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Summary 
 

The presence or absence (occurrence-state) of a species in a certain area is information of high 

importance for ecological assessments and conservation efforts, as it determines the species 

richness and informs if this has changed due to factors like anthropogenic influence. 

Occurrence-state is influenced by the quality of the habitat, which is effectively addressed by 

habitat suitability modelling. This methodology can be used to define discrete suitable habitat 

patches. However, species can be absent from suitable patches, and this can be due to 

connectivity, which is how much the landscape facilitates or makes difficult the movement of 

species between suitable areas. Predicting if a species is actually occupying a suitable patch is 

extensively done by site-occupancy modelling, but its data requirements do not allow for easy 

use of non-systematically sampled data, which is widely available in many countries and 

institutions. Under a network theory perspective, suitable habitat patches can be seen as 

nodes of a network and the potential movement between them as the edges of such habitat 

network. Several applications of networks in landscape ecology exist, but very few have 

looked at the relation between habitat network topology and the occurrence-state of habitat 

patches. Those that have approached the issue have not used readily available data and have 

not looked at the possibility to do occurrence-state predictions to be used in further analyses, 

such as of species richness.  

In this work, I present a modelling suite comprised of habitat suitability modelling and 

a network-based occurrence-state model, that I generate and apply on amphibian species in 

the densely populated Swiss Plateau. I investigate performance variations of the network 

model determined by different values of the edge-defining species dispersal distance 
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parameter, and I use the occurrence-state predictions to generate a species richness 

assessment based on the spatial confluence of suitable areas for several species. In the light 

of conservation prioritization, the predicted richness derived from network models, the 

richness prediction generated by overlaying habitat suitability maps, and a richness 

assessment counting only confirmed presence points, are all compared in terms of their 

spatial distribution and how much they overlap with existing protected areas. I do this in the 

following order: 

In the introduction of the thesis I present the general panorama of the factors that 

influence occurrence state, the framework of habitat networks, the approaches that exist, and 

the areas of opportunity that remain underexplored. 

In chapter 1 I present the basic habitat network modelling suite, applying it for the tree 

frog Hyla arborea. This is an approach that uses boosted regression trees to relate the 

occurrence-state of habitat patches to a collection of predictors related to the quality, area, 

connectivity, and position in the network topology of habitat patches. These habitat patches 

are defined by ensemble habitat suitability modelling, and the edges of the networks are 

defined by a cost surface and the reported species maximum dispersal distance. The absence 

values of the occurrence-state response variable are defined by a sampling-intensity-based 

target-group approach, given that our data is comprised of presence points from a collection 

that includes heterogenous (non-systematic) sampling. In this chapter I compare the 

performance of variations of the network model generated with different cost surfaces and a 

model that does not include network topological variables. While there was very little 

performance difference between the network models with cost-surface variations, they were 

all noticeably better performing than the model without topological predictors. This 
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demonstrates that habitat network topology is relevant to predict occurrence-state, in 

conjunction with habitat quality factors.  

In chapter 2 I investigate how the assumed dispersal distance of the species influences 

the model predictions on occurrence-state. I apply the basic modelling suite to six amphibians 

(including the previously studied one) and perform a sensitivity analysis of the maximum 

dispersal distance parameter. I compare the performance of the network models built with 

several fixed distances ranging from 300 m to 10 km and a reported value of maximum 

dispersal distance for each species. The results show a relation between increasing dispersal 

distance and better performing models, and indicate that the reported distances in literature 

are most likely underestimated. This points to a leptokurtic distribution of dispersal distances, 

and to the importance of considering long distance dispersal when building distance-based 

network models. 

In chapter 3 I use the spatial predictions of occurrence-state generated for the same 

set of six amphibians and overlay them to define the areas of joint occurrence and therefore 

conservation importance, which I call metapatches. I compared these metapatches generated 

from outputs of network modelling with analogous metapatches developed from overlaying 

outputs of habitat suitability modelling, as well as with wetlands with at least one registered 

���u�‰�Z�]���]���v���‰�Œ���•���v�����U���Á�Z�]���Z���/�����o�•�}�������(�]�v���������•���}�š�Z���Œ���l�]�v�����}�(���Z�u���š���‰���š���Z���•�[�X���d�Z�������}�u�‰���Œ�]�•�}�v���Á���•��

based on their spatial distribution, species richness within the metapatches, species 

composition, and the location of existing protected areas at national level in the Swiss Plateau. 

Around half of the metapatches of every kind fell outside of existing national-level protected 

areas. The metapatches derived from modelling approaches were much more numerous and 

ubiquitous than those based on registered occurrences only. The model-derived metapatches 

did not follow the species-area relationship because they were defined by the intersection in 
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geographical space of the niche hypervolumes of different species. The network-derived 

metapatches were a fine-tuned selection out of the areas deemed as important by the habitat 

suitability-derived approach. By excluding the metapatches with the invasive species, a 

species co-occurrence network helped to point out a selection of species-rich network-derived 

metapatches as the best option to prioritize for protection. The results support the use of 

models that incorporate the influence of patch quality and connectivity to help in the 

recommendation of areas to consider for protection.  

In the final synthesis, I summarize these findings and relate them to a reflection on 

modelling as an exploration of possibility-spaces and the importance of assumptions behind 

methodological choices to approximate better a description of the natural phenomena. I point 

out the impossibility of having single specific values to describe traits of a dynamic living 

population, the importance of interactions and how specific patterns emerge from them, such 

as the distribution of the metapatches. I conclude by discussing the caveats and possibilities 

of this approach, and its relevance for conservation worldwide.  
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Résumé 

 
La présence ou l'absence (état d'occurrence) d'une espèce dans une certaine zone est une 

information de grande importance pour les évaluations écologiques et les efforts de 

conservation, car elle détermine la richesse des espèces et indique si celle-ci a changé en 

raison de facteurs tels que l'influence anthropique. L'état d'occurrence est influencé par la 

qualité de l'habitat, qui est traitée de manière efficace par la modélisation de l'adéquation de 

l'habitat. Cette méthodologie peut être utilisée pour définir des parcelles d'habitat approprié 

distinctes. Toutefois, des espèces peuvent être absentes de ces parcelles, ce qui peut être dû 

à la connectivité, c'est-à-dire à la mesure dans laquelle le paysage facilite ou rend difficile le 

déplacement des espèces entre les zones appropriées. La modélisation de l'occupation des 

sites permet de prédire si une espèce occupe effectivement une parcelle appropriée, mais les 

données requises ne permettent pas d'utiliser facilement des données échantillonnées de 

manière non systématique, qui sont largement disponibles dans de nombreux pays et 

institutions. Dans une perspective de théorie des réseaux, les parcelles d'habitat approprié 

peuvent être considérées comme les noeuds d'un réseau et les mouvements potentiels entre 

elles comme les arêtes de ce réseau d'habitat. Il existe plusieurs applications des réseaux en 

écologie du paysage, mais très peu ont étudié la relation entre la topologie des réseaux 

d'habitat et l'état d'occurrence des parcelles d'habitat. Ceux qui ont abordé la question n'ont 

pas utilisé des données facilement disponibles et n'ont pas examiné la possibilité de faire des 

prédictions de l'état d'occurrence à utiliser dans des analyses ultérieures, telles que la richesse 

des espèces. 
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Dans ce travail, je présente une suite de modélisation composée d'un modèle 

d'adéquation ������ �o�–�Z�����]�š���š�� ���š�� ���–�µ�v�� �u�}�����o���� ���–� �š���š�� ���[�}�����µ�Œ�Œ���v������ �����•� �� �•�µ�Œ�� �µ�v�� �Œ� �•�����µ�U�� �‹�µ���� �i����

génère et applique aux espèces d'amphibiens du Plateau suisse, région densément peuplée. 

J'étudie les variations de performance du modèle de réseau déterminées par différentes 

valeurs du paramètre de distance de dispersion des espèces définissant les arêtes, et j'utilise 

�o���•�� �‰�Œ� ���]���š�]�}�v�•�� ���–� �š���š�� ���[�}�����µ�Œ�Œ���v������ �‰�}�µ�Œ�� �P� �v� �Œ���Œ�� �µ�v���� � �À���o�µ���š�]�}�v�� ������ �o���� �Œ�]���Z���•�•���� �����•�� ���•�‰�������•��

basée sur la confluence spatiale des zones appropriées pour plusieurs espèces. Dans l'optique 

d'une priorisation de la conservation, la prédiction de la richesse dérivée des modèles de 

réseau, la prédiction de la richesse générée par la superposition des cartes d'adéquation de 

l'habitat et une évaluation de la richesse ne comptant que les points de présence confirmés, 

sont toutes comparées en termes de distribution spatiale et de leur degré de chevauchement 

avec les zones protégées existantes. Je réalise ceci dans l'ordre suivant : 

Dans l'introduction de la thèse, je présente le panorama général des facteurs qui 

influencent l'état d'occurrence, le cadre des réseaux d'habitats, les approches qui existent, et 

les domaines d'opportunité qui restent sous-explorés. 

Dans le chapitre 1, je présente la suite basique de modélisation des réseaux d'habitats, en 

l'appliquant à la rainette arboricole Hyla arborea. Il s'agit d'une approche qui utilise des arbres 

de régression boostés pour relier l'état d'occurrence des parcelles d'habitat à une série de 

prédicteurs liés à la qualité, à la superficie, à la connectivité et à la position dans la topologie 

du réseau des parcelles d'habitat. Ces parcelles d'habitat sont définies par une modélisation 

d'ensemble de l'adéquation de l'habitat, et les arêtes des réseaux sont définis par une surface 

de coût et la distance maximale de dispersion des espèces signalées. Les valeurs d'absence de 

la variable de réponse de l'état d'occurrence sont définies par une approche de groupe cible 

basée sur l'intensité d'échantillonnage, étant donné que nos données sont constituées de 
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points de présence provenant d'une collection qui comprend un échantillonnage hétérogène 

(non systématique). Dans ce chapitre, je compare les performances de variations du modèle 

de réseau générées avec différentes surfaces de coût et un modèle qui n'inclut pas de 

variables topologiques de réseau. Bien qu'il y ait très peu de différence de performance entre 

les modèles de réseau avec des variations de surface de coût, ils étaient tous nettement plus 

performants que le modèle sans prédicteurs topologiques. Cela démontre que la topologie du 

réseau d'habitat est pertinente pour prédire l'état d'occurrence, en conjonction avec les 

facteurs de qualité de l'habitat. 

Dans le chapitre 2, j'étudie comment la distance de dispersion supposée de 

l'espèce influence les prédictions du modèle sur l'état d'occurrence. J'applique la suite 

de modélisation de base à six amphibiens (dont celui étudié précédemment) et je 

réalise une analyse de sensibilité du paramètre de la distance de dispersion maximale. 

Je compare les performances des modèles de réseau construits avec plusieurs 

distances fixes allant de 300 m à 10 km et une valeur déclarée de distance de dispersion 

maximale pour chaque espèce. Les résultats montrent une relation entre une distance 

de dispersion croissante et des modèles plus performants, et indiquent que les 

distances rapportées dans la littérature sont très probablement sous-estimées. Cela 

indique une distribution leptokurtique des distances de dispersion et l'importance de 

prendre en compte la dispersion longue distance lors de la construction de modèles de 

réseaux basés sur la distance. 

Dans le chapitre 3, j'utilise les prédictions spatiales des états d'occurrence 

générées pour le même ensemble de six amphibiens et je les superpose pour définir 

les zones d'occurrence commune et donc d'importance pour la conservation, que 

j'appelle métapatchs. J'ai comparé ces métapatches générés à partir des résultats de 
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la modélisation du réseau avec des métapatchs analogues développés à partir de la 

superposition des résultats de la modélisation de l'adéquation de l'habitat, ainsi 

qu'avec les zones humides dans lesquelles au moins un amphibien a été enregistré, 

que j'ai également définies comme d'autres types de "métapatchs". La comparaison 

était basée sur leur distribution spatiale, la richesse des espèces au sein des 

métapatchs, la composition des espèces et la localisation des zones protégées 

existantes au niveau national sur le Plateau suisse. Environ la moitié des métapatchs 

de tous types se trouvaient en dehors des zones protégées existantes au niveau 

national. Les métapatchs dérivés des approches de modélisation étaient beaucoup 

plus nombreux et omniprésents que ceux basés uniquement sur les occurrences 

enregistrées. Les métapatchs issus de la modélisation ne suivaient pas la relation 

espèce-zone car ils étaient définis par l'intersection dans l'espace géographique des 

hypervolumes de niche de différentes espèces. Les métapatchs dérivés du réseau 

étaient une sélection fine des zones jugées importantes par l'approche dérivée de 

l'adéquation de l'habitat. En excluant les métapatchs contenant des espèces 

envahissantes, un réseau de cooccurrence d'espèces a permis de sélectionner les 

métapatchs riches en espèces dérivés du réseau comme étant la meilleure option à 

protéger en priorité. Les résultats soutiennent l'utilisation de modèles qui incorporent 

l'influence de la qualité et de la connectivité des parcelles pour aider à recommander 

les zones à protéger. 

Dans la synthèse finale, je résume ces résultats et les associe à une réflexion 

sur la modélisation en tant qu'exploration d'espaces de possibilités et sur l'importance 

des hypothèses qui sous-tendent les choix méthodologiques pour mieux approcher 

une description des phénomènes naturels. Je souligne l'impossibilité d'avoir des 
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valeurs spécifiques uniques pour décrire les traits d'une population vivante 

dynamique, l'importance des interactions et la façon dont des modèles spécifiques en 

émergent, comme la distribution des métapatchs. Je conclus en discutant les 

limitations et les possibilités de cette approche, et sa pertinence pour la conservation 

dans le monde entier. 
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Introduction 

The presence or absence of a species in a certain location can be seen as a fundamental 

building block for ecological inferences and conservation efforts in any given landscape, as 

the organization and dynamics of communities and ecosystems depend on the species that 

are present and how they interact (Azaele et al. 2010; Götzenberger et al. 2012; Borthagaray, 

Arim & Marquet 2014). Furthermore, in the context of anthropogenic pressure and 

environmental degradation, it is fundamental to know which species are present out of those 

that would be expected given the suitability of the landscape (MacKenzie et al. 2003; 

Mortelliti & Boitani 2007; Reuleaux et al. 2022).  

The binary magnitude that measures presence or absence of species can be called 

occurrence (Kéry & Schaub 2012), incidence (Hanski 1992) or, making more explicit that it is 

constituted by two mutually exclusive alternatives, occurrence-state. Besides habitat quality 

and size, habitat connectivity has been long recognized to influence occurrence-state in 

suitable habitat patches (Franken & Hik 2004; Van Strien et al. 2018). Connectivity of the 

landscape has been assessed by a wealth of network models (e.g. Urban & Keitt 2001; Urban 

et al. 2009; Galpern, Manseau & Fall 2011; Rayfield, Fortin & Fall 2011; Saura et al. 2014; 

Foltête 2019), however, seldom have network models being used to directly predict species 

occurrence-state (but see Pereira, Segurado & Neves 2011; Youngquist & Boone 2021 for the 

closest examples). Therefore, the effectiveness and pertinence of network models to this end, 

its limitations, and the possibility of parametrizing them with non-systematically sampled 

data, are all underexplored. In addition, the use of occurrence-state predictions from network 



16 
 

models for further assessment of species richness to inform conservation planning remains 

untested.  

Landscape suitability, ecological niches, and habitat patches 

For a species to occur in a certain area, this area has to provide suitable conditions for the 

�•�µ�Œ�À�]�À���o�� ���v���� �Œ���‰�Œ�}���µ���š�]�}�v�� �}�(�� �š�Z���� �•�‰�����]���•�X�� �d�Z���•���� ���}�v���]�š�]�}�v�•�� ���Œ���� �����(�]�v������ ���Ç�� �š�Z���� �•�‰�����]���•�[��

fundamental ecological niche (Hutchinson 1957), which is a hypervolume in an n-dimensional 

variable space (Hutchinson 1957; Blonder 2018). The fraction of the landscape that offers 

these conditions is the realized niche of the species (Soberón 2007). The realized niche is 

shaped not only by the abiotic and other non-interactive aspects (scenopoetic variables; 

Soberón 2007), but also by its interactions with other species, which can include facilitation, 

predation (Guisan, Thuiller & Zimmermann 2017), and importantly competition for resources 

(bionomic variables; Soberón 2007). Since only certain fractions of the landscape offer 

suitable conditions, inspired by the concepts of island biogeography (MacArthur & Wilson 

1963; MacArthur & Wilson 2016), in the landscape mosaic or habitat mosaic framework 

(Forman 1995; Urban et al. 2009) they can be seen as suitable habitat patches in a less 

hospitable landscape matrix (Prevedello & Vieira 2009). Such discontinuous distribution of 

suitable areas can give rise to metapopulation dynamics (Hanski 1998; Hanski & Ovaskainen 

2000), in which there are several subpopulations interconnected by occasional gene flow. The 

frequency of this gene flow, and hence the genetic structure of the metapopulation (Levins 

1969; Bohrer, Nathan & Volis 2005) will depend on the dispersal capacities of the species and 

the resistance to movement offered by the landscape matrix (McRae 2006). 
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Habitat suitability modelling 

One of the most prominent modelling methods to assess if a certain area has suitable 

conditions for a species, is habitat suitability modelling, also known as species distribution 

modelling (Guisan & Zimmermann 2000). This approach is based on relating species 

occurrences with the environmental conditions that exist at the places where the occurrences 

have been registered, and through quantification of the realized niche of the species, 

extrapolate the distributions, which are the places in which these suitable conditions exist 

(Guisan, Thuiller & Zimmermann 2017). This can be done with several different kinds of 

models, including generalized linear models (Nelder & Wedderburn 1972; Dobson & Barnett 

2018), entropy-based methods (Phillips, Anderson & Schapire 2006; Elith et al. 2011; Phillips 

et al. 2017), neural networks (Vignali et al. 2020) and decision-tree-based machine learning 

algorithms (Zhang & Li 2017), such as random forest (Breiman 2001; Biau & Scornet 2016; Piri 

Sahragard, Ajorlo & Karami 2018) or boosted regression trees (Elith, Leathwick & Hastie 2008; 

Yu, Cooper & Infante 2020). Their different assessments can be combined in ensemble 

models, which results in consensus forecasting maps indicating the suitable areas (Thuiller et 

al. 2016). The conditions of the sites where the species are absent are in principle also very 

important, but absence from a site is difficult �t if not impossible �t to assess directly for mobile 

organisms (MacKenzie et al. 2002). Because of this, most habitat suitability modelling for 

animals is done on presence-only data, using background data as pseudoabsences (Barbet-

Massin et al. 2012). The suitability scores are in principle continuous, but can be discretized 

by binarization thresholds (Thuiller et al. 2016; Vasquez et al. 2021) to define habitat patches.  

While the usage of habitat suitability modelling is effective to asses suitability of the 

landscape and define discrete habitat patches, species can be absent from suitable habitat. 
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This absence from suitable patches can be due to competitive exclusion, other unfavourable 

biotic interactions, or (likely human-caused) local extinction (Senay, Worner & Ikeda 2013). It 

can also be absent from suitable patches if they are located too far away from other patches 

where the species has an existing stable population, given the dispersal capabilities of the 

species (Barve et al. 2011). They can also be absent because of barriers or inhospitable 

environmental conditions of the landscape matrix between suitable patches (McRae 2006). 

Therefore, approaches that tackle if a species is present or not within suitable patches are 

also necessary. 

Imperfect detection, site-occupancy, and non-systematically sampled data 

An approach that concerns itself with the question of detecting the species in patches that 

are suitable and therefore likely to harbour the species is site-occupancy modelling 

(MacKenzie et al. 2002). This approach often incorporates a double layer of modelling. The 

first one assessing the likelihood of the species being present in the habitat patch, and the 

second calculating the probability of detection given that a species is assumed to occupy the 

patch (Kéry & Schaub 2012). This approach has seen prolific application (e.g. MacKenzie et al. 

2006; Schmidt et al. 2013; Briscoe et al. 2021), but the sampling design required to apply this 

kind of models has constraints such as requiring repeated sampling per site in a single season 

(or year) over multiple seasons (robust design; Williams, Nichols & Conroy 2002; Kéry & 

Schaub 2011). This makes site-occupancy modelling often unsuitable to be applied on non-

systematically collected data. Comprehensive, spatially-explicit data is widely available 

around the world, including databases of national or supranational conservation institutions, 

such as the Swiss infoSpecies (www.infospecies.ch) or the Global Biodiversity Information 

Facility (GBIF; www.gbif.org), as well as more citizen-science oriented initiatives such as 
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inaturalist (www.inaturalist.org). Unfortunately, they include non-systematically sampled 

data, so alternatives to site-occupancy modelling are necessary to be able to work with this 

wealth of data. 

Factors that influence occurrence-state 

It has been found that species occurrence in habitat patches is influenced by the 

connectivity, quality and size of the habitat patch (Franken & Hik 2004; Poniatowski et al. 

2018; Van Strien et al. 2018). The quality factor refers to all the at-site variables that are 

relevant for the persistence of the species therein, or, as explained above, those that make 

up its realized ecological niche, including ideally both scenopoetic (non-interactive) and 

bionomic (resource-related) variables (Soberón 2007). Quality-related variables (mostly the 

scenopoetic component) are successfully assessed by habitat suitability modelling. The patch 

size (area) factor is especially important in the framework of metapopulations (Levins 1969; 

Hanski 1992), and has been shown to be relevant in assessing occurrence of species 

distribution and occurrence (Saura & Pascual-Hortal 2007; Hodgson et al. 2011), although 

Prugh et al. (2008) found it a rather poor occurrence predictor. Operationally, size can also 

be thought of as part of the quality factors, given that it is a variable that can improve or 

reduce the site-specific conditions that make the patch suitable. 

Connectivity and approaches to assess it 

���}�v�v�����š�]�À�]�š�Ç���]�•���š�Z�����Á���Ç���Z�����]�š���š���‰���š���Z���•�����Œ�������}�v�v�����š�������š�}���������Z���}�š�Z���Œ�U���}�Œ���^�š�Z���������P�Œ�������š�}���Á�Z�]���Z��

�š�Z�����u�}�À���u���v�š���}�(���•�‰�����]���•���]�•���(�����]�o�]�š���š�������}�Œ���]�u�‰�������������Ç���š�Z�����o���v���•�����‰���_��(Taylor et al. 1993: 571). 

