 6 

 

0 

0.1 

0.3 

0.5 

0.6 

 

Developed land   Impervious 1 

   Open developed spaces 0.7 

Dams (Volume of 

water /land area) 

  

   ≥ 310409 m3/km2 

 14239 – 310409 m3/km2  

 < 14239 m3/km2  

0.3 

0.2 

 

 

0.1 

  



51 

 

Table 3. Human modification scores for each infrastructure variable used in the analysis 

Variable 0 – 10 m 11 – 90 m  91 – 500m 501 – 1000m 

Roads     

Primary 1 0.8 0.6 0.4 

Secondary 0.8 0.6 0.4 0.2 

Railways 0.6 0.4 0 0 

Mines     

Active 0.5 0.3 0.1 0 

Inactive 0.3 0.1 0 0 

Electrical Power     

Power Stations 1 0.6 0.2 0.1 

Substations 0.3 0.2 0.1 0 
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Table 4. Several native species average home range (ha) and maximum daily movement recorded 

in literature. 

Species 

Average home 

range (ha) 

Maximum daily 

movement (m) 

Reference 

Yellow shouldered 

blackbird (Angelaius 

xanthomus) 

256 10,000 Post 1981; Post 2011 

Puerto Rican Amazon 

(Amazona vittata) 

22 2,058 

Lindsay et. al. 1991; 

Snyder 1987 

Puerto Rican Nightjar 

(Anthrostomus 

noctitherus) 

5.2 360 

Vilella 1995; Vilella 

2010 

Puerto Rican Boa 

(Epicrates inornatus) 

11 26 

Puente-Rolón, et. al. 

2004; Wunderle and 

Mercado 2004 

Various frog species 

Eleuctherodactylus 

spp.  

0.0005 5 

Woolbright 1985; 

Ovaska 1992;  
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Table 5. Topological network-level measures (Adapted from Rayfield et. al. 2011 and references 

within; Minor & Urban, 2008). 

.  

Connectivity 

Property 

Metrics Definition Ecological Relevance 

Route-specific flux 

Degree Distribution  Probability 

distribution of patch 

degrees 

(connections) over 

the entire network. 

P(k) 

Distribution of 

potential source and 

sink habitat patches.  

Network order 

(Number of Patches 

N) 

Total number of 

patches within 

network 

Number of habitat 

patches in the habitat 

network 

Network size 

(Number of 

Connections k) 

Total number of 

links within network 

Number of pairs of 

directly connected 

habitat patches 

Number of 

components  

Total number of  

groups of structurally 

connected patches 

and links 

Number of distinct, 

unconnected groups of 

habitat patches. 

Spatially isolated 

components  
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Average shortest 

path length 

(characteristic path 

length) 

Average length of 

the shortest path 

connecting patch 

pairs. Implies 

efficiency of 

movement within a 

network.  

This metric requires 

discovering all 

possible paths 

between patches i 

and j, and then 

finding the shortest 

path length (lij). Note 

that length refers to 

the number of links  

or paths between any 

two patches.  

When short (<6 steps; 

Travers & 

Milgram, 1969), all 

patches tend to be 

easily reachable. Could 

imply a patchy 

landscape rather than a 

hierarchical 

organization.   

Diameter 

(component level) 

and size of largest 

component (network 

level) 

Measures the greatest 

distance of a path 

between any pair of 

patches in the 

network. Can be 

Indicates the 

compactness of a 

component, short 

diameter implies fast 
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interpreted as the 

easiness of an 

organism to 

functionally reach all 

other patches in the 

network.  

 

movement through the 

network.  

Route Redundancy 

Clustering 

Coefficient  

Measures the average 

fraction of the 

patch’s neighbors 

that are also 

neighbors with each 

other.  

A high clustering 

coefficient  can 

facilitate dispersal 

among patches and 

more resilient to patch 

removal   

Route Vulnerability  

Connectivity 

Correlation 

Measures the 

relationship between 

average connections 

of a focal patch 

relative to the 

average number of 

connections of its 

neighbors 

High values can 

indicate a presence of 

sub-networks.  Sub-

networks 

(compartmentalization) 

tend to reduce the 

spread of a surging 

disturbance 

Resilience 

Iterative removal of 

patches based on 

Number of patches 

whose removal 

Simulates the overall 

connectivity of the 
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three percolation 

strategies: random, 

area, degree 

disconnects the 

largest component of 

the network  

network and relative 

importance of habitat 

patches when they are 

destroyed 
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Table 6. Total number of patches and their proportion in the island of Puerto Rico per human 

footprint category. 

Value Numbers of Patches Proportion in landscape 

Low (0-0.3) 4,344 0.55 

Med (>0.3-0.7) 15,271 0.13 

High (>0.7-1) 16,787 0.32 
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Table 7. Graph diagnostic metrics for assessing connectivity of networks. 

 

Puerto Rico 

Network Random Network 

Number of components 33 24 

Size of largest component  112 129 

Diameter  5.55 6 

Average shortest path length 3.27 2.73 

Clustering coefficient 0.25 0.09 

Connectivity correlation  0.29 -0.07 
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Figure 1. Puerto Rico, one of more than thirty island nations or territories located in the 

Caribbean (red square), has three major physiographic regions: Coastal and Interior plains, Hills 

and central mouFigure ntain range and the Luquillo Mountains.  
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Figure 2. The human footprint in Puerto Rico. The highest human footprint scores (blue colors) 

are near main roads, coastal areas, and densely populated municipalities. The areas in beige 

represent the lowest values of human footprint. High and very high categories covered 32% of 

the island, while the two lowest categories covered 55%. The totals do not add to 100% due to 

rounding. 
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Figure 3. Human footprint scores based on our model (black columns) compared to the global 

HF model (gray columns).  
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Figure 4. Proportion of land with low, medium, and high human impact according to our HF 

model, within the three broad physiographic regions in Puerto Rico: Coast, Central Mountains, 

and Luquillo mountains. 
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Figure 5. Protected areas in Puerto Rico and their Human Footprint Scores (Top). Low and Very 

Low human modified areas accounted for 82% (1, 129.96 km2 out of a total of 1, 378km2). 

Medium to Very High modified areas covered 18% of protected areas (248 km2).  Patches with a 

very low score and > 25 ha (0.25 km2) outside of protected areas (center) are scattered though the 

central mountainous regions and almost non-existent in coastal areas.  The Puerto Rico 
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ecological areas network (bottom). Patch size represents number of connections and patch color 

represents the components to which each patch belongs. The patch with the most connections, 

the hub, was identified as part of the Karst region in the island (delineated in red).   
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Figure 6. Patch-degree distribution for Puerto Rico’s ecological network. In this graph, there are 

far more patches with few a links. The distribution of patch degrees is heavily skewed to the 

right for both the random network (1.49) (Top), and for Puerto Rico’s network (1.07) (bottom). 

The asterisk indicates mean patch degree.  
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Figure 7. Connectivity correlation for random network (top), and the Puerto Rico network 

(bottom). PR network had a positive relationship between mean patch degrees of neighbors and 

number of connections of a patch. In PR network, the higher the patch degree, the more 

neighbors connected to each patch. The pattern suggests that patches with a minimum of 7 or 8 

connections to other patches (given our parameters) are enough to reach neighbors with the mean 

maximum possible of connections in the system 



67 

 

 

Figure 8. The (a) percentage of isolated patches and (b) number of components found in the PR 

network according to several threshold distances. Number of components included isolated 

patches. Five species listed in the PR-GAP analysis were used to classify threshold distances (see 

table 4).  
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Figure 9. Effect of patch removal on the connectivity of the Puerto Rico ecological network. The 

relative size of the largest component decreases as an increasing number of patches are removed. 

Patches were removed according to three different percolation strategies: removal of patches 

with the highest number of links first (deg), random removal (rand), and by area (largest to 

smallest). The horizontal dashed line represents half of the total of patches in the network (n = 

76). 
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Chapter 2. Field validation of habitat suitability models for the small Indian 

mongoose: Implications for the use of species distribution models for guiding field 

surveys, assessing uncertainty and usefulness.   

