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Abstract 
Red Lists are important sources of information about the extinction risk of species and basic prerequisites 

for species conservation. Until the 1990s, Red List assessments were mainly based on the opinion of ex-

perts but standardized methods for data-driven evaluations of the species' extinction risk were missing. A 

landmark was the publication of standardized and objective criteria by the International Union for Conser-

vation and Natural Resources (IUCN) in 2001. Since then, two of the main criteria of the IUCN Red List are 

range and population size and their trend in time. In this thesis I tested whether Species Distribution 

Models (SDMs), ecological information about the realised niche of a species and species trait characteris-

tics may be used to improve the quality of Red Lists. 

In the first chapter, I evaluate a new strategy for SDMs which is especially suited to model the potential 

distribution of rare and undersampled species. For each species, numerous small (here bivariate) models 

were calibrated, evaluated and averaged to an ensemble weighted by AUC. These ’Ensembles of Small 

Models’ (ESMs) avoid overfitting, a common problem when modelling rare species, without losing 

explanatory power. By reducing the number of predictor variables to two for each model, overfitting is 

avoided while at the same time all variables are considered by averaging all possible small models to an 

ensemble. ESMs performed significantly better than standard SDMs and this effect was more pronounced 

the smaller the number of species occurrences was. ESMs are therefore better suited to estimate the 

potential distribution of species compared to standard SDMs and are useful for assessing Red Lists of rare 

or undersampled species. They could further improve model-based field sampling ("prospective 

sampling") in an attempt to gather more information about species occurrences. 

In the second chapter, I show that changes in the realized niche of species after simulated extinction 

events are correlated with changes in the geographic range size but the magnitude of change varies: Some 

species showed almost no change in geographic range size but a clear change in the realized niche size – 

and for other species it was the other way around. Losses of parts of a realized species niche could 

however reduce the fitness of a species by losing well-adapted populations of a species range margin. The 

realized niche size therefore adds complementary information to Red Lists. Interestingly, range sizes 

estimated by means of SDMs sometimes increased after extinction events indicating that SDMs are not 

well suited to track range size dynamics. 

IUCN Red Lists are assessed using various criteria with different sources of uncertainty. It is therefore of 

high importance to assure their quality. In chapter three, I evaluated trait analyses as a tool for quality 

assurance. The extinction risk of species could be partly explained by ecological information (traits). Water 

and wetland plants as well as plants of dry meadows, for instance, are more threatened than average in 

Switzerland. Modern machine learning modelling techniques are suited to model the Red List threat status 

of species using trait information. Species where the assigned and the modelled Red List status differ are 

potentially misclassified and should be re-evaluated. Especially plants which occur in Switzerland at their 

range margins and which are more common in the neighbouring countries, as well as therophytes, which 

could vary annually in abundance, were found to be potentially misclassified. I concluded that trait anal-

yses are a suitable tool for quality assurance of Red Lists and could help to improve quality of Red Lists 

assessments.  



8 
 

Résumé 
Les listes rouges sont d’importantes sources d’information sur le risque d’extinction des espèces et don-

nent des prérequis basiques pour la conservation de celles-ci. Jusqu’en 1990, les évaluations des listes 

rouges étaient principalement basées sur l’opinion d’experts. Des méthodes standardisées basées sur des 

données manquaient pour l’évaluation du risque d’extinction. L’événement marquant fut la publication de 

critères standardisés et d’objectifs par l’Union Internationale pour la Conservation de la Nature (l’UICN) en 

2001. Les deux critères principaux de la liste rouge produite par l’UICN sont l’aire de répartition et la taille 

de la population ainsi que leur tendance dans le temps. Dans cette thèse, j’ai testé si des méthodes statis-

tiques, des informations écologiques sur la niche réalisée d’une espèce ainsi que ses traits caractéristiques 

peuvent être utilisés pour améliorer la qualité des listes rouges.  

Dans le premier chapitre, j’évalue une nouvelle stratégie pour les modèles de distribution des espèces 

(Species Disrtibution Modelling, SDM) qui est adaptée à la modélisation des espèces rares et sous-

échantillonnées. Pour chaque espèce de nombreux petits modèles (dans ce cas bivariés) ont été calibrés, 

évalués et assemblés par une moyenne pondérée pour les AUC. Ces « ensembles de petits modèles » 

(Ensembles of Small Models’ ESMs) évitent le surajustement, un problème courant lors de la modélisation 

d’espèces rares, sans perdre de pouvoir explicatif. En réduisant le nombre de variables prédictives à deux 

pour chaque modèle le surajustement est évité tandis qu’en parallèle, toutes les variables peuvent être 

utilisées, grâce à l’assemblage de tous les petits modèles par vue moyenne pondérée. Les ESMs étaient 

significativement plus performants que les SDMs standards, plus les espèces étaient rares plus l’effet était 

prononcé. Les ESMs conviennent ainsi mieux pour la protection de l’aire de répartition que les SDMs stan-

dards. Ils sont donc utiles pour évaluer les listes rouges des espèces sous-échantillonnées. Ils peuvent en 

plus améliorer l’échantillonnage de terrain basé sur des modèles (échantillonnage prospectif) afin de ras-

sembler plus d’information sur l’occurrence de l’espèce. 

Dans le second chapitre, je montre que les changements dans la niche réalisée des espèces après des 

simulations d’événements d’extinction sont corrélés avec les changements dans l’aire de distribution géo-

graphique, mais la magnitude des changements varie: pour certaines espèces il n’ y avait presque aucun 

changement dans la taille de l’aire de répartition, mais il y en avait dans la taille de la niche réalisée alors 

que pour d’autres espèces, c’était le contraire. Les pertes de partie de la niche d’une espèce pourraient 

néanmoins réduire la fitness par la perte de population bien adaptées se trouvant en marge de l’aire de 

répartition. Par conséquent la taille de la niche réalisée ajoute des informations complémentaires aux 

listes rouges. Curieusement, la taille de l’aire de répartition estimée au moyen des SDM augmente parfois 

après des événements d’extinctions, ce qui indique que les SDMs ne sont pas appropriés pour estimer 

l’aire de répartition. 

Les listes rouges de l’UICN sont établies en utilisant divers critères avec différentes sources d’incertitude. Il 

est par conséquent très important d’assurer leur qualité. Dans le chapitre trois, j’évalue les analyses de 

traits en tant qu’outil pour assurer la qualité. Le risque d’extinction d’une espèce peut être partiellement 

expliqué par des informations écologiques et les caractéristiques d’une espèce (traits). Les plantes aqua-

tiques et des zones humides, tout comme les plantes des prairies sèches, par exemple, sont plus mena-

cées que la moyenne en Suisse. Les techniques modernes d’apprentissage automatique (machine lear-

ning) sont adaptées pour modéliser les espèces des listes rouges qui ont un statut menacé en utilisant les 

informations des traits. Les espèces dont le statut publié et modélisé diffère sont potentiellement mal 

classées et devraient être contrôlées. Particulièrement, les plantes, qui se trouvent en marge de leur aire 

de répartition en Suisse mais sont plus communes dans les pays voisins, tout comme les thérophytes, qui 

peuvent varier en abondance durant l’année, ont été trouvés comme mal classés. Je conclus que cette 

analyse de trait est un outil adapté pour assurer la qualité des listes rouges et peut aider à améliorer 

l’évaluation de leur qualité.  
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Zusammenfassung  
Rote Listen sind wichtige Informationsquellen über den Gefährdungsstatus von Arten und eine entschei-

dende Grundlage des angewandten Naturschutzes. Rote Listen basierten bis in die 1990er Jahre meist auf 

Expertenwissen und kaum auf standardisierten, quantitativen Methoden. Erst seit der Veröffentlichung 

eines detaillieren Regelwerkes durch die "International Union for Conservation and Natural Resources" 

(IUCN) im Jahr 2001 existieren allgemein anwendbare, standardisierte Kriterien zur Verwendung quantita-

tiver Daten. Besonders wichtige Kriterien sind die Arealgrösse und die Populationsgrösse sowie deren 

zeitliche Veränderung. In dieser Arbeit teste ich inwiefern statistische Modelle und ökologische Informati-

onen über die realisierte Nische und Traiteigenschaften einer Art bei der Erstellung und der Qualitätssi-

cherung Roter Listen helfen können. 

Im ersten Kapitel teste ich eine neue Methode von Artverbreitungsmodellen (SDMs) die besonders geeig-

net ist um seltene Arten oder solche mit schlechter Datengrundlage zu modellieren. Dabei wird für eine 

Vielzahl kleiner Variablensets ("small models", hier Modelle mit jeweils zwei Variablen) jeweils ein Ver-

breitungsmodell gebildet welche in einem nächsten Schritt zu einem Ensemble zusammengefasst werden. 

Das günstige Fundpunkte-Variablen-Verhältnis solcher kleinen Modelle macht diese weniger anfällig ge-

genüber Overfitting. Die Güte jedes dieser kleinen Modelle wird mithilfe kreuzvalidierter Indices beurteilt 

(z.B. AUC). Aus den einzelnen Vorhersagen dieser kleinen Modelle wird mithilfe der kreuzvalidierten In-

dices ein gewichtetes Mittel gebildet ("Ensemble of Small Models" ESM). Ein Vorteil von ESMs gegenüber 

herkömmlichen Methoden ist, dass sie die gesamte Information aller Variablen beinhalten und gleichzeitig 

ein Overfitting der Einzelmodelle vermeiden. Im ersten Kapitel konnte ich zeigen, dass ESMs besonders für 

seltene Arten bessere Ergebnisse als Standard-SDMs erzielen und dass dieser Vorteil mit abnehmender 

Fundpunktzahl zunimmt. Im Hinblick auf Rote Listen können ESMs verwendet werden, um Arealgrössen 

besser abzuschätzen oder um die Datengrundlage unterkartierter Arten durch Feldnachsuche mithilfe von 

ESMs zu verbessern. 

Im zweiten Kapitel zeige ich, dass Veränderungen der Nischengrösse mit Veränderungen der Arealgrösse 

nach simulierten Aussterbeereignissen zwar korrelieren, dass ihre Werte aber trotzdem häufig deutlich 

voneinander abweichen. Bei einigen Arten führten die Aussterbeereignisse kaum zu keiner Änderung in 

der räumlichen Verbreitung, wohl aber zu einer starken Reduzierung der realisierten Nische. Nischenredu-

zierung kann jedoch die Fitness einer Art verringern, wenn besonders gut angepasst Populationen von 

Verbreitungsrandlagen verschwinden. Veränderungen der realisierten Nische beinhalten somit zusätzliche 

Information und können die bestehende, rein auf geographischen Arealveränderungen basierende Rote 

Liste sinnvoll ergänzen. Trotz simulierten Aussterbeereignissen nahm die durch SDMs quantifizierte Areal-

grösse zu. SDMs sind daher wenig geeignet um Änderungen von Arealgrössen zu quantifizieren. 

Da für die Erstellung von Roten Listen eine Vielzahl von Kriterien angewendet werden und diese unter-

schiedliche Fehlerquellen beinhalten, ist die Qualitätssicherung Roter Listen von zentraler Bedeutung. In 

Kapitel drei wird deshalb eine neue Methode zur Qualitätskontrolle getestet. Die Gefährdung von Arten 

lässt sich teilweise über ökologische Informationen ("Traits") erklären. So sind beispielsweise Wasser- und 

Sumpfpflanzen und Pflanzen magerer Wiesen in der Schweiz deutlich stärker gefährdet als die übrigen 

Arten. Moderne Klassifikationsmodelle sind geeignete Ansätze, die Gefährdungskategorie anhand von 

Trait-Informationen vorherzusagen. Arten bei denen die Gefährdungskategorie der Roten Liste von der 

modellierten Gefährdungskategorie der Trait-Analyse stark abweichen, sind in der Roten Liste potentiell 

falsch eingestuft und sollten überprüft werden. Unter den möglichen Ausreisern sind auffallend viele 

Pflanzenarten mit kleinen Randpopulationen in der Schweiz, die im benachbarten Ausland deutlich weiter 

verbreitet sind, sowie Therophyten, die in ihrer Häufigkeit jährlich stark variieren können. Trait-Analysen 

sind geeignet, um potentielle Fehleinstufungen zu identifizieren und können als Instrument für die Quali-

tätssicherung Roter Listen angewendet werden.  
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Introduction  

Red Lists inform about the risk of species to get extinct. They are assessed on global and on na-

tional or regional scales and exist for various species groups. Most of the Red Lists follow stand-

ardised and objective criteria which were introduced by the International Union for Conserva-

tion of Nature and Natural Resources (IUCN). Also in Switzerland IUCN Red Lists exist covering 

15 species groups. Red Lists should be re-evaluated on a regular basis, ideally in a 10 year inter-

val. Currently, the Red List of vascular plants is re-evaluated in Switzerland. This thesis is part of 

a project which aims to develop tools for improving Red Lists exemplified on the Red List of vas-

cular plants.  

In this thesis I first show why IUCN Red Lists are important and introduce how they were devel-

oped and present their current categories and criteria. I then highlight the main limitations and 

critics on IUCN Red Lists. One of the most important limitations of Red Lists are their high de-

mand for data which is hardly available for many species and many regions. Therefore, many 

species cannot be assigned to a Red List status. IUCN Red Lists are based on range and popula-

tion size quantifications and their trends in time but are neutral against ecology and trait infor-

mation. In this thesis, I present three tools which could help to overcome these limitations. The 

tools consist of Ensembles of Small Models (ESMs) which could be applied in an approach to 

gather more information about species occurrences or to estimate range size. The second tool 

quantifies niche sizes which should be considered complementary to IUCN Red List criteria. Trait 

analyses are suited well for the quality assurance of Red Lists. All tools contribute to better Red 

List assessments and can be embedded easily to the IUCN Red List system. I therefore highly 

advocate consideration of their usage for future Red List assessments. 
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IUCN Red Lists 

Threatened species in a threatening world 

Currently, 22’784 species are threatened worldwide according to the International Union for 

Conservation of Nature and Natural Resources (IUCN) corresponding to 35.3 % of all evaluated 

species for which sufficient data are available (IUCN 2015; Table 1). However, the risk of extinc-

tion is unknown for most of the described species (96 %). The number of species which are even 

yet unknown to science is high (Scheffers et al. 2012) and some of them will get extinct even 

before we know that they ever existed (Costello et al. 2013). Estimations of the number of spe-

cies which are currently threatened therefore exceed the number of red-listed species by far: 

Thomas et al. (2004) estimated that approximately 1 million species may be threatened world-

wide and the rates of extinction are about 1000 times higher than the expected background rate 

(Pimm et al. 2014). We are therefore risking a human-induced sixth mass extinction on earth 

(Barnosky et al. 2011). The reasons for extinctions are manifold (Sala et al. 2000) but the most 

important drivers are land-use change (Foley et al. 2005; Poschlod et al. 2005; Haines-Young 

2009), climate change (Thomas et al. 2004; Pacifici et al. 2015; Urban 2015), invasion of non-

native species to vulnerable ecosystems (Gurevitch & Padilla 2004; Clavero & García-Berthou 

2005; Gallardo et al. 2016), as well as trade and hunting of wildlife species (Milner-Gulland et al. 

2003; Corlett 2007). 

Also in Switzerland the situation is far from satisfying. There are 45’890 species known to exist in 

Switzerland of which 10’350 are evaluated in Red Lists (Cordillot & Klaus 2011; Table 1). In total, 

33.7 % of the data sufficient species are threatened and 2.5% extinct in Switzerland which is 

even a higher percentage of extinct species compared to the global scale. 

Table 1: Numbers and percentages of different IUCN categories and total number of known and estimated 

species for different species groups in the world (IUCN 2015) and in Switzerland (Cordillot & Klaus 2011). 

EX: extinct; EW: extinct in the wild; Threatened: vulnerable, endangered and critically endangered species; 

NT: near threatened; LC: least concern; DD: data deficient and NE: not evaluated. T: thousands; M: mil-

lions. 

 

World EX + EW Threatened NT LC DD NE
Total species*

# % # % # % # % # % %
Vertebrates 353 1.0 7713 22.9 2494 7.4 23105 68.6 33665 6062 15.3 39727 40.2 66469

4-11 M
Invertebrates 410 3.3 4164 33.8 1053 8.6 6676 54.3 12303 5105 29.3 17408 98.7 1305250
Plants 136 0.7 10896 58.6 1583 8.5 5971 32.1 18586 1599 7.9 20185 93.5 310442 300-450 T

0 0.0 11 100.0 0 0.0 0 0.0 11 9 45.0 20 100.0 52280 0.6–10 M

Total 899 1.4 22784 35.3 5130 7.9 35752 55.4 64565 12775 16.5 77340 95.5 1734441 5-22 M

Switzerland RE Threatened NT LC DD NE
Total species*

# % # % # % # % # % #
Vertebrates 19 5.1 150 40.2 57 15.3 147 39.4 373 21 5.3 394 40 434

41000
Invertebrates 139 5.1 975 35.6 324 11.8 1298 47.4 2736 43 1.5 2779 151 31909

Plants 58 1.6 1168 32.7 422 11.8 1924 53.9 3572 138 3.7 3710 547 5275 6000

39 1.1 1193 32.5 250 6.8 2187 59.6 3669 2076 36.1 5745 20 8272 17000

Total 255 2.5 3486 33.7 1053 10.2 5556 53.7 10350 2278 18.0 12628 758 45890 64000
*estimated

Evaluated 
(excl. DD)

Evaluated 
(incl. DD)

Known 
species*

Lichens and 
fungi

Evaluated 
(excl. DD)

Evaluated 
(incl. DD)

Known 
species*

Lichens and 
fungi
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The need to protect 

threatened species is 

high at the global as well 

as at the local level if we 

want to avoid the loss of 

many species within the 

next decades. To set pri-

orities, it is highly neces-

sary to know which spe-

cies are most in threat to 

get extinct for efficiently 

protecting them and the 

whole biodiversity. 