The connectivity of a habitat patch depends on the dispersal abilities of the species (Jenkins 

et al. 2007) and the permeability of the matrix. It is the factor that maintains gene flow among 

habitat patches and the overall structure of a metapopulation (Hanski & Gaggiotti 2004; 
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Morrissey & de Kerckhove 2009). Connectivity can be approached by methods relying on 

different theoretical backgrounds. The inhospitable matrix can be considered a cost surface 

(Adriaensen et al. 2003; Spear et al. 2010), and the likely routes of movement can be modelled 

with least-cost paths (Adriaensen et al. 2003; Etherington 2016), assuming straight-line 

transects (Emaresi et al. 2011; Keller, Van Strien & Holderegger 2012), or multiple migration 

routes depending on the conductivity or resistance posed by the landscape, based on 

precepts of circuit theory (McRae 2006; McRae et al. �î�ì�ì�ô�V���•�]�•�s�l�}�Á�•�l�� et al. 2012). Whatever 

the assumption of movement, the configuration of how the suitable areas are connected with 

each other ends up being a network, so an effective way to assess connectivity is habitat 

network modelling, which is a graph theory application (Urban et al. 2009). 

Network theory and habitat network models 

Graph theory, or network theory, is a field of mathematics that studies relations between 

elements (Wilson 1972), which has been applied to a variety of fields such as chemical systems 

(Trinajstic 2018), gene regulation (Alvarez-Buylla et al. 2007) and social interactions (Sinatra 

et al. 2016). In a graph, or network, nodes are the elements, and edges or links denote a 

certain relation between them (Barabási & Oltvai 2004). The specific arrangement of nodes 

and edges between them is the network topology (Kauffman 1993; Albert & Barabási 2000). 

Networks have measurable properties of the whole network (e.g. modularity; Guimera & 

Amaral 2005), and others that are node properties but are related to how they are connected 

(e.g. degree, neighborhood; Jordán & Scheuring 2004; Csardi & Nepusz 2006) and what is 

their position and importance within the whole network (e. g. betweenness centrality, 

probability of connectivity; Freeman 1978; Saura & Pascual-Hortal 2007). In a habitat 
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network, the habitat patches are the nodes, and the edges are potential movement between 

them (Urban et al. 2009). 

Species dispersal as determinant of habitat network edges and topologies  

Every distance-based habitat network modelling approach has to tackle the issue of how to 

define the edges. As they are defined by the movement of the individuals (Jenkins et al. 2007), 

the common or maximum dispersal distance of the species has to be considered. Dispersal 

distance measures ideally come from field observations, but reviews on the topic have 

frequently found longer dispersal distances than expected from the biology of the species and 

from previous studies (Smith & Green 2005; Cayuela et al. 2020; Covarrubias, González & 

Gutiérrez-Rodríguez 2021). Dispersal distance is therefore a difficult measure to define non-

arbitrarily, but it ultimately defines the topology of the network, and as such its definition and 

consequences should be carefully considered when developing habitat network models.  

Network models and occurrence-state 

Since the first studies implementing habitat networks (Bunn, Urban & Keitt 2000), there have 

been plenty of applications, both exploring theoretical expansions and proofs of concept 

(Baranyi et al. 2011; Saura et al. 2014; Heer et al. 2021), and concrete applications to issues 

in conservation (Clauzel, Girardet & Foltete 2013; Duflot et al. 2018; Foltête 2019). However, 

very few studies have explored the relation of topological factors with species occurrence-state in 

habitat patches (Pereira, Segurado & Neves 2011; Youngquist & Boone 2021). These studies 

found topology to be somehow relevant for occurrence-state, and both of them used 

presence/absence data with values determined by field observations. To my knowledge, there is 

no previous network model to predict occurrence-state that uses readily available data from 

institutions keeping cumulative databases. 
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Species richness  

The occurrence-state of individual species also determines the species richness, which is the 

total amount of species present in a certain area (Gotelli & Colwell 2011). Therefore, species 

richness is also influenced by the factors of connectivity, quality and patch size (area). The 

most traditional ad straightforward way to assess species richness is of course through field 

sampling campaigns to register direct observations. While for most species whose presence 

is sensory-discernible the most reliable richness estimates come from field surveys, these are 

very time consuming and have the intrinsic caveat of imperfect detection (MacKenzie et al. 

2002). An alternative especially useful for cases where sensory direct registration of 

individuals is not straightforward or not at all possible, is eDNA (Deiner et al. 2017). There are 

also methods to model species richness. These include models that generate richness 

estimates from the occurrence of indicator species (Mac Nally & Fleishman 2002), and 

applications of multispecies site-occupancy models (Guillera-Arroita, Kéry & Lahoz-Monfort 

2019). Neither the traditional field surveys, the eDNA counts, nor the existing modelling 

approaches (besides multi-species distribution models, which are concerned with habitat 

suitability, not occurrence-state; Guisan, Thuiller & Zimmermann 2017; Pichler & Hartig 2021) 

consider explicitly that species richness in an area comes from the coincidence in space of the 

conditions that define the niches of several species. An approach that considers this, beyond 

the arbitrary limits of a sampling area, or inside the visible limits of a land cover patch, can 

potentially give different insights.  

Spatial conservation prioritization 

Species richness is crucial for conservation, as comprehensiveness is one of the principles of 

systematic spatial conservation prioritization, which is a practice that aims to select the areas 
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with the highest possible diversity (mostly of species) when designing a network of protected 

areas (Wilson, Cabeza & Klein 2009; Kukkala & Moilanen 2013). Another one of those most 

important principles is that of adequacy and persistence, which seeks to uphold that the 

protected areas have enough habitat of necessary quality to guarantee the continued 

existence of the species over time (Wilson, Cabeza & Klein 2009). This aspect can be 

addressed by habitat suitability modelling for each species, and expanded with joint species 

distribution modelling (Tobler et al. 2019). However, connectivity also has to be considered 

for upholding this principle, as the extinction rate of a habitat patch depends on the interplay 

between its carrying capacity and the rates of migration (Olivieri & Gouyon 1997; Limdi et al. 

2018). A third principle of spatial conservation prioritization, complementarity, is the notion 

that the protected areas should consider the species and habitat types not already under 

protection, so that the planned protected areas complement those already existing (Justus & 

Sarkar 2002; Lehtomäki et al. 2009; Kullberg et al. 2015).  

There is a vast corpus of research concerning spatial conservation prioritization (e.g. 

Elith & Leathwick 2009; Moilanen, Leathwick & Quinn 2011; Strimas-Mackey & Brodie 2018; 

Ishihama et al. 2019; Vincent et al. 2019) including successful approaches and software 

developed to implement them such as Zonation (Moilanen, Kujala & Leathwick 2009) and 

Marxan (Watts et al. 2009). Different definitions of species richness can give different 

outlooks on how well the different principles are being observed, which can result in 

recommendations that differ substantially in the geographical space recommended to be 

protected. To my knowledge, despite the fact that establishing networks of reserves is one of 

the main drivers of spatial conservation prioritization (Wilson, Cabeza & Klein 2009), network-

based occurrence-state models have not been used so far to inform these conservation 

prioritization efforts. 
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Conservation of taxa at risk: amphibians in Switzerland 

Spatial conservation prioritization is of course most important for groups at risk of 

extinction, and amphibians are one of the most globally endangered and rapidly declining 

taxa (Araújo, Thuiller & Pearson 2006; Catenazzi 2015; Ramírez, Mora & Quintero 2019; Costa 

et al. 2021). They are easily affected by anthropogenic disturbances such as water pollution 

(Polo-Cavia, Burraco & Gomez-Mestre 2016; Preuss et al. 2020), transport infrastructure 

(Clauzel, Girardet & Foltete 2013) and urbanization (Pellet, Guisan & Perrin 2004; Andrews et 

al. 2008) in general. Therefore, they are in urgent need of attention from conservation efforts. 

Fortunately, they are also well-suited for ecological studies focusing on occurrence-state in 

habitat patches, as they have a life cycle in which in most cases involves living in  or next to a 

very well defined landscape feature, as are bodies of fresh water (Smith & Green 2005). They 

are usually considered to have relatively low dispersal abilities (although this is often 

underestimated, see chapter 3). In Switzerland, out of all the amphibian species registered 

locally since the 19th century, one is already regionally extinct, nine are endangered, four are 

vulnerable, one is near threatened and forms a klepton with an invasive species, and only 

three species are of least concern according to the Swiss red list of endangered species 

(Schmidt & Zumbach 2005). Amphibians in the densely populated Swiss Plateau are therefore 

used throughout this thesis to test and develop the models and its derivations. 

Research questions and areas of opportunity  

The previous sections point to a number of specific areas of opportunity and questions to be 

answered by the corpus of this thesis. The first question would be how influential is the 

topology of habitat networks on the occurrence-state of individual habitat patches. Tackling 

this question comes with addressing the need for more models that incorporate connectivity 
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and complement habitat suitability models to assess if a species is actually present in a 

suitable patch. A second question that follows from this is how important is the way that 

absences are defined when only presence records are available, and the data comes from a 

variety of sources that have not been standardized. This is relevant given the inadequacy of 

site-occupancy modelling to assess occurrence-state with non-systematically sampled data. 

A third question is how much is the performance of habitat network models influenced by 

ecological or biological assumptions that define parameters, such as the maximum dispersal 

distance of a species. This pertains to the questionable reliability of existing dispersal distance 

estimates from field observations, and the need for better estimates to model these networks 

adequately. A further question is how important is the incorporation or exclusion of different 

factors that influence occurrence-state for the definition of species richness in a study area. 

Concomitantly, another question is how different definitions of species richness can influence 

conservation planning. The fact that, to my knowledge, there is a lack of direct comparisons 

on the level of protection of species-rich areas between the assessments of network models, 

habitat suitability models, and direct field observations, is also a ripe area of research 

opportunity. In this thesis, I address these questions and explore the areas of opportunity 

here outlined, using as study focus a set of amphibians in the Swiss plateau. 

Structure of the thesis 

The thesis follows a structure fundamentally comprised of a proof of concept, the application 

in multiple species, a sensitivity analysis that explores considerations on model building, and 

an extension comparing the model predictions in the light of conservation prioritization. This 

structure is outlined in Fig. 1 (with details mentioned below). It should be mentioned that 

although this is the most streamlined and logical structure for the purposes of this thesis, 
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chapter three was developed chronologically before chapter two. Due to this development 

order and time constraints to modifications, practical findings from chapter two could not be 

applied yet to chapter three. However, the impressions and conclusions obtained from 

chapter three stand independently of that, and the integration of the insights of both chapters 

and its possibilities are discussed in the final synthesis. 

 

Fig. 1. Structure of the thesis. Contents of chapter 1 highlighted in orange. Procedure replicated for 
other 5 species (blank squares behind). Chapter 2 is highlighted by a purple rectangle, where each square is one 
application of the modelling suite, each for a different combination of species and dispersal distance settings. 
Chapter 3 is highlighted in green, containing the overlay of the modelling procedures for all the species to 
�‰�Œ�}���µ������ ���Œ�����•�� �}�(�� �i�}�]�v�š�� �}�����µ�Œ�Œ���v������ �~�^�u���š���‰���š���Z���•�_�•�U�� �Á�Z�]���Z�� ���Œ���� �}�À���Œ�o���]���� �}�v�� �š�Z���� ���Æ�]�•�š�]�v�P�� �‰�Œ�}�š�����š������ ���Œ�����•�� ���v����
analysed comparatively. 

In chapter one I address the questions of the relevance of network topology to species 

occurrence-state and that of the definition of absences with non-systematically sampled data. 

To that end, I present a modelling suite comprised by an ensemble habitat suitability model 

that defines habitat patches and a network-based model of occurrence-state. This network 

model fits predictors through boosted regression trees and defines the species absences by 

sampling intensity of the whole species group, a method I developed independently but that 

is similar to that of Anderson (2003), Pellet and Schmidt (2005) and Phillips et al. (2009). I 
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compare the performance of versions of the model generated by three different cost surfaces 

with a model that does not include topological predictors. I apply this modelling proof-of-

concept on the tree frog Hyla arborea. This modelling suite, which uses unsystematically 

sampled data, is the novel core of the thesis. 

In chapter two, I address the question of the influence on the performance of habitat 

network models of the choice of parameter values informed by reported ecological data. To 

do this, I apply the aforementioned full modelling suite of chapter one to six different species, 

and I perform a sensitivity analysis that compares the predictive performance of networks 

with a defined set of (seven different) maximum dispersal distances, including the previously 

reported maximum dispersal distances for each species. This leads to considerations on 

network model building that should be considered by future efforts. 

Finally, in chapter three the questions that I tackle are those of the importance of 

considering different factors that influence occurrence-state in the definition of species 

richness, and how different species richness definitions can inform differently conservation 

planning. I explore these questions by using model predictions for the same six different 

species to define areas of joint occurrence and therefore conservation importance, which I 

call metapatches. I compare the metapatches generated by predictions of the network 

models and those from predictions of the habitat suitability models. I also compare them with 

direct species richness assessments of whole wetland patches, and compare how the three 

different approaches coincide spatially with existing protected areas. This produces a 

different conservation prioritization outlook yielded by each method, which is an applied end-

product of the methods generated by the explorations in this thesis.  
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I finish by discussing the findings of my work. I highlight their significance to modelling 

in general as an exploration of a possibility-space in search for the behaviour and values that 

the real phenomenon takes. I also discuss the value of my approach for contexts that need 

affordable and easy to obtain methods in the context of global environmental decline. 
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Biodiversity conservation requires modelling tools capable of predicting the presence or 

absence (i.e. occurrence-state) of species in habitat patches. Local habitat characteristics of a 

patch (lh), the cost of traversing the landscape matrix between patches (weighted 

connectivity; (wc), and the position of the patch in the habitat network topology (nt) all 

influence occurrence-state. Existing models are data demanding or consider only local habitat 

characteristics. We address these shortcomings and present a network-based modelling 

approach, which aims to predict species occurrence-state in habitat patches using readily 

available presence-only records. For the tree frog Hyla arborea on the Swiss Plateau, we 

delineated habitat network nodes from an ensemble habitat suitability model, and used 

different cost surfaces to generate the edges of three networks: one limited only by dispersal 

distance (Uniform), another incorporating traffic, and a third based on inverse habitat 

suitability. For each network, we calculated explanatory variables representing the three 

categories (lh, wc and nt). The response variable, occurrence-state, was parametrized by a 

sampling-intensity procedure assessing observations of comparable species over a threshold 

of patch visits. The explanatory variables from the three networks and an additional non-

topological model were related to the response variable with boosted regression trees. The 

habitat network models had a similar fit; they all outperformed the non-topological model. 

Habitat suitability index (lh) was the most important predictor in all networks, followed by 
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third-order neighborhood (nt). Patch size (lh) was unimportant in all three networks. We 

found that topological variables of habitat networks are relevant for the prediction of species 

occurrence-state, a step-forward from models considering only local habitat characteristics. 

For any habitat patch, occurrence-state is most prominently influenced by its habitat 

suitability, and then by the number of patches in a wide neighborhood. Our approach is 

generic and can be applied to multiple species in different habitats. 

 

�/�v�š�Œ�}���µ���š�]�}�v 

Knowledge about the spatial distribution of species is a key element for any conservation 

effort. To gain insights on the presence or absence of a species at specific locations 

(occurrence-state; from occurrence in Kéry & Schaub 2012), it is necessary but not sufficient 

to consider the conditions that make the specific sites suitable for a species, i.e., to define 

patches of suitable habitats (sensu Guisan & Zimmermann 2000). One also needs to take into 

account habitat connectivity, which is the way the suitable habitat patches are accessible and 
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the movement of species (Taylor et al. 1993). The consideration of connectivity is important, 

as a habitat patch in which the environmental conditions are suitable for a certain species can 

actually be unoccupied due to the inability or low probability of the species to reach the patch 

(Barve et al. 2011). In such a case, the occurrence-state of the known suitable habitat patch 

would be 0, as occurrence-state is a property of habitat patches with two alternative states: 

presence (1) or absence (0). To better capture the factors influencing the occurrence-state of 

a species, and to be able to make predictions about this state, it is necessary to develop new 
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modelling approaches that do not only consider the local conditions in a habitat patch, but 

also the connectivity between patches. This was the main goal of the present study. 

Habitat patches and their connectivity can be represented in a network-theoretical 

framework. Since the work of Bunn, Urban and Keitt (2000), spatially explicit habitat network 

models have been in common use (e.g., Saura & Pascual-Hortal 2007; Urban et al. 2009; Duflot 

et al. 2018). In such networks, nodes usually represent habitat patches potentially inhabited 

by a species, and edges commonly represent potential movement among them. In many 

habitat networks, edges are modelled with cost surfaces (i.e. raster maps in which each cell 

has a value of resistance to movement) from which likely movement routes can be derived 

(Adriaensen et al. 2003; McRae 2006). In other cases, edges are modelled with straight line 

transects (Jordán et al. 2007; van Strien et al. 2014). The specific arrangement of nodes and 

edges is the network topology (Kauffman 1993; Urban et al. 2009), which can be analyzed at 

different scales, ranging from the immediate vicinity of a patch to the whole network (Baranyi 

et al. 2011). Following this logic, the presence of a species in a certain habitat patch is 

influenced by three different key categories of factors, which can be summarized with the 

following conceptual equation: 

�—i = f (lhi, wci, nti)   [1] 

where �—i is the occurrence-state of a species (whether it is present or absent) in a habitat 

patch i, lhi refers to the local habitat characteristics of such patch, wci is the weighted 

connectivity of the patch to surrounding patches, and nti is the place of the patch (node) in 

the network topology. 

Local habitat characteristics (lhi) are defined by the properties of suitability and size of 

a habitat patch. Patch size is an important factor in metapopulation biology (Hanski 1992), and 
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its relevance is widely acknowledged in studies dealing with occurrence and distribution of 

species (Saura & Pascual-Hortal 2007; Hodgson et al. 2011). The suitability of a patch is 

determined by the environmental requirements (i.e. environmental niche) of species. These 

requirements can be assessed with habitat suitability modelling (HSM), which aims to predict 

the distribution of species across a study area based on mapped environmental factors 

(Guisan & Zimmermann 2000; Thuiller & Münkemüller 2010).  

Habitat connectivity depends on the movement ability and behavior of a species, 

reflected in species-specific maximum dispersal distances (Jenkins et al. 2007). It also depends 

on factors that facilitate or inhibit the movement of a species through the landscape between 

neighboring suitable patches (Prevedello & Vieira 2009). The weighted connectivity (wc) 

component of conceptual equation [1] includes those variables that explicitly incorporate the 

probability of traversing the landscape matrix (the latter determining the "weights") into their 

calculation. The wc factors give rise to the emergent large-scale structure of a network. The 

network topology (nt) refers to this large-scale structure (Albert & Barabási 2000). For a given 

node i, nti refers to variables that describe its neighborhood, position, and importance in the 

whole network, independent of any weights specific to a certain environmental or species-

specific context. The context-independent nature of nt variables makes them ideal to compare 

habitat networks of different species in different environments, as well as to compare habitat 

networks with other kinds of natural networks (Watts & Strogatz 1998).  

Determining the occurrence-state of a habitat patch is difficult for non-sessile species 

(MacKenzie et al. 2002). Although it can be performed by site occupancy models (Kéry & 

Schaub 2012), these can only be used in situations where sites have been sampled in a regular 

and systematic way (MacKenzie et al. 2006). Another difficulty is the empirical estimation of 

connectivity between habitat patches, which is usually performed by means of mark-
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recapture, radio tracking, GPS sensors or genetic methods (Straka et al. 2012; Kool, Moilanen 

& Treml 2013). Due to their high costs and labor-intensity, these methods are usually not 

implemented over large spatial scales, for several species, or by institutions under economic 

hardship. In summary, the determination of both the occurrence-state of habitat patches and 

of the connectivity among them are based on data that are relatively expensive, laborious and 

time-consuming to obtain. In contrast, spatially explicit data on species observations are 

readily available in many countries, such as the data aggregated in the GBIF international 

database (www.gbif.org) or in the Swiss InfoSpecies database (www.infospecies.ch). These 

data consist of confirmed presences, but usually do neither contain any absences nor 

information on whether all potential habitat patches were surveyed. Given these biases, it is 

a challenge to parameterize habitat networks with such incomplete data. Nevertheless, given 

the high prevalence of such data, it is worthwhile to explore the possibilities of using it to 

parametrize habitat network models aiming to predict species occurrence. By aggregating 

observation data from groups of comparable species (Anderson, 2003) to determine a habitat 
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In this study, we developed a habitat network modelling approach to predict species 

occurrences in habitat patches following conceptual equation [1].  We aimed to develop a 

generic method that (1) includes insights about the topology of the habitat networks and (2) 

makes use of readily available presence-only records. We expected that the incorporation of 

network topological variables would increase the explanatory power of models as compared 

to non-topological ones, addressing the omission of connectivity factors incurred by 

traditional models capable of predicting species occurrences (such as HSM and resource 

selection models; Boyce et al. 2002). We anticipate that the approach can be applied to a 
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multitude of species in different environments at minimal cost. We exemplify our approach 

with the European tree frog (Hyla arborea L.) in the Swiss Plateau. 

 We followed a multistep procedure with two modelling stages (Fig. 1). First, we used 

HSM to delineate suitable patches, i.e. the nodes of the network. We then defined the edges 

based on least-cost calculations on different cost surfaces, which incorporated different 

environmental, biological and human influences on the landscape, generating three different 

networks. From these networks, we calculated several variables quantifying the three 

categories of factors (i.e. lh, wc and nt) in equation [1], which were used as explanatory 

variables in models that related them to the response variable occurrence-state. We then 

compared the fit of models with and without the wc and nt variables. In order to calculate 

occurrence-state, we developed an approach inspired by Anderson (2003) that uses 

comparative sampling intensity to define absences of the focal species in habitat patches. 

Finally, by means of boosted regression trees (BRTs), we tested the explanatory power of 

predictor variables related to the three factors of equation [1] on occurrence-state. 

 

�D���š�Z�}���• 
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Our study area consisted of the Swiss Plateau, a densely populated region (426 

inhabitants/km2; Müller-Jentsch 2012) of 11,168 km2, where strong increases of landscape 

fragmentation and urban sprawl have recently occurred (Roth, Schwick & Spichtig 2010). The 

area is dominated by human land use, with a patchy distribution of settlements, agricultural 

land and forests. The exact shape of the study area (Fig. 2) was defined by the boundaries of 
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the Swiss Plateau from the official map of the biogeographical regions of Switzerland (OFEV 

2011) minus a 2 km (i.e. commonly reported amphibian dispersal distances; Smith & Green 

2005) negative buffer away from the international borders of Switzerland to prevent border 

effects. We chose the European tree frog (H. arborea L.) as our focal species, as it is a neither 

abundant nor rare habitat specialist, vulnerable to environmental disturbances and 

restricted to well-defined natural features, which are areas close to sunny forest edges and 

bushy landscape elements surrounding vegetation-poor ponds, in which it spawns (Clauzel, 

Girardet & Foltete 2013). 