Target Journal: Biological Invasions 

Abstract  

Accurate knowledge of invasive species occurrence and distribution is crucial for decision 

making and assessments of risk. Species distribution models (SDMs) are commonly used to 

predict environmental suitability; however, few studies can provide independent validation for 

SDM outputs. I had two goals. First, we aimed to develop a habitat suitability model to predict 

the presence of an invasive mammal [small Indian mongoose: (Herpestes auropunctatus)] in the 

island of Puerto Rico. Second, I aimed to use field surveys to validate predicted distributions of 

mongoose in Puerto Rico from four alternative modelling approaches: Ecological Niche Factor 

Analysis, MaxEnt, Generalized Additive Model, and Boosted Regression Trees. The likelihood 

of habitat suitable for mongoose was predicted to be very high in coastal regions, mongoose 

presence had a positive association with proximity to wetlands in all models. Evaluation metrics 

suggested that models MaxEnt, GAM and BRT performed well (AUC = 0.84-0.89), but not 

necessarily agreed between predicted probabilities of occurrence and observed presence in the 

field. A Kruskal-Wallis rank test indicated that the estimated probability of occurrence differed 

significantly among the models, resulting in different maps of potential species distribution. 

Overall, we found that MaxEnt can be useful for preliminary assessments of species distributions 

and field survey design, however, boosted regression trees might be the best choice after further 

iterations with independently gathered presence data. The results emphasize the importance of 

re-evaluating and iteratively improving SDMs with independent data vs cross-validation, 

particularly if initial models are trained with data from a limited geographic extent. This study 
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highlights both the importance of field validation of SDM models and to reflect on the purpose 

of the model for end users.  

Keywords: Species Distribution Model, invasive species, model validation, model performance, 

Potential distribution models 

Introduction 

Introduced species have the potential to become harmful to local biodiversity, human health, and 

the economy (Pimentel et al., 2005), making it important to predict the potential distribution of 

such species (Elith et al., 2006). Fundamentally, the invasive potential of an introduced species 

depends on its survival in each of four main stages of the invasion pathway: transport, 

introduction, establishment, and spread (Blackburn et al., 2011), and management efforts can 

target any of these steps. However, the first two, transport and establishment, are the most 

elusive stages for population management efforts due to the diversity of transport vectors and 

factors that influence the survival of introduced species in a new environment (Lockwood et al., 

2013). Therefore, the most common management approach is slowing the spread via on-the-

ground control or eradication programs (Le Maitre et al., 2008). Species distribution models can 

assist such efforts greatly if they predict where a species is likely to occur based on a suite of 

environmental conditions. However, validating model predictions in the field and deciding 

whether the model is useful for its intended application (e.g. establishing containment 

boundaries, early detection, or rapid response measures) are less common (M. B. Araújo & 

Guisan, 2006; Antoine Guisan & Thuiller, 2005b).  

Environmental suitability and species dispersal abilities are two major factors that determine the 

colonization of new geographical areas (Lockwood et al., 2013). Environmental suitability 

defines the fundamental niche of a species, i.e., the set of environmental conditions under which 
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populations can survive and reproduce (Soberón, 2007), which is often much larger than the 

realized niche, i.e., where a species actually occurs because of species interactions, and areas that 

are yet-to-be colonized. Species distribution models predict those areas that are hypothetically 

available to the species across a study area (“potential niche”) by establishing a statistical 

relationship between occurrence locations and a set of climatic and landscape features. The 

estimated relationships can then be used to predict a species’ distribution in areas where an 

introduced species has not yet colonized which is valuable for monitoring programs, risk 

mapping and decision-making (El-Gabbas & Dormann, 2018; Guillera-Arroita et al., 2015; 

Manzoor et al., 2018). However, the challenge of predicting invasions outside their actual 

distribution is that invasive species can spread into parts of the fundamental niche that are not 

available in their native range (Early & Sax, 2014; Le Maitre et al., 2008). Therefore, species 

distribution models for introduced species require frequent updating with new occurrence 

records (Cook et al., 2019; Uden et al., 2015). Predictions for initial models can guide targeted 

surveys though, that then increase model reliability (Crall et al., 2013; Lauzeral et al., 2015; 

West et al., 2016a). Unfortunately, while many thousands of species distribution models have 

been developed, few have been validated with an independently collected dataset (West et al., 

2016b; Westwood et al., 2019).  

The challenge for predicting distributions into areas that are yet-to-be colonized is that species 

distribution models are usually validated with data from the same region in which they were 

fitted, e.g., via cross-validation, but that does not quantify the usefulness or applicability in the 

areas that will be colonized (Randin et al., 2006). Only a geographically independent data set can 

truly validate the accuracy of predictions in space (A Guisan & Zimmermann, 2000; Yates et al., 

2018).  



72 

 

The usefulness in predicting future colonization depends on both the accuracy of the prediction 

and on the specific conservation goals (M. B. Araújo & Townsend Peterson, 2012). For example, 

when predicting non-invasive species scenarios with stable distributions, a model that predicts 

presence where the species is absent is over-prediction (i.e. commission error). However, when 

predicting invasive species with the aim to discover new populations, a model that predicts 

presence in a location where a species had not been recorded so far is desirable (M. B. Araújo & 

Townsend Peterson, 2012) because those ‘over-predictions’ may represent the areas of potential 

spread that are suitable but not yet established (Antoine Guisan & Thuiller, 2005a). Similarly, at 

the later stages of the invasion, when the management goal is to eradicate new populations 

before they can fully establish, the modeling goal is also to predict all potential presences, and 

minimize errors of omission (Ward, 2007). A false absence may result in a failure to establish 

appropriate control measures (Baxter & Possingham, 2011). Thus, mismatches between 

prediction and observation do not necessarily mean that the model is wrong and may be the 

result of specific management and modeling goals, but a model that vastly over-predicts 

presences is rarely useful either. Deciding how to balance errors of commission and omission 

will depend on the objective of the study. 

The goal of our study was to model the distribution of the small Indian mongoose (Herpestes 

auropunctatus) in Puerto Rico where it is an established invasive species, and to test different 

types of species distribution models in their ability to predict out-of-range occurrences with 

independent validation data. The specific objectives of this study were to: 1.) model landscape-

level habitat associations of the mongoose in Puerto Rico; 2.) compare the usefulness of 4 

modeling frameworks to predict out-of-range mongoose occurrence; 3.) use the species 

distribution model that maximized the true positive rate of probability values (i.e. maximized 
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sensitivity) to stratify a random sampling scheme to collect an independent mongoose presence 

dataset; 4.) re-calibrate the species distribution model with the new dataset and compare 

expected versus observed presence points to assess each model’s usefulness in guiding survey 

efforts in new locations for invasive mongoose monitoring.  I chose this species because of its 

threat to island biodiversity and to human health, because mongooses are a disease vector of the 

rabies virus and the bacterial disease leptospirosis (Benavidez et al., 2019a; Berentsen et al., 

2018; D. B. Hoagland et al., 1989) 

Methods  

Study area  

Puerto Rico is situated in the northeastern Caribbean (18.2208° N, 66.5901° W). The island 

encompasses 8,900 km2 of land and has a tropical maritime climate. Temperatures are warm 

year-round (average 25 ºC) (Daly et al., 2003). There is one distinct wet (June through 

November) and one dry (December through May) period (Waide et al., 2013), and rainfall 

averages 1, 687 mm/year. The highest elevation point is 1,338 m (Garcia-Martino et al., 1996). 

There are six life zones in Puerto Rico (Miller & Lugo, 2009), ranging from subtropical-dry to 

low-montane rain forest. Climate shifts with elevation, and lower temperatures, greater 

precipitation, cloud cover, and humidity occur at higher elevations (Waide et al., 2013). In terms 

of landcover, forests cover 53 % of the main island, and developed areas 11 %, the latter mostly 

occurring as linear developments along highways and roads with urban centers near coastal 

plains and valleys distributed throughout the island. The remaining 35 % is composed of 

pastureland, grasslands and agriculture, and natural barrens (Gould et al., 2008).  