The most important and 

authoritative source of 

information about the 

extinction risk of species 

are Red Lists following IUCN categories and criteria (IUCN 2012b). The number of evaluated spe-

cies for the worldwide Red List increased steadily in the last 15 years (Fig. 1) and nowadays nu-

merous Red Lists exist. But most Red Lists are published on national or regional levels with more 

than 3701 Red Lists published until 2003 only in Europe (Köppel et al. 2003). 

A brief history of the IUCN Red List development 

The first IUCN lists of endangered species evolved in the 1950s. Albeit, the first Red Lists were 

available only for some well-known charismatic and flagship species such as large mammals or 

birds, they rose attention and attracted to the problem of species extinctions and stimulated to 

put more efforts to conserve threatened species (Rodrigues et al. 2006). Since the 1970s Red 

Lists intended to include all higher vertebrates and representative groups of fishes, invertebrates 

and plants (see http://www.iucnredlist.org/about/publication/historical-red-lists [04/06/2016] 

and Mace et al. 2008). These lists were therefore a milestone for species conservation and for 

the first time appropriate sources of information about the extinction risk for many species were 

available. However, it quickly turned out that these lists were far from perfect with some serious 

flaws and limitations. For example, they did not follow a sound protocol and the definitions of 

the categories to asses these first lists were subjective and inconsistent (Fitter & Fitter 1987; 

 

Fig. 1: Total number of species assessed in the global IUCN Red List (blue 

line) and total number of species classified as threatened (modified 

from IUCN 2015).  
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Mace & Lande 1991) and thus vulnerable to criticism and discredit. The need for improving the 

categories and criteria was therefore high and IUCN headed for revising them (Mace & Lande 

1991). 

The claims to the new categories and criteria were high as they had to be standardised, objec-

tive, clear and comprehensive but still flexible to handle uncertainty (Akçakaya et al. 2000) and 

to be applicable for different taxa, regions and assessors (Gärdenfors et al. 1999). A first pro-

posal for revised IUCN categories and criteria was published in 1991 (Mace & Lande 1991). After 

various discussions and revisions (see Mace et al. 2008) the IUCN published the final version of 

the categories and criteria in 1994 (IUCN 1994). The 1994 IUCN criteria were further improved 

by including comments from various IUCN workshops (e.g. to make it applicable for marine spe-

cies; see Mace et al. 2008). The current version was published in 2001 (IUCN 2001). Since then 

this publication has been used as a global standard for Red List assessments with a revised edi-

tion in 2012 (IUCN 2012b). Nowadays, there are detailed guidelines available how to apply the 

IUCN categories and criteria which are defined by the Standards and Petitions Subcommittee 

(SPSC 2014) and which are regularly updated. IUCN also provides detailed guidelines how to 

assess Red Lists on regional and national levels (IUCN 2012a).  

Since the early days of IUCN Red Lists, more and more specialists and political authorities as-

sessed Red Lists according to the IUCN system which is represented by the high number of exist-

ing Red Lists (http://www.iucnredlist.org/about/publication/regional-red-lists [04/06/2016]; 

Köppel et al. 2003) and the increasing number of species assessed (Fig. 1) with 77’340 species 

being evaluated today (IUCN 2015; Table 1). If this process continues the target of covering 

160’000 species in Red Lists (Stuart et al. 2010) could be reached within the next 10-15 years.  

The value of the IUCN Red List for conservation 

The primary aim of Red Lists is to inform about species threat status and to serve as a ‘ther-

mometer’ alerting early before a species gets extinct but Red Lists have much more utilities. The 

threat status is key to species conservation and for assessing conservation priorities. For exam-

ple, occurrences of threatened species could be used to identify priority areas for conservation 

(Callmander et al. 2007). Together with information on local populations about, e.g., the degree 

of isolation and endemism or the proportion of the global range size (Keller & Bollmann 2004; 

Eggenberg & Landolt 2006), social or economic factors (Fitzpatrick et al. 2007) and costs and 

chances of conservation success (Mace et al. 2007), Red Lists can also be used as a basis to set 

conservation priorities for species resulting in national priority lists (e.g., BAFU 2011). The Red 

List assessment procedure generates and gathers plenty of data, such as population and range 
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sizes (Rodrigues et al. 2006), which is freely available (http://www.iucnredlist.org/technical-

documents/spatial-data [04/06/2016]). This data could be used to produce secondary by-

products like species diversity maps (http://www.biodiversitymapping.org [04/06/2016]) and 

improves our knowledge of the ecology and spatial distribution of many species and species 

groups.  

Red Lists can be further summarised to Red List Indices which inform about trends in the status 

of biodiversity for subsets of species (Butchart et al. 2004, 2007). Red List Indices measure 

trends of the overall extinction risk and are based on the movement of species through IUCN 

Red List categories over time. They are calculated by summing up the number of species within 

each category multiplied by a weight specific to each category, where LC has the lowest (zero) 

and EX the highest weight (five). The sum is then divided by the maximum possible sum (number 

of species multiplied by five) and subtracted from one. The same set of species has to be com-

pared at two time intervals and only genuine improvement or deterioration in species Red List 

status must be included to get meaningful results (Baillie et al. 2008; Bubb et al. 2009).  

In summary, Red Lists are much more than simple lists of threat categories and have a huge im-

pact and usability on every aspect in nature conservation.  

The IUCN categories and criteria 

The IUCN classification scheme classifies species into nine categories (IUCN 2012a; Fig. 2a). Spe-

cies that are Not Evaluated are categorised as NE. If a species is evaluated but there is not suffi-

cient data or information available to make an assessment, it will be categorised as Data Defi-

cient (DD). All species that are evaluated with adequate data are either non-threatened, threat-

ened or extinct. The non-threatened species are grouped into the categories Least Concern (LC) 

and Near Threatened (NT). Species categorised as LC are typically widespread and abundant and 

NT species are not yet threatened but close to be so and likelihood is high that they will qualify 

as threatened in the future. Threatened species are classified as Vulnerable (VU), Endangered 

(EN) or Critically Endangered (CR) with an increasing risk of extinction form VU to CR. The re-

maining two classes contain species that are Extinct in the Wild (EW) but survived in cultivation 

or captivity, and Extinct species (EX). To qualify as extinct there should be no reasonable doubt 

that the last individual has died (IUCN 2012a). For regional and national Red Lists (IUCN 2012a) 

two more categories were included: Not Applicable (NA; e.g., species that are invasive or va-

grants) and Regionally Extinct (RE species that are extinct in a region, but not yet globally). 
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Fig. 2: Overview of the simplified IUCN categories (a) and criteria (b). Adapted from Rodrigues et al. 2006; 

IUCN 2012a, 2012b. 

IUCN defines five criteria to assess the Red List threat status of a species (IUCN 2012a; Fig. 2b): 

reduction in population size (criterion A), the absolute range size, with fragmentation, decline, or 

fluctuation (criterion B), population size measured as number of mature individuals with a de-

cline or plausible threat (criterion C and D), and the probability of extinction measured by quan-

titative analysis (criterion E). One or more conditions, which vary for the three threatened cate-

gories, have to be fulfilled for each of these criteria and detailed guidelines exist how these crite-

ria should be applied (SPSC 2014).  
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Two main measures to quantify the reduction 

in population size and the absolute range size 

are the Extent of Occurrence (EOO) and the 

Area of Occupancy (AOO; Fig. 3). EOO is not a 

measure of the species range size as often 

assumed (e.g., Jetz et al. 2008; Herzog et al. 

2012; Pena et al. 2014; see also Box 1) but it is 

a measure of the spatial spread of areas occu-

pied by a species (SPSC 2014) and is defined 

as “the area contained within the shortest 

continuous imaginary boundary which can be 

drawn to encompass all the known, inferred 

or projected sites of present occurrence of a 

taxon, excluding cases of vagrancy“ (IUCN 

2012b). EOO is usually measured using a min-

imum convex polygon (Fig. 3), “in which no 

internal angle exceeds 180 degrees and which 

contains all the sites of occurrence” (IUCN 

2012b). Widespread species with a large EOO 

have a lower risk to get extinct by a single, 

local extinction event because the risk of ex-

tinction is spread spatially on a large extent 

(SPSC 2014). For example, it is less likely that a 

disjunct species with two distant populations 

gets extinct by a single event, e.g. caused by 

fire or a pathogen, compared to a species with 

only one population although the number of 

individuals might be the same. This extinction 

risk is lower for species that have discontinui-

ties or disjunctions within their populations 

compared to species where population are aggregated to a contiguous area. It is strictly discour-

aged to exclude areas with discontinuities or disjunctions (i.e. unsuitable or unoccupied habitat) 

from EOO (SPSC 2014; see also Gaston & Fuller 2009 and Joppa et al. 2016) as EOO reflects the 

spread of risk to get completely extinct and, contrary to AOO, was not originally designed to 

 

Fig. 3: Range size estimations of Draba ladina 

Braun-Blanq. (occurrence: white circles with black 

dots) by means of the geographic IUCN criteria 

EOO (blue polygon) and AOO (blue squares) and 

SDMs (green area). a) total range size with EOO = 

45.9 km2, AOO = 28 km2 and SDM = 18.9 km2; b) 

range size when the upper right occurrence van-

ishes with EOO = 15.0 km2, AOO = 24 km2 and SDM 

= 17.0 km2; c) range size when occurrences inside 

EOO vanish with EOO = 45.9 km2; AOO = 16 km2 

and SDM = 7.5 km2. SDMs where calculated using 

Maxent models and TSS was used to binarize the 

suitability maps (see chapter 2). Note: The grid size 

of the raster in the figure is not true in scale. 
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reflect the area actually inhabited (Gaston 1991). This is even true for species where it seems to 

be reasonable to exclude areas, like species with curvilinear, doughnut or highly disjunct distri-

butions (Joppa et al. 2016).  

On the other side it is obvious that species which occupy a larger range size are less threatened 

to extinction compared to species with low range sizes. Unsuitable areas should certainly be 

excluded if the occupied range size of a species is quantified. This need is covered by the AOO 

measure which is defined as the area within EOO that is occupied by a species. Contrary to EOO, 

it excludes unsuitable and unoccupied habitats and refers to the effective range size occupied by 

a species. AOO is usually quantified by counting occupied pixels of a raster grid (Fig. 3). AOO 

identifies species with restricted habitat and is used as a proxy for population size (SPSC 2014). 

For instance, if two species have the same EOO but one is common within EOO (high AOO) and 

the other rare (small AOO), e.g. because it is restricted to rare habitats, the one which is more 

common is less threatened. 

EOO and AOO may also be used to measure indirectly reductions in population size (criterion A). 

EOO, however, is sensitive to extinction events which occur on the range margin of a species 

(Fig. 3b; i.e. the reduction of spatial spread) whereas AOO is tracking extinction events regard-

less where the event occurs (Fig. 3c; i.e. the reduction in effective range size). As a consequence, 

EOO and AOO reflect two different types of extinction risk and are intended for complementary 

usage. The IUCN criteria are therefore well-balanced and reflects both kinds of threat. Both 

measures should hence be used discretely and not be altered or mixed as it was done due to 

misinterpretation of the EOO measure in current scientific publications (Jetz et al. 2008; Cardoso 

et al. 2011; González-Mancebo et al. 2012; Herzog et al. 2012; Pena et al. 2014; Fivaz & Gonseth 

2014) and Red Lists (Box 1).  

Criticism and limitations of Red Lists 

Since the beginning Red Lists have been subject to criticism due to clear limitations, for instance 

because they were subjective and inconsistent (Fitter & Fitter 1987; Mace & Lande 1991) or 

often restricted to administrative boundaries (Gentili et al. 2011; see also Box 3), but also be-

cause of misuse and misinterpretation of the IUCN criteria (figured out by Miller et al. 2007; 

Gaston & Fuller 2009; Joppa et al. 2016). The criticism of EOO to overestimate a species’ range 

due to discontinuities and disjunctions within a species’ range by various authors (Burgman & 

Fox 2003; Jetz et al. 2008; Herzog et al. 2012; Pena et al. 2014; see also Box 1), for example, is 

unfounded as explained above. 



18 
 

IUCN Red Lists inform about the extinction risk of single species but additional information is 

required to set conservation priorities (Possingham et al. 2002). They were also criticized to have 

only limited value as indicators of the general status of biodiversity (Possingham et al. 2002). 

These critics and continuing and stimulating discussions in working groups and within the Stand-

ards and Petitions Subcommittee (SPSC) have caused continuous modifications and improve-

ments of the Red List categories and criteria and the development of guidelines for assessing 

Red Lists (IUCN 2012a; SPSC 2014). As a consequence, guidelines for calculating the IUCN Red 

List index to measure trends in biodiversity (Bubb et al. 2009) and for assessing Red Lists of Eco-

systems (Keith et al. 2015; Rodríguez et al. 2015) were developed as well as additional criteria 

for setting conservation priorities (Keller & Bollmann 2004). The tool box for protecting single 

species and biodiversity as a whole has therefore been improved successively within the last two 

decades. However, also today there is still room for improvements of IUCN Red Lists. 

Lack of ecology and species characteristics in Red Lists and how to implement it 

IUCN Red List assessments are based on either geographical range size or population size and 

their trend in time (Fig. 2) but are neutral against information about the environmental factors 

limiting species distributions (Sergio et al. 2007; Pena et al. 2014), ecological species characteris-

tics (i.e. species traits; Mattila et al. 2008) or genetic information (Rivers et al. 2014).  

Ecological information could be included in Red Lists by quantifying niche sizes by means of or-

dination techniques (Broennimann et al. 2012; Blonder et al. 2014). This was, to my knowledge, 

however never tested so far. There are two possibilities how niche quantification could poten-

tially contribute to the IUCN framework: either as a measure of the absolute niche size or the 

niche size relative to an earlier assessment ("relative niche size"). Defining thresholds for abso-

lute niche sizes seems to be a difficult task because units and ranges of absolute niche sizes are 

unclear and may differ by the environmental predictors which are selected for the ordination 

technique and by their number. The applicability seems therefore to be rather problematic but is 

still worth to be investigated in more detail. The implementation of relative niche size seems to 

be easier because thresholds for relative niche size could be defined similar to the one used for 

relative range sizes.  

IUCN Red Lists were also criticized to have too short time horizons for measuring long-lasting 

declines in range and population size caused by climate change for short-lived species (Akçakaya 

et al. 2006, but see Keith et al. 2014). Trait information was used to assess the extinction risk of 

species due to climate change because they are independent of time-horizons (Foden et al. 

2013; Pacifici et al. 2015). For example, the extinction risk is correlated with diet breath (Pearse 
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& Altermatt 2013) and length of flight period (Kotiaho et al. 2005; Mattila et al. 2008) in Lepi-

doptera, the duration of the flowering period, height and temperature and nitrogen indicator 

values in plants (Gabrielová et al. 2013) or the affinity to rare habitats and body size in lizards 

(Tingley et al. 2013b). Analyses of species traits could therefore also be used to directly inform 

about extinction risk of species.  

Bias in Red Lists 

Worldwide, IUCN Red Lists are biased towards well-known species and higher vertebrates 

(Rodrigues et al. 2006; Stuart et al. 2010). While 59.8% of all vertebrates are assessed in Red 

Lists, only 1.3% of the invertebrates are assessed and the number of lichens and fungi is negligi-

bly small (Table 1). Especially species with small and restricted distributions, small body sizes and 

low dispersal abilities are underrepresented in the global IUCN Red List (Cardoso et al. 2011; 

Pimm et al. 2014). However, the highest priority of IUCN is to increase the coverage of species in 

Red Lists (Rodrigues et al. 2006). Around 160’000 species need to be covered in Red Lists to re-

duce the bias and to get more representative lists (Stuart et al. 2010). This aim could be reached 

soon because the number of species being evaluated is strongly increasing (Fig. 1). However, the 

budget for assessing 160’000 species is currently too low (Stuart et al. 2010) not to mention 

costs to keep them up to date (Rondinini et al. 2014). Therefore, 83% of the assessments will be 

outdated by 2025 (Rondinini et al. 2014). Methods which reduce the time, and thereby also 

costs, to assess new and re-assess old species in global Red Lists are needed in an attempt to 

reduce the bias. Methods, like Ensembles of Small Models, which could be used to gather more 

information of data deficient species are thus strongly required. 

How to proceed with data deficient species? 