 

Fig. 1. Workflow of steps used in this study. The numbers indicate the relation of each step to equation 

[1] (inset below). 

Our dataset on species occurrences consisted of geopositioned records of 13 amphibian 

species (Appendix 1) that were sampled from water bodies (mainly ponds, but also shallow 

lakeshores) between 2006 and 2015 across the Swiss Plateau, provided by InfoSpecies-KARCH 

(www.infospecies.ch). The records in this dataset originated from a variety of sources and 
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observers and are limited to sites visited and reported on during the above mentioned period. 

Some sites were visited only once, while others were visited annually or many times. It was 

also not clear whether observers reported all species encountered at a visit, an arbitrary 

subset of species or a single species. Absences of particular species from particular sites were 

thus not explicitly reported. Such data limitations are frequently encountered in national and 

international observation databases. Records on amphibian occurrences were aggregated at 

a 1 ha resolution. In total, the dataset consisted of 2354 locations with at least one amphibian 

species presence in one or more years. Out of these, 291 contained the focal species H. 

arborea (Fig. 2). 

Fig. 2. Location of the study area (Swiss Plateau; black line) in Switzerland (grey line, solid grey in inset) and 

presence records of Hyla arborea (black dots). 

 



44 
 

�,�����]�š���š���•�µ�]�š�����]�o�]�š�Ç���u�}�����o�o�]�v�P 

For HSM, we compiled a dataset of 25 environmental predictor variables based on previous 

studies describing the environmental preferences of pond-based amphibians in general and 

H. arborea in particular (Pellet, Hoehn & Perrin 2004; Van Buskirk 2005; Zanini, Pellet & 

Schmidt 2009), as well as additional variables quantifying human influence on ecosystems. 

Our final HSM predictors fell under three basic categories: human influence, natural landscape 

features and climate variables. All predictor variables were converted to a resolution of 1 ha. 

Circular moving windows with a 2 km radius (common dispersal distances of amphibians) were 

used for calculating many of the predictors. We eliminated collinear predictor variables based 

on pairwise Pearson correlation coefficients (Gillham 2001) with a reference threshold of 0.75 

and based on variance inflation factors (VIF) with a threshold of 0.9, using the packages USDM 

(Naimi et al. 2014) and stats in R 3.3 (R Development Core Team 2016). The removed variables 

were mean annual precipitation, total noise at daytime, recreation intensity, highway density 

and density of roads. This led to a final selection of 20 predictor variables for HSM (Appendix 

2 lists the HSM predictors; Appendix 3 gives a short description and the sources of the data). 

All data processing was carried out with ARCGIS 10.4.1. (ESRI 2016) in Python 2.7 (Python 

Software Foundation 2019). 

 In order to delineate potential habitat patches of H. arborea, we generated an 

ensemble habitat suitability model (HSm) in which the 291 presences of H. arborea 

constituted the response variable. To prevent pseudo-replication, we included only one 

record of H. arborea per sampling site, even if the species was observed in multiple years. We 

generated 10000 pseudo absences as recommended by Barbet-Massin et al. (2012), with one 

round of pseudo-absence selection. We developed an ensemble using the R-package Biomod2 
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(Thuiller et al. 2016), which does multiple runs of different models, projects the models 

spatially and generates consensus projections between the different models. In this study we 

used the mean ensemble of a generalized linear (GLM), a random forest (RF) and a maximum 

entropy (MaxEnt) model. The models were evaluated with ROC AUC, with a quality threshold 

�}�(�� ���h���� �H�� �ì�X�ó��(Bulluck et al. 2006). To binarize the continuous habitat suitability maps, the 

applied criterion was the point in the ROC curve that minimizes the difference between 

sensitivity and specificity. We used default settings unless otherwise specified. 

�E�}�����������o�]�v�����š�]�}�v 

HSM resulted in a map indicating where the environmental conditions were potentially 

suitable for H. arborea. In order to delimit suitable habitat patches for this species, we 

intersected the binary results of the ensemble HSm with those areas in which H. arborea can 

reproduce, namely water bodies in the Swiss Plateau. Water bodies were defined by merging 

several spatial datasets: lakeshores (Swisstopo 2016), mires (OFEV 2010), amphibian spawning 

sites (BAFU 2016) and all locations with at least one occurrence of at least one amphibian 

species in the period 2006-2015. The merged layer constituted a mask that was overlaid with 

the binarized HSm (Guisan et al. 2006; Fig. 3). A habitat patch was considered unique if it was 

not connected to any other patch under a Moore neighborhood criterion (i.e. considering all 

eight neighbors of a raster cell). For each patch, we determined its size (ha) and its mean 

habitat suitability, which were later used as explanatory variables for the occurrence-state 

modelling (see below). The identified habitat patches constituted the nodes of the habitat 

network. 
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Fig. 3. Continuous (A) and binary (B; close-up of red area in A) suitability maps yielded by the ensemble habitat 

suitability model for Hyla arborea in the Swiss Plateau. Discrete habitat patches (D; same close-up as in B) were 

produced by the application of a mask (C; same close-up as in B). 

�����P���������(�]�v�]�š�]�}�v 

Between pairs of nodes, we defined edges based on least-cost calculations (Etherington 2016). 

We developed an algorithm that takes as input a binary raster of habitat patches and a cost 

surface. The algorithm determines the least cumulative cost between patches, and draws an 

edge between patches if the total cost is below a certain threshold. Translation of dispersal 

probabilities into dispersal costs and vice versa was performed following the p2p function of 

the R-package PopGenReport (Adamack & Gruber 2014): 

cost = log(prob)/log(p)*d0       [2] 

in which d0 is the dispersal distance of a proportion p of individuals, prob is the probability of 

dispersal between patches, and cost is the cost-value associated with a certain probability 

prob. We set p = 0.5, so that d0 equaled the median dispersal distance. We set the dispersal 
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probability threshold beyond which no edges were drawn to 0.0001. Subsequently, d0 was set 

to 200 m so that no edges were formed over cost distances of 2658. When cost distances are 

just Euclidian distances, 2658 m is slightly above the reported average maximum dispersal 

distance of H. arborea (Clauzel, Girardet & Foltete 2013). 

Making use of three different cost surfaces, we created three different networks: a 

Uniform, a Traffic and an Inverse Habitat Suitability network. In the Uniform network, the cost 

distance was equal to the Euclidean distance among habitat patches. In the Traffic network, 

the default cost value of a raster cell was 1, and for all the raster cells that intersected with a 

road (excluding tunnels), the traffic intensity on the respective road was converted to a cost-

value. To do this, we calculated the probability that an animal successfully crosses a road 

according to van Langevelde and Jaarsma (2009; equation A1.4). These authors include speed 

and physical dimensions of vehicles and animals, as well as traffic volumes on intersecting 

roads, to calculate probabilities of successful road crossing. The parameter settings for H. 

arborea were taken from Van Strien and Grêt-Regamey (2016). Subsequently, the calculated 

probabilities were transformed to costs using equation [2]. The traffic values per road segment 

were those calculated by the 2010 version of the Swiss national passenger transport model 

(ARE 2010). For the Inverse Habitat Suitability network (HabSuit), we assumed that the 

probabilities of dispersing through the most unsuitable and suitable terrain were 0 and 1, 

respectively. Therefore, the continuous habitat suitability raster from HSM was divided by the 

maximum suitability and the inverse value was then taken as cost-value �~�•���v�•�µ���•�]�•�s�l�}�Á�•�l�� et 

al. 2014). With this approach, not only the network topology differed between the cost 

surfaces, but also the weight of individual edges in the network. Edge weights were calculated 

by transforming the least-cost values to dispersal probabilities following equation [2], hence 
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costlier paths have lower dispersal probabilities. Edge calculations were performed using the 

Python packages numpy (Oliphant 2006), arcpy (ESRI 2016) and igraph (Csardi & Nepusz 2006). 
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We prepared a set of explanatory variables for network model assessment, which 

quantified the three types of factors from equation [1] as patch (node) properties. To address 

the aspect of network topology (nt i) at different scales, we calculated for each habitat patch 

the degree, third-order neighborhood and betweenness centrality. The degree is the number 

of connections (edges) a specific node i has to other nodes (Jordán & Scheuring 2004). The 

third-order neighborhood measures the number of nodes (patches) that can be reached in 

maximally three topological steps through the network (Csardi & Nepusz 2006). To measure 

the influence of topology at the whole-network scale we used betweenness centrality, which 

measures how many connections between all node pairs in the network pass through node i 

(Freeman 1978). While Baranyi et al. (2011) defines it as a meso-scale measure, it is actually 

calculated considering all other nodes in the network, so it is an appropriate proxy to check 

how the whole network structure affects a node-specific property. 

To account for the weighted connectivity of patches (wci), the calculated variable was 

the strength, which is the sum of the weights of all the edges connecting a node to others 

(Barrat et al. 2004). It is thus also considered a topological variable. We also calculated the 

habitat availability, which is a hybrid variable incorporating aspects of nt and lh. This measure 

calculates a weighted sum of all patch sizes that can be reached from a focal patch i. The 

weights are calculated as the maximum product probability between two patches. Habitat 

availability is similar to the probability of connectivity index of Saura & Pascual-Hortal (2007), 

with the main difference that it is calculated for each node separately (not summed over all 

nodes) and not divided by the total habitat area. In order to achieve efficient computation 



49 
 

times, we limited the process to consider patches only up to second-order neighborhood, after 

having observed only negligible change for higher neighborhood order values. 

In addition to those network topological variables, we also included the size (ha) and the 

mean habitat suitability (habitat suitability index; HSI) values of the patches to evaluate the 

influence of local habitat characteristics (lhi). The habitat suitability values per patch were 

obtained by calculating the mean habitat suitability of all pixels that made up a discrete patch. 

The size was an attribute generated when defining the discrete patches. 

�����š���Œ�u�]�v���š�]�}�v���}�(�������•���v�����•���}�(���,�X�����Œ���}�Œ���� 

To define the absence values of the binary response variable occurrence-state, we used an 

adapted version of the approach used by ���v�����Œ�•�}�v���~�î�ì�ì�ï�•�U based on comparative sampling 

intensity. For each habitat patch, we assumed that a presence record of any amphibian species 

in a particular year represented a confirmed visit to the patch in that year by an observer 

familiar with amphibians. Furthermore, we assumed that if a patch was visited a considerable 

number of years and a certain focal species was not reported, it is likely that such species was 

indeed not present in that patch during these years. We calculated the total number of times 

a patch had been visited (Vt) by aggregating all observations of the 13 amphibian species in 

the data set (Appendix 1). Multiple amphibian species recorded in one particular year for a 

certain location were counted as only one visit.  As we had 10 years of observations with a 

temporal resolution of one year, the maximum number of visits (Vt) was 10. For each patch, 

we also calculated the number of times H. arborea was observed (Vh), and for each Vt value 

we calculated the mean Vh. We assigned a likely absence (occurrence-state=0) to all those 

patches with a Vt value that corresponded to a mean Vh�H�í�� �~�]�X���X���}�v�� ���À���Œ���P����H. arborea was 

found at least once over the years) and in which H. arborea had not been recorded. Patches 
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that neither contained a confirmed presence (from the original occurrence data on H. arborea) 

nor a likely absence had an unknown occurrence state, and were therefore excluded from 

subsequent analyses. 

�K�����µ�Œ�Œ���v�����r�•�š���š�����v���š�Á�}�Œ�l���u�}�����o���(�]�š�š�]�v�P 

In order to test what kind of variables were most important for explaining the occupancy-state 

of a species in a habitat patch we ran boosted regression trees (BRTs; Elith & Leathwick 2017). 

This modelling technique has been proven useful for the analysis of complex ecological data. 

It can handle interactions among variables and non-parametric relationships, and integrates 

the calculation of variable importance (Elith, Leathwick & Hastie 2008). The three different 

habitat networks (Uniform, Traffic and HabSuit) were used to build three separate models. In 

all of them, we used the seven explanatory variables described above. In addition, we built a 

model without topological variables (noTopo), for which the only explanatory variables were 

patch size and HSI. For all four models (Summarized in Table 1), the response variable was the 

occurrence-state of H. arborea.  

BRT models are based on an aggregation of numerous classification trees (at least 1000 

as recommended by Elith, Leathwick & Hastie 2008). The learning rate (lr) and tree complexity 

(tc) influence the number of trees that is used in a final BRT model. As stochastic factors give 

rise to differences in the prediction each time the model is run, we used 100 runs with lr = 

0.001, tc= 5, and a bagging fraction of 0.75 (following the general guidelines of Elith, Leathwick 

& Hastie 2008) with the gbm.step function of the R-package dismo (Hijmans et al. 2017). This 

function searches for the number of trees that yields the lowest deviance. We evaluated the 

predictive power of the models by comparing the distribution of their cross-validated AUC 
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values (cv-AUC) over the 100 runs. We assessed the different variables with the distributions 

of their importance scores over all 100 runs. 

Table 1. Summary of the three network-based models (Uniform, Traffic, HabSuit) and the model without 

�š�}�‰�}�o�}�P�]�����o���‰�Œ�����]���š�}�Œ�•���(�]�š�š���������Ç�����Z�d�[�•�X 

Model Resistance surface  
used to define edges 

Predictors included 

Uniform Cost-value equal to 
Euclidean distance among 
habitat patches; edge 
formation limited by 
dispersal distance only.  

Degree 
Strength  
Third-order neighborhood 
Habitat availability 
Betweenness centrality 
Mean HSI 
Mean patch area 
 

Traffic Traffic intensity on 
intersecting roads converted 
to cost-value.  

Degree 
Strength  
Third-order neighborhood 
Habitat availability 
Betweenness centrality 
Mean HSI 
Mean patch area 
 

HabSuit Cost-value defined by 
inverse of maximum-
weighted habitat suitability 
index.  

Degree 
Strength  
Third-order neighborhood 
Habitat availability 
Betweenness centrality 
Mean HSI 
Mean patch area 
 

noTopo None. Network topology not 
considered. 

Mean HSI 
Mean patch area 
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The ensemble HSm, a mean of nine models, yielded a continuous and a binarized habitat 

suitability map (Fig. 3 A, B). The mask (Fig. 3C) applied on the binarized suitability map yielded 

the definitive delineation of habitat patches (Fig. 3D). The total number of habitat patches was 

1900. 

�����P���������(�]�v�]�š�]�}�v 

The three different cost surfaces yielded different networks. The Traffic network comprised 

254 components (groups of linked patches) and the Uniform network 134 components. The 

HabSuit network was the most sparsely connected, divided into 850 components (Fig 4).  

�s���o�µ���•���}�(�����Æ�‰�o���v���š�}�Œ�Ç���À���Œ�]�����o���•�� 

Mean values of all variables are shown in Table 2. For most network variables, the HabSuit 

network exhibited much smaller values (Table 2) than the Uniform and Traffic networks. For 

habitat availability the differences were less pronounced. 

Table 2. Mean values of explanatory variables for the three different networks of Hyla arborea in the Swiss 

Plateau: Uniform, Traffic and Inverse Habitat Suitability (HabSuit) 

 Uniform  Traffic HabSuit 
Degree 11.32 8.86 4.02 
Strength  0.58 0.49 0.22 
Third-order 
neighborhood 

41.63 30.39 11.65 

Habitat availability 311578.5 297289.4 265234.7 
Betweenness centrality 1029.20 911.85 34.19 
Mean HSI 650.15 650.15 650.15 
Mean patch area (ha) 18.97 18.97 18.97 
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The mean number of times that H. arborea was sighted (mean Vh) increased with the number 

of times a patch was visited (Vt).  At Vt �H���ò�U���u�����v���sh �H���í�X�ô�í�î�ñ�U���]�v���]�����š�]�v�P���š�Z���š���}�v�����À���Œ���P�����š�Z���Œ����

was more than one sighting of H. arborea when a site was visited six or more times (Fig. 5). 

Therefore, we regarded every patch with Vt �H�� �ò�� ���v���� �v�}�� ���}�v�(�]�Œ�u������H. arborea sighting as a 

likely absence. In doing so, we determined 46 likely absences of H. arborea, complementing 

the 209 confirmed presences. 

 

Fig. 4. Habitat networks of Hyla arborea on the Swiss Plateau (same close-up as in Fig. 3). The networks were 

based on three different cost surfaces: Uniform (A), Traffic (B), Inverse Habitat Suitability (HabSuit; C). 
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Fig. 5. Relationship between the number of times a patch has been visited (Vt) in the period 2006-2015 and the 

mean number of times that Hyla arborea has been spotted for any number of visits (mean Vh) in the Swiss 

Plateau. 
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The boosted regression trees showed a similar predictive performance among the three 

network models, as indicated by the distributions of their cv-AUC scores (Fig. 6). The model 

without topological measures (noTopo) was outperformed by all three models with 

topological variables (Table 3). 

 

Table 3. Mean cross-validated AUC scores over 100 runs of four models (Uniform, Traffic, HabSuit, noTopo) for 

Hyla arborea presences in the Swiss Plateau. 

 Uniform Traffic HabSuit noTopo 

Cross-validated 
AUC score 

0.7610 0.7552 0.7597 0.7309 

 



55 
 

 

Fig. 6. Distributions of cross-validated AUC scores over 100 runs for four models (Uniform, Traffic and HabSuit  

networks, noTopo) for Hyla arborea presences in the Swiss Plateau. 

HSI was the variable with the highest importance in all models. While the lowest mean HSI 

value in a suitable patch determined by the ensemble HSm was 382, the partial dependence 

plots for all models (Appendix 4) pointed towards a threshold HSI value above 500. In all the 

network models, third-order neighborhood was consistently the second most important 

variable (importance above 13%), followed by strength in the Uniform and Traffic models, and 

by habitat availability in the HabSuit model. Patch size was consistently among the least 

important variables in all models (Table 4). 
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Table 4. Mean relative importance (in %) of seven predictors over 100 runs of boosted regression trees (BRTs) 

for four models (Uniform, Traffic, HabSuit and noTopo) for presences of Hyla arborea in the Swiss Plateau 

���Æ�‰�o���v���š�}�Œ�Ç���À���Œ�]�����o��  
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�~�,�^�/�•������ �ð�ï�X�í�ì �ð�ð�X�õ�ò �ñ�ï�X�ò�ó �ô�ð�X�ï�ð 
�d�Z�]�Œ���r�}�Œ�����Œ���v���]�P�Z���}�Œ�Z�}�}�� �í�ï�X�ì�ñ �í�õ�X�ð�õ �í�õ�X�ô�ì �r 
�^�š�Œ���v�P�š�Z�� �í�î�X�ô�ò �í�í�X�î�ñ �ñ�X�ô�ó �r 
�,�����]�š���š�����À���]�o�����]�o�]�š�Ç �í�ì�X�ì�í �õ�X�ì�ô �í�ï�X�î�ò �r 
�����P�Œ���� �ô�X�ð�ò �ñ�X�ñ�ñ �ì�X�ï�ï�� �r 
�����š�Á�����v�v���•�•�������v�š�Œ���o�]�š�Ç �ó�X�ò�õ �ï�X�ó�ó �ì�X�ó�õ �r 
�W���š���Z�����Œ���� �ð�X�ô�î �ñ�X�õ�ì �ò�X�î�ó �í�ñ�X�ò�ò 
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The goal of this study was to develop an approach to assess the occurrence-state of a species 

in habitat patches; an approach that would be inexpensive and practical by using widely-

available species presence data, and which would have an added predictive value by 
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Our results support the expectation that topological variables of habitat networks are indeed 

relevant for explaining and predicting the occurrence-state of a species in habitat patches. 

This is showcased by the results on BRT model comparison, in which the model without 

topological variables (noTopo) had the poorest performance in terms of its mean cv-AUC score 

(Fig. 6).  

Following our other main objective, a novel aspect we present in this study is the 

derivation of likely absences from presence-only data. Given that we use unsystematically-

collected data with low temporal resolution, it was not possible to use traditional site-

occupancy models (Kéry & Schaub 2012). Instead, we developed a comparative sampling 

intensity approach, which yielded the likely absences necessary to model occurrence-state. A 
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drawback of this approach was that we could only define likely absences for a small fraction 

of the habitat patches originally defined: our BRT models were built on 255 out of 1900 

patches, and the final response variable only included 46 absences. Nevertheless, even with 

this relatively small dataset, all of the network models had mean cv-AUC scores above the 

0.75 AUC threshold of acceptability for good models (Elith 2002). 

The difference in predictive power between the three different network models was 

slight. While the Uniform network had a better mean predictive performance than the others 

did (Table 3), the difference was too small to warrant any conclusions regarding a most 

probable movement hypothesis for the focal species H. arborea. In order to study this aspect, 

it may be worthwhile to experiment with different combinations of cost factors or ways to 

define them (such as non-linear cost increase; Duflot et al. 2018). The application of the 

method to ecologically different taxa and landscapes of various sizes might reveal greater 

differences among network models. The contrast between different models as presented here 

could be used to identify the most likely movement hypothesis for a given target species, and 

therefore indicate the optimal kinds of network models to use in other ecological contexts. 

 The explanatory variable with the highest importance across all three network models 

was the mean habitat suitability index per patch (HSI). This was partially expected, as the 

baseline requirement for occupancy of a patch is to be suitable habitat. However, the values 

of HSI related to presence or absence had a different threshold than the one from the initial 

habitat suitability model (see partial dependence plots, Appendix 4). This was probably due to 

the contrast of confirmed presences with an informed selection of likely absences instead of 

random pseudo-absences as in HSM. The approach to determine likely absences applied here 

could thus be used to fine-tune binarization thresholds of habitat suitability models in other 

applications.  
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The consistent importance of the third-order neighborhood variable shows that the 

number of patches at this wider scale influences the occurrence-state of a species more than 

in the immediate vicinity (as shown by the lower importance of degree). The centrality of a 

patch at the whole-network scale did not prove to be especially relevant for the occupancy-

state of a species. Another variable that was not important in any of the models was patch 

area. This arrangement of variable performances shows the complementarity of the different 

factors of equation [1] in determining species occurrence-state. Local habitat characteristics 

are important, but offer an incomplete assessment, which can be enhanced by the 

incorporation of topological variables. 

Our multistep approach of occurrence-state assessment thus achieved the expectation 

of improving predictive performance with the integration of connectivity and network 

topological considerations. Methods that incorporate these considerations should lead to 

better-targeted conservation actions, with more satisfactory outcomes. Our approach is 

generic and can be applied to any other wildlife species. In addition to presence observations 

of the focal and related species, the main data requirements for its application are spatial 

datasets of variables deemed important for the habitat suitability (for patch delineation) or 

connectivity (for edge definition) of the focal species. Patch delineation, easier for habitat 

specialists such as H. arborea (Van Buskirk 2011), can be helped by the implementation of 

masks (e.g. excluding roads) to reduce patch size for more generalist species. 