Study species  
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The small Indian mongoose is a solitary opportunistic predator native to the Middle East, South 

and Southeast Asia (Nellis & Everard, 1983). It was originally introduced to the Caribbean 

region between 1872 and 1900 (Coblentz & Coblentz, 1985). Mongoose are on the top one-

hundred most harmful invasive species because of their impacts on faunal communities (Lowe et 

al., 2000). The mongoose is a mostly diurnal predator with a high reproductive output (i.e. litters 

of 2-4 pups, two to three times per year) (Nellis & Everard, 1983). In Puerto Rico, home ranges 

vary widely from 3.1 to 52.2 ha, (D. Hoagland & Kilpatrick, 1999; J. H. Quinn & Whisson, 

2005). Mongoose density varies among Caribbean islands from 0.19 to 9.0 mongooses/ha with 

overlapping home ranges (Johnson et al., 2015b; Pitt et al., 2015; J. Quinn et al., 2006; Roy 

Horst et al., 2001). The average daily travel distance of mongoose ranges from 300 to 500 meters 

(Pimentel, 1955). Mongoose feed on a wide variety of food items, but mostly small vertebrates 

and invertebrates (71-89%), and plant material (15-29%) (Pearson & Baldwin, 1953; Pimentel, 

1955; Vilella & Zwank, 1993), with items differing in importance depending on habitat 

(Gorman, 1975; Powers et al., 2020). The density and diet of mongooses varies according to 

habitat characteristics, and they are most numerous in dry, hotter, and lower elevation areas 

(Guzman-Colon & Roloff, 2014; Johnson et al., 2015b). Population management strategies 

include localized trapping (Berentsen et al., 2018).  

Environmental and land cover data  

I obtained 19 WORLDCLIM climate variables at ~1 km resolution (0.0083 degrees; 30-arc 

seconds) that represent 30-year climate averages for Puerto Rico. I tested variables for 

collinearity, and retained candidate temperature and precipitation variables that were not strongly 

correlated (Pearson correlation coefficient |r| < 0.7 or |r| > – 0.7) and most likely to impose 
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resource-based limits (e.g. seasonality) (Merow et al., 2013), i.e., annual mean temperature, 

annual mean precipitation, temperature seasonality, and precipitation seasonality (Table 8).  

Our land cover data were obtained from the United States Geological Services – GAP analysis 

project (2011) as a raster layer of seventy-one classes at 15 m resolution. I reclassified the raster 

into eight land cover classes: evergreen forests, freshwater, grasslands, plantations, semi-

deciduous forests, shrublands, urban, and wetlands. I excluded shoreline and ocean water. For 

each land cover type, I calculated the Euclidian distance from each mongoose presence location 

to the nearest pixel of, e.g., forest (Table 8). The variables ‘annual mean precipitation’ and 

‘evergreen forest’ were highly correlated with ‘elevation’ but not with each other. I did not 

include elevation. 

Field methods 

Preliminary presence data  

To develop our initial presence-background model in Maxent, I used mongoose occurrence data 

from a capture-recapture study completed at El Yunque National Forest and Northeast 

Ecological Corridor in 2011 (number of unique captures = 36) (Figure 10) (Guzman-Colon et al., 

2019). These presence points were distributed over an elevational range of 0 – 955 m.  

Guided survey 

I designed a stratified survey to test both the ability of the models to predict presence of 

mongoose and to compare the performances of the four model types. The stratified survey was 

based on the relative probability output obtained from the initial MaxEnt model based on 2011 

trapping. Our aim was to capture the full range of habitat suitability across the island, and so I 

stratified our sampling into three classes of habitat suitability index values as determined by the 

2011 data (HSI: 0 - 0.3; > 0.3 - 0.7; > 0.7 - 1.0). In each of the three HSI categories, I located 
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nine random sites in the mountainous region (n = 27) and nine random sites within the coastal 

areas (n = 27) for a total of 54 sites. Within each site I created one 1-km2 grid. Within each grid 

at each site, I randomly placed eight traps within each grid. I generated the eight random trap 

points within each grid using the Sample Design Toolbox for Arc GIS (Figure 11).  

I set and monitored the traps from May to September of 2017 because mongoose disperse during 

the summer months (Hayes, 1989). Three grids were monitored each day and each grid was 

monitored for a period of two consecutive days.  

 

Species distribution modeling frameworks  

I compared 4 species distribution modeling types.  For each, I first trained and tested the model 

within El Yunque National Forest watershed with data from the 2011 capture-recapture study 

described in 2.4.1, and second, extrapolated our predictions to the rest of the island. Third, I 

assessed how well each model predicted mongoose presence according to our empirical 

mongoose trap data.  

I evaluated our initial models via 10-fold cross-validation by partitioning our original dataset into 

a training set to train the model and testing set to evaluate it. I used the Receiver Operating 

Characteristic-Area Under the Curve (AUC) metric as a measure of model discrimination (i.e. 

ability to distinguish between occupied and unoccupied sites). I also evaluated sensitivity, 

specificity and True Skill Statistic (TSS).  

Maxent 

I used package “maxnet” (Phillips et al., 2017) in R (Rstudio Team, 2020) to build our initial 

species distribution model with presence data from 2011. MaxEnt uses the environmental 
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(covariate) data from the presence records and the background (pseudo absence points) sample to 

estimate the ratio of the conditional density of the covariates at the presence sites over the 

density of covariates across the study area. I chose 10,000 background points within a bias grid 

that delineated the extent of the eastern watershed using the function sampleRast() in the 

enmSdm R package (Smith 2019).  

Environmental Niche Factor Analysis 

Environmental niche factor analysis is based on marginality and tolerance. Marginality assesses 

to what extent a species’ mean environmental space differs from the background mean 

environmental space across the study area. Tolerance assesses to what extent a species’ variance 

in environmental space differs from the background environmental variance.  

I used package adehabitatHS in R (Calenge, 2006) for our environmental niche factor analysis. 

The predictor variables were transformed into a set of three uncorrelated factors. The first factor 

maximized marginality by identifying which environmental condition at a presence site differed 

most from the conditions in the background area. The second factor maximized tolerance; it 

maximized the ratio of the variance of the background points to that of mongoose distribution. 

The process resulted in a set of two eigenvectors that can be interpreted as the environmental 

suitability of mongooses. These suitability values, however, are represented as distance from the 

cluster centroid in the environmental variable space. Thus, I transformed ENFA values into 

presence-background data using the function roc() from package PRoc.  

Generalized Additive Model (GAM) 

The third SDM was a general additive regression model (GAM). This model allow non-linear 

relationships between predictors and presence/absence data. I fitted the model using gam() 

function in R by specifying a binomial distribution and a logistic link. The best model explained 
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the greatest amount of deviance reduction with terms falling below p < 0.05. I selected 

significant predictors using step-wise backward selection of variables and used the Akaike 

information criterion (AIC) to select the best and final model given the lowest value for AIC. 

Boosted Regression Trees 

I implemented a boosted regression tree analysis with the function gbm.step from Elith et.al. 

(2008) and followed their cross-validation implementation to identify an optimal number of trees 

that maximize the ability of the model to make accurate predictions while avoiding model 

complexity. I applied a learning rate (i.e. determines the contribution of each tree to the growing 

model) of 0.01, tree complexity of 1 (fits an additive model) and bag fraction of 0.5 per model. 

The optimal number of trees identified by the cross-validation implementation was 2000. 

Ensemble and uncertainty 

I used all final model predictions to create an ensemble and uncertainty model using package 

‘esdm’ (Woodman et al., 2019). The ensemble model was an unweighted average of the 

predictions of the 4 individual models, while uncertainty was calculated using among‐model 

variance. 

Model comparison of relative probabilities generated by various models 

I validate the accuracy of the species distribution models with new field data from the entire 

island. To do so, I classified each model’s prediction accuracy using an error matrix by 

comparing binary categorical output maps of prediction (< 0.5 = absence and > 0.51 = presence 

with occurrence data collected in the field. I calculated several threshold-independent (i.e. AUC, 

continuous Boyce index, Presence-Only Calibration plot) and threshold-dependent (i.e., 

sensitivity, specificity, and true skill statistic) measures of model accuracy to evaluate model 

performances. The continuous Boyce index is the Spearman rank correlation coefficient between 
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the proportion of sites in each prediction class and the expected proportion of predictions in each 

prediction class based on the proportion of the landscape that is in that class (Phillips & Elith, 

2010a). AUC measures model discrimination ability, and the continuous Boyce index and 

presence-only calibration plots measured how well predicted values match probabilities at 

presence and background locations (Fieberg et al., 2018; Phillips & Elith, 2010b). I tested the 

differences among models in their ability to distinguish between suitable and non-suitable areas 

with a Kruskal-Wallis test in R (R Development Core Team, 2008; Randin et al., 2006). 