The IUCN Red Lists are based on many criteria and sub-criteria. They are therefore complex and 

data demanding. For many species information about their geographical distribution or their 

population size is (partly) missing and determining the Red List status for these data deficient 

species is impossible. Worldwide, 16.5% of the considered species are data deficient (Table 1) 

and the extinction risk of these species remains unclear, although there is hint that DD species 

are often threatened (Jetz & Freckleton 2015; Roberts et al. 2016). Especially invertebrates 

(Cardoso et al. 2011) and cryptogams (i.e. lichens, algae, fungi and bryophytes) are globally data 

deficient, even in the most intensively studied countries (Hallingbäck 2007; Nascimbene et al. 

2012). Red Lists are often based only on a small subset of the IUCN criteria (mostly criterion B) 

because information about population size and trends in time are often missing (see Table 2 in 

Box 1; see also Nascimbene et al. 2012). But also AOO, and potentially also EOO, are not suitable 
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as a measure of range size when species are undersampled because they will underestimate the 

range size (Sergio et al. 2007; Cardoso et al. 2011; Herzog et al. 2012). As a result IUCN criteria 

and sub-criteria were often altered (including the thresholds) for assessing these species groups 

(e.g., Cardoso et al. 2011; González-Mancebo et al. 2012; see also Box 1). Although limitations of 

assessing Red Lists for these species groups are obvious, modifications of the criteria will reduce 

objectivity of the IUCN criteria and comparability with other Red Lists and undermine authority 

of IUCN Red Lists. The need to obtain more information about data deficient species for success-

fully assessing a Red List status is therefore high.  

In such cases it is possible to use inferences and projections to estimate the Red List status (SPSC 

2014). Trait analyses incorporates ecological and life history traits and have recently been used 

to infer the Red List status of data deficient species (Tingley et al. 2013b; Bland et al. 2014; Jetz 

& Freckleton 2015; Luiz et al. 2016). The threat status of a species can thereby be assessed with-

out any information about species distributions or population sizes. The method is therefore 

suitable for species that lack this kind of information but where ecological traits (e.g., life history 

or morphological characteristics) of the species are rather well-known. However, trait infor-

mation is still missing for many species. Additionally, trait analyses are prone to model related 

uncertainty and models have to perform therefore very well with a low misclassification rate to 

be suited for assigning a Red List status. Furthermore, trait analyses do not fit to the existing 

IUCN criteria because it requires another type of data (i.e. traits and species characteristics in-

stead of range and population size). An approach to assess data deficient species in accordance 

with the framework of IUCN Red Lists and less prone to model-related uncertainty would be 

more straightforward.  

An alternative to trait analyses is to use projections of Species Distribution Models (SDMs) to 

infer the potential range size of a species (Fig. 3). SDMs project the realised environmental niche 

of a species into geographic space by using correlative or classification techniques. The output is 

a habitat suitability map (HSM) which identifies the potential distribution of a species. This in-

formation could be used to estimate the potential range size of a species. Range size estimations 

based on SDMs have been used as a measure of EOO (Sergio et al. 2007; Herzog et al. 2012; 

Attorre et al. 2013; Pena et al. 2014; Syfert et al. 2014), AOO (Jiménez-Alfaro et al. 2012; Marcer 

et al. 2013), or both (Cardoso et al. 2011; Fivaz & Gonseth 2014).  

However, there are clear limitations of this approach: SDMs could easily overestimate the real-

ized range size when suitable habitat remains unfilled due to ecological or biogeographical con-

strains (e.g. barriers in the landscape, biological interactions, dispersal limitations; Guisan & 
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Thuiller 2005; Colwell & Rangel 2009; Soberón & Nakamura 2009). Likewise, the range size could 

also be underestimated when the realized niche of a species is only incompletely covered by the 

known occurrences. Additionally, statistical uncertainty in SDMs is also high (Barry & Elith 2006; 

Buisson et al. 2010; Guo et al. 2015) especially when species are undersampled which is also 

reflected in the inferred range size. The usage of SDMs for estimating range size is therefore 

ambiguous: It may be useful and reduce the underestimation of the range size by EOO and AOO 

for data deficient species, but it also adds model-related uncertainty. Additionally, the interpre-

tation of range size projections derived from SDMs should strictly follow the definitions of EOO 

and AOO. Range size estimations derived from HSMs exclude unsuitable habitats because they 

inform about the potential suitable areas of a species. Therefore, HSMs might primary be suited 

as a measure of AOO but conflict with the intention of EOO to be a measure of spatial spread. If 

HSMs should be used as a measure of EOO a minimum convex polygon should be drawn around 

the potential suitable area (Syfert et al. 2014). For these reasons, HSMs have to be used carefully 

to estimate range sizes and should rather be used as a subcriterion of criterion A and B instead 

of a measure of AOO or EOO.  

A more straightforward approach to proceed with data deficient species in the Red List frame-

work is to gather more information about the spatial distribution and the population size of a 

species. In this regard, SDMs could be used for a model-based field sampling approach where 

HSMs are used in the field to find new, yet unknown populations of the species under investiga-

tion (Guisan et al. 2006). This so-called prospective sampling approach could improve efficiency 

of field-based sampling by searching patches with a high suitability for rare species in the field 

(see Box 2). Many studies which used a prospective sampling approach could detect new popu-

lations in the field (see Table 3 in Box 2) and reduces thus uncertainty of range size estimations 

compared to estimations solely based on SDMs (e.g., Sergio et al. 2007; Cardoso et al. 2011; 

Jiménez-Alfaro et al. 2012) without field validation. 

However, models for species with only few occurrences are often poorly performing (Stockwell 

& Peterson 2002; Hernandez et al. 2006; Wisz et al. 2008; van Proosdij et al. 2015). The applica-

bility of SDMs to model rare species is therefore limited and a prospective sampling approach or 

the range size estimation by SDMs could fail, although I hardly found publications were such 

negative results were presented (except Jimenez-Valverde & Lobo 2007; Jimenez-Valverde et al. 

2008). Edwards et al. (2005) overcame limitations of modelling rare species by using more com-

mon associated species as a proxy to model the distributions of rare species. Improving tech-

niques or approaches for modelling rare and undersampled species is necessary to increase the 
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success of prospective sampling and to improve the suitability to quantify range sizes using 

SDMs in an attempt to assign a Red List status.  

Uncertainty and quality assurance of Red Lists 

Although the categories and criteria published by IUCN were found to be the most adequate 

system to assess Red Lists (De Grammont & Cuarón 2006) there is no guarantee that Red Lists 

are free from misclassifications. Misclassifications, i.e. threatened species misclassified as non-

threatened and vice-versa, could be caused by uncertainty in the data used in the assessment 

process (Colyvan et al. 1999; Akçakaya et al. 2000) or the misuse of the IUCN criteria (Akçakaya 

et al. 2006; Miller et al. 2007; SPSC 2014). Misclassifications could however cause severe effects 

on species conservation. Threatened species misclassified as non-threatened will likely be at risk 

to further declines because they do not obtain conservation efforts (Scott et al. 2010). Non-

threatened species misclassified as threatened concentrate monetary and time resources that 

are missing for really threatened species (Pimenta et al. 2005; Stuart et al. 2005). Quality assur-

ance of Red Lists is thus very important. IUCN therefore requires that all assessments for the 

worldwide Red List are reviewed by at least one appropriate reviewer (IUCN 2013). 

There are also techniques and software available, like RAMAS (Akçakaya & Root 2007) based on 

fuzzy-logic (Akçakaya et al. 2000) or probabilistic models (Burgman et al. 1999; Robbirt et al. 

2006; Newton 2010; see also Akçakaya et al. 2012), which incorporate uncertainty as input data 

(fuzzy numbers, resp. likelihoods) and assess the Red List status by reporting uncertainty in form 

of ranges (Burgman et al. 1999; Akçakaya et al. 2000) or probabilities (Robbirt et al. 2006; 

Newton 2010) of Red List classes. Both techniques use the same data which are also used to 

assign the Red List status and are thus not independent of the assessment process. They may 

inform about uncertainty but could not be used to detect misclassifications. Uncertainty may 

also be undetected or not available, especially when using data of third-parties. A tool for quality 

assurance of Red List that is able to identify (potential) misclassifications and that is independent 

of the data used to build them is currently missing.  
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Box 1. Problematic limitations of Red List assessments in Switzerland  

In Switzerland Red Lists cover 15 species groups (Table 2). Although the Swiss Red Lists follow the IUCN categories and crite-
ria there are some problematic flaws in the assessment process of these lists.  
The first and major misuse is that some Red Lists are inconsistent with IUCN criteria by choosing different thresholds for 

criterion B2 (Auderset Joye & Schwarzer 2012; Lubini et al. 2012; Rüetschi et al. 2012). As an extreme example, in the Red List 

of macroalgues thresholds for criterion B2 were changed (CR < 100 m²; EN < 1000 m²; VU < 10 000 m²; NT < 100 000 m²; LC > 

100 000 m²) on the grounds that all species would be classified as CR with standard thresholds. However, IUCN thresholds are 

fixed and cannot be changed. If all known species would be classified as CR there are only two possible conclusions: either 

some species are DD or all species are indeed CR.  

Another issue is that many Red Lists do either not use criterion B1 or changed the definition of EOO by excluding unsuitable 

habitat (Kirchhofer et al. 2007; Monnerat et al. 2007; Senn-Irlet et al. 2007; Auderset Joye & Schwarzer 2012). EOO should 

however be quantified by a minimum convex polygon around all occurrences and should also include unsuitable habitat as it 

is not a measure of range size but of the spatial spread of areas occupied by a species (SPSC 2014). Any exclusion of unsuita-

ble habitat would make EOO more similar to AOO (Gaston & Fuller 2009; Joppa et al. 2016) and the complementary character 

of both measures will be lost. Additionally, some Red Lists were adjusted by experts using additional criteria after they were 

assessed using IUCN criteria (Auderset Joye & Schwarzer 2012). This will however reduce objectivity of the IUCN criteria and 

comparability with other Red Lists. 

Some Red Lists generally used SDM-based projections as a measure of AOO and did not consider quantifying AOO as suggest-

ed by IUCN (using a grid). All Red Lists which used SDMs selected either MARS or GAM as modelling techniques. These tech-

niques were found to perform only intermediately-well in a comparative analysis and there are better performing modelling 

techniques available (Elith et al. 2006). It is also well-known that most of the variation of SDMs arises from the selection of 

the modelling technique (Thibaud et al. 2014; Qiao et al. 2015; Guo et al. 2015). This problem could be solved by using en-

semble or consensus modelling techniques that usually perform much better than any single modelling technique (Araújo & 

New 2007; Marmion et al. 2009). The quality of SDMs used to quantify criteria B2 could therefore be improved for following 

Red Lists.  

A last critical point is that there is only sparse and vague information available on how SDMs were used for assessing Red List 

and how SDMs performed. In the scientific literature, it is common practice to provide detailed information about which 

algorithms were used, whether the input data contained presence-absence or presence background data, how the latter 

were selected, how many presences were available, how models were evaluated and how they performed and so forth. This 

information is mainly lacking in the Red List publications of Switzerland. It is however essential that such information is well 

documented to ensure transparent and reproducible assessments especially if an assessment is mainly based on SDMs. 

Table 2: The use of SDMs for Red List assessments in Switzerland. (MCP = minimal convex polygon; B1 = criterion B1; B2 = 
criterion B2; x = not considered, yes = used and IUCN conform, no = used but not IUCN conform) 

B1: EOO  B2: AOO 

Taxa 

IUCN 
categories 
and crite-

ria 

IUCN 
national RL 
guidelines 

used  

SDM 
techniques 

used 

SDMs 
used 

MCP 
IUCN 

conform 

 
SDMs 
used 

IUCN 
raster 

IUCN 
thresholds 

used 

IUCN 
criteria 

discarded 

IUCN 
criteria 

considered 
Reference 

      
 

      

Vascular 
plants 

IUCN 
2001 

Gärdenfors 
et al. 1999 

none x yes 
 

x yes yes - A,B,C,D,E Moser et al. 2002 

Dragonflies 
IUCN 
2001 

Gärdenfors 
et al. 2001 

none x ? 
 

x ? yes C,D,E B2 a–c 
Gonseth & Mon-

nerat 2002 

Lichens 
epiphytic 

IUCN 
2001 

Gärdenfors 
et al. 1999 

none x yes 
 

x yes yes - A,B,C,D,E 
Scheidegger et al. 

2002 

Lichens 
terricolous 

IUCN 
2001 

Gärdenfors 
et al. 1999 

none x x 
 

x 
yes, but 
inferred 

? x x 
Scheidegger et al. 

2002 

Bryophytes 
IUCN 
2001 

IUCN 2003 none x no 
 

x 
yes, 

partly 
yes C,D,E 

A2, 
B1,B2,D2 

Schnyder et al. 
2004 

Reptiles 
IUCN 
2001 

Gärdenfors 
et al. 2001 

none x x 
 

x yes yes B1,C,D,E A2c, B2a-c 
Monney et al. 

2005 

Amphibians 
IUCN 
2001 

Gärdenfors 
et al. 2001 

none x x 
 

x 
yes, but 
inferred 

yes A1,B1,D,E 
A2c,B2a-
c,C2,D2 

Schmidt et al. 
2005 
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Box 1. continuing 

Taxa 

IUCN 
categories 
and crite-

ria 

IUCN 
national 
RL guide-
lines used 

SDM 
techniques 

used 

SDMs 
used 

MCP 
IUCN 

conform 

SDMs 
used 

IUCN 
raster 

IUCN 
thresholds 

used 

IUCN 
criteria 

discarded 

IUCN 
criteria 

considered 
Reference 

            

Fungi 
IUCN 
2001 

IUCN 
2003 

GAM yes x x 
yes, 

partly 
yes E A,B,C,D 

Senn-Irlet et al. 
2007 

Orthoptera 
IUCN 
2001 

IUCN 
2003 

GAM yes x yes x yes A,C,D,E B2 a–c 
Monnerat et al. 

2007 

Fishes and 
Cyclostomes 

IUCN 
2001 

IUCN 
2003 

none x no* x yes yes A1, E A,B,C,D 
Kirchhofer et al. 

2007 

Birds 
IUCN 
2001 

IUCN 
2003 

none x no* x ? yes E A,B,C,D 
Keller et al. 

2010 

Molluscs 
IUCN 
2001 

IUCN 
2003 

MARS x x yes x no A,C,D,E B2 a–c 
Rüetschi et al. 

2012 

Macroalgues 
IUCN 
2001 

IUCN 
2003 

GAM yes x yes x no A,C,E B1, B2, D2 
Auderset Joye & 
Schwarzer 2012 

Mayflies, 
Stoneflies, 
Caddisflies 

IUCN 
2001 

IUCN 
2003 

MARS x x yes x no A,B1,C,D,E B2 
Lubini et al. 

2012 

Bats 
IUCN 
2001 

IUCN 
2003 

MARS x x yes x yes A,C,D,E B2 a–c 
Bohnenstengel 

et al. 2014 

Butterflies & 
forester mots 

IUCN 
2001 

IUCN 
2003 

MARS x x yes x yes A,C,D,E B2 a–c 
Wermeille et al. 

2014 

Other groups - - none x x x x x x x 
Agosti et al. 

1994 

* MCP used with exclusions 
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Box 2. Overview of prospective sampling approaches in the literature 

Prospective sampling based on Habitat Suitability Maps derived from SDMs, also referred to as ground validation, aims to 

improve efficiency of field work by saving time and money and was found to be more efficient compared to random sam-

pling strategies (Edwards et al. 2005; Guisan et al. 2006; Le Lay et al. 2010; Aizpurua et al. 2015), earlier surveys (Jarvis et 

al. 2005; Greaves et al. 2006) and expert-based field sampling (Aizpurua et al. 2015). The procedure of prospective sam-

pling could be optimised by iteratively including new-found occurrences of a first field survey in a new (second, third or 

even more) model used for field sampling (Guisan et al. 2006; Jackson & Robertson 2011; Rinnhofer et al. 2012). This ap-

proach is especially advantageous if the original occurrences are biased by iteratively sharpening the bounds of the real-

ized niche and thus ideally reduce the bias. Prospective sampling could serve therefore as a tool to gaining more infor-

mation (spatial as well as environmental) of data deficient species and facilitates to evaluate them in the framework of 

assessing their Red List status. 

Many studies found new populations using a prospective sampling approach for rare and endangered or undersampled 

(Table 3) but also for more common species (Le Lay et al. 2010). For some studies, the number of known occurrences was 

increased by more than 50% (Ferreira de Siqueira et al. 2009; Rebelo & Jones 2010; Jackson & Robertson 2011; Rinnhofer 

et al. 2012) with a maximum of 600% (Ferreira de Siqueira et al. 2009) and for one species the known range size was in-

creased more than 10 times (Rinnhofer et al. 2012). Prospective sampling has thus been shown to be highly useful and 

efficient for improving knowledge about species’ distributions. For some species there were only very few occurrences 

available (Ferreira de Siqueira et al. 2009; Jackson & Robertson 2011; Rinnhofer et al. 2012; Fois et al. 2015; see Table 3). In 

one study only one occurrence was known and six additional occurrences were detected using an environmental similarity 

measure to inform about suitable habitat for field-work (Ferreira de Siqueira et al. 2009). Besides prospective sampling 

another application of this approach is to evaluate the performance of SDMs in the field with independent data (Fielding & 

Bell 1997) by sampling both high and low suitable patches (Guisan et al. 2006; Le Lay et al. 2010). This can be effectively 

done if the explorers do not know whether a side is suitable or not, i.e. blind sampling (Jarvis et al. 2005). 