Further testing of our approach will indicate how widely it can be implemented, and 

ground-truthing likely absences would be particularly interesting. Although confirming 

absences is a difficult endeavor, novel techniques like eDNA (Deiner et al, 2017) could help 

with this task. An interesting expansion of our approach would be to incorporate temporal 

dynamics. With a higher temporal resolution (we only had 10 time points), one could get 
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further insights into how occurrences in one time-step influence those in the next, thereby 

incorporating perspectives from metapopulation theory (Hanski 1998) or research on 

dynamical complex networks in other disciplines (e.g., Alvarez-Buylla et al. 2007; Sinatra et al. 

2016). Our approach also opens the possibility for multi-species analyses, comparing the 

networks of different taxa. With such an analysis, it would become possible to identify key 

spatial elements across multiple networks and areas of strategic importance for the 

conservation of groups of species (Foltête 2019). Our approach is fully expandable, and we 

hope it can find use in conservation management in different contexts around the world, often 

in dire need of effective and inexpensive methods. 
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Chapter 1  

Appendices 

Appendix 1. The 13 amphibian species of which presence records in the Swiss Plateau were 

used in this study. 

Species Common name  

Hyla arborea European Tree Frog  

Alytes obstetricans Midwife Toad  

Bombina variegata Yellow-bellied Toad  

Bufo bufo Common Toad  

Epidalea calamita Natterjack Toad  

Ichthyosaura alpestris Alpine Newt  

Lissotriton helveticus Palmate Newt  

Pelophylax sp. (P. lessonae 

+ P. esculentus) 

Green Frog complex (Pool 

Frog and Edible Frog) 
 

Pelophylax ridibundus Lake Frog  

Rana dalmatina Agile Frog  

Rana temporaria Grass Frog  

Triturus carnifex Italian crested newt  

Triturus cristatus Northern crested Newt  
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Appendix 2. Final set of 20 predictor variables used in habitat suitability modelling (at a 

resolution of 1 ha), classified in three main categories. 

Category Predictor Variable type 
Human influence Density of traffic Continuous 

 Density of railways Continuous 

 Total noise at nighttime Continuous 

 Population density Continuous 

 Agriculture density Continuous 

 Arable land Binary 

 Green settlements Binary 

 Grey settlements Binary 

 Meadows and farm pastures Binary 

 Orchards, vineyards, horticulture Binary 
 
Natural landscape features Deciduous forest coverage Binary 

 Mixed forest coverage Binary 

 Coniferous forest coverage Binary 

 Density of forest (general) Continuous 

 Distance to forest edge Continuous 

 Presence of rivers Binary 

 Slope Continuous 
 
Climatic variables Mean summer precipitation Continuous 

 Mean annual direct solar radiation Continuous 

 Mean annual temperature Continuous 
 

 

Appendix 3. Predictor variables in habitat suitability modeling, their content and source. 

Predictor Content  Source 

Density of traffic Individual vehicle traffic for 2010 NPVM with tunnels 

removed (ARE 2010) 

Density of 

railways 

Density of rail network  SwissTLM3D (Swisstopo 

2016) 
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Total noise at 

nighttime 

Nighttime rail noise combined 

with nighttime street noise 

EMPA (2011) 

Population 

density 

Statistics on Swiss population, 

geolocated  

STATPOP (BFS 2015) 

Agriculture 

density 

Density of agricultural areas, 

derived from an aggregate of the 

four main categories of 

agricultural land use 

Arealstatistik (OFS 2010) 

Arable land Agricultural area taken from 

point estimates on 72 land use 

categories 

Arealstatistik (OFS 2010) 

Green 

settlements 

Area of green spaces in 

settlements taken from point 

estimates of 72 land use 

categories  

Arealstatistik (OFS 2010) 

Grey settlements Area of grey (sealed areas and 

buildings) areas taken from 72 

land use categories 

Arealstatistik (OFS 2010) 

Meadows and 

pastures 

Area of meadows and pastures 

taken from point estimates of 72 

land use categories 

Arealstatistik (OFS 2010) 
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Orchards, 

vineyards, 

horticulture 

Area of orchards, vineyards and 

horticulture  taken from point 

estimates of 72 land use  

Arealstatistik (OFS 2010) 

Deciduous forest 

coverage 

Occurrence of deciduous forests  Waldmischungsgrad (BFS 

2013) 

Mixed forest 

coverage 

Occurrence of mixed forests Waldmischungsgrad (BFS 

2013)  

Coniferous forest 

coverage 

Occurrence of coniferous forests Waldmischungsgrad (BFS 

2013)  

Density of forest  Density of all forest types of 

Switzerland 

Waldmischungsgrad (BFS 

2013) 

Distance to forest 

edge 

Distance to forest edges Waldmischungsgrad (BFS 

2013) 

Presence of rivers Presence of rivers SwissTLM3D (Swisstopo 

2016) 

Slope Calculated from a digital 

elevation model 

swissALTI3D  (Swisstopo 

2018) 

Mean summer 

precipitation 

Mean summer precipitation 

(1961-1990) 

(Broennimann et al. 2003) 

Mean annual 

direct solar 

radiation 

Mean annual direct solar 

radiation (1961-1990) 

(Broennimann et al. 2003) 
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Mean annual 

temperature 

Mean annual temperature 

(1961-1990) 

(Broennimann et al. 2003) 

 

 

Appendix 4. Partial dependence plots of the three most important explanatory variables in 

sample iterations of the four models (Uniform, Traffic, HabSuit, noTopo). 

 

a) Uniform 
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b) Traffic 
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c) HabSuit 
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d) noTopo 
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���}�v�v�����š�]�À�]�š�Ç�U�����u�‰�Z�]���]���v�•�U���^�Á�]�š�Ì���Œ�o���v�� 

 

�����•�š�Œ�����š�� 

Predicting the presence or absence (occurrence-state) of species in a certain area is highly 

important for conservation. Occurrence-state can be assessed by network models that take 

suitable habitat patches as nodes, connected by potential dispersal of species. To determine 

connections, a connectivity threshold is set at the species�[�� �u���Æ�]�u�µ�u�� ���]�•�‰���Œ�•���o�� ���]�•�š���v�����X��

However, this requires field observations prone to underestimation, so for most animal 

species there are no trustable maximum dispersal distance estimations. This limits the 

development of accurate network models to predict species occurrence-state. In this study, 

we performed a sensitivity analysis of the performance of network models to different 

settings of maximum dispersal distance. Our approach, applied on six amphibian species in 

Switzerland, used habitat suitability modelling to define habitat patches, which were linked 

within a dispersal distance threshold to form habitat networks. We used network topological 

measures, patch suitability, and patch size to explain species occurrence-state in habitat 

patches through boosted regression trees. These modelling steps were repeated on each 

species for different maximum dispersal distances, including a species-specific value from 

literature. We evaluated mainly the predictive performance and predictor importance among 

the network models. We found that predictive performance had a positive relation with the 

distance threshold, and that almost none of the species-specific values from literature yielded 

the best performance across tested thresholds. With increasing dispersal distance, the 

importance of the habitat-quality-related variable decreased, whereas that of the topology-
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related predictors increased. We conclude that the sensitivity of these models to the dispersal 

distance parameter stems from the very different topologies formed with different 

movement assumptions. Most reported maximum dispersal distances are underestimated, 

presumably due to leptokurtic dispersal distribution. Our results imply that caution should be 

taken when selecting a dispersal distance threshold, considering higher values than those 

derived from field reports, to account for long-distance dispersers. 

 

�/�v�š�Œ�}���µ���š�]�}�v 

The distance across which individuals of a species can physically move and disperse is a crucial 

element to consider in biodiversity conservation, as it is an important determinant of the 

probability that an organism is able to reach and occupy other areas. An effective way to study 

patterns of spatial distribution of animal (meta)populations (Hanski 1998) and movement 

across landscapes is through the conceptual framework of habitat mosaics (Forman 1995; 

Urban et al. 2009), which are spatial representations of suitable habitat patches in an 

unsuitable (or less suitable) matrix (Prevedello & Vieira 2009). The movement of animals 

through the matrix allows them to reach new suitable patches after habitat destruction or 

resources depletion (e.g. food or water). Colonization of new suitable patches is also 

important for the maintenance of gene flow among populations (Van Strien 2017; Bachmann 

et al. 2020). There can be multiple factors, such as specific insurmountable landscape features 

(e.g. barriers), that make it difficult for a species to reach other suitable patches (McRae 2006; 

Engler & Guisan 2009). However, even without significant resistance to movement from the 

matrix, physical, morphological or behavioral traits can also limit the dispersal abilities of 

organisms, allowing them to only cover a certain maximum distance (Vittoz & Engler 2007; 
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Van Strien 2017). Due to intraspecific variation, the dispersal distance is generally not a fixed 

value, and aggregated for individuals of a population it can be seen as a probability 

distribution (i.e. dispersal kernel) in which the maximum dispersal distance corresponds to 

the distant end of the tail (Nathan et al. 2012). The probabilities of movement and dispersal 

thus directly affect the probability of finding a species in an environmentally-suitable habitat 

patch. Thus, the persistence of a population in a habitat patch not only depends on factors 

related to habitat quality and size, but also on its connectivity to surrounding patches 

(Franken & Hik 2004; Prugh et al. 2008), and generally to the structure (topology) of the 

habitat network it forms a part of (Albert & Barabási 2000; Urban et al. 2009). 

There is currently a wealth of network modelling applications in landscape ecology 

and conservation. These include studies on the impact of transport infrastructure on the 

genetic structure of a metapopulation (Clauzel, Girardet & Foltete 2013), prioritization of 

areas for conservation �~�•�]�•�s�l�}�Á�•�l�� et al. 2012; Duflot et al. 2018), demonstrations of the 

relevance theoretical principles from islands biogeography (Saura et al. 2014), and 

assessments of robustness against habitat loss (Heer et al. 2021). In a habitat network, the 

nodes represent the habitat patches and the edges or links represent potential movement of 

organisms between them (Urban et al. 2009; Galpern, Manseau & Fall 2011). In networks in 

which not all of the patches are connected to all other patches (i.e. the network is not fully-

connected), the network can be seen as sp�o�]�š���]�v�š�}���•���À���Œ���o���^���}�u�‰�}�v���v�š�•�_��(Galpern, Manseau 

& Fall 2011). Inside a network component, each patch can be reached directly or indirectly 

from all other patches. Single patches that are not connected to any other are themselves 

also separate network components (Neel 2008). Since several network indices that describe 

the position or importance of a patch in the network rely on calculating connections with an 

extended vicinity  (e.g. neighborhood; Csardi & Nepusz 2006) or all the other patches in the 
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network (e.g. betweenness centrality, Freeman 1978; probability of connectivity, Saura & 

Pascual-Hortal 2007), their values are limited to the nodes that form a particular component 

(but note that this depends on the algorithm settings used to calculate them). Therefore, it is 

relevant to know how the network is organized and whether and how much it is fragmented. 

Determining whether two patches are connected by an edge needs to take into 

consideration if the dispersal abilities of species allow movement between the pair of patches 

(Jenkins et al. 2007). Given this, habitat networks need to specify a geographical distance over 

which no edges are formed, which is dependent on such dispersal ability. Therefore, data on 

maximum dispersal distances is needed to parametrize network models. Available data on 

maximum dispersal distances consists of estimates based on what has been observed in the 

field, but getting reliable estimates is very difficult for two reasons. First, dispersal distance 

estimates from genetic analyses in principle can only detect �^���(�(�����š�]�À���� ���]�•�‰���Œ�•���o�_�U�� �Á�Z�]���Z�� �]�•��

when the migrant organisms successfully reproduces (Nathan et al. 2003; Auffret et al. 2017), 

but see Manel, Gaggiotti and Waples (2005). Second, these techniques often rely on 

unrealistic assumptions, such as complete genotyping of the parent pools or Hardy-Weinberg 

equilibrium in the population (Whitlock & Mccauley 1999; Nathan et al. 2003). This makes the 

determination of the presence of migrants in a certain patch by these means often unreliable 

(Nathan et al. 2003). Other possible methods to determine maximum dispersal distances are 

radio or GPS tracking (Revilla et al. 2004; Broquet et al. 2006). However, especially for small 

organisms, these methods have limitations related to the physical placement of transmitters 

and the low battery life of small devices (Rowley & Alford 2007). Harmonic direction finders 

solve those problems (Riley et al. 1998; Pellet et al. 2006), but they have a very short detection 

range and lack signal differentiation for specific individuals (Langkilde & Alford 2002; Rowley 

& Alford 2007), which would require other methods of field marking and identification to 
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measure maximum dispersal distances. For mark-recapture studies (and indeed for all other 

methods), the drawback is that there are uncommon long-distance dispersal events which 

are difficult to detect (Ouborg, Piquot & Van Groenendael 1999; Allendorf & Luikart 2009), 

which often causes the maximum dispersal distances of species to be underestimated (Van 

Dyck & Baguette 2005; Keller, Van Strien & Holderegger 2012). In short, despite the 

importance of knowing the maximum dispersal distance to construct habitat network models, 

there is great ambiguity in estimating this distance in the field. 

The application of advanced modelling techniques to conservation is especially 

relevant and urgent in the case of amphibians, as it is globally the most endangered and 

sharply declining class of vertebrates (Catenazzi 2015). Fortunately, there are already efforts 

relying on network modelling to assess the presence and distribution of amphibians in habitat 

patches (e.g. (Ortiz-Rodríguez et al. 2019; Youngquist & Boone 2021). However, for the 

reasons mentioned above, also for amphibians the estimation of the maximum dispersal 

distance is problematic. In a comprehensive review of amphibian dispersal by Smith and 

Green (2005), whose findings were revisited by Covarrubias et al (2021), there is a reported 

mean maximum dispersal distance for anurans of 2.02 km.  Smith and Green mention that 

�š�Z�]�•���]�•�����}�µ���o�����š�Z�������]�•�š���v�������~�]�X���X���í���l�u�•���}�À���Œ���Á�Z�]���Z�U���������}�Œ���]�v�P���š�}���‰�Œ���À�]�}�µ�•���Œ���‰�}�Œ�š�•�U���^���u�‰�Z�]���]���v��

populations would �������]�•�}�o���š�������(�Œ�}�u�����]�•�‰���Œ�•���o�_��(Smith & Green 2005:113). In the same work, 

it is further reported that 44% of the amphibian species from the studies they compiled move 

no farther than 400 m, while 7% of the anurans disperse to more than 10 km.  Importantly, 

these authors also found that probability distribution of dispersal distances of amphibians in 

many cases follows an inverse power law, or more generally, a leptokurtic distribution (most 

individuals moving over a relatively short distance, but with a considerable amount of 

individuals moving over large distances). Smith and Green (2005: 119) also concluded that 
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�^�u�}�v�]�š�}�Œ�]�v�P�� �o���Œ�P���Œ�� ���Œ�����•�� �]�v�� �š�Z���� �(�µ�š�µ�Œ���� �Á�]�o�o�� �Œ���•�µ�o�š�� �]�v�� �š�Z���� ���]�•���}�À���Œ�Ç�� �}�(�� �o�}�v�P���Œ�� ���]�•�š���v������

�u�}�À���u���v�š�•�_�X�� �����•�‰�]�š���� �š�Z���� �]�u�‰�}�Œ�š���v������ �}�(�� �l�v�}�Á�]�v�P�� �š�Z���� �u���Æ�]�u�µ�u�� ���]�•�‰���Œ�•���o�� ���]�•�š���v������ �š�}��

construct habitat network models, there is thus great uncertainty in estimating this distance 

in nature. This raises the question how sensitive the results of network modelling approaches 

are to the choice of maximum dispersal distance. 

In this study, we explore the effect of maximum dispersal distance on the predictive 

power of network-based species occurrence-state models. We applied the original network 

modelling suite presented in Ortiz-Rodríguez et al. (2019) to six amphibian species of 

conservation importance in the Swiss Plateau (Ortiz-Rodriguez et al, in preparation). In brief, 

this modelling suite consists on Habitat Suitability Modelling (HSM; Guisan, Thuiller & 

Zimmermann 2017) as the basis for delineating the habitat patches that form the nodes of a 

network model. The occurrence-state (i.e. the presence or absence of a species) in these 

habitat patches is determined by assessing sampling intensity, and the network models are 

subsequently used to fit the occurrence-state to predictor variables including network 

topology measures (Ortiz-Rodríguez et al. 2019). In addition to fitting models with edge 

formation delimited by species-specific (mean) maximum dispersal distances taken from the 

literature, we also generated a series of networks with a uniform set of maximum dispersal 

distances. This resulted in a large number of different habitat networks that we compared 

based on their predictive performance, the importance of predictor variables, and the 

number of components of the different generated networks. 

 

�D���š�Z�}���• 
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Species and study area 

We included six amphibian species, which are either the most endangered in Switzerland 

(Alytes obstetricans, Bombina variegata, Epidalea calamita, Hyla arborea) or are problematic 

because they are part of a genetic complex with a history of invasion and displacement 

(Pelophylax ridibundus and P. lessonae / P. esculentus, nearly indistinguishable in the field, 

henceforth referred to hereafter as Pelophylax lessonae agg (Vorburger & Reyer 2003; 

Holsbeek & Jooris 2009; Dufresnes et al. 2017). We focused on the Swiss Plateau, a densely 

populated (Müller-Jentsch 2012) European landscape with many anthropogenic pressures. 

We extracted species presence data from an aggregated database of geopositioned records 

of 13 amphibian species observed at water bodies between 2006 and 2015 by different 

monitoring projects and observers (therefore, not systematically sampled), and provided by 

InfoSpecies (www.infospecies.ch) and KARCH (www.karch.ch). 

HSM and patch delineation 

For each species, we used a selection of 20 environmental predictors (Appendix 1) to do an 

ensemble HSM (combining GLM, MaxEnt and Random Forest as modelling techniques) within 

the R-package Biomod2 (Thuiller et al. 2016), using default package settings. We binarized 

the continuous suitability maps by the point of the ROC curve that minimized the difference 

between sensitivity and specificity. On the obtained binary suitability maps (suitable vs. non-

suitable) we applied an environmental mask consisting of stationary water bodies, amphibian 

spawning sites and reported presences of any amphibian in the original database. Each area 

in the mask that was classified as suitable was considered a habitat patch. For each of these 

patches, we calculated the patch area as well as the Habitat Suitability Index (HSI), defined as 

the mean value of habitat suitability in the continuous suitability map output by the HSM.  
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The patch area and HSI were then used as predictor variables in the network boosted 

regression trees (BRT) models (see below). 

Network generation  

As in Ortiz-Rodríguez et al. (2019), we defined the edges with a least cumulative cost 

algorithm that, in the present case, operated over a uniform resistance surface, which meant 

that the costs equaled approximately the interpatch Euclidean distances. The algorithm drew 

an edge between pairs of patches if the cost was below a certain threshold, which 

corresponded to a chosen maximum dispersal distance. The conversion of cost distances to 

dispersal probabilities was performed according to the p2p function of the R-package 

PopGenReport (Adamack & Gruber 2014): 

���}�•�š�A�o�}�P���~�‰�Œ�}���•��
ø���o�}�P���~�‰�•���Û d0   (1) 

in which cost is the cost�tvalue associated with a certain probability prob, prob is the 

probability of dispersal between patches, and d0 is the dispersal distance of a proportion p of 

individuals. We set p = 0.5 so that d0 equaled the median dispersal distance. The dispersal 

probability threshold beyond which no edges were drawn was set to 0.0001. By adjusting the 

d0 term, we were able to simulate a range of maximum dispersal distances (see below). 

Dispersal distances included 

For every species, we developed networks with their species-specific maximum dispersal 

distance reported in the literature (Table 1). To be consistent with Ortiz-Rodríguez et al. 

(2019), we used for H. arborea a maximum dispersal distance value of 2658 m, which was 

only 258 m higher than the reported value in Smith and Green (2005). Considering the 

dispersal distances reported in Smith and Green (2005) and Covarrubias, González and 
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Gutiérrez-Rodríguez (2021), we also built networks with maximum dispersal distances for the 

extremes of 300 m and 10 km, the distance previously considered as limit for dispersal events 

(1 km), and the reported mean maximum dispersal distance for anurans (2 km). We also 

included a maximum dispersal distance of 4 km as another fixed value considering that in the 

review of Cayuela et al. (2020b) the maximum dispersal distance of amphibians was generally 

given as  3698 ± 6256 m and as 4506 ± 7269 m for anurans only. In addition, out of our studied 

species, one (Bombina variegata) had exactly 4 km as species-specific reported maximum 

dispersal distance (Trochet et al. 2014), while that of another species (Epidalea calamita) was 

close to that value. We additionally expanded the exploration of maximum dispersal distances 

for all species with fixed increasing intervals (6 km and 8 km) until reaching the extreme value 

over which only 7% of amphibians have been found to disperse (i.e. 10 Km; Smith & Green 

2005). Hence, for each of the six species we ran models at 300 m, 1 km, 2 km, 4 km, 6 km, 8 

km and 10 km, as well as at a previously reported species-specific maximum dispersal 

distances (Table 1). 

Table 1. Dispersal distances reported for the species in our study and d0 (equation 1) values used to approximate 
them. 

 

 

Boosted regression trees modelling and evaluation 

For all the 47 generated networks (Bombina variegata did not need a separated 4 km 

maximum dispersal distance network, as 4 km was its reported maximum dispersal distance 

Species Species-specific Max. Disp. Dist. (m) Values of d0  
Alytes obstetricans 1500  (Lüscher 2005) 113 
Bombina variegata 4000  (Trochet et al. 2014) 301 
Epidalea  calamita 4411 (Smith & Green 2005) 332 
Hyla arborea 2658 (Ortiz-Rodríguez et al. 2019) 200 
Pelophylax lessonae agg 1760 (Holenweg Peter 2001) 133 
Pelophylax ridibundus 1760 (Holenweg Peter 2001) 133 
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in the literature), we calculated the same topological variables as in Ortiz-Rodríguez et al. 

(2019). These were the degree (Jordán & Scheuring 2004), third-order neighborhood (Csardi 

& Nepusz 2006), unweighted betweenness centrality (Freeman 1978), strength (weighted 

version of degree; Barrat et al. 2004), and habitat availability (Ortiz-Rodríguez et al. 2019), 

based on the probability of connectivity index (Saura & Pascual-Hortal 2007). We used all of 

them, as well as the HSI and the patch area as predictors of species occurrence-state in the 

boosted regression trees (BRT) models (Elith, Leathwick & Hastie 2008).  