Results  

MaxEnt model and comparison of predicted habitat suitability to survey data  

The MaxEnt model, first trained, tested, and validated with data from a 2011 field survey within 

the eastern watershed environment, had good evaluation metric scores when applied to the 

island-wide empirical data acquired at 54 trapping sites. The model predicted the conditional 

probability of presence across all validation runs well (AUC = 0.89), distinguished occupied vs 

non-occupied sites (CBI = 0.79), with a true-positive rate (sensitivity) of 0.88, true-negative rate 

(specificity) of 0.63, and a True Skill Statistic of 0.45.  Of the 54 sites surveyed, 18 had 

mongoose present (33%). The frequency of mongoose presence was higher in coastal areas (n = 

21) than in the mountain regions (n = 10). 

Relative habitat suitability values extracted at each observed mongoose presence sites were not 

consistent among the four models (Figure 12). Almost 80% of observed presence points were 

classified in the lowest suitability class by environmental niche factor analysis. On the other 

hand, MaxEnt classified 73% of observed presences as highly suitable. Most of the observed 

presences were classified in mid- to high-suitability classes by BRT and GAM, but BRT 
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assigned 42% of observed presence points to the lowest two suitability classes, while GAM 

assigned only 10 % to the lowest two classes.   

Comparison of model performance based on field validation 

After 10-fold cross-validation I assessed several metrics evaluating the performance of the 

species distribution models and found inconsistent results. For example, MaxEnt outperformed 

all models based on mean AUC (0.89) but was ranked as lowest according to Continuous Boyce 

Index (0.47) (Table 2). The boosted regression tree model, although also performing well based 

on AUC (0.84), was not ranked well by the Continuous Boyce Index, which indicated wide 

variation in mongoose presence around the mean value (0.56). According to all threshold 

independent metrics, GAM had relatively good performance (AUC = 0.86, CBI = 0.73), while 

the environmental niche factor analysis model had poor performance overall (AUC = 0.75, CBI 

= 0.61). The environmental niche factor analysis habitat suitability output showed the lowest 

prediction accuracy according to all metrics. As a result, many sites that were identified by the 

model as non-optimal had mongoose present in the field survey. Sensitivity scores (% of 

correctly classified presences at a threshold of > 0.55) were high for BRT (0.97) and MaxEnt 

(0.88). 

The Kruskal Wallis rank test for comparison of AUC and Continuous Boyce Index scores for all 

models confirmed they were significantly different (H = 66.7 p < 0.001). The ad-hoc Tukey test 

indicated that mean environmental niche factor analysis AUC was statistically different that the 

rest of the models, but the GAM, MaxEnt and boosted regression tree models did not differ (p > 

0.5).  

According to the presence-only calibration plots, the relative probability of mongoose occurrence 

tended to increase with the probability of presence predicted by the initial models. However, all 
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models seem to be poorly calibrated at some prediction values. In general, the models (except 

BRT) did not show a close match between the relative probability of presence generated after 

projecting all four SDM models outside the training area and the predicted probability of 

presence calculated after model calibration with survey data (Figure 13). MaxEnt and ENFA 

tended to overestimate prevalence in many of the presence categories. ENFA did not predict 

presences beyond p = 0.4, and underestimated species presence in this same category, whereas 

MaxEnt underestimated prevalence when p > 0.8. The recalibrated GAM model underestimated 

prevalence when p > 0.2. Although BRT closely matched the diagonal line in the POC plots, it 

severely overestimated values when p > 0.8. 

Final mongoose suitability models and important predictors 

Distance from wetlands consistently had a high relative contribution in all four models. 

According to the response plots of MaxEnt and BRT, marginality values on ENFA and 

coefficient on GAM, habitat suitability for mongoose decreased with distance from wetlands. 

The variable with the highest mean percent contribution in the MaxEnt model was annual mean 

temperature (BIO1) (67%), followed by proximity to wetlands (37%) and precipitation 

seasonality (31%). The latter variable was also important in the BRT model (25%).  

Predicted suitability outputs from all models varied in their spatial patterns. However, habitat 

suitability predictions were similar in coastal areas and for transition zones into the central 

mountains (Figure 14e). The average predictions across all four models matched our 

expectations based on observations of mongoose affinity to coastal and drier environments in the 

Caribbean. Spatial differences, however, were apparent among models: the environmental niche 

factor analysis predicted only low suitability areas across the entire island (0.20 – 0.37) whereas 

GAM predicted medium to high suitability across the extent of the island (0.20 – 1) (Figure 
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14c;d). The MaxEnt model predicted a wide range of suitability values with highest values (0.60 

– 1) identified in coastal areas (Figure 14b).  The boosted regression tree projection of habitat 

suitability was much more restricted, predicting a few areas of suitable habitat in the coastal area 

(Figure 14a). Although most models assigned high suitability values in the coastal area, 

uncertainty of among model predictions was also highest on coastal areas of the north, west, a 

few areas on the southwest, and within the eastern watersheds training area, suggesting that the 

predictions in those areas must be viewed with caution (Figure 14). Evaluation metrics for the 

ensemble models were not substantially better than those of the individual models (AUC = 0.74, 

CBI = 0.36, Specificity = 0.74).  

Discussion 

I characterized important habitat variables associated with mongoose presence and assessed the 

utility of various species distribution model approaches in predicting mongoose presences. The 

distribution of habitat suitability and likelihood of mongoose presence differed vastly in space. 

Although the models predicted different patterns of habitat distributions, their selection of the 

most important environmental variables to predict mongoose presence were quite similar. 

Proximity to wetlands strongly predicted mongoose presence, however, its relative importance 

varied among the four species distribution models. Strong predictors of mongoose occurrence 

also indicated that higher temperatures and areas with low precipitation are also important. The 

close association of mongoose and wetlands is an interesting relationship since it has been 

observed that mongoose avoid water and rarely swim (Nellis & Everard, 1983), the relationship 

of mongoose presence near wetlands in this study might likely be due to wetlands being 

commonly found in the coastal areas where mongoose are abundant. However, tropical wetlands 

are also known to be productive areas with a diversity of food sources (e.g. terrestrial insects and 
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fruits) (Wantzen & Junk, 2000), but the relationship between prey availability in wetlands and 

mongoose presence is yet to be elucidated. 

I discovered that when these models were validated with an independent dataset, MaxEnt, GAM 

and environmental niche factor analysis had underestimated the predicted probability of presence 

in the high-suitability classes, but overestimated presence at lower suitability classes. 

Discrimination metrics, such as AUC, have several drawbacks including that AUC weights 

commission and omission errors equally, and that AUC scores are positively related to spatial 

extent (Jiménez-Valverde, 2012; Lobo et al., 2010). This latter characteristic is highly 

problematic when predicting invasive species since the geographic range of interest for the 

predictions is usually much broader than the range for which training data is available. Thus, it is 

important to also include calibration metrics (i.e. Continuous Boyce Index and Presence-Only 

plots) for model evaluation, especially when new data can highlight model shortcomings such as 

a missing covariates or model overfitting. In this study, I found that models with good 

discrimination metrics can have a low calibration capacity.  

Overall, GAM performed well according to AUC and CBI, but its measure of sensitivity vs 

specificity and output map indicate that it has the potential for fitted responses that extrapolate 

unrealistically. MaxEnt can overpredict when modelling in environmental space outside of the 

range included during model training (Pokharel et al., 2016), and this can pose a problem when 

the goal is to detect potential colonization areas. I found that when MaxEnt was validated with 

external data, it tended to overestimate the likelihood of mongoose presence, but for higher 

predicted suitability values (> 0.8) it underestimated observed presence. This suggests that 

MaxEnt can be useful for preliminary assessments of habitat suitability and for guiding field 

surveys since it was able to identify potential species occurrence. Nevertheless, MaxEnt may be 
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limited in its ability to discern the likelihood of actual mongoose presence. The environmental 

niche factor analysis model did not perform well in our study, and tends to perform poorly when 

extrapolating outside the training region because the model per se characterizes the niche 

according to the geographic limit of the training area (Hirzel et al., 2001). I found that boosted 

regression trees, although not the top performer, displayed reasonable refinement after re-

calibration with external data as demonstrated by the presence-only calibration plot and 

continuous Boyce index values. Boosted regression tree models may be the best choice if the 

management goal is to reduce well-established populations because the model assigned high 

suitability values to areas where mongoose were actually found. Finally, the assumption for 

ensemble models is that if each method performs well on its own, they should do even better 

together (Ali et al., 2015). However, our ensemble model had lower discrimination and 

calibration performance as shown by AUC and CBI scores, than any of the four models 

individually. Still, the ensemble model provided valuable information about the uncertainty in 

predictions among models. In our results, coastal areas had the most agreement, but within those 

coastal areas, some patches in the north, west south west and around the El Yunque National 

Forest in the east had disagreements in predictions. Ultimately, biological insight and expert 

knowledge is valuable when choosing a SDM model type for invasive species, and that choice 

also depends on the management goal. 