 

Table 3: Synopsis of studies where a prospective sampling approach was used (occ.: occurrence).  

Taxa Group Location 
# New 

occ. 
# Occ. for 
modelling 

Reference 

Barbastella barbastellus bat Portugal 15 17 Rebelo & Jones 2010 

Chalinolobus tuberculatus bat New Zealand 36 1033 Greaves et al. 2006 

Neamblysomus julianae mole South Africa 2 4 Jackson & Robertson 2011 

Lanius collurio bird Luxembourg 737 95 Aizpurua et al. 2015 

Ambystoma californiense salamander California, USA 81 590 Searcy & Shaffer 2014 

Hyperolius pickersgilli frog South Africa 10 24 Tarrant & Armstrong 2013 

Macrothele calpeiana spider Iberian Peninsula 0 92 Jimenez-Valverde & Lobo 2007 

Maculinea nausithous butterfly Iberian Peninsula 0 17 Jimenez-Valverde et al. 2008 

Machilis pallida insect Eastern Alps 4 7 Rinnhofer et al. 2012 

Five lichens lichens USA 
  

Edwards et al. 2005 

Byrsonima subterranea plant Brazil 6 1 Ferreira de Siqueira et al. 2009 

Capsicum flexuosum plant Paraguay 6 19 Jarvis et al. 2005 

Cardamine clematitis plant USA 12 187 Boetsch et al. 2003 

Eight plant species plant Swiss Alps 
 

14 – 909 Le Lay et al. 2010 

Eryngium alpinum plant Swiss Alps 4 46/77 Engler et al. 2004 

Eryngium alpinum plant Swiss Alps 7 92 Guisan et al. 2006 

Gentiana lutea plant Sardinia, IT 16 8 Fois et al. 2015 

Six plant species plant California, USA 16 9 – 129 Williams et al. 2009 

Xerophyllum asphodeloides plant Virginia, USA 8 132 Bourg et al. 2005 



26 
 

 

  

Box 3. Red Lists from regional to global levels 

The IUCN Red List categories and criteria are primarily designed to assess the Red List status for taxa on a global scale 

(IUCN 2012b). Most Red Lists are assessed, however, on national or regional levels. The application of IUCN categories and 

criteria has therefore to be adopted to national and regional levels (IUCN 2012a). In Europe numerous Red Lists were 

published covering many species groups (e.g., in Switzerland; see Box 1). Alone in Europe 3701 Red Lists were published 

until 2003 of which 139 were global Red Lists, 94 covered whole of Europe and 3468 were national Red Lists (Köppel et al. 

2003). However, for vascular plants the European (Bilz et al. 2011) and national Red Lists of larger countries are often 

either incomplete (UICN et al. 2012; Rossi et al. 2013), outdated or do not hold IUCN standards (Ludwig et al. 1996; Niklfeld 

et al. 1999). Besides these national Red Lists also numerous detailed but small-scaled regional Red Lists exist for vascular 

plants (Wilhalm & Hilpold 2006; Polatschek & Neuner 2013; CBNFC 2014; Vangendt et al. 2014; CBNA & CBNMC 2015). A 

lot of money and time resources are therefore invested in assessing and updating regional Red Lists that cover only a re-

stricted geographic area and include only a fraction of a species distribution.  

However, regional Red Lists play an important role for local conservation and could advance the development of national 

or global Red Lists (Rodrigues et al. 2006). At least for four countries (Brazil, China, Colombia, and the Philippines), the 

assessed threat status of national Red Lists was also found to concur in large parts with the treat status of the global coun-

terpart (Brito et al. 2010). Therefore the development of regional Red Lists and that of small countries (e.g. Switzerland) is 

important but the distribution of species is not at all restricted to political or administrative borders (Rodrigues & Gaston 

2002). From the conservation perspective of a species the large-scale well-being is much more important than the local. 

Even if a species gets locally extinct it may be able for re-colonisation if the conditions for persistence will improve again 

(e.g., Valière et al. 2003), contrary, a global extinction is irreversible. It is therefore necessary to put more effort into conti-

nent-wide and global Red Lists by intensifying administrative cooperation between bordering countries (Bladt et al. 2009), 

although there is already some effort in this direction (Bilz et al. 2011).  

A promising idea is the assessment of regional Red Lists for biogeographic regions which would cover populations in a 

homogenous area and better respects the natural distribution of various taxa (Gentili et al. 2011). There are first steps into 

this direction (see literature mentioned in Gentili et al. 2011) and also in Switzerland regional Red Lists of biogeographic 

regions were assessed for vascular plants and for lichens in Switzerland (Moser et al. 2002; Scheidegger & Clerc 2002), 

however, these biogeographic regions were restricted to the borders of Switzerland and did not cover the whole range of 

these biogeographic regions. Cross-national biogeographic Red List assessments would better respect the geographical 

distribution of species and provide homogenised Red Lists. Better cross-national cooperation is therefore key also because 

data availability of neighbouring countries was a main limitation of applying the regional IUCN guidelines for Red Lists in 

Switzerland (Moser et al. 2002; Schnyder et al. 2004; Senn-Irlet et al. 2007; Auderset Joye & Schwarzer 2012). Additionally, 

cross-national lists could be assessed cost- and time-efficiently because not every region needs to assess own lists. It is also 

possible to invest more money in regions with smaller financial facilities but harbouring threatened hot spots of biodiversi-

ty and the allocation of resources could thus be improved (Bladt et al. 2009). A nice example about successful cross-

national cooperation is the European Red List initiative (http://www.iucnredlist.org/initiatives/europe [04/06/2016]) which 

published up to now Europe-wide Red Lists for 13 species groups. The prioritisation of Red List assessments ideally in-

creases from regional over national and cross- national (or biogeographic) to continent-wide and global Red Lists and data 

used for each assessment process should be made available for the next higher level of the assessment process (Rodríguez 

et al. 2000). 
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Objectives - Towards improved Red List assessments 

IUCN Red List categories and criteria improved in quality over the last decades (Mace 2008) and 

were shown to be likely among the most adequate systems for assessing the extinction risk of 

species (De Grammont & Cuarón 2006). However, there is still room for improvements like the 

handling of data deficient species, the consideration of environmental information and species 

characteristics as well as the quality assurance of Red Lists. In this thesis, I evaluate the potential 

of different methods and techniques to improve Red Lists. I used SDMs, niche quantifications 

and trait analyses to assess if they can contribute to improved Red Lists and illustrate how these 

methods could be embedded in the IUCN framework. The thesis is organised in three chapters: 

In chapter 1, I present an in-depth evaluation of a new strategy ("Ensembles of Small Models" 

ESMs) for modelling the distributions of rare species. Habitat suitability maps derived from ESMs 

could be used for prospective sampling approaches in an attempt to detect new, unknown 

populations of rare and undersampled species and thus improve the knowledge of species for 

assigning a Red List status. Additionally, they can be useful for estimating the range size (criteri-

on B) of data deficient and rare species. In chapter 2, I point out that changes in niche sizes 

based on ordination techniques complement changes in range sizes and may thus add crucial 

information to the evaluation of the extinction risk of species. I also show that range size esti-

mates based on SDMs before and after extinction events are not suited to quantify range size 

changes. In chapter 3, I show that by means of trait analysis potentially misclassified species can 

be identified as exemplified by data from the current Red List of vascular plants in Switzerland. 

Finally, I suggest how the three methods could be implemented into the Red List framework and 

outline how these methods could be further improved. 
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Abstract 

1. Species distribution models (SDMs) have become a standard tool in ecology and applied con-

servation biology. Modelling rare and threatened species is particularly important for conserva-

tion purposes. However, modelling rare species is difficult because the combination of few oc-

currences and many predictor variables easily leads to model overfitting. A new strategy using 

ensembles of small models was recently developed in an attempt to overcome this limitation of 

rare species modelling and has been tested successfully for only a single species so far. Here, we 

aim to test the approach more comprehensively on a large number of species including a trans-

ferability assessment. 

2. For each species numerous small (here bivariate) models were calibrated, evaluated and av-

eraged to an ensemble weighted by AUC scores. These ‘ensembles of small models’ (ESMs) were 

compared to standard SDMs using three commonly used modelling techniques (GLM, GBM, 

Maxent) and their ensemble prediction. We tested 107 rare and under-sampled plant species of 

conservation concern in Switzerland. 

3. We show that ESMs performed significantly better than standard SDMs. The rarer the species, 

the more pronounced the effects were. ESMs were also superior to standard SDMs and their 

ensemble when they were evaluated using a transferability assessment. 

4. By averaging simple small models to an ensemble, ESMs avoid overfitting without losing ex-

planatory power through reducing the number of predictor variables. They further improve the 

reliability of species distribution models, especially for rare species, and thus help to overcome 

limitations of modelling rare species. 

Keywords AUC, BIOMOD, bivariate models, Boyce index, consensus forecast, endangered 

species, ensemble prediction, species distribution modelling, Switzerland 
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Introduction 

Species distribution models (SDMs) are powerful tools for analysing environmental drivers of 

species distributions and for projecting a species’ realized niche into a geographic area. The 

number of peer-reviewed papers using SDMs has increased strongly in recent years (Guisan et 

al. 2013) and applications of SDMs to conservation are manifold (Guisan & Thuiller 2005; 

Franklin 2009; Peterson et al. 2011). Such applications are especially important for rare and 

threatened species with high conservation priority (Guisan et al. 2013). 

Models of rare species, characterised by narrow ecological ranges, often show higher accuracy 

compared to common species characterised by broad ecological ranges (Franklin et al. 2009 and 

literature mentioned there). However, model accuracy of rare species increases asymptotically 

with sample size (Stockwell & Peterson 2002; Hernandez et al. 2006) because the species' niche 

is more completely described the more occurrences are available. Accordingly, many studies 

show increasing model accuracy with number of occurrences (e.g., Hernandez et al. 2006; 

Guisan et al. 2007; Wisz et al. 2008, see also references mentioned there) and below about 30 

occurrences model accuracy is often low and variability of model accuracy increases across spe-

cies (Stockwell & Peterson 2002; Hernandez et al. 2006; Wisz et al. 2008). 

A major problem with modelling rare species is that there is frequently a high number of explan-

atory environmental variables in relation to few occurrences, which can lead to model overfit-

ting, i.e. the fit between predicted values and actual data in models with a large number of pre-

dictors is misleadingly good. Overfitting leads to reduced generalizability of the model and thus 

restricts the applicability of the model to new data (Vaughan & Ormerod 2005). 

This problem could be alleviated by reducing the number of predictors in a model. A general 

rule-of-thumb is that sample size (number of occurrences, i.e. in this context number of 

presences) should be 10 times larger than the number of predictors used for modelling (Harrell 

et al. 1996). The number of predictors can be reduced by stepwise variable selection methods 

(Parviainen et al. 2008), e.g. based on information criteria like the Akaike Information Criterion 

(AIC, Akaike 1974) and the Bayesian Information Criterion (BIC, Schwarz 1978), by shrinkage 

methods such as the Lasso (Tibshirani 1996) or using cross-validation for variable selection. 

However, for rare species, modelling is often difficult because keeping a 1:10 ratio would mean 

to include only two predictors for 20 occurrences, which is usually insufficient information of a 

species’ niche for modelling its distribution accurately. 
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The mismatch between the need to model rare species distributions for conservation purposes 

and the inherent difficulty in modelling them has been termed in Lomba et al. (2010) the 'rare-

species modelling paradox'. They proposed a new strategy for modelling the distribution of rare 

species based on fitting a larger number of small bivariate models, i.e., models with only two 

predictors at a time (although only one or three could also be used), and averaging them in an 

ensemble prediction using weights based on model performances. The predictor-to-occurrence 

ratio is improved greatly with this method because the number of predictors used in each small 

model remains low. The estimation of model coefficients was thus expected to be much more 

robust and the risk of model overfitting to be minimized without losing explanatory power be-

cause the number of predictors is kept low for a single model but high within the ensemble 

framework. 

These ensembles of small models (ESMs) have been successfully applied so far only once for a 

single, rare and endemic plant species from the Iberian Peninsula (Lomba et al. 2010). The au-

thors found an excellent ESM with an AUC score of 0.99. However, ESMs have not been com-

pared so far to standard SDMs. Because ESMs are thought to be particularly useful when applied 

to rare species, the question is how rare a species must be so that ESMs are outperforming 

standard approaches (if at all). Lomba et al. (2010) evaluated their ESMs by conventional re-

peated split-sampling only. It is thus open if ESMs would also outperform standard methods 

when transferred to new areas. In this study, we tested the hypotheses that (1) the performance 

of ESMs compared to commonly used standard ensembled SDMs is advantageous for very rare 

species where overfitting is a problem and that (2) ESMs lose their advantage as the number of 

occurrences increases.  

We focused on a set of 107 rare to very rare plant species of conservation concern in Switzer-

land. We investigated if and when ESMs outperform standard ensembles of SDMs, and included 

a transferability assessment to test the generality of ESMs through their ability to predict to new 

areas. 

Methods  

We fitted both ESMs and standard ensembles of SDMs with three widely used modelling tech-

niques: generalized boosted models (GBMs), generalized linear models (GLMs) and maximum 

entropy (Maxent). We used GLMs because of their user-friendly and common usage, and GBMs 

(also termed Boosted Regression Trees, BRTs) as well as Maxent models because of their good 

performance (Elith et al. 2006; Elith & Graham 2009; Heikkinen et al. 2012).  
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Ensemble of small models 

The basic idea behind ESMs is to model a species distribution based on small, simple models, e.g. 

all possible bivariate models (i.e. models which contain only two predictors at a time out of a 

larger set of predictors), and then combine all possible bivariate models into an ensemble 

(Lomba et al. 2010). In our study, a set of 11 predictors (Table 4) resulted in 55 bivariate predic-

tor combinations. These steps are described in detail below. We evaluated each of the bivariate 

models by the cross-validated AUC index, which was then used to build a Somers’ D weighted 

average of the 55 bivariate models as the ESM prediction (Fig. 4). Somers’ D (also known as Gini 

coefficient) is D = 2 x (AUC - 0.5) and gives more weight to models that perform well and less to 

those that perform poorly. Bivariate models with a Somers’ D lower than 0 (i.e. AUC < 0.5) were 

set to zero and not used to build the ESMs. Three ESMs were built separately, one for each of 

the three modelling techniques (i.e., ESMs based on bivariate GLM, bivariate GBM, and bivariate 

Maxent models). We then built a final ensemble prediction by averaging across these three 

ESMs, again using Somers’ D weights (ESMEP; Fig. 4). 

To get further insights into how ESMs are working we assessed on three species how the per-

formance of ESMs are changing when increasing the number of bivariate models starting with 

only one up to 55. 

Table 4: Environmental predictors used for modelling. A DTM with a resolution of 25 m was used for deriv-

ing the topographic predictors. The climatic predictors are means for the years 1961-1990. 

Climatic predictors:  

tave: Mean annual temperature Zimmermann & Kienast (1999 
prec: Mean annual precipitation Zimmermann & Kienast (1999 
pday: Mean annual number of summer 

precipitation days 
Zimmermann & Kienast (1999 

srad: Annual global potential shortwave 
radiation 

algorithm following 
Kumar et al. (1997) 

sfro: Mean annual number of frost days during 
the growing season 

Bolliger et al. (2000) 

Topographic predictors (based on a DTM with 25 m resolution): 

twi: Wetness index following Tarboton 1997 
topo: Topographic index following Tarboton 1997 
slp: Slope following Tarboton 1997 
nness: Northness following Tarboton 1997 
eness: Eastness following Tarboton 1997 

Geological predictors: 

caco3: Calcareous content of the bedrock 
and surface material 

Lehmann et al. (2010) 
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Fig. 4: Schematic of the two model strategies and the different steps of modelling. For the standard strat-

egy (left panel) models of three standard techniques (GLM, GBM, Maxent) were calibrated and evaluated 

(step 1), and averaged to a single ensemble prediction (step 2). For the Ensemble Small Models (ESM) 

strategy (right panel) for each technique all bivariate models (BiVa; with 11 predictors n=55) were cali-

brated and evaluated (step 1a), and averaged to a single ESM per technique (step 1b). ESMs were finally 

averaged again to a single ensemble prediction (step 2). Dashed lines indicate all models used for model 

comparisons. 

Target Species 

We selected 107 rare or under-sampled vascular plant species in Switzerland. Species are con-

sidered under-sampled if only low numbers of occurrences are available although the species 

are known to be more common (in the following we group under-sampled and rare species to-

gether and refer to them as rare species for simplicity). The number of occurrences per species 

ranged between 10 and 140, and species that were more threatened according to the national 

Red List of vascular plants in Switzerland (Moser et al. 2002) had lower numbers of occurrences ( 
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Fig. 5; see Table S1 for further details).  