The response variable (occurrence-state) was defined by an approach based on 

sampling-intensity presented in Ortiz-Rodríguez et al. (2019) . The number of times a patch 

was visited (sampling intensity) was determined by observations of any pond-based 

amphibian species. If a patch had been visited frequently to sample this group of species but 

the species of interest was not found, this species was assumed absent (also called target-

group absences in Phillips et al. 2009). With a plot of the average number of times a focal 

species was observed for every number of patch visits, we defined a sampling intensity 

threshold over which patches were considered unoccupied. This produced the binary 

occurrence-state values of presence (1) for the patches where the species was observed, and 

likely absence (0) for those where it was not found during visits to patches above the 

threshold. 

For each network, we ran 100 BRT model iterations, with learning rate = 0.001, tree 

complexity = 5, and a bagging fraction of 0.75, following the general guidelines of Elith, 

Leathwick and Hastie (2008)�U���Á�]�š�Z���š�Z�����P���u�X�•�š���‰���(�µ�v���š�]�}�v���}�(���š�Z�����Z�r�‰�����l���P�������]�•�u�}��(Hijmans et 

al. 2017). For all the models, we observed, summarized and evaluated the area under the 

receiver operating characteristics curve (AUC) in its cross-validated form (cross-validated 
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AUC, henceforth AUC-cv). We also recorded the training AUC, the number of classification 

trees of the BRTs, the importance of each of the predictor variables, as well as partial 

dependence plots for relevant predictors and species. In these last plots, the fitted functions 

(scores on the response variables) were automatically centered by subtracting the mean 

(Elith, Leathwick & Hastie 2008). Additionally, we measured the number of components in 

each of the networks. 

 

�Z���•�µ�o�š�• 

Network structure 

The different species we considered for this study generated differing amounts of suitable 

habitat patches (Table 2). Pelophylax lessonae agg had the highest amount of habitat patches, 

and P. ridibundus the lowest. When increasing the maximum dispersal distances, the number 

of edges forming between the patches were, as expected, strongly increasing (Table 2). 

Changing the dispersal distance also had an influence on the number of connected 

components: For all species, there was a plethora of small components for the shortest 

maximum dispersal distance (330 m), and a single giant component (plus a few additional 

small components for some species) for the longest one (10 km; Table 2; example in Fig. 1). 

This casted an inverse relationship between the number of components and maximum 

dispersal distance (Fig. 2). For the shortest maximum dispersal distance, there was a clear 

linear correlation between increasing number of components in the network and number of 

patches, which became less clear with increasing distance. At the longest maximum dispersal 

distances, they showed no relation whatsoever (Table 2; Appendix 2). 
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Evaluation of predictive performance 

Networks with less components had in general a higher AUC-cv (Fig. 3; Appendix 3). There 

was no single maximum dispersal distance that had the best performance (in terms of mean 

AUC-cv) for all the six amphibian species (Figs. 4 & 5). Assessing the relationship between 

maximum dispersal distance and AUC-cv generated by connecting the means, we observed 

non-monotonic, wave-like patterns in AUC-cv within the tested maximum dispersal distances 

for almost all species (shown for mean values of AUC-cv in Fig. 4). These patterns did not show 

regularity when compared between the species. However, the shortest maximum dispersal 

distance (300 m) produced lower AUC-cv scores for all species than did the networks with the 

longest maximum dispersal distance (10 km), and AUC-cv was found to be positively 

correlated to increasing maximum dispersal distance in linear models for all the species (Table 

3, shown for means in Fig. 5). AUC-cv was also positively correlated to the mean number of 

regression trees found in the BRT models. For some species the highest number of trees, 

corresponding to high AUC-cv values, was much lower than for others (Appendix 4, Fig.6 ). 
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Fig. 1. Example of overlaid habitat networks for the shortest (300 m), longest (10 km), and species-specific (4411 
m) maximum dispersal distances for Epidalea calamita. Note that what might seem a solid surface is actually 
densely intertwined edges. Grey dotted line: international borders; black line: study area. 

 

 

 

 

 

 

 

 

 

Table 2. Number of edges and components for each setting of maximum dispersal distances tested and each 
species considered, with their corresponding number of patches and abbreviation. 
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Species Abbreviation Number of 
patches 

Dispersal Distance 
(km) 

Number 
of edges 

Number of 
components 

Alytes obstetricans Alobs 2395 0.3 519 1907 
   1.0 2441 1014 
   1.5 (Species-specific) 4347 561 
   2.0 6617 299 
   4.0 19344 41 
   6.0 37615 8 
   8.0 61222 6 
   10.0 89911 3 
Bombina variegata Bovar 2735 0.3 722 2050 
   1  3129 980 
   2  8435 257 
   4 (Species-specific) 23959 34 
   6  46006 7 
   8  73582 3 
   10  106671 1 
Hyla arborea Hyarb 1900 0.3 530 1398 
   1  2169 706 
   2  5644 235 
   2.6 (Species-specific) 8398 134 
   4  15022 41 
   6  26886 9 
   8  41412 4 
   10  58286 2 
Epidalea  calamita Epcal 2010 0.3 524 1516 
   1  2155 831 
   2  5745 308 
   4  15814 53 
   4.4 (Species-specific)   18427 35 
   6  29425 15 
   8  46564 6 
   10  66357 1 
Pelophylax lessonae agg Peagg 3074 0.3 762 2351 
   1  3509 1078 
   1.7 (Species-specific) 7982 357 
   2  9675 248 
   4  29528 21 
   6 56927 1 
   8  91299 1 
   10  132013 1 
Pelophylax ridibundus  Perid 1256 0.3 393 882 
   1  1563 413 
   1.7 (Species-specific) 3231 193 
   2  3782 155 
   4  9453 39 
   6  16511 18 
   8  25195 7 
   10  34627 5 
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Fig. 2. Number of components in relation to maximum dispersal distance for the networks of six amphibian 
species (colors). For abbreviations of species, see Table 2. 

In general, the mean cross-validated AUC-cv of all models was above the 0.7 acceptability 

threshold (Bulluck et al. 2006; Fig. 5). Pelophylax lessonae agg was the only species that 

produced a mean value below this threshold. It has to be noted, however, that considering 

the whole distribution of AUC-cv scores along the 100 model runs per maximum dispersal 

distance setting (per species), for some distances there were still many models below the 

threshold even though the mean was above it. The mean AUC-cv of the models produced 

with the species-specific reported maximum dispersal distances were all above the 

aforementioned AUC acceptability threshold. However, E. calamita was the only species for 

which its reported maximum dispersal distance yielded the highest mean AUC-cv of all the 

tested maximum dispersal distances. For A. obstetricans and B. variegata the species-specific 

maximum dispersal distances were at the local (not overall) maximum in AUC-cv, while for H. 

arborea and P. lessonae agg they were rather far from them (Fig. 4). For P. ridibundus, the 
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species-specific dispersal distance yielded one of its lowest AUC-cv scores across the tested 

maximum dispersal distances. The models with the highest mean AUC-cv at every tested 

distance were those performed on A. obstetricans (Fig. 5). 

 

Fig. 3. Scatterplot of the mean cross-validated AUC and the (log transformed) number of components of habitat 
networks for six amphibian species (colors), with linear trendlines. For abbreviation of species, see Table 2. 

 

 Table 3. Significance (p-value), standard error, and R2 scores for the linear relation between maximum dispersal 
distance and cross-validated AUC across all the network models for each study species. 

lm (AUC_cv ~ maximum dispersal distance) 

 

 

 

 

Species P-value R2 Std. Error  
Alytes obstetricans <2e-16 ***  0.5333 1.75E-07 
Bombina variegata <2e-16 ***  0.4368 1.32E-07 
Epidalea  calamita <2e-16 ***  0.09503 2.33E-07 
Hyla arborea <2e-16 ***  0.2791 2.10E-07 
Pelophylax lessonae agg <2e-16 ***  0.5834 2.24E-07 
Pelophylax ridibundus 3.36e-16 ***  0.0801 2.45E-07 
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Figure 4. Scatterplot of the mean cross-validated AUC and the maximum dispersal distance for the six amphibian 
species tested. Stars indicate the species-specific maximum dispersal distances. For species abbreviations, see 
Table 2. 

 

Figure 5. Scatterplot of mean cross-validated AUC and the maximum dispersal distance for the six amphibian 
species tested, with linear regression trendlines. For species abbreviations, see Table 2. 



91 
 

 

Fig. 6. Scatterplot of mean cross-validated AUC and the mean number of regression trees used in the boosted 
regression trees (BRT) models, grouped by species, with trendlines. For species abbreviations, see Table 2. 

Predictor variable importance and partial dependence tendencies 

For several of the species, habitat suitability index (HSI) was the most important variable in 

the BRTs (Fig 7, Appendix 5). This was mostly uncontested at shorter maximum dispersal 

distances, but it was not a general dominance. At larger maximum dispersal distances, habitat 

availability became more important for A. obstetricans, while this was true for four different 

topological predictors in the case of Pelophylax lessonae agg. Habitat availability and third-

order neighborhood were among the most important predictors for several species and 

maximum dispersal distance settings (Appendix 5). When overlaying the values of variable 

importance of all species for the three most consistently important predictor variables (i.e. 

HSI, habitat availability and third-order neighborhood), the topological variables did not 

present a discernible common pattern (Fig. 7). Only for the shortest maximum dispersal 
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distances, HSI had on average a much higher importance, with an overall decreasing 

importance with increasing dispersal distance (Fig. 7). 

The partial dependence plots of the species with both the highest (A. obstetricans) and 

the lowest (B. variegata) maximum AUC-cv values showed similarly marked differences 

between topological and quality-related variables in how consistent their response curves 

were among the different maximum dispersal distance settings. There was a strongly 

consistent pattern for HSI among their networks at all the tested maximum dispersal 

distances. This was a positive but rather fluctuating increase (Fig. 8) for both species. The 

pattern was less consistent for habitat availability (habAv). Counterintuitively, low values of 

habitat availability were associated with presences and higher values were associated with 

absences (Fig. 8). The response curves of the third-order neighborhood predictor showed 

even less of a consistent pattern (Fig. 8). This was a difficult comparison because the complete 

range of values was not present for the lowest dispersal distances, as in these there were 

simply not many third order neighbors. 
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Fig. 7. Relation of variable importance of three predictors to maximum) dispersal distances in six amphibian 
species. (a) Habitat suitability index; (b) Third-order neighborhood; (c) Habitat availability. For species 
abbreviations see Table 2. 
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Fig. 8. Partial dependence plots on the occurrence-state response of the habitat availability (top), habitat 
suitability index (center), and third-order neighborhood (bottom) predictor variables for all the maximum 
dispersal distance settings of Alytes obstetricans (left) and Bombina variegata (right). The fitted response scale 
is centered by subtraction of the mean. 
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The main insights obtained from our study include that previously reported maximum 

dispersal distances of amphibians are most probably underestimated. Another main finding 

was that with increasing maximum dispersal distances the importance of the predictor 

variables and the shape of their response curves change. The results also notably indicated 

that the correlations between predictive performances and maximum dispersal distances are 

fluctuating but overall positive. 

The tendency of overall higher AUC-cv with increasing maximum dispersal distances 

was solid, but showed considerable variation (Fig. 5). Furthermore, for most of our study 

species the previously reported dispersal distances (Table 1) rarely corresponded to the 

highest AUC score, or best predictive performance. The only species which had the best 

performance at the reported maximum dispersal distance (Epidalea calamita) was also the 

one with the highest reported distance among our studied species. These findings point to 

the conclusion, supported by earlier insights (Koenig, Van Vuren & Hooge 1996; Smith & 

Green 2005; Compton et al. 2007), that the reported dispersal distances for most species are 

notoriously underestimated. This is presumably in big part because, while most of the 

population disperse up to a limited distance, there are some rare long-distance dispersal 

events (Smith & Green 2006; Fonte, Mayer & Lötters 2019). This gives rise to a leptokurtic 

distribution of dispersal distances. Such dispersal distribution is ubiquitous in nature, as found 

in plants (Ouborg, Piquot & Van Groenendael 1999; Nathan et al. 2003), insects (Bateman 

1950), mammals (Ramos-Fernández et al. 2004), birds (Viswanathan et al. 1996), humans 

(Heyerdahl 1950; Ioannidis et al. 2020), and of course amphibians (Smith & Green 2006; 

Cayuela et al. 2020a). It is thus likely that the dispersal distances reported for our study 
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species are also underestimated. Habitat network studies should consider this 

underestimation in the construction of the habitat networks and also experiment with longer 

distances than those reported in literature. In our study, choosing longer distances led to an 

increasing model fit in most cases. 

A further implication of the underestimation of dispersal distances in literature, and 

therefore presumably also in the construction of habitat networks, is that many species are 

in reality less fragmented as the published dispersal distances make us believe. As a logical 

result of the positive correlation between model fit and maximum dispersal distance, we 

observed an inverse correlation of the predictive performance of our models with the number 

of components in the habitat network (Fig 3). If we assume that the models with the highest 

fit are closest to the true habitat networks of our focal species, the true habitat networks for 

most species are more connected than the one based on published maximum dispersal 

distances. Although well-connected habitat networks can bring disadvantages, such as an 

easier dispersal of infectious diseases (Costa et al. 2021), in general they provide benefits for 

species, such as alternative routes of dispersal in the face of harsh conditions and better 

chances of survival and reproduction (Fortuna, Gómez-Rodríguez & Bascompte 2006; 

Campbell Grant et al. 2010). Given these benefits, the conservation status of our focal species 

in terms of habitat fragmentation may thus be more positive than what can be derived from 

literature. However, to substantiate this hypothesis, further research is needed to determine 

the validity of our assumption that the habitat network models with the highest fit best 

represent the true habitat networks. 

Habitat quality-related predictors have proven to be highly important in models to 

predict species presence that also incorporate network topological variables (Ortiz-Rodríguez 
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et al. 2019; Youngquist & Boone 2021). In our results, however, the importance of HSI 

compared to the other variables in the model decreased with increasing maximum dispersal 

distance, whereas the importance of topological predictors increased. This seems to follow 

the aforementioned relation between dispersal distance and topological integrity: network 

models with a short maximum dispersal distance produce a small topological neighbourhood, 

in which connectivity variables are less influential and the quality-related factors have a 

higher importance (Fig. 7). Conversely, in scenarios where many patches are reachable (i.e., 

models in in which higher maximum dispersal distance is assumed), the influence of 

connectivity plays a bigger part in the likelihood of a species occurring in a habitat patch. We 

can derive from this that, in the exploration of models that approach the true topology of the 

habitat network, the assumed maximum dispersal distance will determine whether 

connectivity or sheer availability of quality habitat is interpreted as more important for 

species occurrence and hence richness (Fahrig & Triantis 2013; Hanski 2015).  

The sensitivity of the connectivity-related predictors to maximum dispersal distance 

in our models is also apparent from the response curves.  As mentioned previously, the 

topological predictors showed very different response values for the same predictor values 

at the different dispersal distances (high response discordance, Fig. 8), and showed quite 

similar values among the dispersal distances for the quality-related HSI. Meanwhile, for 

habitat availability, the variable that incorporates the influence of both connectivity and 

quality (Saura & Pascual-Hortal 2007; Ortiz-Rodríguez et al. 2019), such discordance was 

intermediate. This again points towards a high sensitivity of the connectivity-related 

predictors to maximum dispersal distance, which follows from the completely different 

network topologies that can be generated in the models with different maximum dispersal 

distance assumptions. 
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While the variation in model performance applied to all species, for some of them the 

models were consistently better or worse than for other species. The species with the highest 

AUC-cv for every dispersal distance was A. obstetricans, whereas the models for B. variegata 

were on average the worst performing for all dispersal distances above 1 Km (Fig. 4). 

Interestingly, unlike most pool-based amphibians, both of these species can been found in 

river courses (Barandun 2007), which entails the possibility of passive long-distance dispersal 

(Fonte, Mayer & Lötters 2019). This could explain the high performance of A. obstetricans. 

While the overall better performance of models at higher dispersal distances also held for B. 

variegata, an alternative explanation remains to be found on the overall poorer performance 

for this species, whose dispersal distance and frequency has been found to vary between 

managed and largely untouched environments (Cayuela et al. 2020a).   

Another pattern worth noticing was the correlation between AUC-cv and the mean 

number of regression trees used to build the BRT models (Fig 6). The algorithm we used for 

this purpose (gbm.step; Elith & Leathwick 2017) searches for the number of regression trees 

that produces the lowest residual deviance. Since residual deviance is itself a measure of 

goodness of fit (Agresti 2003; Tay 2019), this will of course translate to a good score of our 

model predictive performance metric of choice (AUC-cv). However, for some species this 

optimum number of trees was much lower than for others. One possible influence on the 

number of trees could be the number of observations in the response variable, as adding 

more data points (presences and likely absences, in our case) should increase the chance that 

the decision trees yield a different response values for the same section of prediction space 

(Elith, Leathwick & Hastie 2008), which would potentially mean more trees are required to 

reach the lowest possible residual deviance. To substantiate this idea, further research should 
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be done using different datasets to determine whether the number of trees and its 

correlation to model fit is indeed influenced by the sample size.  

Besides their maximum dispersal distance, organisms have a diversity of dispersal 

means, capabilities and behaviors, which results in a variety of dispersal kernels (Nathan et 

al. 2012). This variety leads to many possibilities of further research that are worth exploring 

at every step of the presented methodology. Perhaps the most obvious expansion for future 

research is using non-neutral cost-surfaces (Van Strien, Keller & Holderegger 2012; 

Nowakowski et al. 2015; Etherington 2016; Ortiz-Rodríguez et al. 2019), which could 

drastically change the topology of the network considering environmental barriers other than 

sheer distance. Given the sensitivity of our models to the maximum dispersal distance 

parameter, occurrence-state could also be modelled with network topologies not defined by 

species dispersal distance such as the ubiquitous applications of circuit theory (McRae 2006; 

McRae et al. 2008), as used in the CircuitScape software (McRae & Shah 2009; Hall et al. 

2021). However, using circuit theory leaves out the perspective of the intrinsic locomotion 

capacities of the species. Furthermore, the application of circuit theory to predict species 

occurrence to our knowledge has been demonstrated on a case using intensive systematic 

sampling generating presence and absence data on tagged birds (Brodie & Newmark 2019), 

which makes it so far unsuitable for less systematic databases and groups that are less easy 

to monitor. Another interesting possibility would be an approach that assesses the influence 

of connectivity factors on occurrence-state using continuous suitability surfaces instead of 

discrete habitat patches. The resistant-kernel estimator (Compton et al. 2007) is close to this. 

However, this method relies very much on expert opinion, and at larger scales also ends up 

defining discrete limits that result on a tessellation of the continuous landscape. 
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 Overall, our findings indicate that maximum dispersal distance has a non-trivial and 

non-uniform, but overall positive relation to the fit of habitat network models predicting 

presence or absence of a species in habitat patches. The models are sensitive to the definition 

of the maximum dispersal distance parameter due to the vastly different network topologies 

that can emerge from it, and which define the size of the neighborhood of suitable patches. 

Therefore, for habitat network modelling any reported maximum dispersal distance has to be 

treated carefully and it should be acknowledged that it is likely that a non-negligible amount 

of individuals are dispersing at much further distances than estimated from field 

observations. 
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Chapter 2 

Appendices  

 

Appendix 1. Settings for Habitat Suitability Modelling (HSM) 

For each of the six species, we performed ensemble habitat suitability modelling with the R-

package Biomod2 (Thuiller et al. 2016) with 20 predictor variables (Table A1) We used the 

mean ensemble of three runs each of generalized linear (GLM), random forest (RF), and 

maximum entropy (MaxEnt) models. This was done with default settings, 10,000 

pseudoabsences and one round of pseudoabsence selection. As in Ortiz-Rodríguez et al. 

(2019:10460)�U�����o�o���}�µ�Œ���u�}�����o�•���Á���Œ�������À���o�µ���š�������^�Á�]�š�Z���Z�K�������h���U���Á�]�š�Z�������‹�µ���o�]�š�Ç���š�Z�Œ���•�Z�}�o�����}�(�����h����

�H���ì�X�ó��(Bulluck et al. 2006)�_�X���t�������o�•�}���µ�•�������š�Z�����•���u�������Œ�]�š���Œ�]�}�v���š�}�����]�v���Œ�]�Ì�����š�Z�������}�v�š�]�v�µ�}�µ�•���Z�����]�š���š��

�•�µ�]�š�����]�o�]�š�Ç���u���‰�•�U���Á�Z�]���Z���Á���•���^�š�Z�����‰�}�]�v�š���]�v���š�Z�����Z�K�������µ�Œ�À�����š�Z���š���u�]�v�]�u�]�Ì���•���š�Z�������]�(�(���Œ���v�����������š�Á�����v��

�•���v�•�]�š�]�À�]�š�Ç�����v�����•�‰�����]�(�]���]�š�Ç�X�_ 
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Table 1A. Predictor variables of HSM for all the species. 

Category Predictor Variable type Source 
Human 
influence 

Density of traffic Continuous NPVM with tunnels removed 
(ARE 2010) 

 Density of railways Continuous SwissTLM3D (Swisstopo 2016) 

 Total noise at night-time Continuous EMPA (2011) 

 Population density Continuous STATPOP (BFS 2015) 

 Agriculture density Continuous Arealstatistik (OFS 2010) 

 Arable land Binary Arealstatistik (OFS 2010) 

 Green settlements Binary Arealstatistik (OFS 2010) 

 Grey settlements Binary Arealstatistik (OFS 2010) 

 Meadows and farm pastures Binary Arealstatistik (OFS 2010) 

 

Orchards, vineyards, 
horticulture Binary Arealstatistik (OFS 2010) 

 
Natural 
landscape 
features Deciduous forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Mixed forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Coniferous forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Density of forest Continuous Waldmischungsgrad (BFS 2013) 

 Distance to forest edge Continuous Waldmischungsgrad (BFS 2013) 

 Presence of rivers Binary SwissTLM3D  (Swisstopo 2016) 

 Slope Continuous swissALTI3D   (Swisstopo 2018) 
 
Climatic 
variables Mean summer precipitation Continuous Broennimann  et al. 2003 

 

Mean annual direct solar 
radiation Continuous Broennimann et al. 2003 

 Mean annual temperature Continuous Broennimann et al. 2003 
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Appendix 2. Relation between number of components and number of patches of the networks 

of six amphibian species with different maximum dispersal distance settings (colors) and 95% 

confidence intervals (grey area). The distances with an asterisk (*) are exclusively species-

specific. 