Predicted mongoose presence on coastal areas in the southwest (near Cabo Rojo National 

Wildlife Refuge and other natural reserves; 17.9752° N, 67.1686° W), north (Tortuguero; 

18.461098° N, -66.422660° W) and south central region (Jobos Estuary; 17.9462° N, 66.1921° 

W) coincide with highest values of predicted terrestrial vertebrate resident, endemic, and 

endangered species richness (Gould et. al. 2008), and therefore are areas of primary conservation 
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concern. Efforts to understand mongoose ecology, manage populations, or further examine their 

role in the ecosystem can be carried out with confidence in areas of consensus that have low 

variance in predictions. 

Conclusion  

Many regions of the world experience threat to biodiversity by species invasions. Predictions of 

invasive species distributions are paramount for decision making but require models of their 

relationship to the environment. Species distribution models are used frequently for making 

predictions of occurrence, but predictions are compromised by scant information about species’ 

habitat requirements, limited availability of presence records, poor transferability of models in 

space and time, and by models that do not serve the purpose of management. I highlight various 

observations based on this study: 1.) Maps that maximize specificity designed to correctly 

identify potential suitable habitat in guided surveys are still highly prone to misclassification by 

certain model frameworks (e.g. MaxEnt), 2.) Multiple evaluation metrics are needed to assess 

prediction accuracy, especially those metrics that evaluate model calibration (e.g., Presence-only 

calibration plots), 3.) These results emphasize the importance of an adaptive approach to re-

evaluate and improve SDMs at subsequent modeling iterations, particularly after training initial 

models with limited data and geographic extent (Conroy et al., 2011; Howell et al., 2009). The 

results also highlight that while a model might not be optimal, the utility of the SDM is 

contingent upon the specific management goal for invasive species management and monitoring.  
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Figures and Tables 

Table 8. Environmental variables included in the species distribution models. Temperature and 

precipitation seasonality are represented by coefficients of variation across months within a year. 

Maximum temperature of the warmest month is the maximum temperature value across all 

months within a year. Worldclim acronyms are shown in parenthesis (e.g. Bio1). 

Predictor  Spatial Resolution Data Source 

Annual Mean Temperature (Bio1) 

Resampled to 30 m BIOCLIM 

Temperature Seasonality (Bio4) 

Max Temperature of Warmest Month (Bio4) 

Precipitation Seasonality (Bio15) 

 

Distance from observed Mongoose presence 

to: 

Evergreen forests 

Resampled to 30 m 

Puerto Rico Gap 

Analysis Project 

Freshwater (e.g. rivers, lakes) 

Pastures 

Plantations 

Semi-deciduous forest 

Shrublands 

Urban Areas 

Wetlands 
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Table 9. Comparison of performance metrics of mongoose distribution models when applied to 

field collected presence data. Bold text indicates acceptable discrimination between presence and 

background points.  

  Threshold independent (± SD) Threshold dependent  

Model AUC CBI Sensitivity Specificity TSS 

MaxEnt 0.89 (± 0.04) 0.44 (± 0.12) 0.88 0.64 0.52 

GAM 0.86 (± 0.01) 0.73 (± 0.16) 0.57 1 0.57 

ENFA 0.75 (± 0.41) 0.61 (± 0.41) 0.51 0.66 0.17 

BRT 0.84 (± 0.07) 0.56 (± 0.49) 0.97 0.05 0.02 

Ensemble 0.74 0.36 0.68 0.74 0.42 
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Figure 10. Study area for an initial species distribution modelling of small Indian mongoose 

(Herpestes auropunctatus) in Puerto Rico. The left bottom inset shows El Yunque National 

Forest proclamation zone (black dotted line), eastern watershed zone (solid black boundary) and 

traps (black crosses) within the Yunque Protected area and the North East Ecological Corridor. I 

trained the initial SDM model used to guide a subsequent field survey at the watershed level. The 

eastern watershed zone includes a mix of mostly agricultural/herbaceous and evergreen forests 

with fragmented patches of urban areas. 
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Figure 11. We placed fifty-four 1-km2 grids with eight traps randomly located within each grid. 

The grids were distributed equally among three classes of habitat suitability index values (HSI: 0 

- 0.3; > 0.3 - 0.7; > 0.7 - 1.0) with nine replicates for each of the three HSI categories on the 

mountainous region (n = 27) and on the coastal areas (n = 27) within the island.  
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Figure 12. Percent of mongoose observed in sampled sites for each relative habitat suitability 

class generated by each model.   
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Figure 13. Comparison of presence-only smoothed calibration plot (POC) for our four SDM 

types when validated with external data (presence data gathered in a guided survey). The y-axis 

represents the relative probability of presence projected by a model, the x-axis is the predicted 

probability of presence calibrated externally with the 2017 field data. Values (blue line) above 

the diagonal indicate model underestimation of species prevalence (i.e. observed proportion of 

presences). Values below the diagonal indicate overestimation of species prevalence. Orange 

lines represent ±2 standard deviations.  
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Figure 14. Relative habitat suitability for mongoose (Herpestes auropunctatus) in Puerto Rico 

according to four species distribution models (a-d), and ensemble of all predictions and the 

variance in those predictions; (a) Boosted regression tree, (b) MaxEnt, (c) Environmental niche 

factor analysis, and (d) General additive model. Ensemble model maps created with the 

unweighted average of the predictions of the 4 individual models (f) and associated variance (e). 

Variance in predictions reflects among-model uncertainty.  
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Chapter 3. Genetic variability of the small Indian mongoose in Puerto Rico is 

associated with proximity to modified landscapes.  

Target Journal: Biological Invasions 

Abstract 

Mammalian predators contribute disproportionately to declines in global biodiversity. Effective 

management of invasive mammalian predators requires understanding connectivity and dispersal 

among their populations. The goal of this study is to describe the small Indian mongoose 

(Herpestes auropunctatus) genetic patterns and determine whether landscape characteristics 

influence genetic connectivity (the proportion shared alleles by individuals). The mongoose is 

one of the top invasive predators in the world and it has been introduced to several islands of the 

Caribbean and Pacific. We used a landscape genetic approach to determine how landscape 

features in Puerto Rico influence gene flow for mongooses by analyzing correlations between 

individual genetic distance and landscape resistance models. We evaluated several alternative 

hypotheses about mechanisms shaping genetic structure, including the Puerto Rico human 

footprint, mongoose habitat distribution, structural landscape connectivity and elevation. 

Additionally, we assessed evidence of isolation-by-distance (IBD) and isolation-by-barrier (IBB) 

in the mongoose population. We found a trend supporting weak genetic structure (Rst = 0.035; p 

= 0.062), and observed that genetically similar individuals clustered near highly human-modified 

landscapes (r = -0.21, p < 0.05). This work directly addresses the concerns about the ability of 

connected natural areas to allow for the spread of invasive species. Except for human-modified 

landscapes, we found no other relationship between mongoose genetic distance and hypothesized 

barriers quantified as resistance.  
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Keywords: landscape connectivity, landscape genetics, invasive species, Caribbean, invasive 

predators  

 

Introduction 

Invasive species can disrupt ecosystem processes by altering evolutionary or competitive 

interactions of species in invaded areas, sometimes promoting hybridization, and leading to 

biodiversity loss or loss of community complexity in invaded habitat (Mesgarana et al., 2016; 

Mollot et al., 2017; Pyšek et al., 2012). Studies at a global scale have highlighted how invasive 

species in combination with human-driven land-use practices have had negative impacts on 

biodiversity (Saunders et al., 1991). Understanding and managing invasive populations are thus a 

key focus for conservation strategies (Leung et al., 2002). Realistic control strategies rely on 

good prediction of potential pathways of invasion and degree of connectivity with other 

populations. A good understanding of genetic exchange in the landscape can lead to the 

identification of isolated populations which might be easier to manage than populations 

functionally connected by dispersal (Robertson & Gemmell, 2004).  While there are many 

approaches to estimate population connectivity (O’Brien et al., 2006; Rayfield et al., 2011), 

robust validation of connectivity estimates is based on inferring gene flow (Schwartz et al., 

2009).   