For this study, data on species occur-

rences (presence-only) were provided 

by the Swiss national data centre Info 

Flora (www.infoflora.ch; see A1 in Ap-

pendix S1 for further information on 

the selection criteria of the target spe-

cies). For analysis, groups of very rare 

species (n ≤ 25 occurrences), rare spe-

cies (25 < n ≤ 50) and less rare species 

(n > 50) were built. The groups were 

well balanced, with 37 species in the 

very rare group, 34 in the intermediate 

group and 36 in the less rare group.  

Environmental Predictors 

From an initial set of 19 predictor layers with a 25 m resolution, 11 topo-climatic and geological 

predictors were selected by applying the rule of thumb that correlation coefficients of predictors 

from a set of 10’000 random background points should not exceed |r| > 0.7 (Dormann et al. 

2013). We kept the most direct predictors, e.g. temperature instead of altitude, and, due to the 

heterogeneous ecology of the species involved, we used the more general predictors, e.g. mean 

annual temperature instead of mean monthly temperature (Table 4). 

Model calibration and evaluation 

All models were calibrated with presence-only data and 10’000 random background points that 

were selected from the entire area of Switzerland and kept constant for all species. Background 

points and occurrence points were weighted equally in the models (see A2 in Appendix S1 for a 

more detailed description of model implementation). 

Fifty-fold split sampling (90% training data and 10% test data) was used to evaluate the models. 

In recent years, the modelling community has started a stimulating discussion about the most 

accurate way to evaluate model predictions, but a final consensus remains pending (for a review 

see Franklin 2009). We thus used several indices to evaluate model performance such as the 

commonly used, but recently criticized, area under the receiver operating characteristic curve 

(AUC) (Lobo et al. 2008; Peterson et al. 2008; Jiménez-Valverde 2012; Smith 2013), the true skills 

statistic (TSS) (Allouche et al. 2006), sensitivity, specificity and the recently developed but rarely 

 
Fig. 5: Relationship between Red List status of the 107 

target species (according to Moser et al. 2002) and the 

number of times they occurred. Species that were 

threatened (i.e., critically endangered (CR), endangered 

(EN) or vulnerable (VU)) or near threatened (NT) general-

ly had a lower number of occurrences than non-

threatened species (i.e., least concern (LC)). 
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used continuous Boyce index with a moving window (Hirzel et al. 2006; Petitpierre et al. 2012a; 

see A3 in Appendix S1 for a more detailed description of the Boyce index and how it was imple-

mented). The different indices for model evaluation were compared based on pairwise Pearson 

correlations. 

We used an ensemble prediction (EP) by averaging outputs of the three standard SDM tech-

niques based on Somers’ D (i.e. rescaled AUC) weights to cope with model variability (Segurado 

& Araújo 2004; Elith & Graham 2009) and to improve reliability of the model predictions (Araújo 

& New 2007). Models with a Somers’ D lower than 0 (i.e. AUC < 0.5 and hence worse than a ran-

dom model) were set to zero and thus were not included in the EP. We used BIOMOD (Thuiller 

et al. 2009) to calibrate the models of the individual modelling techniques with the R package 

‘biomod2’ (version 2.1-40 and version 3.1-68 for the transferability assessment) but evaluated 

and averaged the models manually because ESMs are not implemented in biomod2. 

Model comparisons 

To test whether ESMs outperform standard SDMs, we applied linear mixed-effects models on 

the arcsine transformed AUC and on the Fisher z transformed Boyce index. We tested for effects 

of modelling strategies (ESMs, standard modelling approaches), modelling techniques (GLM, 

GBM, Maxent and their ensemble prediction EP), and sample size (i.e., categorical number of 

occurrences (n), with n ≤ 25, 25 < n ≤ 50 and n > 50) and their two-way interactions (technique x 

strategy, technique x n, strategy x n). The effects of these variables were considered as fixed. 

The species were used as a random factor in these models. We used p-values for backward vari-

able selection with the function lmer in the R package lme4. 

Transferability Assessment 

We used a transferability assessment similar to Heikkinen et al. (2012) to explore the predictive 

ability of ESMs to new areas. To do so, we split the occurrences of the ‘intermediate rare’ spe-

cies group (25 < n ≤ 50) into its eastern and western halves. The western halve of each species 

consist thus of ≤ 25 occurrences for each species and corresponds therefore to our 'rare species' 

group. We used the western halve of the occurrences to calibrate the models whereas the east-

ern halve were used for evaluation. We acknowledge that this kind of transferability assessment 

is not completely independent but likely the best solution given the rarity of the species. The 

modelling framework for the transferability assessment followed the framework described 

above with the exception that for model calibration the 10’000 pseudo-absences were only dis-

tributed in the western halves. Each model was first evaluated by the standard ‘internal 50-fold 

split sampling’ based on the calibration dataset. To test for transferability, 10’000 pseudo-
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absences were extracted randomly from the eastern halve and were used with the eastern halve 

of the occurrences as an evaluation dataset. 

Results 

Model evaluations based on AUC were highly correlated with evaluations based on TSS (which is 

in line with Allouche et al., 2006), sensitivity and specificity (Pearson |r| > 0.7 for all correlations; 

Fig. S2). In contrast, the correlations between the Boyce index and the other indices were much 

lower (|r| ranging between 0.05 and 0.25; Fig. S2). Therefore, we present results only for AUC 

and the Boyce index in the following text (see Fig. S3 for results based on the remaining indices). 

Out of 107 standard GLMs, the fitted probabilities of 36 models delivered values of zero or one. 

For these models, we did not calculate the Boyce index that needs at least three suitability val-

ues for calculation (see A3 in Appendix S1). Contrastingly, this was not an issue for ESMGLM. 

The mean AUC and mean Boyce index for the ESMs were 0.97 (± 0.001 SE) and 0.88 (± 0.005 SE), 

respectively. In comparison, the three standard SDM techniques and their ensemble prediction 

corresponded to a mean AUC of 0.93 (± 0.003 SE) and a mean Boyce index of only 0.63 (± 0.011 

SE). Linear mixed-effects models on subsets of the data showed that ESMs nearly always outper-

formed their 'standard' counterparts (Table 5). The number of species performing better with 

ESMs compared to standard SDMs varied between 70 and 107 (Table 6). Differences between 

standard techniques and ESMs were particularly pronounced for GLM models for species with 

less than 50 occurrences when evaluated by AUC (Table 5 and Fig. 6). In the group consisting of 

the species that occurred most frequently (n > 50), however, ESMs were not superior to GBM or 

Maxent model performances when evaluated with AUC. 
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Fig. 6: Evaluation of the species distribution models using AUC (top) and the Boyce index (bottom). The 
number of species occurrences increases from the left to the right panels. Each panel is split into the two 
modelling strategies, ‘Standard’ and Ensemble Small Models ‘ESM’. Each modelling strategy was applied 
on three modelling techniques (GLM, GBM and Maxent), which were averaged to build an ensemble pre-
diction (EP). There are 37 species in the group n ≤ 25, 34 species in the group 25 < n ≤ 50 and 36 species in 
the group n > 50. The model performance of a single species is the mean of 50 split sample runs. 

 

The effects of all fixed factors (i.e., effects of modelling technique, modelling strategy, number of 

occurrences, and their two-way interactions) on AUC and the Boyce index were all highly signifi-

cant (Table 7). For both evaluation measures, modelling strategy accounted for a large amount 

of deviance: the performance of ESMs was clearly better than that of standard SDMs, including 

their ensemble prediction (Fig. 6). The deviance accounted for by the fixed factor ‘technique’ 

was considerably lower than for ‘strategy’ (Table 7). However, strategy clearly interacted with 

sample size: The very rare species (n ≤ 25) benefited most from the ESM strategy and the gain in 

model performance decreased with increasing sample size (Table 5 and Fig. 6). This benefit was 

much more pronounced for the Boyce index than for AUC. Nevertheless, the interaction be-

tween modelling strategy and sample size was significant for both evaluation measures 

(p < 0.001; Table 7). For AUC in particular, the deviance of this interaction was high in compari-

son to the other terms fitted in the model. Red List status was correlated with sample size (Fig. 

5), and thus the most threatened species were also those with the greatest gain in model per-

formance when ESMs were used.  
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Our results further showed that, for the standard strategies, the ensemble prediction performed 

better than the single modelling techniques (Fig. 6). For ESMs, however, ensemble predictions 

did not consistently perform better than ESMs with the single modelling techniques. Moreover, 

the inter-modelling technique variation was much lower for ESMs than for the standard strategy, 

i.e., the predictions of the single modelling techniques were more similar when ESMs were used 

(Fig. 6 and Fig. S4). 

Table 5: Differences in model accuracy between ESMs and standard SDMs. The table shows the average 

difference between ESMs and standard SDMs for AUC and the Boyce index, as well as standard errors (in 

brackets) and significance levels (***: p ≤ 0.001, **: p ≤ 0.01, *: p ≤ 0.05, ƚ: p < 0.1). Linear mixed-effects 

models (Type III Wald chi-square tests) were used to test for differences in model performance (arcsine 

transformed AUC and Fisher z transformed Boyce index) between standard SDMs and ESMs using subsets 

for each modelling technique (GBM, GLM, Maxent and ensemble prediction (EP)) and class of sample size 

(n1 ≤ 25; 25 < n2 ≤ 50; n3 > 50). ESMs performed significantly better than standard SDMs, except for spe-

cies with the highest number of occurrences for GBM and Maxent models when evaluation was based on 

AUC. 

 ESMs vs. standard SDMs   

 n1 n2  n3   
        

AUC 

EP 0.022 (± 0.005) *** 0.014 (± 0.003) *** -0.002 (± 0.002) * 
GBM 0.035 (± 0.009) *** 0.016 (± 0.003) *** -0.001 (± 0.002) 
GLM 0.141 (± 0.018) *** 0.089 (± 0.015) *** -0.034 (± 0.011) ** 
Maxent 0.029 (± 0.008) *** 0.015 (± 0.004) *** -0.000 (± 0.003) 

Boyce 

EP 0.245 (± 0.025) *** 0.136 (± 0.014) *** -0.086 (± 0.01) *** 
GBM 0.284 (± 0.017) *** 0.259 (± 0.016) *** -0.252 (± 0.021) *** 
GLM 0.417 (± 0.053) *** 0.309 (± 0.038) *** -0.229 (± 0.028) *** 
Maxent 0.457 (± 0.045) *** 0.309 (± 0.038) *** -0.194 (± 0.026) *** 

             

 
Table 6: Number of species (out of 107) which have higher AUC or Boyce scores with ESMs compared to 

standard SDMs (see also Table S1) for the three modelling techniques and their ensemble prediction.  
     

Technique AUC Boyce  

EP  70 101 

GBM  84 107 

GLM  94 70 

MAXENT 71 103  
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Table 7: Analysis of deviance table (Type III Wald chi-square tests) of a linear mixed-effects model showing 

that the performance of the models, evaluated by arcsine transformed AUC and Fisher z transformed 

Boyce index, depended significantly on the three fixed factors: class of sample size n (n1 ≤ 25; 25 < n2 ≤ 

50; n3 > 50), modelling technique (tech; GLM, GBM, Maxent and ensemble prediction), and modelling 

strategy (standard SDMs and ESMs). The interactions between the three fixed factors (modelling tech-

nique, modelling strategy and number of occurrences) were also significant. The 107 species were used as 

random effects. 

AUC Chisq d.f. Pr(>Chisq)   Boyce Chisq d.f. Pr(>Chisq)  

           

(Intercept) 8911.6 1  < 0.001   (Intercept) 688.2 1 < 0.001 

tech 16.2 3 0.001   tech 9.8 3 0.021 

strategy 111.7 1  < 0.001  strategy 166.2 1 < 0.001 

n 42.1 2  < 0.001  n 146.7 2 < 0.001 

tech:n 24.2 6  < 0.001  tech:n 43.1 6 < 0.001 

strategy:n 190.6 2  < 0.001  strategy:n 20.5 2 < 0.001 

strategy:tech 276.6 3  < 0.001  strategy:tech 69.2 3 < 0.001 

 

Transferability Assessment 

The evaluation of model performance of the transferability assessment is in line with the above 

shown evaluation of models based on the complete dataset. The mean 50-fold split sampling 

AUC for ESMs based on the calibration dataset was 0.95 (± 0.004 SE) and the mean Boyce index 

was 0.82 (± 0.007 SE) (Fig. S5). The evaluation scores of the standard SDMs were lower with a 

mean AUC of 0.92 (± 0.007 SE) and a mean Boyce index of 0.62 (± 0.02 SE). 

ESMs were always outperforming standard SDMs when evaluated on the external evaluation 

dataset (eastern occurrences; Fig. 7, see also Fig. S6). The mean AUC for ESMs on the geograph-

ically independent dataset was 0.89 (± 0.007 SE) and the mean Boyce index was 0.60 (± 0.027 SE) 

whereas for the standard SDMs mean AUC was 0.80 (± 0.012 SE) and the mean Boyce index was 

0.14 (± 0.04 SE). However, the performance between single techniques was rather heterogene-

ous for ESMs when evaluation was based on Boyce index, with Maxent (AUC: 0.89 ± 0.013 SE; 

Boyce: 0.63 ± 0.048 SE), GLMs (AUC: 0.88 ± 0.014 SE; Boyce: 0.68 ± 0.045 SE) and EP (AUC: 0.89 ± 

0.013 SE; Boyce: 0.61 ± 0.053 SE) performing better than GBMs (AUC: 0.88 ± 0.014 SE; Boyce: 

0.50 ± 0.065 SE). 
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Fig. 7: Evaluation of the species distribution models following a transferability assessment using AUC (top) 
and the Boyce index (bottom). For the transferability assessment only the 34 species in the group 25 < n ≤ 
50 (Fig. 6) were considered and split into one halve for calibrating and one halve for independently evalu-
ating the models. Significance levels (***: p ≤ 0.001, **: p ≤ 0.01, *: p ≤ 0.05, ƚ: p < 0.1) between standard 
SDMs and ESMs are indicated for each technique (GBM, GLM and Maxent) and the ensemble prediction 
(EP). 

Discussion 

Our results confirm that ESMs based on bivariate models are a powerful strategy for modelling 

rare species distributions. ESMs outperformed standard SDMs as well as their ensemble predic-

tions and this effect was more pronounced the rarer a species was. These results were found 

consistently with three modelling techniques.  

ESMs and ensemble models 

It is well known that model averaging provides more stabilized inference and better predictions 

(Burnham & Anderson 2002). Usage of ensembles in SDMs is however relatively new (Araújo & 

New 2007) yet the number of studies applying ensemble SDMs has increased sharply within the 

last few years (e.g., Marmion et al. 2009; Coetzee et al. 2009; Lomba et al. 2010; Thuiller et al. 

2011), and it has been shown that ensemble predictions perform better compared to single 

techniques (Marmion et al. 2009). 

Our results are consistent with this finding in that averaged models perform better than models 

based on single techniques: the ensemble predictions of our standard SDMs performed better 

than the single techniques (Fig. 6). Averaging ESMs across model techniques (ESMEP) however 

did not further increase model performance (Fig. 6) and there is thus no need to build ESMEP 
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which are more complex and more computationally intensive than ESMs based on a single mod-

elling technique. 

We found that ESM quickly come close to their final performance (e.g. in terms of AUC), i.e. 

model performance increases asymptotically (Fig. S7). Interestingly, there were nearly always 

some combinations of a small subset of bivariate models that outperformed the full ESM. It 

would thus be possible to further optimize the ESM framework by searching for best subsets of 

all combinations of bivariate models. 

Standard SDMs performed poor when the evaluation was based on the transferability assess-

ment while ESMs were performing much better (Fig. 7). Single ESMs based on Maxent, GLM and 

EP were also better performing than ESMs based on GBMs, at least when they were evaluated 

by Boyce index. As a consequence, we recommend the use of ESMMaxent or ESMGLM for modelling 

rare or under-sampled species because they perform well both in internal (i.e. the whole dataset 

Fig. 6, see also Fig. S5) and external cross-validation (i.e. the evaluation dataset of the transfera-

bility assessment Fig. 7, see also Fig. S6).  

ESMs are not restricted to bivariate models. Future investigations should also consider uni- or 

trivariate (or higher) models to build ESMs. 

Modelling rare species 

Although it is well known that modelling rare species is often problematic in terms of model 

overfitting and inaccurate model predictions (Hernandez et al. 2006; Barry & Elith 2006; Wisz et 

al. 2008), few studies have paid sufficient attention to this problem. Maxent has typically been 

chosen for modelling rare species (Parolo et al. 2008; Gogol-Prokurat 2011; Niamir et al. 2011; 

Bean et al. 2012) because this technique performs comparatively well with low sample sizes 

(Hernandez et al. 2006; Wisz et al. 2008). In our study, however, standard Maxent models did 

not perform better with very rare species than other standard techniques. Moreover, Maxent 

ESMs clearly outperformed standard Maxent SDMs (Fig. 6). The transferability assessment com-

plementarily showed that the best predictions are obtained when ESMs are implemented with 

Maxent and GLMs, two approaches closely related to each other and to traditional statistics 

(hence a form of “back-to-basics”). GLMs in particular have already been shown to be superior 

to GAM when projecting SDMs to a different area (Randin et al. 2006). 