 

 

 

Appendix 3. Significance (p-value), standard error, and R2 scores for the linear relation between 
number of components and cross-validated AUC for across all the network models for each study 
species.  

lm (AUC_cv ~ number of components) 

 

 

 

 

 

Species P-value R2 Std. Error  
Alytes obstetricans <2e-16 ***  9.11E-07 9.11E-07 
Bombina variegata <2e-16 ***  6.46E-07 6.46E-07 
Epidalea  calamita <2e-16 ***  1.13E-06 1.13E-06 
Hyla arborea <2e-16 ***  1.44E-06 1.44E-06 
Pelophylax lessonae agg <2e-16 ***  6.96E-07 6.96E-07 
Pelophylax ridibundus <2e-16 ***  2.77E-06 2.77E-06 
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Appendix 4. Mean cross-validated AUC and number of regression trees used in the boosted 
regression trees (BRT) models for the networks of all the species at every dispersal distance 
setting. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Species Dispersal Distances  
(km) 

Mean AUC-cv Mean number 
of trees 

Alytes obstetricans 0.3 0.7545 2268 
 1 0.8019 2540 
 1.5 (Species-specific) 0.8107 4083 
 2 0.7912 2878 
 4 0.8 2890 
 6 0.7972 3340 
 8 0.8293 4540 
 10 0.8347 4828 
Bombina variegata 0.3 0.7038 1414 
 1 0.7083 1540 
 2 0.7201 2342 
 4 (Species-specific) 0.7313 3356 
 6 0.7126 1675 
 8 0.7401 2778 
 10 0.7356 2990 
Hyla arborea 0.3 0.7394 1096 
 1 0.7335 1340 
 2 0.7383 1187 
 2.6 (Species-specific) 0.764 1511 
 4 0.7703 1292 
 6 0.7898 1610 
 8 0.7559 1290 
 10 0.7714 1804 
Epidalea calamita 0.3 0.7214 1803 
 1 0.7465 2168 
 2 0.7581 2826 
 4 0.7595 2675 
 4.4 (Species-specific) 0.7897 4761 
 6 0.7803 3879 
 8 0.7396 1804 
 10 0.7606 2932 
Pelophylax agg.  0.3 0.677 1204 
 1 0.6854 1680 
 1.7 (Species-specific) 0.7306 1486 
 2 0.7415 1658 
 4 0.7466 2515 
 6 0.7471 2102 
 8 0.7742 2962 
 10 0.7533 2690 
Pelophylax ridibundus 0.3 0.743 1312 
 1 0.723 1172 
 1.7 (Species-specific)  0.7237 1202 
 2 0.7646 2786 
 4 0.7793 1815 
 6 0.7755 2438 
 8 0.7472 2026 
 10 0.7506 2082 
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Appendix 5. BRT variable importance plots for all models (all species and maximum dispersal 

distance settings). In each figure: 3rd. org. neigh = third-order neighborhood, B.C. = 

betweenness centrality, Hab. Av. = habitat availability, HSI = habitat suitability index. 
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�u�}�����o�o�]�v�P�U���Z�����]�š���š�����}�v�v�����š�]�À�]�š�Ç�U���‰���š���Z���‹�µ���o�]�š�Ç�U���‰���š���Z�����Œ���� 

 

�����•�š�Œ�����š�� 

Biodiversity conservation requires careful planning of the spatial configuration of protected 

areas. To establish these systematically, spatial conservation prioritization can be informed by 

models that assess the adequacy of the landscape. Size, quality and connectivity have been 

shown to influence species occurrence in areas (habitat patches) that are suitable for it. 

Consequently, the number of different species found in a specific area (i.e. species richness) 

is also influenced by those factors. Different methods for assessing species occurrence yield 

different predictions of species richness. This in turn results in a variety of possible sets of 

areas to prioritize for conservation, and the choice of which method and factors should be 

considered can have a significant impact on the effectiveness of the protected areas and the 

persistence of the populations within them. Here, we investigate how the spatial distribution 

of areas of potential conservation importance differs when they are defined by different with 

nested incorporation of ecological factors known to influence species occurrence. To do this, 

we focused on six wetland-breeding amphibian species in the Swiss plateau. For each species, 

we applied habitat suitability modelling, which considers habitat quality, followed by network-

based modelling of species occurrence-state, which incorporates connectivity. Overlaying 

independently the outputs of the habitat suitability (HS) and the network-based occurrence-
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state (OS) models, we obtained areas predicted to include one or more species 

simultaneously, which we called respectively H�^�� ���v���� �K�^�� �^�u���š���‰���š���Z���•�_�X�� �������]�š�]�}�v���o�o�Ç�U�� �Á����

measured the richness of wetlands as habitat patches. The wetland patches with at least one 

reported species occurrence were defined as occurrences-only (OO) metapatches. We 

compared the properties of all the different kinds of metapatches (HS, OS, and OO), including 

their number, species richness, area, location, and species composition. We also overlaid the 

metapatches with a map of existing protected areas at the national level in Switzerland, and 

assessed the proportions of metapatches of different kinds that fell within already protected 

areas. We found that the two types of modelled metapatches, which did not follow the typical 

species-area relationship, offered a very different, much more ubiquitous spatial distribution 

than the non-modelled OO metapatches. The habitat suitability approach resulted in a large 

number of metapatches by considering suitable areas without known occurrences. This was 

constrained by the addition of connectivity factors in the occurrence-state approach. We also 

found that around half of the metapatches of every kind fell outside of existing nationally 

protected areas. Considering cost-efficiency, the best option was to prioritize the richest 

occurrence-state metapatches that excluded an invasive species and included the species that 

co-occurred least with the others. Overall, our results indicate that the incorporation of both 

quality and connectivity considerations improves the assessment of which areas should be 

considered for protection. 

 

�/�v�š�Œ�}���µ���š�]�}�v 

In the current context of global biodiversity decline (Pereira et al. 2010) and persistent 

expansion of the human footprint on nature, the conservation of biodiversity is in need of 

concepts and tools that can be used to more effectively protect species, their interactions, 
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habitats, ecosystems, and the services they provide (Soulé 1985; Guisan et al. 2013; D'Amen 

et al. 2017; Brondizio et al. 2019). Protected areas are a cornerstone of conservation 

management (Kramer, van Schaik & Johnson 1997; Brandon, Redford & Sanderson 1998). 

Defining protected areas in general is done based on knowledge of the presence of valuable 

ecosystems, habitats or species (Margules & Pressey 2000; Rondinini et al. 2006). However, it 

has been common to do it in a pragmatic way taking advantage of land and funding 

opportunities, particularly when the implementation is a slow process (Meir, Andelman & 

Possingham 2004; Hansen et al. 2011; Knight et al. 2011). Conversely, protected areas can also 

be defined in a more informed way by the use of tools and models that define the most 

important areas to consider for protection in a qualitative, quantitative, and spatially explicit 

manner (Margules & Pressey 2000; Moilanen, Kujala & Leathwick 2009). Defining protected 

areas in an informed way and also considering the costs of conservation actions is the practice 

of spatial conservation prioritization (SCP; Wilson, Cabeza & Klein 2009). The designation of 

protected areas by SCP, ideally considers several aspects of biodiversity conservation. First, 

one needs to ensure the broadest possible diversity of species, ecological functions, structural 

features and/or habitat types (Wilson, Cabeza & Klein 2009) to be included within the confines 

of protected areas (principle of comprehensiveness; Kukkala & Moilanen 2013). Second, 

protected areas have to conserve habitats whose quality meets the needs for the persistence 

of species over time (principle of adequacy and persistence; Wilson, Cabeza & Klein 2009). 

Third, protection is ideally applied via a network of protected areas that complement each 

other (Lehtomäki et al. 2009). Adding new protected areas should thus consider which taxa or 

habitat types are overlooked by the existing conservation infrastructure (principle of 

complementarity; Justus & Sarkar 2002; Kullberg et al. 2015). Although SCP strives for the 

protection of entire ecosystems in all their dimensions, focusing on specific groups of single 
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species is often necessary when defining protected areas, especially when considering 

limitations in time, resources, expert knowledge and personnel (e.g. using insects, 

amphibians, reptiles, and plants; Vincent et al. 2019; Ramel et al. 2020). Assessments of 

specific organismic groups are therefore used as surrogates for other species groups 

(Rodrigues & Brooks 2007) or species diversity in general (Elith & Leathwick 2009). 

The ecological niche of a given species will only allow it to live in certain areas with 

particular environmental conditions, i.e., discrete habitat patches (Urban et al. 2009), which 

are consequently species-specific. A challenge for SCP is thus to identify areas that include 

habitat patches of multiple species at the same time, in order to approach 

comprehensiveness. The presence or absence of a species in a habitat patch can be considered 

���•�� ���� ���]�v���Œ�Ç�� �À���Œ�]�����o���� �����o�o������ �Z�}�����µ�Œ�Œ���v����-�•�š���š���[��(Ortiz-Rodríguez et al. 2019) �}�Œ�� �Z�}�����µ�Œ�Œ���v�����[��

(MacKenzie et al. 2002; Kéry & Schaub 2012). Species occurrence has been shown to be 

influenced by the size, quality, and connectivity of habitat patches (Franken & Hik 2004; 

Poniatowski et al. 2018; Van Strien et al. 2018). The number of species occurring in a 

determined area is its species richness (Gotelli & Colwell 2011).  

The process of prioritizing areas for conservation is a complex task, and the method 

used for defining protected areas can have a large influence on the locations of protected 

areas and conservation success. In cases where habitat patches can be easily delineated 

(landscape mosaics; Forman 1995),  such as spatially clearly defined wetlands, an intuitive and 

straightforward procedure is to take the whole habitat patch as the area for conservation 

planning. One can then directly take the occurrence data of the species of interest and define 

the priority of the protected areas based on its species richness (Eken et al. 2004). Although 

this method has the advantage of ease and avoids any parametrization of models, occurrence 

data on species are often scarce and opportunistically sampled, fitting the impression that 
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�Z�•�‰�����]���•�����Œ�����Á�Z���Œ�����š�Z���Œ�������Œ�����u�}�Œ�����}���•���Œ�À���Œ�•�[��(Isaac & Pocock 2015). In contrast, modelling 

methods can help to assess the importance of areas that have not necessarily been sampled 

for species occurrence and to overcome (to some extent) sampling bias in available 

occurrence data (Elith & Leathwick 2009). 

One of the methods widely considered standard when determining the distribution of 

species in a certain landscape is habitat suitability modelling (HSM), also known as Species 

Distribution Modelling or Ecological Niche Modelling (Guisan, Thuiller & Zimmermann 2017). 

HSM consists of relating species occurrences with the environmental conditions at the places 

where species have been observed, quantifying the realized niches of species and 

extrapolating species distribution across the study area (Guisan & Zimmermann 2000; Guisan, 

Thuiller & Zimmermann 2017). This approach yields continuous suitability surfaces, and with 

the application of a binarization threshold (Liu, White & Newell 2013; Thuiller et al. 2016), it 

produces discrete suitable habitat patches, adequate for identifying discrete areas to be 

protected.  

A suitable patch can be devoid of the species of interest for a number of reasons 

(Pulliam 2000), including isolation by distance (Barve et al. 2011) or by resistance (i.e. the 

landscape matrix may reduce the movement of species; McRae 2006) or because suitable 

patches in metapopulations can be temporarily unoccupied (Hanski 1998). Therefore, the 

connectivity of habitat patches (Pascual-Hortal & Saura 2006) and the habitat network 

structure they are part of (Urban & Keitt 2001) should also be considered. In the perspective 

of network theory, habitat patches potentially inhabited by a species are the nodes of the 

network, and the links (edges) between them represent the potential movement of individuals 

among them. The movement of individuals is defined by their dispersal capacity across the 

landscape matrix (Bunn, Urban & Keitt 2000) and the number of emigrants produced in local 
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patches (Runge, Runge & Nichols 2006). The overall structure formed by the nodes and how 

they are connected by edges is the network topology (Kauffman 1993; Urban et al. 2009). The 

position of a patch in the topology of a network can have a significant influence on the 

likelihood that a species occupies a patch. Some patches can be part of well-connected 

sections of a network (modules; Guimera & Amaral 2005) and thanks to this have many 

possible sources of (re)colonisation and gene flow (Pereira, Segurado & Neves 2011). Other 

patches act as stepping stones needed to connect distant populations (Saura et al. 2014), and 

yet others are isolated and therefore less likely to harbour the species of interest (Ortiz-

Rodríguez et al. 2019). It is thus evident that, in addition to HSM, approaches that consider 

connectivity and network topology (e.g. Saura & Pascual-Hortal 2007; Duflot et al. 2018; Ortiz-

Rodríguez et al. 2019; Youngquist & Boone 2021) offer valuable perspectives for defining 

protected areas. 

The use of models that focus on patch suitability and those that focus on connectivity 

are bound to lead to different results. As these approaches are usually applied to single 

species, a further challenge arises on how to include the different needs of multiple species 

and combine the results of analyses on individual species. The spatial distribution of species 

depends on their specific fundamental and realized ecological niches (Hutchinson 1957; 

Pulliam 2000; Soberón 2007; Barve et al. 2011). Therefore, recommendations for the 

establishment of protected areas should consider the degree of ecological overlap of areas 

suitable for different species, as well as the diversity of environmental conditions offered by 

the spatial configuration of protected areas (Rouget, Richardson & Cowling 2003). In the light 

of such complexity, and given that different types of information will provide different insights 

on how well the principles of SCP are upheld (Wilson, Cabeza & Klein 2009), an evaluation 
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among models with different foci is useful to evaluate the effectiveness of defining a network 

of protected areas. 

In this article, we explored the differences in determining areas of conservation importance 

resulting from different spatially-explicit, but nested  non-modelling and modelling 

approaches that differently incorporate the influence of habitat size, habitat quality and 

connectivity. These factors influence species occurrence and, consequently, species richness. 

To do this, we used six amphibian species of conservation or management concern in the Swiss 

Plateau and applied two modelling approaches, namely habitat suitability and habitat network 

modelling (as presented in Ortiz-Rodríguez et al. (2019). The maps of binary habitat suitability 

and network-based occurrence-state obtained as model outputs for each species were 

aggregated into spatially-���Æ�‰�o�]���]�š���^�u���š���‰���š���Z���•�_�U���Á�Z�]���Z�����Œ�������Œ�����•���‰�Œ�����]���š�������š�}���]�v���o�µ�������}�v�����}�Œ��

more species simultaneously. We compared the network-model-determined occurrence-

state (OS) metapatches with the metapatches derived from HSM, and further evaluated both 

model-based approaches against wetland-delimited patches where the study amphibian 

species had actually been reported (occurrences-only metapatches, OO, obtained without 

modelling). This comparison was based on species richness and other properties of 

metapatches such as their abundance, area, location, density and species composition. We 

also analysed the current protection status of inferred metapatches at the national level. 

 

�D���š�Z�}���• 

Species records and study area 

We used the dataset of species occurrences from Ortiz-Rodríguez et al. (2019), which was 

extracted from the national amphibian occurrence data base maintained by info fauna karch 
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(www.karch.ch; Schmidt & Zumbach 2019). It consisted of geopositioned records of 13 

amphibian species sampled between 2006 and 2015 at lentic water bodies (ponds and 

wetlands) across the densely populated Swiss Plateau (Müller-Jentsch 2012) with a spatial 

resolution of 1 hectare. These occurrence data originated from a variety of sources and 

observers, from both structured monitoring programs and opportunistic data collected by 

naturalists (all observations were quality checked before they were entered into the national 

database). The shape of the study area was defined by the boundaries of the Swiss Plateau as 

defined by the official map of the biogeographical regions of Switzerland (OFEV 2011), minus 

a 2 km negative buffer to prevent border effects.  

We defined an environmental mask consisting of wetlands (OFEV 2010; Swisstopo 

2016), amphibian breeding sites of national importance (BAFU 2016), and sites with 

observations of any pond-based amphibian from the dataset provided by info fauna karch. 

This included sites not corresponding to any wetland, as not all ponds used by amphibians are 

mapped. This mask was later used to constrain model predictions to habitats suitable for 

amphibians. We then selected six amphibian species relevant for conservation or 

management in Switzerland that had presence observations in at least 200 sites, as a smaller 

amount of records failed to produce acceptable provisional models. The selected species were 

Alytes obstetricans, Bombina variegata, Epidalea calamita, Hyla arborea, the hybrid complex 

of P. lessonae / P. esculentus (nearly indistinguishable in the field, henceforth referred to as 

Pelophylax agg), and Pelophylax ridibundus. Despite being part of the Pelophylax complex, P. 

ridibundus is morphologically distinct and treated as separate in the source data, so it is 

treated here as a different species. The first four of these species are listed as endangered 

(IUCN category: EN) on the national Red List of amphibians (Schmidt & Zumbach 2005) and in 

a recent evaluation of trends in amphibian species in Switzerland (Bergamini et al. 2019). In 
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addition, we included the frogs of the Pelophylax complex, addressing the problem posed by 

the invasive character of P. ridibundus, which is displacing the native P. lessonae (Vorburger 

& Reyer 2003; Holsbeek & Jooris 2009; Dufresnes et al. 2017). There are more red-listed 

amphibian species in the study area but the number of records was too small for meaningful 

models (e.g., Triturus cristatus). 

Habitat suitability and network modelling  

With the above species observations as input data, we applied the multistep modelling suite 

presented in  Ortiz-Rodríguez et al. (2019) to obtain species-specific predictions. The first step 

was an ensemble HS model (combining GLM, MaxEnt and Random Forest) for each of the 

species with the R-package Biomod2 (Thuiller et al. 2016), using 20 predictors and default 

settings. The predictors described the terrestrial habitat of the amphibians (Appendix 1). As 

output of the ensemble forecasting, we obtained for each species a binary habitat suitability 

map (details in Appendix 1). We then applied the above mentioned mask on this binary 

suitability map to define the final set of habitat suitability (HS) patches for each species by the 

application of the RegionGroup algorithm with the eight neighbouring cells in ArcPy (ESRI 

2016). The resolution of every raster layer we used was set to 1 ha. 

With the defined HS-patches, we used the sampling-intensity-based approach 

developed by Ortiz-Rodríguez et al. (2019), similar to the target-group approaches of 

Anderson (2003) and Phillips et al. (2009), to determine the absence values of our occurrence-

state response variable. We used observations of amphibian species to determine the 

sampling intensity of a patch (i.e. number of patch visits). If a patch had been sampled 

frequently, but the species of interest was never recorded, then that species was assumed 

absent from the patch (see also Pellet & Schmidt 2005). A sampling intensity threshold above 
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which patches were considered as unoccupied was determined from a plot of the average 

number of times a focal species was observed for every number of patch visits. This analysis 

produced a binary occurrence-state value for a subset of patches in which the focal species 

had been observed (1) or had not been observed during a number of visits above the threshold 

(i.e. likely absence; 0). 

The next step was to build networks of connected patches, using maximum dispersal 

distance of each species reported in the literature (Holenweg Peter 2001; Lüscher 2005; Smith 

& Green 2005; Trochet et al. 2014) as a threshold below which a connection was established 

between patches (i.e. edge between two nodes). We then calculated several node-level 

metrics from the network and the patches, and defined seven predictor variables of the 

occurrence-state of patches (Appendix 2). These predictor variables were used to explain the 

occurrence-state using Boosted Regression Trees  (BRTs; Elith & Leathwick 2017) on a subset 

of patches with presences and with absences above the visit threshold. After fitting BRTs and 

ensuring that they had sufficient quality (with the criterion of AUC = 0.7 as acceptability 

threshold according to  Swets 1988; Bulluck et al. 2006), we predicted the occurrence 

probability for all suitable patches. We then binarized this prediction with the ROC 

maximization criterion to assign a value of presence or absence (i.e. binary occurrence-state; 

OS) to all suitable habitat patches. The whole process of habitat suitability and network 

modelling was done separately for each of the six species. 

Overlaying modelling information: generation of the metapatches 

Having the occurrence-state (OS) and habitat suitability (HS) maps for each of the six species, 

we proceeded to overlay them by performing a spatial sum of the raster cells (by their 

predicted occurrence-state values for OS patches and by habitat suitability values for HS 
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patches). This resulted in two maps (one for the HSM and one for the OS modelling) indicating 

the number of species predicted to occur in each raster cell. By aggregating neighbouring 

raster cells (eight nearest neighbours) with an equal number of species (species richness), we 

obtained the metapatches, which were areas predicted to include one or more species 

simultaneously. 

Non-modelled assessment: occurrences-only metapatches 

To contrast the modelling approaches resulting in OS-metapatches and HS-metapatches, with 

an assessment of species richness that did not use any modelling, we defined each discrete 

patch of the wetland mask as an occurrences-only (OO) patch. Each OO patch could include 

one or more species occurrences, or it could be devoid of any species. We used map statistics 

to count species occurrences per patch, and the patches that contained at least one species 

occurrence were selected to form a new layer, constituting the OO-metapatches. Given that 

each kind of metapatch (OS, HS and OO) was defined in a different way, they were assumed 

to yield different richness measures for the same areas. OO-metapatches, delimited only by 

the natural limits of wetlands, counted all species that were observed therein. In contrast, HS 

metapatches also included suitable areas without reported amphibian occurrences. Finally, as 

suitable patches might not be adequately connected, yet another metapatch configuration is 

expected to be produced by the OS approach (Fig. 1). 
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Fig. 1. Schematic rationale of different kinds of areas of joint species occurrence (metapatches) depicting why 
they yield different measurements of species richness (numbers in black). Each area with different species 
richness is a metapatch. The occurrence-state approach incorporates network modelling. 

 

To investigate differences and similarities among the three kinds of metapatches (OS, 

HS and OO), we compiled the amount and proportion of metapatches with different values of 

species richness and metapatch area. We also evaluated the spatial distribution of the 

different kinds of metapatches and calculated the mean species richness of metapatches 

within circular moving windows of a 2 km radius (Focal statistics; ESRI 2016). We evaluated 

the distribution of species richness between the approaches by means of Pearson 

correlations. Furthermore, we overlaid existing areas protected at the national level in 

Switzerland (Appendix 3) with each type of metapatch and extracted protected and 
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unprotected OS-, HS-, and OO-metapatches. Additionally, we assessed which species occurred 

together (i.e. species composition) in each type of metapatch. We used the cooccurr R-

package (Griffith, Veech & Marsh 2016), which compares observed species co-occurrence 

frequencies with an expected frequency model following Veech (2013). This method tests 

whether values of co-occurrence of species that are higher than expected under random co-

occurrence. We established networks of species co-occurrence for each kind of metapatch, 

and compared these three networks to each other and to a network built based on 

information on amphibian co-occurrence from different sources (Appendix 4). We then 

assessed which species was most frequently missing in metapatches with only one species 

absent (species richness = 5), both in protected and unprotected metapatches. 

 

�Z���•�µ�o�š�• 

General comparison of metapatch characteristics 

The number, location, size, species richness, species composition and protection status of the 

metapatches differed between each metapatch approach (HS, OS, and OO). Regarding 

metapatch abundance, there was approximately double the number of HS-metapatches than 

OS-metapatches, and compared to the two modelling approaches, there were far fewer OO-

metapatches (Table 1). 