 

The basis for maintaining population functional connectivity is the continued dispersal of 

individuals through the landscape to maintain genetic diversity within populations (Frankham, 

2008). Dispersal itself is considerably influenced by the structural characteristics of the 

landscape (Gauffre et al., 2008). If landscape attributes and environmental factors regulate 
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genetic processes in invasive species, identifying potential dispersal routes of invasive species 

can help guide actions to reduce the occurrence of new invasions, demonstrate how landscapes 

shape population genetic structure, and identify landscape barriers against gene flow. An 

individual-based, landscape genetic approach for the analysis of population genetic connectivity 

is a powerful way to quantify how environmental features effect population structure because it 

directly correlates patterns of genetic relatedness between individuals with resistance in 

movement between these individuals (Barros et al., 2019; Montgelard et al., 2014).  

 

Caribbean islands, considered one of the world’s biodiversity hotspots (Myers et al., 2000), are 

in peril; their biodiversity is at high risk from invasive species introductions via trade-related 

pathways and the islands are vulnerable to species extinction through habitat degradation and 

loss (Waugh, 2009). Because landscapes can have a direct influence on gene flow, in this study, 

we investigate how landscape characteristics might shape the genetic structuring of invasive 

mongoose populations in Puerto Rico.  

The mongoose is listed as one of the top invasive species in the world (Lowe et al., 2004). It was 

introduced to many Pacific and Caribbean islands at the beginning of the 20th century (Arijana 

Barun et al., 2011), and was identified as a major threat in the Caribbean region (Kairo et al., 

2003). Shortly after mongoose establishment, noticeable declines in several native island species 

were reported (Nadin-Davis et al., 2008; Seaman & Randall, 1962). An additional topic of 

concern is rabies spread (Felipe Cano and Are Berentsen, USDA Forest Service and APHIS, 

pers. comm.) and, recently, the mongoose has been found to carry the bacterial disease 

leptospirosis (Benavidez et al., 2019b). The prevalence of mongoose throughout Puerto 

Rico may be related to their adaptability to new environments and their overall 
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ecological generalism (Powers et al., 2020), but their population genetic structure and 

how it is related to the landscape is still not understood.  

   

Introduced mongoose populations are genetically isolated from those of their native range (i.e. 

Middle East to South Asia) and show phenotypic variation consistent with ecological release 

from competition (Simberloff et al., 2000).  For example, mongooses on islands are slightly 

larger both overall and in the size of their upper canine tooth and exhibit greater sexual 

dimorphism than mongooses in their native range. However, there is no evidence on whether this 

morphological variation is genetically controlled. Some island populations have retained much 

genetic variation while others have not, suggesting that observed patterns of genetic diversity 

may be due to multiple independent mongoose introductions along with rapid population growth 

on some islands but not others (D. Hoagland & Kilpatrick, 1999; C.-G. Thulin et al., 2006) . 

Nevertheless, those patterns are viewed as tentative given that only single sites (<2 per island) 

with low sample sizes (n=<50) were represented in genetic analyses (C. E. Bennett, 2007; C. 

Thulin & Gyllenstrand, 2002).  

 

The overarching goal of this study was to determine the degree to which genetic structure of the 

small Indian mongoose and landscape structure are related on the island of Puerto Rico. Under a 

landscape genetics framework, our objectives were to first quantify genetic variation and 

population structure, and second, assess the influence of landscape connectivity and features on 

the genetic patterns. We considered alternative hypotheses that could explain the genetic 

variability observed, including isolation by distance (IBD), isolation by barrier (IBB), and 
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landscape resistance, where resistance included habitat suitability levels, degrees of structural 

connectivity (patch-level), and human footprint index.  

 

Methods: 

Study Area and Species 

Mongoose presence in the Caribbean is more apparent in coastal habitats including dry forests, 

scrub areas, and pasturelands ((Pimentel, 1955; Vilella, 1998; Vilella & Zwank, 1993)than in 

interior habitats. Individuals are mostly solitary with overlapping home ranges (3.1-52.2ha) and 

their mean dispersal distance is 550m (Johnson et al., 2015a). Different numbers of introductions 

of mongoose on different islands are most likely responsible for the genetic diversity patterns 

observed in the Caribbean (D. Hoagland & Kilpatrick, 1999). Nuclear and mitochondrial 

homogeneity across islands may have been influenced by human-mediated transfers of 

mongooses (C. E. Bennett, 2007; D. Hoagland & Kilpatrick, 1999).  

Spatial sampling design   

Mongoose tissue and hair samples were collected in two ways: from opportunistic encounters 

from US Forest Service and Fish and Wildlife Service lands, and from a randomized trapping 

scheme. Forty samples were acquired opportunistically, including from the island of Vieques, 21 

km east of the main island, between 2011-2017. When designing the sampling scheme, I 

assumed that mongooses exhibit a continuous distribution through the landscape (Oyler-

McCance et al., 2012). I used ArcGIS v.10.1 to select 54 sites island-wide, allocating grids in a 

stratified-random design to encompass two major physiogeographical regions that generally 

differ in elevation, precipitation, and vegetation patterns (Torres-Valcárcel et al., 2014). I 

stratified each region with nine replicates according to a combination of High and Low Habitat 
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Suitability scores with High and Low connectivity (Guzmán-Colón et. al., in prep). I generated a 

set of 8 trap points separated by a minimum of 200 – m) within each grid using the Sampling 

Design Toolbox for ArcGIS v. 10.3.  

DNA Extraction and Molecular Markers 

I extracted genomic DNA with DNeasy Blood and Tissue Kit (QIAgen GmbH) using 25 mg of 

tissue material and a range of 5 - 10 hair follicles following manufacturer protocol. All extracted 

hair follicles were further purified via ethanol precipitation. I also included a negative control 

during each extraction to monitor contamination. I quantified extracted DNA from each 

individual via spectrophotometry using a NanoDrop CD-1000 spectrophotometer.  

I selected ten microsatellites primer pairs developed by Thulin et. al. 2002 for the small Asian 

mongoose (Herpestes javanicus). I amplified DNA target fragments using primers tagged with 

an Illumina adapter in separate PCRs. Each PCR was conducted using Phusion Taq polymerase 

and the reactions consisted of: 1X PCR buffer, 0.25 mM of dNTPs, 0.25 unit/uL of polymerase, 

0.2 µM of each primer, 10 µL DNA extract and ultra-pure water to bring the total reaction 

volume to 25 µL.  My PCR parameters consisted of one step at 98°C for 30 sec followed by 40 

cycles of 98°C for 15 sec, 55°C-65°C for 30 sec, and 72°C for 30 sec, and then a final elongation 

step at 72°C for 10 min. I then checked for positive amplification via gel electrophoresis. All 

positively amplified products were cleaned using AMPure XP beads to remove primer dimer. I 

quantified the cleaned PCR products using Qubit and combined equimolar all PCR products by 

individual. After I pooled PCR products by individual, I attached unique identifying barcodes via 

PCR. The PCR reactions were carried out using Kapa HiFi HotStart Master Mix. I purified all 

PCR products using AMPure XP beads and then quantified the cleaned products using Qubit. I 

then pooled all amplicons equimolar into a single library for pair-end sequencing on an Illumina 
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MiSeq platform. Library QC, dilution and sequencing were conducted at University of 

Wisconsin Biotechnology Center.   

Microsatellite genotyping and errors 

I characterized individual genotypes using program MEGASAT (Zhan et al., 2017) which reads 

sequence files from MiSeq and automatically scores microsatellite genotypes.  

I calculated genotyping error rates using a repeat-genotyping method which quantifies the 

mismatches between genotypes called from duplicated individuals. Out of the 192 samples 

genotyped, 84 were resampled to estimate genotyping error. I tested a series of parameters to 

ultimately choose the highest number of successful reads and minimize genotype discrepancies 

between samples and duplicates. The combination of parameters consisted of varying the 

mismatch tolerance from 2-4 base pairs and sequence depth threshold from 30-50 in MEGASAT. 