The problems associated with modelling rare species are often not fully recognized because 

common evaluation indices based on presence-absence information, like AUC, generally give 

higher scores than presence-only indices, like Boyce, when the number of presences is low (i.e. 



42 
 

the justification for the Boyce index; Hirzel et al., 2006). The AUC index, one of the most widely 

used indices, is known to overestimate the performance of models calibrated for rare species 

(Lobo et al. 2008; Peterson et al. 2008; Smith 2013).  

Higher AUC values of rare species compared to more common ones, which were also found with 

the standard strategy in our study (Fig. 6), imply excellent model predictions (AUC > 0.9 accord-

ing to Araújo et al. (2005)). However, the trend towards high AUC values for models of rare spe-

cies does not hold when the models are evaluated on independent data (Fig. 7 and Fig. S6). 

Hence, the limitation of modelling rare species could remain unnoticed in many studies without 

a transferability assessment. Contrary to AUC, rare species perform worse compared to the less 

rare ones when evaluated with the Boyce index (Fig. 6), and we advocate, in line with other 

studies (Hernandez et al. 2006), that researchers should not rely solely on the AUC if no true 

absences are available. Instead, we suggest using the Boyce index more systematically, and 

choosing ESMs when modelling rare species. 

Limitations 

Our study is not without limitations. One first shortcoming of the ESM approach is its higher 

computational effort in comparison with standard SDM approaches. The current lack of imple-

mentation capability in statistical software, such as R, has also limited its use so far, but we now 

provide R scripts for building ensembles of bivariate models in R (see www.purl.org/wsl/esm). 

Another limitation is that we randomly selected 10’000 background points located throughout 

the entire area of Switzerland for calibrating the models, and we kept this background constant 

for all species. Our 107 target species were rare and many were restricted to small regions. As a 

consequence, for some species many background points could be located far away from pres-

ence points, leading to high AUC values by easily distinguishing the background from presence 

points (VanDerWal et al. 2009). Other strategies to select the background data and the usage of 

true absence or abundance data could thus be tested in future assessments of the ESM ap-

proach.  

A third limitation is related to the options used to parameterize the standard SDMs, and espe-

cially variable selection. Our implementation of the ESM approach may be seen as incorporating 

a type of variable selection, through the removal of too poor bivariate models (AUC ≤ 0.5) and 

the weighting of the remaining bivariate models by their performance. However, variables were 

never completely eliminated from ESMs (Fig. S1). ESMs therefore did not reduce the set of vari-

ables, like variable selection based on stepwise regression or using an all subset approach (which 
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was also tested and confirmed the superior performance of ESMs; see Figs. S8 & S9). ESMs, 

therefore, rather keep each variable but weight them according to the evaluation of the single 

small models, comparable to multi-model inference. Even models based on low sample sizes 

include therefore the whole environmental information which seems to be – besides the reduc-

tion of model overfitting – a main reason for the better performance of ESMs.  

A last limitation of our study is that we did not assess the effect of spatial autocorrelation. A 

common problem of SDMs is that spatial autocorrelation may bias parameter coefficients 

(Dormann et al. 2007), which may in turn lead to low transferability of the predictions to new 

areas (Segurado et al. 2006; Heikkinen et al. 2012; Wenger & Olden 2012). Cross-validation 

methods which randomly select subsets of test data for model evaluation might therefore sug-

gest accurate models in presence of spatial autocorrelation, but transferability to other regions 

(or time periods) would then be reduced. The transferability assessments we performed in this 

study suggests that if some level of spatial autocorrelation was present in our data, it did not 

affect the better performance of ESM compared to standard ensemble SDMs, and therefore our 

main conclusions. Due to the characteristic of rare species with a restricted distribution, the 

most adequate way to implement a transferability assessment was in our case by dividing the 

dataset into two halves, but other types of transferability assessments could be tested in subse-

quent ESM studies. 

Conclusions 

ESMs represent a powerful strategy applicable with various standard SDM techniques. The 

strength of ESMs is their high performance with small sample sizes, a characteristic of data for 

rare and threatened species, or for elusive species that are hard to detect. The potential of ESMs 

was further demonstrated by their ability to predict to independent areas. Here, we only tested 

ESMs with vascular plants, but ESMs are expected to perform as well with other taxonomic 

groups. We encourage future studies to use ESMs when rare species distributions need to be 

modelled because of their outstanding performance. In addition to the introduction of modern 

machine-learning techniques, like Maxent and GBMs, and the application of averaging single 

SDM techniques into ensemble predictions, implementing ESMs and their further optimization 

(e.g. allowing inclusion of less or more than two predictors at a time) should be considered as a 

next step for improving species distribution models for rare species.  
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Data Accessibility 

Information about the species used in this study can be found in the supporting information 

(Table S1). Data on species occurrences (presence-only) were provided by the Swiss national 

data centre Info Flora (www.infoflora.ch) and are archived there. An R script to compute ESMs is 

uploaded as online supporting information (www.purl.org/wsl/esm). 
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Using ESMs for prospective sampling approaches 

A main possible application of ESMs in the context of Red List assessments is prospective sam-

pling of rare species (Box 2). The original aim of chapter 1 was to test the prospective sampling 

approach extensively for its usability for Red List assessments. This was however replaced by 

carefully testing the ESM strategy on a wide range of species because of the lack of adequate 

techniques, resp. strategies, to model rare species. Now that ESMs proved to be perfectly suited 

to model rare species, the usability of projections (or "Habitat Suitability Models" HSMs) made 

by ESMs have still to be tested in the field. 

Preliminary tests of the prospective sampling were done in the course of this thesis for two of 

the target species (Leucanthemum halleri (Vitman) Ducommun and Cytisus nigricans L.) using 

HSMs derived from ESMs. Both species are particularly rare in Switzerland but undersampled 

(according to Info Flora; www.infoflora.ch) and much more data on these two species should be 

available in the database of Info Flora. Therefore, these two species are ideal target species for a 

prospective sampling approach because the need to find new populations, and at the same time 

chances to find them, are high. L. halleri grows on calcareous screes and debris material in the 

eastern Alps. C. nigricans occurs on dry southern slopes of open forests and has a disjunct distri-

bution in Switzerland with populations in northern Switzerland, mainly in the Canton of Schaff-

hausen and in the northern part of the Canton of Zürich, and populations in the south of Switzer-

land (Ticino). 

With the help of maps produced by ESMs, I found four populations of L. halleri which were not 

yet present in the database of Info Flora (Fig. 8). All the populations that I found were within, or 

nearby, highly suitable areas according to the HSM. In one control area which was predicted to 

be unsuitable for the species I did not find any occurrence of L. halleri. These are first hints that 

ESMs are well-suited for prospective sampling, although this was only a small test survey and a 

larger test is still missing. However, it was not possible to find additional populations of C. nigri-

cans where I only surveyed the northern part of its distribution area. The different ecology of the 

two species could be a reason for the different success in finding new populations. L. halleri 

grows above the tree-line and its distribution is driven mainly by abiotic conditions such as bed-

rock. Contrary, C. nigricans is growing in open forests, a largely man-made habitat which is very 

rare in Switzerland. Land use and forest structure was however not used as a predictor because 

they are hardly available. The inclusion of such predictors, e.g. derived from LiDAR (Tattoni et al. 

2012; Zellweger et al. 2014) or remote sensing data (Parviainen et al. 2013; Camathias et al. 

2013) could probably increase model performance and success of prospective sampling. 
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Another application of HSMs is to re-find historical presences where precise coordinates of the 

occurrence are missing. In the course of the revision of Red Lists of vascular plants in Switzer-

land, I produced maps for 42 rare species. Based on historical information, occurrences of these 

species could be roughly georeferenced to a one square kilometre grid. A selection of historically 

occupied grid squares was re-visited by volunteers to assess whether the species is still present 

or not. By providing HSMs for these grid squares, it was expected that volunteers could better 

plan their field survey and increase efficiency of their field-work (Fig. 9). Unfortunately, there 

was almost no feedback from volunteers if the maps have increased efficiency to find target 

species in the field. 

Therefore, two questions remain open: For which type of species is the prospective sampling 

approach most promising to find new occurrences? And is the prospective sampling approach 

more efficient compared to expert-based field work? 

One hypothesis is that prospective sampling is especially successful for species whose distribu-

tion is mainly determined by abiotic factors such as climate or topography among others. How-

ever, if species distributions are strongly shaped by dispersal limitation (Jiménez-Valverde & 

Lobo 2007; Jiménez-Valverde et al. 2008) or by biotic interactions or if they depend on land use 

such as C. nigricans, prospective sampling is likely to be less successful. Especially montane and 

alpine species, such as L. halleri, seem to be well qualified for prospective sampling (Engler et al. 

2004; Bourg et al. 2005; Guisan et al. 2006; Le Lay et al. 2010; Rinnhofer et al. 2012; Fois et al. 

2015) because they are less affected by land use compared to lowland species. Additionally, the 

success of prospective sampling could be low for extremely rare species, especially when the 

sampling effort is low (Le Lay et al. 2010; Jackson & Robertson 2011). However, it is still un-

known when a prospective sampling approach is successful and when it fails as there is hardly 

any literature for unsuccessful model-based sampling (but see Jimenez-Valverde & Lobo 2007; 

Jimenez-Valverde et al. 2008). Prospective sampling should therefore be tested for a higher 

number of species to get a better idea about its potential and limitations for finding new popula-

tions.  

It is also not yet much known how prospective sampling performs compared to expert-based 

field sampling. The prospective sampling approach was already found to be more efficient com-

pared to random sampling strategies (Edwards et al. 2005; Guisan et al. 2006; Le Lay et al. 2010; 

Aizpurua et al. 2015) and earlier surveys (Jarvis et al. 2005; Greaves et al. 2006). However, these 

evaluations were based on a small number of species and prospective sampling was to my 

knowledge confronted with expert-based field surveys only for a single species so far and was 
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found to singnificantly outperform expert-based sampling (Aizpurua et al. 2015). It would be 

interesting to compare the success rate in finding a larger set of target species in a defined area 

and the time invested in the search between experienced field botanists, searching in their own 

manner and habit, with experienced field botanists which additionally get a HSM and with ama-

teur botanist using information from a HSM in a prospective sampling approach.  

I already produced distribution maps for the 107 species used for testing ESMs. These maps are 

available for subsequent studies to thoroughly test the prospective sampling approach. 

 

Fig. 8: Habitat suitability map derived from Ensemble Small Models of Leucanthemum halleri which was 

used for prospective sampling. The white points track the route which was walked with the aim to find the 

species. Red crosses indicate yet known occurrences of L. halleri which were used for modelling and or-

ange-black dots indicate new-found occurrences of L. haller that were not present in the database before. 

The habitat suitability is increasing from blue over green and yellow to red colours.  
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Fig. 9: Habitat suitability map derived from ESMs for Gagea pratensis. The species was known to be histor-

ically present in the black rectangle (1 km2) but precise information about its occurrence was missing. A 

volunteer used the map to re-find the species in the field in terms of a re-evaluation of the current Red 

List of vascular plants. 
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Abstract 

Information on change in species’ environmental requirements is currently not included in IUCN 

Red List criteria, although such information is key to assess whether species not only lose geo-

graphic range but also lose part of their realized niche. In addition, IUCN assessments are usually 

based on real, thus possibly incomplete data, without consideration for the potential range that 

the species could occupy from a niche perspective. Here, using niche size quantification and 

niche-based species distribution models (SDMs), we test if realized niche size and predicted po-

tential range size provide additional information compared with the standard IUCN scores. 

We simulated randomly, spatially directed, and ecologically directed local extinction events of 

varying magnitudes (10, 30, and 50% of occurrences) and tested how accurately the geographic 

versus niche measures pictured these extinction scenarios respectively. 

We found that changes in niche size often corresponded to changes in geographic space. How-

ever, there was considerable variation and for many species changes in geographic and in niche 

space delivered complementary information. IUCN criteria based on spatial projections of SDMs 

were mostly not able to capture extinction events, and often increased the modelled range size 

even when up to 50% of the occurrences were simulated extinct. 

Our findings demonstrate that changes in niche size can provide valuable additional information 

and could be used more systematically to complement changes in range size for Red List as-

sessments. In turn, change in SDM-predicted range size was not a good surrogate of classical 

EOO and AOO criteria, and should be used with great caution. Further research will be needed to 

assess if and how spatial predictions of SDMs may be used to appropriately complement current 

IUCN criteria, and to test whether our findings apply to other organisms and other scales.  
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Introduction 

Red Lists inform about the extinction risk of single species and thus provide key data for nature 

conservation (Rodrigues et al. 2006). The first red lists were established in the 1950s, and the 

development of quantitative criteria for assessing the threatened status of a species did not 

start until the 1990s (for a review see Mace et al., 2008). This led to the adoption of a new set of 

criteria for listing species in Red Lists by the International Union for Conservation and Natural 

Resources IUCN (IUCN 2001). Recently, a second edition of these criteria was published (IUCN 

2012b), but the criteria remained unchanged. According to IUCN (2012), knowledge about the 

spatial and temporal distributions of species is key to evaluate species extinction risks and to 

forecast future threats like climate change (Pacifici et al. 2015; Urban 2015). In this regard, two 

main characteristics of species distributions are the extent of occurrence (EOO) and the area of 

occupancy (AOO) (IUCN 2012b). EOO is usually measured by forming a minimum convex polygon 

around all known occurrences of a species, while AOO is described as the area within EOO that is 

actually occupied (IUCN 2012b) and is usually measured by summing the grid cells of a raster 

where the species is present. EOO is a measure of the spatial spread of areas occupied by a spe-

cies (SPSC 2014), assuming that widespread species with a large EOO should have a lower risk to 

get extinct from a single, local extinction event. AOO better inform about the effective spatial 

distribution and is a proxy for habitat specialisation and population size (SPSC 2014). AOO thus 

differentiate between species which have the same EOO but still very different extinction risks. 

Both measures are therefore complementary to each other (Gaston & Fuller 2009; Joppa et al. 

2016).  

Yet, AOO and EOO are based solely on spatial information of species occurrences and do not 

include information on the species’ environmental preferences (Sergio et al. 2007; Pena et al. 

2014). However, the role of environmental factors on genetic differentiation and divergence 

(Lee & Mitchell-Olds 2011) as well as on variations of species abundances (Martínez-Meyer et al. 

2013) is well-known, supporting the consideration of environmental factors as complementary 

to geographic ones when assessing species threats. For instance, for bumblebees the risk for 

declines has been found highest at the edge of a realized niche (Williams et al. 2007) and the 

breadth of the realized niche can have an important effect on the extinction risk of species 

(Kotiaho et al. 2005; Pearson et al. 2014; Saupe et al. 2015). Changes in a species’ realized envi-

ronmental niche size (i.e., contraction or expansion of the proportion of the occupied fundamen-

tal niche) may therefore be as important as changes in its spatial distribution. When a species 

loses small parts of its geographic range but a disproportionately large part of its realized niche, 
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there might be a higher risk to lose genetic diversity and locally well-adapted populations. This 

loss might in turn reduce the long-term fitness of a species due to a reduced potential to adapt 

to changing environments and thus hamper the long-term survival (Frankham 2005; Jump & 

Peñuelas 2005; Rehm et al. 2015). Quantifying realized niche size, and especially its changes, 

could thus provide important information complementary to pure spatial measures such as AOO 

and EOO. To our knowledge, niche size quantification has never been taken into consideration 

for Red List assessments, although a range of measures for quantifying a realized niche and for 

monitoring changes in niche size are available (e.g., Broennimann et al. 2012; Guisan et al. 2014; 

Blonder et al. 2014). To date, It is not known how well changes in niche size correspond to 

changes in EOO and AOO. 

The realized niche of a species is also considered in species distribution models (SDMs), which 

combine spatial and ecological information (Fig. 10) by projecting the spatial representation of 

the realized niche into geographic space, and can be used to address many conservation issues 

(Guisan et al. 2013). So far, SDMs have been used to quantify range sizes as an alternative meas-

ure to EOO (Sergio et al. 2007; Herzog et al. 2012; Attorre et al. 2013; Pena et al. 2014; Syfert et 

al. 2014), to AOO (Jiménez-Alfaro et al. 2012; Marcer et al. 2013) or to both (Cardoso et al. 2011; 

Fivaz & Gonseth 2014). The IUCN Standards and Petitions Subcommittee (SPSC 2014) explicitly 

allows the use of SDMs to estimate AOO and EOO and to quantify rates of change in range sizes 

(IUCN criterion A and B): “Habitat maps can provide a basis for estimating AOO and EOO and, if 

maps are available for different points in time, rates of change can be estimated” (SPSC 2014; p. 

42). However, to our knowledge, no study has yet tested how geographic projections of SDMs 

behave with respect to changes in the underlying distribution of occurrences, nor to which ex-

tent were changes in AOO, EOO, realized niche size, and predicted range size (by SDMs) interre-

lated. 
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Fig. 10: Conceptual framework of the complementary information used for standard IUCN measures (EOO 
and AOO) in comparison with modelled range size and estimates of the realized niche size. While the IUCN 
measures consider only geographic information, niche size estimates are based on environmental infor-
mation and modelled range sizes are derived from projections of the environmental niche into geographic 
space. 