Species richness 

The distribution of species richness (SR) per metapatch showed for all metapatch approaches 

a decreasing trend in the number of metapatches with increasing species richness  (Table 1), 

resembling a power law for OS and OO metapatches and a more linear decrease for the HS-
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metapatches (Fig 2). The amount of metapatches with a SR of 1 was similar in the OS and HS 

approaches, whereas the number of metapatches with species richness of 6 was much lower 

in the OS approach. Taking the top two �•�‰�����]���•���Œ�]���Z�v���•�•���o���À���o�•���~�^�Z�A�ñ�����v�����ò�•�����•���^�•�‰�����]���•-�Œ�]���Z�_��

metapatches, only 2% of OO-metapatches (32) had high species richness, and only three of 

them had the highest possible species richness (SR=6). The proportion of species-rich 

metapatches in the OS approach also amounted to no more than 2% of the total, while 16% 

of the HS-metapatches were species-rich. The HS approach was the most distinct of the 

approaches in terms of the frequency of species richness levels (Fig. 2). Whereas the HS 

approach resulted in 47 % of the metapatches having low species richness (SR= 1 and 2), this 

percentage was 74% and 80% for the OS and OO approaches, respectively. 

Table 1. Species richness and proportions of different levels of species richness for metapatches defined by three 
approaches: OS = network-based occurrence-state; HS = habitat suitability; OO = occurrences only.  

Species 
richness 

Number of 
OS 
metapatches 

Proportion 
of OS 
metapatches 

Number of 
HS 
metapatches 

Proportion 
of HS 
metapatches 

Number of 
OO 
metapatches 

Proportion 
of OO 
metapatches 

�H���í 4893 1.000 9639 1.000 1333 1.000 

6 14 0.003 425 0.044 3 0.002 

5 121 0.025 1086 0.113 29 0.022 

4 381 0.078 1664 0.173 73 0.055 

3 780 0.159 1885 0.196 163 0.122 

2 1322 0.270 2037 0.211 320 0.240 

1 2275 0.465 2542 0.264 745 0.559 

 

Patch area 

For all three approaches, the majority of metapatches were very small, on average a single or 

a few hectares. However, the OO approach included some very large metapatches (Fig 3). For 
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the HS approach, there was no obvious relationship between metapatch area and species 

richness, with a median close to the minimum patch area of 1 ha and many outliers at every 

level of species richness (Fig 4). This was very similar to the OS approach, although in the OS 

approach the richest metapatches (SR=6) had a slightly higher mean area. For the OO 

approach, there was a clear trend of increasing richness with larger metapatch area, most 

evident in the category of maximum species richness (SR=6; Fig 4). 

Fig 2. Frequency of species richness across metapatches in three different approaches: (a) network-derived 
occurrence- state (OS); b) habitat suitability (HS); c) occurrence-only (OO). 

 



152 
 

 

Fig. 3. Distribution of metapatch area for three different approaches: habitat suitability (HS); network-derived 
occurrence-state (OS), occurrences-only (OO).  

 

 

Fig 4. Relationship between the area of metapatches (in log-scaled intervals) and different levels of species 
richness according to three different approaches: (a) network-derived occurrence-state (OS); (b) habitat 
suitability (HS); (c) occurrences-only (OO).  
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Location of metapatches and density of species richness 

Spatially, the distribution of metapatches at the scale of the whole study region showed 

marked differences between the three approaches (Fig. 5). For OO metapatches, the shores 

of lakes appeared as large, continuous metapatches. In contrast, for metapatches based on 

modelling, most of these large shore areas were divided into much smaller fragments or did 

not show up as suitable areas. There was a concentration of metapatches with high species 

richness for all three approaches slightly east of the center of the study area (Fig. 5), which 

corresponded to the valley of river Reuss (Fig 6). 

 

 

Fig. 5. Maps of metapatches with species richness levels for three different approaches in the Swiss Plateau: (a) 
network-derived occurrence-state (OS); (b) habitat suitability (HS); c) occurrences-only (OO). 
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Fig. 6. Averaged species richness density (average species richness in metapatches within a 2 km circular moving 
window) for three different approaches: (a) network-derived occurrence-state (OS); b) habitat suitability (HS); c) 
occurrences-only (OO). The valley of river Reuss is indicated by a purple rectangle. 

A moving window of 2 km averaging species richness of metapatches (that we called 

�Z�•�‰�����]���•���Œ�]���Z�v���•�•�������v�•�]�š�Ç�[�• showed that one of the most noticeable differences between the 

approaches was the degree of clustering �}�(���š�Z�]�•���Z�•�‰�����]���•���Œ�]���Z�v���•�•�������v�•�]�š�Ç�[���]�v���š�Z�����o���v���•�����‰�����~�&�]�P�X��

6). This was noticeably more spread out in higher values for the HS-metapatches, which 

showed many areas with medium to high average species richness (Fig. 6b). In contrast, for 

the OS approach there were hardly any zones in which existing metapatches averaged high 

(SR > 4) species richness (Fig 6a), and the higher averages of species richness for the OS 

approach were localized in subsections of the core areas with higher average richness for the 

HS approach. For the OO-approach, which overall included fewer metapatches, there were 

few species-rich metapatches (Table 1), which seemed to be concentrated in few zones (Fig. 

6c). Pearson correlation coefficients indicated that the spatial distribution of species richness 

in metapatches was more correlated between the HS and OS approaches than with the OO 

approach (Fig. 7). 
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Fig. 7. Pearson correlations �����š�Á�����v���Z�•�‰�����]���•���Œ�]���Z�v���•�•�������v�•�]�š�]���•�[���~���À���Œ���P�����•�‰�����]���•���Œ�]���Z�v���•�•���}�(���u���š���‰���š���Z���•���Á�]�š�Z�]�v��
a 2 km circular moving window) of occurrence-state (OS) and habitat suitability (HS) metapatches (a); 
occurrences-only (OO) and occurrence-state (OS) metapatches (b); and occurrences-only (OO) and habitat 
suitability (HS) metapatches (c), with trendlines. 

 

Protection of metapatches 

Analyzing the numbers and proportions of metapatches that fell within protected areas at the 

national level, we found that around half of the total metapatches are currently not protected 

(Table 2). In the HS-approach, protection covers 54% of the metapatches. Meanwhile, for both 

the non-modelling (OO) and the network model (OS) approaches, the proportion of 
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metapatches that are currently protected was less than 50%. There were areas, such as the 

inset shown in Fig. 8, which showed conspicuous differences among the three different 

approaches in the amount of species-rich but unprotected metapatches.  

The metapatches with higher species richness tended to have a higher proportion of 

protected patches than those with lower species richness (Table 2). For the OO-approach, all 

three metapatches that contained all six study species (SR=6) were protected. The difference 

in the proportions of protected metapatches with higher vs. lower species richness was least 

pronounced in the HS approach (Fig. 9). 

Table 2. Number and proportion of metapatches within nationally protected areas in the Swiss Plateau 
(compared to the total number) for different levels of species richness according to three approaches: OS = 
network-based occurrence-state; HS = habitat suitability; OO = occurrences only. 

 

Species composition 

Regarding those of the study amphibian species that co-occurred more frequently than 

expected under a random scenario, the co-occurrence networks showed different structures 

among the three different approaches (Fig. 10). In all of them, Alytes obstetricans had fewer 

connections than the other species in the network. This was also the case in a co-occurrence 

network we built from select literature and web sources (Appendix 4). 

In the metapatches where only one species was missing, the most commonly absent 

species was A. obstetricans in both modelling approaches (Table 3). It was the second most 

commonly missing species in the OO-non-modelled approach, just behind P. ridibundus. In 
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contrast, Pelophylax agg and Bombina variegata were rarely the missing species in 

metapatches where 5 out of 6 amphibian species were present. The patterns of which species 

were the ones missing most or least frequently (in metapatches with SR=5) were generally 

maintained when only considering our protected metapatches (Table 3). 

 

Fig. 8. Nationally protected areas in the Swiss Plateau and an example of a specific area with contrasting species 
richness (insets) in three different approaches: (a) network-derived occurrence-state (OS); (b) habitat suitability 
(HS); c) occurrences-only (OO). 
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Fig. 9. Proportion of nationally protected metapatches per level of species richness in three different approaches, 
with trendline: (a) network-derived occurrence-state (OS); b) habitat suitability (HS); c) occurrences-only (OO). 
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Fig. 10. Species co-occurrence networks for metapatches developed by three different approaches: (a) network-
derived occurrence-state (OS); b) habitat suitability (HS); c) occurrences-only (OO). Links indicate that species co-
occurred more frequently than expected under a random scenario. 
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Table 3. Species absent from metapatches with all but one of the study species (SR=5) for nationally protected 
and total metapatches defined in three different approaches: occurrence state (OS); habitat suitability (HS); 
observations-only (OO). The numbers in the table refer to the number of metapatches that a species was absent 
from. 

Species absent in 
metapatches 

OS Metapatches HS Metapatches OO metapatches 

 Total Protected Total Protected Total Protected 

Alytes obstetricans 52 28 444 324 9 5 

Bombina variegata 1 0 3 2 1 0 

Epidalea calamita 25 12 180 105 5 5 

Hyla arborea 7 4 25 10 4 2 

Pelophylax agg 0 0 4 3 0 0 

Pelophylax 
ridibundus 36 19 430 262 10 8 

 

���]�•���µ�•�•�]�}�v 

In this study, using six amphibian species on the Swiss Plateau (lowlands) as a case 

study, we compared the spatial patterns and network structure of metapatches (i.e. patches 

for multiple species) produced by three distinct approaches, two modelling (network and 

habitat-suitability) ones and a third based directly on the observed species occurrences. We 

then compared the three spatial outcomes to the existing network of protected areas. Besides 

being the first study to compare network and habitat-suitability models, it is also the first to 

assess the spatial patterns of patches produced by such model predictions, and to compare 

them to the patches that can be defined from the (likely incomplete) observations, and how 

the former can complement the view obtained from the latter. 

Our results reveal differences between the three approaches, mainly with the 

observations-based differing more largely from the two modelling ones. A main finding is that, 

fitting the expectations indicated in Fig. 1, the incorporation of quality and connectivity 
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aspects in the modelling approaches did improve the selection of areas important for 

conservation in comparison with the approach that just considered reported presences in 

whole wetlands. The results show that in the metapatches where only one of the species was 

missing, the most frequently absent was the species independently found to co-occur the least 

with the others (i.e. Alytes obstetricans), which was relevant for a more precise prioritization. 

We also found that around half of the metapatches fell outside of currently protected areas 

at national level for every approach. This corroborates previous results indicating that 

networks of protected areas generally do not cover aquatic biodiversity well (here: pond-

breeding amphibians; see Herbert et al. 2010; Nogueira et al. 2021). 

The three metapatch-defining approaches had a nested nature in the sense that they 

progressively incorporated the factors that influence species occurrence (Franken & Hik 2004; 

Poniatowski et al. 2018; Van Strien et al. 2018). The OO-approach could only show the 

influence of patch area (size) on species richness, the HS-approach incorporated also habitat 

quality factors, and OS additionally added the influence of connectivity (Fig. 1). This resulted 

in the differing number (Table 1) and richness (Fig. 2) of metapatches of the different 

approaches, as well as their spatial distribution (Figs. 5, 6, 8).  

The species richness per metapatch acted as a proxy for the importance of particular 

metapatches for conservation management, which can be seen as an assessment of adequacy 

(principle of adequacy; Wilson, Cabeza & Klein 2009) of the metapatches. Biodiversity is 

related to the resilience of ecosystems (Peterson, Allen & Holling 1998; Oliver et al. 2015), 

therefore at the most local scale, choosing to protect areas with higher species richness 

increases the chance of offering an adequate habitat persistent over time. However, our 

assessment of species richness in the case of the modelling approaches is fundamentally 

different from many other studies. Field assessments of species richness frequently rely on 
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standardized quadrats, transects, point counts or other metric of distance or surface over a 

certain area. This gives estimates that are heavily dependent on the sampled area (called 

'species density' by Gotelli & Colwell 2011), and every sampling effort has to consider that the 

probability of detection is imperfect (MacKenzie et al. 2002). Alternative richness assessments 

that do not count specimens, such as e-DNA (Deiner et al. 2017), also analyze samples taken 

within the defined limits of a certain landscape feature or arbitrarily defined sampling area. In 

contrast, with areas of concerns defined by spatial modelling, the unit is different. In our 

modelling approaches, the metapatch is rather a physical manifestation of the intersection of 

the niche hypervolumes of the different species (Hutchinson 1957; Blonder 2018) projected 

in geographic space. So, the area of one of the modelled metapatches ends at the limits of the 

realized niche overlap of the species (Broennimann et al. 2012), without necessary visible or 

physical limits as those applied in field sampling. The OS approach further narrows down the 

realized niche (Pulliam 2000), as it excludes from it the places in which the species is not likely 

to occur due to connectivity factors. This explains why even if the OS individual species patches 

were a subset of the HS patches of the same species, there is noticeable difference in the 

spatial distribution of the species-rich metapatches of both approaches (Fig. 8). 

The difference in species richness assessment between the approaches has several 

consequences for spatial conservation prioritization (SCP). The non-modelled OO 

metapatches followed the limits of natural landscape features (the wetlands) and were not 

limited by the confines of realized niche conjunction. Consequently, these metapatches were 

the only ones that followed a typical species-area relationship (Connor & McCoy 1979). This 

would seem a positive feature of the OO-metapatches, especially in terms of comparability 

with other species richness assessments. However, as our results show, the OO-metapatches 

approach misses many areas that the models predicted to be suitable and likely to harbor the 
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species; it might therefore be worthwhile to search for the species in patches with no 

observations and predicted occurrence such that the models can be iteratively updated 

(Guisan et al. 2006). 

The already existing conservation infrastructure and its effectiveness are very 

important for the conservation of endangered species (Vane-Wright, Humphries & Williams 

1991; Justus & Sarkar 2002). Our analysis of which metapatches were already nationally 

protected, showed that in all three approaches, only about half of the metapatches fell inside 

of existing protected areas (Table 2). It has to be considered that the spatial data on protected 

areas that we could compile does not include cantonal and municipal level reserves, because 

these data are not freely available in a central database. This means that many of the 

unprotected metapatches actually could be protected at another level. Furthermore, the 

considered types of protected areas include different levels of management and protection 

(Appendix 3), so not all of them would offer adequate protection for our study species. In any 

case, the protected areas we do consider serve the purpose of contrasting different definitions 

of areas with occurrence of one or more species of conservation concern (metapatches) in 

terms of how much they fall within already protected areas, which is a complementarity 

assessment (Kullberg et al. 2015). For precise practitioner-oriented recommendations, a more 

stringent classification of the protected areas should be used. 

With previous examples of sound conservation planning in Switzerland (e.g. Vincent et 

al. 2019 in the alps of Vaud; Honeck et al. 2020 in Canton Geneva), our expectation was that 

the areas with higher species richness would already be protected in higher proportion than 

the ones with few species. Therefore, the difference in protection between the metapatches 

with higher and lower richness should be rather marked. However, in our study, which only 

considered six species, the contrast in species richness in already-existing protected 
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metapatches with lowest and highest richness was moderate in the HS approach, with a 

difference in the proportion of protected metapatches between species richness 1 and 6 of 

only 0.231 (Fig. 9; Table 2). The difference was marginally higher in the OS approach (0.294), 

but much larger in the OO approach (0.617). All three OO metapatches with a species richness 

of 6 were already protected. This presumably arises because the designation of many of the 

existing protected areas was based on systematic inventories of amphibians carried out in the 

past (Grossenbacher 1988) that have guided continued extensive monitoring efforts such as 

that of the aforementioned Reuss valley and the whole canton of Aargau (Cruickshank, Bühler 

& Schmidt 2019; Hintermann & Weber 2021). 

Among the two modelling approaches, the HS approach showed overall more already 

protected metapatches, but the OS approach had more protected metapatches with high 

species richness (SR=6). This maximum species richness would seem to embody locally the 

goal of comprehensiveness (Kukkala & Moilanen 2013). However, given the scarce number of 

metapatches with maximum species richness, a network built with only them would be less 

robust, and therefore less resilient (De Montis et al. 2019), than one including more 

metapatches and potentially more connections among them. 

For comprehensive conservation prioritization, species richness needs to be 

complemented by additional criteria (Wilson, Cabeza & Klein 2009). A further dimension to 

consider for that purpose is the species composition of each site (metapatch) and how they 

complement others (Howard et al. 1998). A way to select metapatches for protection, 

upholding complementarity and attaining some comprehensiveness, is to consider rare 

species or species most often absent from the species assemblages of metapatches (Kujala, 

Moilanen & Gordon 2018; Drever et al. 2019). The midwife toad, Alytes obstetricans, was the 

species least frequently co-occurring with others in both modelling approaches, and the 
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second least co-occurring in the non-modelling OO approach. Accordingly, it was also the most 

commonly absent species in the metapatches where only one amphibian species was missing 

(Table 3), even though according to an authoritative reference it does co-occur with other 

species (Grossenbacher 1988). However, crucially, the potential protected areas should 

account for threats (Tallis, Ferdana & Gray 2008) such as invasive species �~�D�����]�� et al. 2018). 

In our case, the invasive species, Pelophylax ridibundus, also happened to be the least co-

occurring species in the OO approach, and the second least co-occurring in the modelling 

approaches. This seems counterintuitive as it is relatively widespread (Grossenbacher 1988; 

Dufresnes et al. 2017). A reason for its low co-occurrence might be that it is less commonly 

recorded in amphibian surveys both because green frogs are difficult to discriminate in the 

field and because it is invasive (Dufresnes et al. 2017). In any case, it is reasonable to 

recommend prioritizing for conservation the metapatches that do not include P. ridibundus, 

but that preferably do include the other least co-occurring species, A. obstetricans. 

In the decision of which kind of metapatches to use for a prioritization assessment, the 

OO approach offers a view that is limited by nature. We would take another approach in the 

light of the additional locations that the modelling approaches consider. If we would take the 

metapatches with the two highest levels of species richness to establish a network of 

protected areas, we would get 1511 metapatches from the HS approach (Table 2). This 

number would be reduced to 430 if only considering the metapatches that exclude the 

invasive P. ridibundus and include A. obstetricans (all the metapatches with species richness 5 

that exclude P. ridibundus). With the OS approach, under the same criteria, out of the 135 

species-rich metapatches, the selection of metapatches would narrow down to 36. The HS 

approach would yield a large amount of areas to be protected. However, when taking into 

account cost-efficiency (Wilson, Cabeza & Klein 2009; Kukkala & Moilanen 2013; Kullberg et 
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al. 2015), another of the SCP principles, the OS approach with far fewer metapatches but 

securing connectivity among them could be a more suitable option to consider, which would 

be helpful to establish core priority areas. A metapatch-based approach, with areas defined 

by the overlay of suitable and occurrence-likely patches for different species could be 

implemented in conjunction with specialized SCP software and frameworks such as Marxan 

(Watts et al. 2009) and zonation (Moilanen et al. 2009) for more comprehensive assessments. 

A current limitation of our modelling approaches is that for species with very scarce records it 

is not possible at the moment to generate the individual models that produce the HS and OS 

metapatches. For HS there is a possible solution implementing ensembles of small models 

(Breiner et al. 2018), while the improvement of the species-group approach that defines the 

absences of OS individual models (Ortiz-Rodríguez et al. 2019) is an inviting area for possible 

further research to be able to apply this kind of approach to species with scarce records. 

Overall, we conclude from our analyses that ecological modelling offers a qualitative 

and quantitative difference in the determination of important areas for SCP, as they add 

further dimensions that are important for species occurrence. Our expectation was that the 

addition of habitat quality and connectivity would yield a different picture of which areas to 

prioritize for conservation. While the OO approach reflects a significant sampling effort to 

determine areas of conservation importance in Switzerland, we did find that the HS approach 

widens the array of places suitable for the different species, and yields a multitude of locations 

for possible prioritization. We also found that OS does function essentially as a fine-tuning of 

the HS approach, detecting connected metapatches nested within the HS metapatches. A 

further finding was that a network of species assemblages based on complementarity 

considerations can help to pinpoint more precisely areas ideally considered for conservation. 

The full analysis hereby conducted therefore agrees with the idea that the incorporation of 
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habitat suitability and connectivity can lead to more insightful recommendations for spatial 

conservation prioritization.  
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Chapter 3  

Appendices 

 

Appendix 1. Settings for Habitat Suitability Modelling (HSM) 

For each of the six species, we performed ensemble habitat suitability modelling with the R-

package Biomod2 (Thuiller et al. 2016) with 20 predictor variables (Table A1). These were the 

same predictors as those used in Ortiz-Rodríguez et al. (2019), which include amphibian 

ecological insights from Pellet, Hoehn and Perrin (2004), Van Buskirk (2005), and Zanini, Pellet 

and Schmidt (2009), as well as additional variables that quantify human influence. We used 

the mean ensemble of three runs each of generalized linear (GLM), random forest (RF), and 

maximum entropy (MaxEnt) models. This was done with default settings, 10,000 

pseudoabsences and one round of pseudoabsence selection. As in Ortiz-Rodríguez et al. 

(2019:10460)�U���^�d�Z�����u�}�����o�•���Á���Œ�������À���o�µ���š�������Á�]�š�Z���Z�K�������h���U���Á�]�š�Z�������‹�µ���o�]�š�Ç���š�Z�Œ���•�Z�}�o�����}�(�����h�����H��

0.7 (Bulluck et al. 2006). To binarize the continuous habitat suitability maps, the applied 

criterion was the point in the ROC curve that minimizes the difference between sensitivity and 

speci�(�]���]�š�Ç�X�_ 
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Table A1. Predictor variables of HSM for all the species. 