Error rate per locus was calculated as the total number of mismatches per locus over the total 

number of alleles genotyped per locus (Zhan et. al. 2017). This error calculation was repeated for 

all parameter combinations. Finally, I removed samples with incomplete genotypes from further 

analysis.  

Genetic Structure  

I assessed the distribution of gene diversity and estimated the hierarchical variance components 

attributed to populations, sample sites and individuals via an analysis of molecular variance 

(AMOVA). To investigate population differentiation, I used pairwise Rst comparison among all 

pairs of sampling sites using the stepwise mutation model (9, 9999 permutations for 

significance). Both AMOVA and Rst calculations were done in Genalex (Peakall & Smouse, 
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2012). In addition, I used a Principal Coordinate Analysis (PCoA) with package adegenet in R 

(version) to show the pattern of genetic differentiation of mongoose individuals.  

Because of a lack of significant genetic structure in samples (see Results section), I used an 

individual-based genetic distance measure (1-Dps; or 1- the proportion of shared alleles) to 

create a matrix of pairwise genetic distance that would be correlated with different matrices of 

geographical and cost (resistance) distances.  

I used resistance maps which represented six different hypotheses about the resistance of 

landscape attributes to potential gene flow among individuals. Four landscape variables were 

used to represent resistance models: (1) the Puerto Rico human footprint, (2) the Island-wide 

structural Patch connectivity, (3) Mongoose habitat suitability, and (4) Elevation. The other two 

resistance models represented isolation by distance and isolation by barrier, where barriers were 

defined as oceanic regions. Each map had a raster cell size set to 30 x 30 m, which is smaller 

than the average home-range size of the study species (i.e. > 0.02 km2). Having a sampling grain 

size that is smaller than the home-range size has been found adequate to infer landscape effects 

on gene flow because it allows representation of smaller fragmented elements in the landscape 

and can be adjusted to a coarser resolution as needed (Dale & Fortin, 2010; Wiens, 1989). I 

didn’t simplify continuous landscape values into discrete classes since this practice decreases 

power to detect landscape effects on gene flow (S. a Cushman & Landguth, 2010). I used 

Circuitscape (v. 4) to calculate cumulative resistance distance among mongoose locations 

throughout each of the resistance maps. 

1) Isolation by distance: IBD was treated as a null model. On an unvarying landscape, I 

assumed movement could occur without resistance in any direction, but would decline linearly 

with geographical distance. I built IBD values by calculating the Euclidean distance using UTM 
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coordinates between all individuals sampled using function “mat_geo_dist” in the package 

graph4lg in R.  

2.) Isolation by Barrier: I acquired samples from two islands in the PR archipelago thus I 

treated the sea as a possible barrier to dispersal. Individuals within an island had a pair-wise 

resistance value of 0 (none), otherwise, resistance was set to 1 (high).  

3.) Isolation by resistance: My third set of hypotheses proposed that landscape and 

environmental features of the island can either hinder or promote genetic connectivity of 

mongooses. 

a.) Human Footprint:  The human footprint (a quantification of the impact human driven 

activities have in the land surface) differentially influences genetic connectivity for mammal 

species (Thatte et al., 2020). For example, road density reduces gene flow, thus affecting 

population genetic connectivity regardless of the dispersal ability of species (Coulon et al., 2006; 

Epps et al., 2007; Thatte et al., 2020). My resistance scores were assigned according to the 

human footprint value calculated in Guzmán-Colón et. al. 2019 and were scaled from 0 (low) to 

1 (high).  

b.) Island-wide Patch connectivity: Multiple studies suggest that landscape connectivity 

increases species persistence by allowing dispersal, promoting genetic diversity, and aiding in 

species conservation goals (i.e. mitigating inbreeding and sustaining evolutionary processes 

(Andrello et al., 2015; Gómez-Fernández et al., 2016; Schoville et al., 2018).  I previously 

constructed an ecological network consisting of a set of high-quality habitat patches and links 

(Guzmán-Colón et al., 2020). I assigned resistance values according to the degree of connectivity 

for each patch and link.  
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c.) Elevation: Elevation gradients can directly result in reproductive isolation of populations due 

to local topographic and climatic factors that restrict gene flow (Osborne et. al. 2013; Funk and 

Murphy 2010). Mongoose abundance in Puerto Rico is significantly greater at lower elevation 

zones (Johnson et. al. 2015; Guzmán-Colón et. al. 2016) where there is a relatively flat 

landscape. Indeed, other species of mongoose (Herperstes ichneumon) experience high elevation 

as a barrier in western Iberia (Barros et al., 2015). 

d.) Mongoose Habitat Suitability: I used the inverse of habitat suitability values as a measure of 

environmental resistance. I developed a habitat suitability distribution map representing 

preferred mongoose habitat based on land cover and environmental variables (Guzman-Colon et. 

al., Chapter 2). Habitat suitability values range from 0 to 1, with higher values indicating higher 

suitability. Those values were reversed to assign resistance scores.  

Causal modeling 

I used a causal modeling framework to infer which landscape features best explained the genetic 

structure of mongooses (S. A. Cushman et al., 2006; Reding et al., 2013). I used three 

explanatory models of causality by implementing simple Mantel and partial Mantel tests 

containing seven hypotheses against the IBD null model: 1.) Simple Mantel tests between 

genetic distance and landscape resistances; 2.) Partial Mantel tests between genetic distances and 

landscape resistances, while partialling out the effects of Euclidean distance; 3.) Partial mantel 

test between Euclidian distances, partialling out the effects of landscape resistance measures 

(Figure 15). 

In the causal model, evidence of landscape resistance to gene flow (i.e. a lower proportion of 

shared alleles among individuals) would be indicated if model 1 and 2 Mantel tests are 

significant (p < 0.05; Mantel r <> 0) and in model 3, if the Mantel test is non-significant. We 



110 

 

implemented models with Pearson correlation with 10,000 permutations for a 95% confidence 

interval using the vegan package for R.  

 

Results  

Microsatellite analyses 

From the combined opportunistic and stratified sampling, I sampled genotypes for 192 individual 

samples of which 82 were duplicates (42.7%). I retained 55 unique samples after screening for 

errors and selecting a mismatch tolerance of two and sequence depth of 50 (50% from the total 

samples analyzed excluding duplicates). The genotyping errors ranged from 0.01to 0.06, with a 

mean error for all loci and samples combined of 0.043. Unfortunately, three of the ten 

microsatellites that were amplified during PCR were not sequenced reliably and thus I excluded 

them from subsequent analyses.   

All remaining loci were variable with total numbers of alleles ranging between 3 and 8 per locus. 

All microsatellites displayed a range of polymorphism from low (2) to moderately high (8). 

Mean expected (He) and observed (Ho) heterozygosity for the sample was He = 0.196 +/- 0.05 

and Ho = 0.218 +/-  0.07. The overall mongoose dataset showed higher than expected 

heterozygosity than predicted under Hardy-Weinberg expectations. Three of the seven loci were 

out of Hardy-Weinberg proportions. One pair of loci of the 21 showed linkage disequilibrium 

after Bonferroni correction.  

The genetic diversity indices across the three sampling sites (which we treat as populations) are 

summarized in Figure 16. The number of different alleles (Na), private alleles (NP) and effective 

alleles (NE) averaged across all loci ranged from 0.3 to 2.1, 0.2 to 1, and 0.3 to 1.1, respectively 

for the three sampling sites (Coastal, Mountain and Vieques). I found that the mountain 
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population was inbred and had the lowest allelic diversity (Shannon’s Index; I = 0.069) over all 

pairs of loci.  

Structure 

The analysis of molecular variance (AMOVA) indicated that 70% of the total variation was due 

to differences among individuals across all populations whereas 11% of the variation was due to 

heterozygosity within individuals. At the site level, there was a slight but non-significant 

indication of population structure (Rst
 = 0.035; p = 0.062). My calculated inbreeding coefficient 

showed that there is a moderate degree of inbreeding (Ris = 0.202, p < 0.05), and this pattern was 

also evident as a deficiency of observed heterozygotes among individuals with respect to that 

expected for the total population. Pairwise comparisons among populations were not significant 

in all cases (p <0.005), although there was slight (Rst = 0.396) indication of genetic 

differentiation between coastal and mountain area populations.  

The principal coordinate analysis agreed with the population structure Rst statistics and showed 

no indication of significant structure in the data set (Figure 17). 