In this study, we combined real distribution data and simulated extinctions of occurrences to 

assess changes in EOO, AOO, niche size, and predicted range size. Our aim in using this novel 

approach was to evaluate if information about a species’ environmental requirements (the real-

ized niche and related habitat suitability) potentially adds complementary information to the 

purely spatial IUCN measures (see Fig. 10 for the conceptual framework). For this purpose we 

simulated (i) randomly, (ii) spatially directed, and (iii) ecologically directed local extinction events 

of varying magnitudes (10, 30 and 50% extinction of occurrences) and analysed the effects of 

these extinction events on quantifications of species distributions in geographical and niche 

space compared to standard IUCN measures.  

Methods 

Study Area 

The study area is Switzerland, located in Central Europe. It is characterised by a very diverse 

landscape ranging from highly urbanised landscapes with intensive agricultural land use in the 

lowlands to sparsely populated alpine areas with an extremely varied topography and peaks 

reaching more than 4600 m a.s.l. Switzerland maintains large databases about species occur-

rences that are stored and made available in national data centres (see www.infospecies.ch). 

Because of Switzerland's small size, there are only very few endemic species in Switzerland. Con-

sequently, national Red Lists do not consider the whole range of a species distribution, a typical 

situation when assessing Red Lists on regional levels. 
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Test Species 

For the selection of test species, we initially considered all wild vascular plant species of Switzer-

land (N = 3144, Moser et al. 2002) and excluded water plants, orchids (due to data agreement 

issues) and invasive species, as well as species that are ‘data deficient’ or ‘regionally extinct’ (i.e. 

extinct for Switzerland) according to the current Red List of vascular plants of Switzerland 

(Moser et al. 2002). We classified the remaining species into threatened (Red List categories VU, 

EN, CR) and non-threatened species (Red List categories LC and NT) and selected species accord-

ing to a stratified random sampling procedure based on the range size and the density of occur-

rences of the species (see Appendix S1). With this procedure, we aimed to include widely as well 

as narrowly distributed species with dense as well as sparse distribution patterns as test species. 

Presence-only data on species occurrences were provided by the national data centre for Swiss 

flora, Info Flora (www.infoflora.ch). All test species were represented by at least 50 occurrences, 

which was a sufficient number to build SDMs even when simulated extinctions reduced the 

number of occurrences by 50% (see below). The final set of test species contained 52 threatened 

and 96 non-threatened species. 

Simulations of local extinction events 

We used three different local extinction scenarios to evaluate how well changes in standard 

IUCN measures (EOO and AOO) were mirrored in changes in SDM-based modelled range size and 

realized niche size in order to find out if the latter two measures provide helpful complementary 

information. To simulate extinctions, we removed presences (i) randomly, (ii) spatially directed, 

and (iii) ecologically directed at three different magnitudes (10, 30 and 50% of occurrences). We 

applied the sample function in R to remove presences by using a vector of probability weights 

for directed but random reductions. For spatially directed extinctions, the probability weights 

increased from 1 (minimum chance of extinction) for the easternmost occurrence to the number 

of all occurrences (maximum chance for extinction) for the westernmost occurrence. Ecologically 

directed extinctions were simulated in the same way by removing presences randomly weighted 

along a gradient increasing from low to high temperature. 

Environmental Predictors 

From an initial set of 19 topo-climatic and geological predictors (spatial resolution of 100 m), we 

selected 11 predictors for which all pairwise correlations based on 10’000 random background 

points from the entire area of Switzerland did not exceed |0.7| (Dormann et al. 2013). Due to 

the heterogeneous ecology of the species involved, we kept the predictors that were the most 
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direct, e.g. temperature instead of altitude, and the most general, e.g. mean annual tempera-

ture instead of mean temperature of a single month (Table S2). 

IUCN measures 

We calculated the standard IUCN measures EOO and AOO. To quantify EOO, we used convex 

polygons (EOOcp) as well as α-hulls (EOOah), which are generalizations of convex polygons ac-

counting for discontinuities in a species’ range (see Table S1 for more details). We applied the 

standard parameter values as recommended by SPSC (2014): 2x2 km resolution for AOO and an 

α-value of 2 for α-hulls. See Appendix S1 for the sensitivity of AOO and EOOah to varying resolu-

tions or α-values.  

Measures of the realized niche 

We used three different methods to quantify relative niche size. For all methods, we used the 

first two components of a Principal Component Analysis (PCA) calculated from the environmen-

tal predictors (Table S1): 1) “COUE-unfilling” (Petitpierre et al. 2012; Broennimann et al. 2012) in 

the COUE scheme (an acronym for Centroid shift, Overlap, Unfilling and Expansion; see Guisan et 

al. 2014) which classifies changes in the niche space into three categories: the part of a niche 

which is expanding, the part of the niche which is stable (i.e., overlap) and the part of the niche 

which is unfilled (here, compared to the previous situation). In our simulations unlike with inva-

sions, niche expansion is impossible and only the unfilled part is considered for further analysis. 

The method for quantifying unfilling is part of the ecospat R-package. It calculates a PCA using 

the background information of the study area and locates the species presences in the environ-

mental PCA space. A kernel density estimator is then used to quantify the smoothed density of 

occurrences in the niche space of a species. The part of the niche which is not present after the 

extinction simulation is called unfilled. 2) The ratio between Hutchinsonian hypervolumes after 

and before extinction events. Hutchinsonian hypervolumes were quantified using the R-package 

hypervolume which use a novel multivariate kernel density estimator (Blonder et al. 2014). 3) 

The convex hulls around all presences in the PCA space.  

Hypervolume and convex hulls calculate the PCA space using presence data only in contrast to 

COUE-unfilling which require the whole background of the study area. In contrast to convex 

hulls, COUE-unfilling and hypervolumes use a kernel density estimator to quantify the smoothed 

density of occurrences in the niche space of a species. The Silverman bandwidth estimator 

(Silverman 1986) was used to estimate the kernel bandwidth for both of the methods.  
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Species distribution models 

We used presence-only data and 10’000 random background points from the entire area of 

Switzerland to calibrate and evaluate SDMs. The stand-alone program Maxent (Phillips et al. 

2006) was applied with its standard settings as the SDM algorithm because it showed excellent 

performance in a comprehensive comparative study (Elith et al. 2006), is easily applicable, and is 

also widely used in conservation practice (e.g., Pawar et al. 2007; Brito et al. 2009). Models were 

evaluated by mean of AUC scores and the Boyce index (Hirzel et al. 2006), using five-fold cross 

validation that was repeated three times. Additionally, models were evaluated independently 

from the presences that were removed for the extinction simulations. 

We used three different methods to convert modelled suitability into binary maps: the maxim-

ized sum of sensitivity and specificity (TSS; Allouche et al. 2006), the minimum predicted area 

(MPA; Engler et al. 2004), and the Boyce index with a moving window (Hirzel et al. 2006; 

Petitpierre et al. 2012). The threshold for the Boyce index was the maximum suitability value 

where the predicted-to-expected ratio of the Boyce index was lower than 1. This threshold de-

fines the area where the model predicts more presences than expected by chance (for a detailed 

explanation of the Boyce index, see Hirzel et al. 2006).  

We quantified the range size from the binary maps using the total area of all suitable and occu-

pied patches (suitable pixels connected by their edges or corners occupied by at least one occur-

rence) in line with the recommendations of SPSC (2014) to derive a map of occupied habitat 

from the map of potential habitat and define this range size as SDMAOO. Additionally, we tested 

four other methods for quantifying the range size from the modelled binary maps which were all 

highly correlated with SDMAOO and are therefore presented in the Supporting Information S1. 

Changes in range size and niche size 

For testing the accuracy of the different methods for detecting extinction events, we calculated 

EOO, AOO, range size predicted by SDMs, and niche size estimates before and after simulated 

extinctions. The change in each measure was subsequently calculated as relative range size or 

relative niche size by dividing the value after simulated extinctions by the initial value before 

extinctions. 

We used R (version 3.0.2 www.r-project.org) for all analyses and applied the dismo (Hijmans et 

al. 2013) and raster packages (Hijmans 2014) for standard IUCN methods (EOO and AOO) and for 

Maxent models, the alphahull package (Pateiro-López & Rodriguez-Casal 2011) for α-hulls and 

the hypervolume (Blonder 2014) and ecospat (Broennimann et al. 2015) packages for calculating 
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niche size. The Boyce index, MPA and corresponding thresholds were calculated with functions 

of the ecospat package. 

Results 

Changes in range size using AOO and EOO 

The change in range size expressed as relative range size varied widely between the investigated 

methods and the three extinction scenarios. Relative range sizes based on the standard IUCN 

measures AOO, EOOcp and EOOah decreased with increasing magnitude of extinctions (Fig. 11). 

As expected, random extinctions generally had a smaller effect on the range size reduction than 

spatially and ecologically directed extinctions (Fig. 11). While relative range sizes based on AOO 

and EOOah closely followed the magnitude of the extinction scenarios, EOOcp showed only a 

weak effect of the extinction magnitude with strong effects for a small number of species (Fig. 

11).  
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Fig. 11: Boxplots of effects of simulated local extinction events on relative range and niche size, defined as 

range or niche size after extinction divided by range or niche size before extinction. Range sizes were 

measured using the standard IUCN scores AOO, EOOcp and EOOah, and niche sizes were measured using 

COUE-unfilling, hypervolume and convex hulls in PCA space. The local extinction simulations varied in 

magnitude (10, 30, and 50% extinction of occurrences) and were randomly, spatially directed (geographic 

gradient), or ecologically directed (temperature gradient). Dashed horizontal lines represent a relative 

range size of 0.7, which is the threshold of range size reduction for the lowest threat category under crite-

rion B (IUCN 2012b). 

Changes in realized niche size 

The relative niche sizes after extinction and based on COUE-unfillling, hypervolume, and convex 

hulls were also sensitive to the extinction scenarios (Fig. 11). There was a significant positive 

relationship between relative niche size and relative range size based on AOO and on EOO 

(p < 0.05 for both AOO and EOO; Fig. 12). However, for some species the effect size of changes in 

relative niche size and relative range size differed considerably (Figs 12 and S5). For example, the 

relative range size of Sedum rubens L. based on AOO (0.903), EOOcp (0.941) and EOOah (0.979) 

changed only marginally whereas the relative niche size measured by COUE unfilling (0.613), 

hypervolume (0.648) and convex hull (0.455) was much more pronounced when 50% of the oc-

currences of this species were removed (Fig. 13a). In other cases, however, niche size hardly 

changed after extinctions, in contrast to IUCN parameters. For example, when 50% of the occur-

rences of Lysimachia thyrsiflora L. were removed, the relative range size based on AOO (0.520), 
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EOOcp (0.286) and EOOah (0.639) showed a strong decrease, whereas relative niche size meas-

ured by COUE unfilling (0.999), hypervolume (0.918) and convex hull (0.917) were hardly affect-

ed (Fig. 13b).  

 
Fig. 12: Relative niche size based on niche COUE-unfilling as a function of relative range size 
based on AOO (a) and EOOcp, (b). Different symbols indicate different magnitudes of local extinc-
tion (dots: 10%, crosses: 30%, and triangles: 50%). The correlation between relative niche size 
and relative range size was r = 0.511 for AOO and r = 0.501 for EOOcp, with positive slopes 
(p < 0.5) for both linear regressions. 
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Fig. 13: Examples of two spatially directed extinction scenarios with contrasting effects on range size and 

niche size. a) When 50% of the occurrences of Sedum rubens L. were removed, the relative geographic 

range size was only marginally changing while the reduction in niche space was much more pronounced. 

b) When 50% of the occurrences of Lysimachia thyrsiflora L. were removed, the relative range size clearly 

showed a decreasing trend whereas relative niche size was hardly affected. Left panels: the solid line rep-

resents EOO before extinction simulations and the dashed line represents EOO after extinction simula-

tions; right panels: the solid lines represent the available environmental background of entire Switzerland, 

light grey areas represent the realized niche before extinction simulations and dark grey areas represent 

the realized niche after the extinction simulations, according to the COUE scheme. 
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Changes in range size using SDMs 

The performance of the models without extinction and evaluated based on AUC ranged between 

0.721 and 0.998, with a median of 0.943, and between 0.310 and 0.998, with a median of 0.805, 

when evaluated based on the Boyce index (Table S3). Range size quantifications based on the 

different binary maps derived by applying the three thresholds (TSS, Boyce, MPA) to the suitabil-

ity map were very weakly correlated for TSS and the Boyce index (r = 0.13), and moderately cor-

related between TSS and MPA (r = 0.42) and between Boyce index and MPA (r = 0.59). 

The median relative range size of SDMs with an extinction magnitude of 50% was 0.852 when 

the TSS threshold was applied, 0.864 for MPA, and 0.343 for the Boyce index, indicating that the 

Boyce index was most sensitive in reflecting extinction simulations (Fig. 14). Surprisingly, range 

sizes calculated by SDMs before and after extinction events showed that, despite pronounced 

extinctions, increases in relative range sizes occurred frequently. With SDMs, the relative range 

size was not correlated with AUC or with the Boyce index for both cross-validated (Fig. S15) and 

externally validated (Fig. S16) indices, indicating that increases in modelled range size were not 

caused by low model performance. The minimum relative range size was close to zero (i.e., 

strong decrease after extinction events) for all threshold approaches, whereas range size was up 

to 19.7 times higher after extinction events for TSS, up to 23.4 times higher for the Boyce index, 

and up to 60.8 times higher for MPA.  

Relative range sizes based on SDMs were only very weakly correlated with relative AOO and EOO 

as well as relative niche size (with a maximum correlation of r = 0.16 between range size derived 

from the Boyce index and AOO).  
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Fig. 14: Effects of simulated extinctions on relative range size, analogous to Fig. 11. Relative range sizes 

were quantified by SDMs using Maxent with different thresholds (TSS, MPA and Boyce index). Dotted 

horizontal lines: relative range size of 1.0 (no change); dashed horizontal lines: relative range size of 0.7, 

which is the threshold for the lowest threat category under criterion B (IUCN 2012b). Outliers (maximum 

of 23.4 for TSS and Boyce and 60.8 for MPA) are not shown in the figure. 

Discussion 

Our results showed that although changes in standard IUCN parameters and changes in relative 

niche size generally tracked simulations of directed and random extinction events of varying 

magnitudes (but only weakly so for EOOcp), changes in geographical space did not always reflect 

changes in environmental space. Moreover, changes in range size estimations based on SDMs 

only weakly tracked the simulated extinctions, indicating a high uncertainty for the use of SDMs 

for quantifying changes in range size. 

Changes in niche size 

Information provided by changes in realized niche sizes quantified by multivariate ordination 

techniques have not yet been considered for assessing extinction risks of species (IUCN 2012b). 

Although changes in EOO and AOO were positively related to changes in realized niche size (in 

agreement with Slatyer et al. 2013) there was considerable residual variation. This result indi-

cates that changes in niche size were only partly accounted for by changes in geographical 

space. For some species, only geographic range size or realized niche size declined strongly (Figs 

12 and 13). This reflects the concept of niche-biotope duality introduced by Hutchinson, which 

emphasizes that there is no direct match between a species representation in niche space and 

geographic space (Colwell & Rangel 2009; Guisan et al. 2014). Therefore, changes in the realized 
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niche size provide additional information to changes in range size. This additional information is 

most valuable in cases where geographic space is only minimally affected by extinctions but 

niche size shows strong shrinkage (e.g., Sedum rubens in Fig. 13). Geographically peripheral pop-

ulations often, but not always (Bridle & Vines 2007), harbour well-adapted special genotypes 

that are differentiated from the central population (Eckert et al. 2008; Sexton et al. 2009) and 

play an important role in species conservation (Lesica & Allendorf 1995; Channell 2004). The 

widespread occurrence of locally adapted populations (Hereford 2009) implies that the loss of 

geographically peripheral populations leads to reduced genetic diversity, which in turn could 

hamper fitness and long-term survival of a species (Frankham 2005; Rehm et al. 2015). However, 

genetic diversity is not currently considered by IUCN Red List criteria, although it would incorpo-

rate important information (Rivers et al. 2014). The shrinkage of the realized niche of a species 

may serve as a surrogate for the loss of adapted populations and genetic divergences (Rissler & 

Apodaca 2007; Lee & Mitchell-Olds 2011). The risk of extinction is increasing with decreasing 

niche breadth (Kotiaho et al. 2005; Pearson et al. 2014; Saupe et al. 2015) and thus the realized 

niche size reflects the environmental spread of extinction risk corresponding to the spatial 

spread of extinction risk measured by EOO. For these reasons, relative niche size, which reflects 

the change in the realized niche of a species, should be considered as a complementary parame-

ter for assessing the threat status of Red List species.  

Ideally, it would be possible to quantify changes in the fundamental niche of a species, which 

would directly reflect changes in genotype diversity. However, the fundamental niche of most 

species is not known and cannot be deduced from occurrence data alone. In line with a precau-

tionary approach, which is often applied when evaluating a species' extinction risk and is inher-

ent to the IUCN system (Mace et al. 2008), we consider contractions of the realized niche an 

important indicator of an enhanced risk of extinction. 