Category Predictor Variable type Source 
Human 
influence 

Density of traffic Continuous NPVM with tunnels removed 
(ARE 2010) 

 Density of railways Continuous SwissTLM3D (Swisstopo 2016) 

 Total noise at nighttime Continuous EMPA (2011) 

 Population density Continuous STATPOP (BFS 2015) 

 Agriculture density Continuous Arealstatistik (OFS 2010) 

 Arable land Binary Arealstatistik (OFS 2010) 

 Green settlements Binary Arealstatistik (OFS 2010) 

 Grey settlements Binary Arealstatistik (OFS 2010) 

 Meadows and farm pastures Binary Arealstatistik (OFS 2010) 

 

Orchards, vineyards, 
horticulture Binary Arealstatistik (OFS 2010) 

 
Natural 
landscape 
features Deciduous forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Mixed forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Coniferous forest coverage Binary Waldmischungsgrad (BFS 2013) 

 Density of forest Continuous Waldmischungsgrad (BFS 2013) 

 Distance to forest edge Continuous Waldmischungsgrad (BFS 2013) 

 Presence of rivers Binary SwissTLM3D  (Swisstopo 2016) 

 Slope Continuous swissALTI3D   (Swisstopo 2018) 
 
Climatic 
variables Mean summer precipitation Continuous Broennimann  et al. 2003 

 

Mean annual direct solar 
radiation Continuous Broennimann et al. 2003 

 Mean annual temperature Continuous Broennimann et al. 2003 
 

 

 

 

 

 

 

 

 

 

 



176 
 

Appendix 2. Predictors of network-based boosted regression trees models to define 

occurrence-state. For the definition and differences between weighted connectivity and 

network topology measures see (Ortiz-Rodríguez et al. 2019)  

Predictor variable Type  
Degree (Jordán & Scheuring 2004) Network topology measure  
Third-order neighborhood (Csardi & Nepusz 
2006) Network topology measure 
Betweenness centrality (Freeman 1978) Network topology measure 
Strength (Barrat et al. 2004) Weighted connectivity measure  
Habitat Availability (Ortiz-Rodríguez et al. 2019) 
based on (Saura & Pascual-Hortal 2007) Weighted connectivity measure 
Habitat Suitability Index Continous quality measure from HSM 
Patch area Size measure (also classified as quality 

variable in Ortiz-Rodríguez et al. (2019) 
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The shapefile was generated joining the following information: 

Data/Shp Source 

Parks  

Regional Nature 
Park 

https://www.bafu.admin.ch/bafu/fr/home/themes/paysage/info-
specialistes/conserver-et-developper-la-qualite-du-paysage/paysages-
d_importance-nationale/parcs-d_importance-nationale.html 

Federal 
inventories 

 

amphibian itinerant, 
fixed and provisional 
(Annex 3) objects  

https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/sites-de-reproduction-de-
batraciens.html 

PPS (meadows and 
dry pastures) 

https://www.bafu.admin.ch/bafu/de/home/themen/biodiversitaet/fachinform
ationen/massnahmen-zur-erhaltung-und-foerderung-der-
biodiversitaet/oekologische-infrastruktur/biotope-von-nationaler-
bedeutung/trockenwiesen-und--weiden.html 

PPS (Annexe2) 

https://www.bafu.admin.ch/bafu/de/home/themen/biodiversitaet/fachinform
ationen/massnahmen-zur-erhaltung-und-foerderung-der-
biodiversitaet/oekologische-infrastruktur/biotope-von-nationaler-
bedeutung/trockenwiesen-und--weiden.html 

Marshy Sites 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/marais.html 

Low-marsh 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/marais.html 

High-marsh 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/marais.html 

Alluvial Zones 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/zones-alluviales.html 

Alluvial Zones 
(annexe 2) 

https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/biotopes-d_importance-nationale/zones-alluviales.html 

Alp.All.Z. out of 
federal inventory 

https://www.bafu.admin.ch/bafu/de/home/themen/biodiversitaet/fachinform
ationen/massnahmen-zur-erhaltung-und-foerderung-der-
biodiversitaet/oekologische-infrastruktur/biotope-von-nationaler-
bedeutung/auen.html 

Alp.All.Veg 

https://www.bafu.admin.ch/bafu/de/home/themen/biodiversitaet/fachinform
ationen/massnahmen-zur-erhaltung-und-foerderung-der-
biodiversitaet/oekologische-infrastruktur/biotope-von-nationaler-
bedeutung/auen.html 
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Waters birds 
Reserves 

https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/reserves-d-oiseaux-d-eau-et-de-migrateurs.html 

Francs districts 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/districts-francs-federaux.html 

IFP 
https://map.geo.admin.ch/?topic=bafu&lang=fr&bgLayer=ch.swisstopo.pixelka
rte-grau&catalogNodes=766&layers=ch.bafu.bundesinventare-
bln&layers_opacity=0.75&E=2833405.93&N=1195845.43&zoom=0 

Protected areas  

Ramsar 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/sites-ramsar.html 

National Park https://www.nationalpark.ch/de/ 

Unesco_BiosphereR
eserve 

https://www.bafu.admin.ch/bafu/fr/home/themes/paysage/info-
specialistes/conserver-et-developper-la-qualite-du-paysage/paysages-
d_importance-nationale/les-reserves-de-biosphere---un-modele-de-gestion-
raisonnee-des-m.html 

Unesco_CulturalSite
s 

https://www.bafu.admin.ch/bafu/fr/home/themes/paysage/info-
specialistes/conserver-et-developper-la-qualite-du-paysage/paysages-
d_importance-nationale/patrimoine-mondial-de-lunesco.html 

Unesco_NaturalSite
s 

https://www.bafu.admin.ch/bafu/fr/home/themes/paysage/info-
specialistes/conserver-et-developper-la-qualite-du-paysage/paysages-
d_importance-nationale/patrimoine-mondial-de-lunesco.html 

Pro Natura: Natural 
Reserves https://www.pronatura.ch/de/schutzgebiete 

Emeraude 
https://www.bafu.admin.ch/bafu/fr/home/themes/biodiversite/info-
specialistes/mesures-de-conservation-de-la-biodiversite/infrastructure-
ecologique/sites-emeraude.html 
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Appendix 4. References-based species co-occurrence network 

For this co-occurrence network, each link represents a mentioning that the species occur 

together in one of the references consulted.  
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Synthesis 
 

General overview  

In this thesis I explored the influence of habitat network topologies on species occurrence-

state, as well as its further implications for species richness evaluation and conservation. I did 

this through the development a core modelling approach to predict species occurrence state 

which includes variables related to network topology. I tested the predictive performance of 

this modelling suite by experimenting with different settings, used its predictions to assess 

the configuration of species richness in space, and compared the conservation overviews 

offered by its definition of species richness with those of other approaches to define it. This 

exploration addressed some caveats in the existing methodologies. It offers viable 

alternatives, and puts forward some theoretical considerations worth to be taken into 

account in the development of modelling approaches. 

Main findings and challenges 

The main insights followed the structure of the thesis in chapters that answered the research 

questions of the introduction. First, I found in Chapter 1 that the models to predict 

occurrence-state perform much better when incorporating topological predictors, although 

habitat suitability remained the most influential variable. My results also confirmed that using 

non-systematically sampled data through a target-group approach offer a viable alternative 

when site-occupancy models are not possible to implement.  

After confirming the relevance of network topology, in chapter 2 I found that reported 

values of maximum dispersal distance are most likely underestimated, and that the models 

are indeed sensitive to the parameter of maximum dispersal distance, given that at different 
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values it can produce networks with vastly different topologies. Habitat quality considerations 

(habitat suitability) were very important in scenarios with smaller topological 

neighbourhoods, and its importance was much smaller in bigger neighbourhoods, 

corresponding to more cohesive, better-connected networks.  

Delving into further implications, in Chapter 3 I found that the definition of species 

richness by habitat suitability and network-based occurrence-state modelling produced many 

more areas deemed of conservation importance (species-rich metapatches) than the species 

richness definition based on registered occurrences only, that around half of the metapatches 

of every type fell outside of existing national-level protected areas, and that the incorporation 

of connectivity fine-tunes the selection of areas to prioritize. This selection is also helped by 

an analysis of the co-occurrence of species and ecological considerations such as the invasive 

status of a species. 

These insights have as a pending challenge the integration of properly informed 

dispersal distances (Chapter 2) with alternative cost surfaces (Chapter 1) into the working 

pipeline for conservation recommendations (Chapter 3). Other perspectives to refine this 

approach include possible comparative explorations to test the habitat amount against the 

topology predictors, alternatives in network evaluation, and different definitions of protected 

areas that would incorporate a more detailed knowledge of the context-specific 

environmental policies in the places where this approach would be applied. 

Variable importance considerations: topology and local area characteristics 

The main message of this thesis is the relevance of considering the topology of habitat 

networks for the prediction of species occurrence-state and subsequently species richness. 

This is cemented on the results of all three chapters. However, �š�Z���� �Z�o�}�����o��habitat 
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���Z���Œ�����š���Œ�]�•�š�]���•�[�U�� �‰���š���Z�� �•�]�Ì���� ���v���� �Z�����]�š���š�� �‹�µ���o�]�š�Ç�U�� �]�v�À�]�š���� �Œeflections by their influence as 

predictors. Even if in all chapters topology-related predictors were influential in the predictive 

power of the occurrence-state BRT models, in the vast majority of them habitat suitability 

index had the highest variable importance, and this was only challenged in the models with 

very long maximum dispersal distance (Chapter 2). This raises questions related to �&���Z�Œ�]�P�[�• 

habitat amount hypothesis (Fahrig & Triantis 2013), in which it is assumed that as long as 

enough suitable habitat is available within a certain distance, then it does not matter much 

how this habitat is spatially configured. My results show that, while habitat suitability is the 

most important predictor, the 3rd order neighborhood, which is a topological consideration 

in which the neighbors can be at varying Euclidean distances within the dispersal range, was 

also considerably important. Therefore, my results do not seem to agree with the habitat 

amount hypothesis, but it remains an open challenge to design a comparative approach that 

more strongly tests this. 

On the other hand, a surprising result in all chapters is the overall unimportance of 

patch size, long considered very important for predicting species occurrence by 

metapopulation and landscape ecology (Levins 1969; Hanski 1998; Hanski 2015). This might 

be related to the way in which the boosted regression trees models (BRTs) work. A decision 

or regression tree is generated by recursive splits of the response variable space, grouping 

the data by how the response is related to the values of a certain predictor. Then, the 

remaining response space is hierarchically split by the correspondence with the values of each 

of the other predictors one at a time, grouping the data in the most homogeneous way 

possible (De'ath & Fabricius 2000). For each tree, this is done in a sequential, hierarchical way, 

each time choosing first a variable that fits best to the mean response observed and then 

assigning hierarchically response space between the remaining ones. This is done a multitude 
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of times until an optimizing criterion is reached, in my case, the minimization of residual 

deviance (Elith, Leathwick & Hastie 2008). Since the habitat availability variable is calculated 

considering both the topological neighborhood and the patch area, it is likely that the 

algorithm chose first the habitat availability variable, including already the influence of patch 

area. This likely relegated then the only-area variable to the less important ones because the 

fraction of the response it would explain was already explored by the habitat availability 

variable.  

It can be argued that considering further network-wide measures would be beneficial 

to make clearer the relevance of network topology as opposed to only habitat amount. With 

more time and resources, an option to explore further in this direction would be a full 

�]�u�‰�o���u���v�š���š�]�}�v���}�(���^���µ�Œ���[�•���‰�Œ�}�������]�o�]�š�Ç���}�(�����}�v�v�����š�]�À�]�š�Ç (Saura & Pascual-Hortal 2007). Another 

option, although inconclusive in preliminary tests I performed, would be an analysis of the 

modularity and the role of the patches within the network, such as the �Z�v���š�Á�}�Œ�l�������Œ�š�}�P�Œ���‰�Z�Ç�[��

approach of Guimera and Amaral (2005), also used in other network applications (Carstensen 

et al. 2012; Barbosa et al. 2018; Argüelles-Moyao et al. 2022). 

Parameter value choices and explorations of the possible 

As this thesis presents most prominently a methodology, it is pertinent to think about the 

choices made when developing modelling methods and the assumptions about the natural 

world that define them, as is the case with the dispersal distance parameter (Chapter 2), or 

the variables considered to limit prominently the niche of a species. Fundamentally, models 

are representations of a real-world phenomenon (Suárez 1999) in which researchers choose 

to include some relevant factors (predictors) that can explain the behaviour and/or state of a 

response variable. But taking the parameters used for models each as a linear dimension, the 
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real phenomenon could be in a state anywhere in a space of variable combinations, such as 

the predictor space of boosted regression trees (Elith, Leathwick & Hastie 2008).  

In the framework of dynamical systems, a phase-space comprises all the possible 

combinations of variables that could describe the state of a phenomenon (Nolte 2010), which 

in the original dynamical formulation tend to certain more stable attractor states, which are 

the states found in nature. This is an application to natural phenomena of the more abstract 

concept of mathematical space (Hinrichsen & Pritchard 2005). Conceptually, it can be applied 

to any phenomenon described by a number of variables. Indeed, the phase-space, state-space 

or similar abstractions to depict the space of possible states have been used in many other 

research areas, such as gene regulatory networks, and famously, in macroevolution and 

palaeontology, with the morphospace of Raup (1966). The morphospace shows how with only 

3 parameters it is possible to produce all the basic forms of mollusc shells known to exist or 

have existed, and a striking feature is that they all occupy only small adjacent areas of the 

total space of possible shells (Chaos 2010). For ecologists, the concept of abstract variable 

spaces is familiar, as this describes the fundamental ecological niche of a species, a 

hypervolume of variables determining the conditions that are suitable for a species to thrive 

(Hutchinson 1957; Guisan, Thuiller & Zimmermann 2017; Blonder 2018). 

Given that all models are approximations to a natural phenomenon, changing and 

tuning the settings that define our models will lead to the exploration of different regions of 

the space of possibilities of such phenomenon. Because of this, methodological choices 

matter, as they will lead to different regions of the possibility-space. The exploration of 

dispersal distance parameters presented in chapter 2 is an example of such exploration of 

possibility space, albeit with limited dimensions (Fig. 1). There, a variety of dispersal distance 
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settings (8 for almost all species) generated network models that had a better or worse 

predictive performance, and for each of them there were different scenarios of variables 

deemed more or less important. Each of those scenarios entail an ecological interpretation of 

the reasons why one or other type of variable was more influential in the model, and I chose 

to interpret that the values closer to reality are the ones that yield better cross-validated 

�•���}�Œ���•�U�����������µ�•�����š�Z�������o�µ���•���š�}���š�Z�����Z�����š�µ���o���Œ�����o�]�š�Ç�[�����Œ�����•�µ�‰�‰�}�•�������š�} be the data obtained from 

nature. i.e., we as scientists rely on direct or indirect validation from natural data (such as 

presence points) to steer our models and try to approach the region of the possibility space 

in which the actual phenomenon under study is happening. 

 

Fig. 1. The different predictive performance distributions (by AUC-cv metric) of network-based 

occurrence-state models for Hyla arborea generated with each of the maximum dispersal distance settings 

explored in Chapter 2 (* = Distance derived from literature). Each of these dispersal distance settings entail 

different possible ecological scenarios. 
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As the exploration in chapter 2 also shows, reported values of a population-wide 

phenomenon, such as dispersal distances, are bound to be inexact, as individual observations 

are only snapshots of the phenomenon, and summarizing statistics describe only select 

aspects of the distribution valid for a certain moment. Probability distributions pertaining to 

populations of living beings, such as dispersal kernels, are subject to change each generation, 

so reported values and their underlying probability distributions, even at small time scales, 

are subject to evolutionary dynamics and eco-evolutionary feedback (Pelletier, Garant & 

Hendry 2009; Hanski 2012; Govaert et al. 2019). Given this dynamic nature of ecological 

processes, it is worthwhile to explore what is, what cannot be, and what could at some point 

come into existence. That is, to explore variable spaces and the narratives they entail. Real 

phenomena and structures, such as the topology of a habitat network or the realized niche of 

a species, could be assumed to be in a dynamical system attractor because they exist, but the 

variables that determine it are a plethora and could change at any moment. Therefore, a 

change in environmental conditions, as happens in invasion events (Alexander & Edwards 

2010), could cause previously uncharted areas of the variable or possibility space to become 

occupied. 

Interactions and emergence 

As mentioned before, the fundamental niche of a species is a hypervolume of variables 

relevant for a species thriving (Hutchinson 1957; Guisan, Thuiller & Zimmermann 2017; 

Blonder 2018). The realized niche can be seen as the physical manifestation projected in space 

of the fractions of the fundamental niche that are actually biotically-suitable (e.g. not 

excluded by negative interactions) and accessible to the species (Hutchinson 1957; Barve et 

al. 2011). As I discussed in chapter 1 and 3, the realized niche can be constrained by factors 
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such as poor connectivity (Barve et al. 2011), but the most notable factor that shapes the 

realized niche of a species is its interactions with other species. While in this study I do not 

explicitly model species interactions beyond the sheer co-occurrence, the metapatches as 

areas of joint occurrence of species imply that there is interaction among the species found 

therein. The metapatches that resulted from both habitat suitability and network-derived 

occurrence-state modelling are, as mentioned in chapter 3, confluences of niche spaces. This 

idea of overlapping variable spaces for different species gives rise to a novel assessment of 

species richness, which does not follow the limits of an arbitrary bounding study unit nor the 

physical boundaries of a landscape feature, instead being defined by the intersection of the 

hypervolumes of multiple species projected in geographical space. This could seem to 

contradict the Volterra-Gause Principle of competitive exclusion when sharing niche space 

(Grinnell 1904; Lotka 1932; Hutchinson 1957). However, there are ways in which competitive 

exclusion is not completely mutually exclusive (Rastetter 2002), and I am referring to specific 

conditions of the N-dimensional niche space that happen to be included in my models, not to 

whole fundamental niches overlapping. The unique spatial patterns formed by each type of 

metapatch emerge as a result of that confluence of niche spaces, and these patterns present 

an alternative to inform conservation efforts that is worth exploring. 

Implementation for conservation, present caveats, and possible ways forward 

The research I present can be seen as an integral pipeline able to produce recommendations 

for spatial conservation prioritization from non-systematically-sampled spatial data points; 

achieving this through multi-species integration of a modelling suite which includes habitat 

suitability modelling to define habitat patches and network-based occurrence-likelihood 

modelling to define edges of the habitat network (Fig. 2). It results in a fine-tuned selection 
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of areas to consider for conservation prioritization by considering both the quality and 

connectivity aspects that influence individual species occurrence-state (Franken & Hik 2004; 

Van Strien et al. 2018). Developing this approach, I had many choice points in which I chose 

what seemed the best option given the data I had to work with. However, there are plenty of 

improvements, incorporations and explorations that could �]�u�‰�Œ�}�À�����š�Z�����^�‰�]�‰���o�]�v���_���Á�]�š�Z the 

objective of formally informing spatial conservation prioritization efforts and further this 

avenue of research. 

 

Fig. 2. Methodological pipeline of modelling suite used for spatial conservation prioritization 

 

This starts all the way from the selection of predictors for habitat suitability modelling. 

In my case, as part of the CHECNET project, which had as main objective investigating the 

interactions between human infrastructure networks and animal habitat networks, I  

incorporated many variables to quantify human influence adapted to a densely populated 

and heavily managed area as is the Swiss Plateau (Pellet, Guisan & Perrin 2004; Müller-Jentsch 

2012). In other contexts, the environmental predictor selection should be done with as much 

knowledge of the local environment as possible. 

Even if a landscape under study presents distinguishable discrete features forming a 

clear landscape mosaic (Forman 1995), the variables determining suitability and the forecasts 



190 
 

derived from its modelling are natively continuous. While I argue that the discretization of the 

landscape into habitat patches is necessary to be able to analyze the influence of connectivity, 

a possible way forward to improve the kind of modelling suite I present would be to 

incorporate notions of suboptimal niche occupation (Braunisch et al. 2008) into the suitability 

modelling ensemble, to account for the differential suitability within a habitat patch. This 

could potentially fine-tune the ranking of metapatch importance for conservation 

prioritization applications.  

Another aspect to consider in future endeavors following this work, relevant both for 

the habitat suitability and for the network models to predict occurrence-state, is to consider 

the amount of data and evaluate the pertinence of using machine learning algorithms. The 

modelling approach I used for relating the network measures to species occurrence-state, 

boosted regression trees (Elith & Leathwick 2017), has gained a lot of popularity in recent 

years along with other machine learning methods (e.g. Ashby & Moreno-Madriñán 2018; Hao 

et al. 2020; Yu, Cooper & Infante 2020; Ramirez-Reyes et al. 2021). However, much higher 

amounts of data are commonly used in machine learning methods in general (Zhou et al. 

2017; Dorfman 2022) and boosted regression trees in particular (compare the 3074 data 

points of the species with the highest amount of patches for my BRT models with the 13000 

data points in Elith, Leathwick and Hastie (2008). In my case, they managed to produce 

acceptable models, but did not provide smooth fits (Chapter 1, Appendix A4). Additionally, as 

I describe in chapter 2, there was some visible positive correlation between the predictive 

performance of the models and the number of classification trees, which seemed to be 

related to the amount of records used to fit the model (habitat patches with presences or 

absences).  
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In chapter 1, I compared different cost surfaces and ended up choosing the uniform 

one, with the cost equivalent to the Euclidean distance, because I did not find the more 

environmentally informed surfaces to yield better predictions. As I used species-specific 

maximum dispersal distances reported in the literature as limiting parameter of edge 

formation, the findings of chapter 2 highlighting the very likely underestimation of reported 

amphibian dispersal distances invite its application. Mainly, it would be worthwhile to explore 

defining the edges using the traffic or inverse habitat suitability cost surfaces (or any other 

environmentally informed cost surface), while changing the dispersal distance setting. This 

way, increasing substantially the maximum dispersal distance to account for the rare but 

important long-distance dispersal events (Allendorf & Luikart 2009), there could be a different 

performance of the models that consider the resistance of the matrix (Zeller, McGarigal & 

Whiteley 2012). 

As I mention earlier, data obtained from nature is the anchor in the possibility space 

to guarantee that models are effective in depicting adequately the phenomenon under study. 

Given this, it would be worthwhile to see a ground-truthing study that can confirm with 

completely new and independent data the effectiveness of this approach. Especially for 

conservation prioritization, if the subject is under urgent threat (Mac Nally & Fleishman 2002), 

it is better to complement modelling approaches with field studies if available and possible, 

although this is not trivial in many socioeconomic contexts.  

An additional crucial dimension to be considered for conservation applications is the 

existing policies and classifications of the landscape, and how much actual protection they 

confer to the species in the already established protected areas (Rife et al. 2013; Cutting 

2022). In the last chapter of this thesis, I work with a dataset that includes all the protected 
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areas at national level, including many different types of protected areas with different 

protection foci. To inform conservation efforts, this approach needs to be refined contextually 

to optimize the available information, classifying the existing protected areas by their 

relevance so that the collection of species-rich patches generated by this approach can 

tangibly help assess the situation and pertinent actions to protect a target taxon or biome. 

Concluding remarks 

Overall, this work shows the relevance of connectivity and network topology 

considerations, applied on habitat patches defined by habitat suitability modelling, in the 

assessment of species occurrence-state and consequently species richness. The modelling 

suite I present can be greatly expanded and improved. Nevertheless, it presents a viable 

alternative, affordable and relatively easy to implement, to work with widely available data 

that does not come from planned systematic sampling. In a world in which biodiversity is 

under increasing anthropogenic threat everywhere, I hope that this piece of research 

contributes in the effort to fight against this tendency and at least inspires similar approaches 

that can be applied in the regions where resources are scarce but biodiversity protection is 

most needed. 
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