Isolation by distance and isolation by resistance through mantel correlations 

Simple Mantel tests showed that out of the six hypotheses, only the Puerto Rico human footprint 

had a significant positive correlation with genetic distance across the study area (r = -0.21, p < 

0.05) (Model 1). Mongooses near anthropogenic activities in the landscape tend to be more 

similar genetically. The isolation by distance plot confirms that the genetic patterns in our 

samples are not explained by geographic distance; however, we identified high density of genetic 

relatedness at short distances (0-2500 m) (Figure 18).  

Partial mantel test analyses for Model 2 also supported the human footprint resistance (r = -

0.207; p < 0.05) after partialling out the effects of Euclidian distance. None of the other 
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hypotheses showed a significant effect on genetic distance with simple mantel tests or after 

partialling out Eucledian distance. We did not find support for Model 3. We expected that the 

hypothesis supported by the data in Models 1 and 2, but not for Model 3, and indeed the human 

footprint showed this relationship.    

 

Discussion 

My results suggest that closely related mongooses occur near highly modified land-cover areas 

(i.e. areas with a high Human Footprint) but they are not structured by degree of geographic 

isolation or features such as habitat structural connectivity, habitat distribution or elevation. I did 

not find a strong pattern of IBD, and in fact, the causal modelling framework supported the 

human footprint hypothesis with no independent support for the IBD hypothesis. Instead, the 

IBD plot revealed a continuous cloud of genetic differentiation with no sign of discontinuity, and 

local densities appeared to be concentrated between 1, 500 to 2, 500 m. I found that mongooses 

in Puerto Rico present a slight degree of genetic variation among and within individuals across 

the sampled population, but this variation was not enough to confidently delineate populations.  

Despite the good dispersal ability of the mongoose and seemingly panmictic population, there 

were signatures that populations violated equilibrium assumptions. Specifically, mean observed 

heterozygosity was higher than expected. This pattern could be due to recent stochastic 

demographic processes, or it could also indicate an isolate-breaking effect when mongooses from 

different populations were introduced in the island. For example, the practice of introducing 

propagules from Jamaica to other Caribbean islands was fairly common in the 1900’s (C.-G. 

Thulin et al., 2006). But, although it is plausible that multiple introduction events occurred, the 

only instance recorded in Puerto Rico was one shipping event containing twenty mongooses in 

which the location of introductions remain unknown (Espeut 1889; Hoagland 1989).  As in 
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Jamaica and other Caribbean islands, it is believed that rapid population growth in Puerto Rico 

after the introduction event precluded genetic differentiation despite the small founding group 

(Bennet 20016; Hoagland 1989). Founding effects or bottlenecks can cause rare alleles to be lost 

in the population, and indeed, we found a low number of private alleles despite higher observed 

heterozygosity.  We also found, consistent with other allozyme studies at the broader Caribbean 

extent and stepping-stone models, that average allelic richness is lower in Puerto Rico than in 

Jamaica and their native range.  

Understanding the causes of observed patterns of genetic structure in mongoose populations 

ultimately depends on associating the behavior and movement of individuals to population‐level 

patterns of gene flow (Cushman et. al. 2006). In the end, what is reflected at the population level 

are the individual decisions that led to dispersal and reproduction. One of the fundamental 

factors governing behavior is the distribution of resources in the landscape, but also proximity to 

abundant food sources that can support a high population size (Fedriani et al., 2001). Patchy but 

abundant resources such as those available in the proximity of humans can lead to high density 

and tolerance among conspecifics, without imposing significant fitness costs (Elmhagen et al., 

2014). Anthropogenic food sources can lead to constrained space use and overlapping home-

ranges, as has been noted in banded mongoose (Mungos mungo; (Laver & Alexander, 2018), 

raccoons (Procyon lotor; Prange et al. 2004), and black bears (Ursus americanus; (Rogers, 

1987). Thus, modified landscapes and not landscape connectivity per se could act as a facilitator 

of gene flow for certain omnivorous species.  The molecular variation patterns within individuals 

and pair-wise genetic relatedness in mongoose populations explained by proximity to modified 

habitats make sense in that mongooses tend to restrict their normal area of use around known 
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food reserves, but occasional individuals can also travel and forage over large areas (Johnson et. 

al. 2017; Quinn 2015).   

It is worth noting that this analysis is based on a limited genetic dataset and some loci that were 

discarded after genotyping. Individual assignments to populations are more accurate when using 

genetic clusters previously identified instead of sampled populations. Additionally, low genetic 

diversity, which is characteristic of mongoose populations in the Caribbean, makes it difficult to 

achieve high accuracy of relatedness estimates because there is less genetic variation available to 

differentiate between individuals, effectively reducing the variance in relatedness. However, our 

field sampling design allowed us to sample individuals across a broad geographical range in the 

island which is representative of different environmental conditions. We also selected the best 

combination of depth and base pair mismatch tolerance when scoring genotypes to reduce 

genotyping errors. 

In conclusion, we found that genetic similarities among mongooses in our sampled population is 

facilitated by the areas of high anthropogenic influences. Invasive species are a major threat to 

island biodiversity world‐wide and potentially on the island of Puerto Rico. While we can model 

population connectivity based on habitat suitability or expert opinion, genetic analyses like this 

one may assist in identifying potential invasion routes as well as revealing population 

connectivity. This study offers some clues about the role of landscape connectivity in facilitating 

mongoose gene flow, suggesting that the degree of structural connectivity within the island was 

not associated with gene flow. However, a clear management application of this study is that the 

association between mongoose genetic connectivity and anthropogenic influence highlights the 

importance of maintaining protected areas and corridor buffer zones geographically separate 
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from development and other intense anthropogenic land uses to prevent mongoose establishment 

in these sensitive areas.  
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Figures and Tables 

Table 10. Pairwise RST comparisons between small Indian mongooses (Herpestes auropunctatus) 

sampled in three sites in Puerto Rico.  

Population Coast Mountain Vieques 

Coast - 0.396 0.011 

Mountain 0 - 0.083 

Vieques 0.096 0.081 - 
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Table 11. Results from the causal modelling framework. The human footprint (bold) hypothesis 

is supported by the modelling approach. R is the Mantel correlation coefficient based on 

Spearman's rank correlation. 

 Simple Mantel Partial Mantel 

 

Variables MODEL 1  - Genetic 

x Landscape 

MODEL 2  - Genetic ~ 

Landscape | Euclidean 

distance 

MODEL 3  -  Genetic ~ 

Euclidean distance | 

Landscape 

 R P < 0.05 R P < 0.05 R P < 0.05 

Human 

Footprint 

 -0.2076 0.028 -0.207 0.022 0.065 0.150 

Habitat 

Distribution  

0.0125 0.406 0.012 0.4334 0.066 0.158 

Connectivity 0.108 0.113 0.101 0.137 0.054 0.195 

Barrier -0.042 0.669 -0.043 0.618 0.067 0.140 

Elevation -0.101 0.861 -0.087 0.800 0.042 0.243 

Euclidean 

Distance 

-0.060 0.174     
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Figure 15. The causal modelling approach tested in our study. We used simple mantel tests to 

test pair-wise genetic distance and various isolation by landscape resistance hypotheses (Model 

1). Partial mantel tests tested Isolation by landscape resistance partialling out the Euclidean 

distance between the sampled individuals (Model 2).  Model 3 are partial mantel tests examining 

isolation by distance partialling out landscape-resistance.  
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Figure 16. Allelic patterns across sites. Na = Number of different alleles. Ne = effective number 

of alleles. I = Shannon's Information Index. No. of private alleles (PA) = Number of alleles 

unique to a single population.   
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Figure 17. Principal Coordinate Analysis (PCoA) showing the similarity relations among of the 

small Indian mongoose (Herpestes auropunctatus) in Puerto Rico. 1 = Coast, 2 = Mountain, 3 = 

Vieques. Individuals closer to one another are more similar than those ordinated further away. 

The eigenvalues are the amount of variance explained in each dimension.   
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Figure 18. Scatterplot of geographic vs. genetic distance and 2-dimensional kernel density 

estimation to assess local density of points. A gradient from low to high density is represented by 

a blue-to-red color palette. Included are the estimated correlation coefficient with a simulated p-

value based on 1000 permutations to test for IBD. all correlations were negative, which indicates 

more differentiation within sites than between pairs of sites 
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