When relative niche size is quantified, the most relevant set of environmental predictors for 

each target species should be considered, analogous to SDMs (e.g., Barbet-Massin & Jetz 2014). 

Direct predictors (such as temperature and precipitation) should be favoured over indirect ones 

because they are physiologically important for the persistence of a species (Guisan & 

Zimmermann 2000). Changes in the realized niche based on direct environmental variables are 

thus much more meaningful and are likely to indicate a real change in the niche whereas those 

changes based on indirect variables may only indicate pseudo-changes.  
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Changes in modelled range size 

SDMs are explicitly proposed by the current IUCN guidelines (SPSC 2014) for quantifying rates of 

change in geographic range size (IUCN criterion A and B). However, no previous studies have 

investigated if SDMs are suitable for estimating rates of change and our results show that they 

are not. The median change in range size was nearly zero if the Maxent models were converted 

to binary maps using TSS or MPA. Only by applying the Boyce index SDMs tracked the extinction 

simulations (Fig. 14). Even more striking is the fact that, despite strong extinction events (up to 

50% reduction in occurrences), large increases in range size were possible, even when the Boyce 

index was used. 

These increases in modelled range size can be explained by changed densities of occurrences in 

environmental space due to the simulated extinctions which can cause shifts in niche centres 

and/or niche breadths. For example a species initially modelled as a specialist with restricted 

geographic range size could be shifted by extinction events towards a modelled generalist, po-

tentially inhabiting a larger area if the average environmental conditions of the remaining occur-

rences are represented by a larger geographic area than before.  

Criticisms of EOO and AOO and the usage of SDMs 

EOO and AOO are practicable and simple measures that can be easily applied via GIS tools (see 

Brummitt et al. 2008). However, EOO has been criticized for its sensitivity to extreme outliers 

(Burgman & Fox 2003) and because it can include unsuitable habitats due to discontinuities and 

disjunctions within a species’ range. As a result, it was criticized to overestimates a species’ 

range (Burgman & Fox 2003; Sergio et al. 2007; Jetz et al. 2008; Pena et al. 2014; Fivaz & 

Gonseth 2014), although discontinuities and disjunctions decrease the risk of complete extinc-

tion of a species due to single events and should always be included when EOO is quantified 

(Gaston & Fuller 2009; SPSC 2014).  

To overcome the above-mentioned critics, SDMs have previously been used to quantify range 

size (IUCN criterion B) as a measure of EOO (Sergio et al. 2007; Herzog et al. 2012; Attorre et al. 

2013; Pena et al. 2014; Syfert et al. 2014), AOO (Jiménez-Alfaro et al. 2012; Marcer et al. 2013), 

or both (Cardoso et al. 2011; Fivaz & Gonseth 2014). However, there are clear limitations of this 

approach: Due to ecological or biogeographical constrains (e.g. barriers in the landscape, biolog-

ical interactions, dispersal limitations) suitable habitat may remain unfilled (Guisan & Thuiller 

2005; Colwell & Rangel 2009; Soberón & Nakamura 2009). SDMs could therefore easily overes-

timate the realized range size. Likewise, SDMs could also underestimate the range size when the 
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realized niche of a species is only incompletely covered by the known occurrences. Additionally, 

there is a lot of statistical uncertainty in SDMs (Barry & Elith 2006; Buisson et al. 2010; Guo et al. 

2015), and these can be critical when applied to support conservation decisions (Guisan et al. 

2013). These limitations are also visible from our results. The simulated extinction events could 

be interpreted in the way that they simulate incomplete sampling with 10, 30 and 50% under-

sampling. Inferred range size quantified by Habitat Suitability Maps from SDMs, which aim to 

estimate the ‘true range size’ from incomplete data, should then be equally to the range size 

when 100% of the data was used for modelling (i.e., in this case the ‘true range size’). Our results 

showed, however, that models very often over- or underestimate the ‘true range size’ (when 

relative range size is 1, see Fig. 14). 

We therefore want to emphasize the limitations of using SDMs, at least in the way we used 

them here, for quantifying range size and we plead for a careful and critical usage of SDMs for 

Red List assessments. For very rare and undersampled species where EOO and AOO is very un-

certain it might be however useful to use SDMs as an alternative measure. SDMs can then pro-

vide information about uncertainties in the range size estimates by providing minimal, maximal 

and best estimates of range size when information on species occurrences is limited (see Syfert 

et al. 2014). Specific techniques suitable for modelling rare and under-sampled species (e.g. 

Breiner et al. 2015) could be helpful for modelling the range size of such species. If SDMs should 

be used as a measure of range size, albeit the mentioned limitations, some important conditions 

must be met. Range size estimations based on SDMs exclude unsuitable habitats and therefore 

conflict with the intention of EOO as a measure of spatial spread (Gaston & Fuller 2009; Joppa et 

al. 2016). However, SDMs also tend to overestimate species distributions (e.g. by lacking several 

key predictors or if the species is in disequilibrium) and will therefore mostly yield absolute val-

ues much greater than actual AOO. For most species SDMs should be regarded as an intermedi-

ate measure between AOO and EOO, although SDMs could also predict range sizes larger than 

EOO. If SDMs should be used as a measure of EOO a minimal convex polygon would need to be 

drawn around the potential suitable area (Syfert et al. 2014). SDMs must in any case be applied 

appropriately (Araújo & Guisan 2006; Guisan et al. 2013), fulfil IUCN standards, and be inter-

preted carefully (Akçakaya et al. 2006; SPSC 2014). Our results suggest that SDMs should not be 

used as surrogates of IUCN EOO and AOO for the quantification of changes in range size, but 

may provide complementary metrics in some circumstances.  
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Limitations 

We are aware that this study is not free from limitations. Our simulations only consider extinc-

tions but increases in geographic as well as in niche size are also conceivable. However, given the 

world wide extinction crisis with large scale homogenizations (McKinney & Lockwood 1999; 

Thuiller et al. 2011), extinctions of species or populations are in the Red List context of much 

more interest than local increases. Our extinction simulations are of course simplifications, but 

they show exemplarily how extinctions could independently affect range size and niche size. 

Besides random and spatially directed extinction events we also simulated environmentally di-

rected extinctions where extinction risk increased under warmer temperatures. Certainly, ex-

tinctions are not only temperature driven and other factors like land-use change or biological 

invasions might also be important. The simulated extinctions were not intended to reflect pre-

cisely real-world processes, however, they illustrate the conceptual framework of our study well.  

Finally, our study area is Switzerland, a small country, and the data used here do not represent 

the entire geographic range and ecological niche size of most of our target species. Our simula-

tions may hence be seen as unrealistic neglecting the entire range of a species but most Red 

Lists are assessed on national and regional levels. Only in Europe 3701 national Red Lists were 

published until 2003 (Köppel et al. 2003). Switzerland is well suited as a study area because it 

has very diverse landscape, does not cover the whole range of most species’ distributions and 

therefore represents a typical situation when Red Lists are assessed on smaller than the global 

scale. Further testing should however be conducted on other organisms and at other scales be-

fore definitive conclusions can be drawn. 

Application of niche information for compiling Red Lists 

If both geographic range size and niche size are severely reduced by extinction events, a species 

could be classified as even more threatened than if only geographic range size reductions are 

considered. In addition, due to the concept of Hutchinson’s niche-biotope duality, it should be 

sufficient to categorize a species as threatened if only one of the estimated rates of change (ge-

ographical or environmental) experiences a considerable decrease. Exact thresholds for changes 

in niche size comparable to those available for changes in geographic range size currently remain 

undefined. Establishing such thresholds would be an important step towards the practical appli-

cation of assessing changes in niche size for Red List species, and we encourage IUCN to open 

the discussion on this topic. 
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Conclusions 

Quantification of niche change can complement standard IUCN criteria by incorporating envi-

ronmental information into the assessment. Data about changes in the estimated niche size add 

crucial ecological information that should be taken into account in Red List threat assessments. 

Niche quantification is particularly important in cases where range sizes are only marginally af-

fected by extinctions, for example when populations in the distribution centre vanish which are 

environmentally peripheral. We thus emphasize the value of using information about range size 

and niche size in a complementary way for Red List assessments. In turn, change in SDM-

predicted range size was not a direct surrogate of classical EOO and AOO criteria, and should be 

used with great caution. Further research will be needed to assess how spatial predictions of 

SDMs may be used to appropriately complement current IUCN criteria. 
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Abstract 

Red Lists are the most important source of information about the threat of species and directly affect 

prioritisations and resource allocations in nature conservation. It is therefore of high importance to 

assure the quality of Red Lists which also guarantees their credibility. Trait analyses are expected to 

be a well-suited approach for quality assurance of Red Lists. We tested a trait-based modelling ap-

proach to predict the Red List status of all fern and vascular plant species in Switzerland using six 

different classification techniques and 16 traits. We could identify 47 potentially misclassified species 

of which 29 where overlisted (i.e. predicted RL status lower than the actual) and 18 underlisted (i.e. 

predicted RL status higher than the actual). Most of the overlisted species are located at the margin 

of Switzerland close to neighbouring countries and show only a small proportion of their total range 

size in Switzerland. Many underlisted species are thermophile and ruderal therophytes which share 

common traits of threatened plants growing in dry meadows. In this study we could show that trait 

analyses are well-suited to question the quality of Red List assessments, to identify potentially mis-

classified species for re-evaluation and to detect general biases of assessments. 
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Introduction 

Red Lists are a very important source of information about the threat level of species and are globally 

in use. They play a major role in determining conservation priorities and establishing management 

policies (Hoffmann et al. 2008). The assessment of species for Red Lists ideally follows standardized, 

objective and widely applicable criteria such as those defined by the IUCN Standards and Petitions 

Subcommittee (SPSC 2014) and summarized in IUCN (2012). Although the system established by 

IUCN (2012) has been found to be the most appropriate for assessing the threat status of species (De 

Grammont & Cuarón 2006), there is no guarantee that the resulting Red List is free from misclassifi-

cations. Uncertainty in the basic data used for assessing the Red List status of a species, such as geo-

graphical distribution or population size, may lead to misclassified Red List status and improved 

knowledge or revised taxonomy of a species may lead to ‘non-genuine’ category changes (Butchart et 

al. 2005; SPSC 2014). Misclassifications can have severe effects on species conservation. If a threat-

ened species is misclassified as unthreatened (or also as extinct which is known as ‘Romeo Error’; see 

Butchart et al. 2006 and SPSC 2014), there won't be any specific conservation measures assigned to 

this species and there is thus the risk of further declines. The severe effects of absent management 

actions are known for conservation reliant species that were downlisted from threatened Red List 

categories as a result of initiating genuine improvements in Red List status (Scott et al. 2010). Non-

threatened species misclassified as threatened, however, will cause wasting limited monetary and 

time resources for non-threatened species. These resources will in turn be missing for the protection 

of threatened species (Pimenta et al. 2005; Stuart et al. 2005). It is therefore highly important to 

avoid both types of errors and to identify potentially misclassified species within Red Lists. Here we 

introduce a method to recognize such species in Red Lists based on the analyses of species traits and 

ecological characteristics (collectively called "traits" in the following). 

It is well-known that threatened species are characterised by certain traits (Foden et al. 2013; 

Pearson et al. 2014). For example, it has been shown that species traits like diet breath (Pearse & 

Altermatt 2013) and length of flight period (Kotiaho et al. 2005; Mattila et al. 2008) in Lepidoptera, 

the duration of the flowering period, height and temperature and nitrogen indicator values in plants 

(Gabrielová et al. 2013) or the affinity to rare habitats and body size in lizards (Tingley et al. 2013b) 

are related to the threat level of the species. In Switzerland, for example, wetland plants and species 

growing on nutrient poor and dry meadows are generally more threatened than plant species in al-

pine environments and woodlands (Moser et al. 2002). Traits and ecological characteristics could 

therefore be used to predict extinction risk and IUCN threat status (Guisan 2014) by using machine 

learning techniques (Bland et al. 2014; Pearson et al. 2014) or regression models (Mattila et al. 2008; 

Tingley et al. 2013b; Jetz & Freckleton 2015; Luiz et al. 2016). Bland et al. (2014) predicted the threat 
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status of data deficient species (i.e. species which could not have been classified according to the 

data-demanding IUCN criteria because of lack of data) based on a range of factors such as life history 

and ecology among others (Bland et al. 2014) and Tomović et al. (2015) showed that trait analyses 

yields different results compared to IUCN assessments. These differences in modelled and assessed 

IUCN Red List status could be used to identify potentially misclassified species. Here, we used six 

machine learning and classification methods to model the Red List status of all vascular plant species 

in Switzerland using 16 trait predictor variables addressing following questions: Which modelling 

technique is most appropriate to predict the Red List status? And which traits explain the extinction 

risk for plant species in Switzerland best? Species which strongly differed between their published 

(Moser et al. 2002) and their predicted Red List status were listed and compared to their Red List 

status of neighbouring countries. We hypothesised that machine learning methods are well suited to 

detect potential misclassifications in Red Lists. 

Methods 

Predictors 

We used 16 predictor variables from a trait database (Landolt et al. 2010) for modelling the Red List 

status of plant species in Switzerland. The predictors consisted of ecological variables (indicator val-

ues (IV) and affiliation to ecological groups), life history variables (life strategy, growth form, duration 

of flowering period, beginning of flowering period) and one geographical variable (geographic distri-

bution; Table 8). Most of the 16 trait variables were only marginally correlated. Only five traits had 

pairwise correlation coefficients greater than 0.6. The strongest correlation was between IV for tem-

perature and mountain plants (EG.2; r = 0.742) and between the group of phanaerophytes (LF-P) and 

competitive strategists (KS-ccc; r = 0.732). Correlations between IV for soil moisture and IV for aera-

tion of the soil (r = 0.623) and IV for soil moisture variability and IV for aeration of the soil (r = 0.613) 

as well as between hydrophytes (LF-a) and water plants (EG.4; r= 0.613). Categorical traits were 

transformed to dummy variables (0/1) for estimating the correlation coefficient  
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Table 8: Trait predictors used to model the Red List status of fern and vascular plant species in Switzerland from Landolt et al. (2010). IV = Indicator value; Abbr. = Abbreviation; 

col. = coline; mont. = montane; alp. = alpine; cont. = continental 

 Trait Abbr. Trait value 

   1 1.5 2 2.5 3 3.5 4 4.5 5 

N
u

m
e

ri
c 

IV for tempera-
ture 

T alp. and nival 
lower alp. upper 

subalp. 
subalp. 

lower subalp. 
and upper 

mont. 
mont. 

lower mont. 
upper col. 

col. warm col. very warm col. 

IV for continental-
ity 

K oceanic 
 

suboceanic 
 

subocenic to 
subcont.  

subcont. 
 

continental 

IV for light L deep shade 
 

shade 
 

semi-shade 
 

well lit places 
 

full light 

IV for soil mois-
ture 

F very dry  dry moderately dry fresh 
moderately 

moist 
moist very moist wet 

flooded, i.e. 
submerged 

IV for soil mois-
ture variability 

W little varying 
 

Moderately 
varying  

Strongly varying 
    

IV for soil reaction R extremely acid 
 

acid 
 

intermediate 
 

neutral or 
alkaline  

alkaline, high pH 

IV for soil nutri-
ents 

N very infertile 
 

infertile 
 

medium infertile 
to medium 

fertile 
 

fertile 
 

very fertile and 
over-rich 

IV for the amount 
of humus 

H 
little or no 

humus    
moderate 

humus content    
high humus 

content 

IV for aeration of 
the soil 

D bad aeration 
   

moderate 
   

good aeration 

dominance in situ DG scattered 
 

scattered in 
small groups  

in larger groups 
 

in larger stands 
 

in large areas 
dominating 

duration of flow-
ering 

BZ.D 
number of months of 
flowering       

Beginning of 
flowering 

BZ.min 
first month of flower-
ing period 

            

 Trait Abbr. Categories 

   
a c g h p t m 

  

C
a

te
g

o
ri

ca
l 

growth form LF hydrophyte chamaeph.1 geophyte hemi-cryptoph.2 phaneroph.3 therophyte mixed group4 
  

  
ccc rrr sss ccr /crr ccs /css rrs/rss crs 

  

life strategy KS 
competitive 
strategists 

ruderal strate-
gists 

stress-tolereant 
strategists 

competitive 
ruderals 

stress-tolerant 
competitors 

stress-tolerant 
ruderals 

C-R-S strategists 
  

  
A B C D E F 

   

geographic distri-
bution 

GV 
areas outside 

europe 

large areas incl. 
Europe and 

other continents 

areas in conti-
nents in the 

Medi-terranean 

areas in Europe 
without moun-

tains 

areas en-
compassing 
European 
mountains 

areas of the Alps 
   

  
EG1 EG2 EG3 EG4 EG5 EG6 EG7 EG8 

 

ecological group EG forest plants mountain plants 
pioneers of low 

elev. 
water plants wetland plants 

unfertilized dry 
meadows 

weeds and 
ruderals 

fertilized mead-
ows  

1 herbaceaous and woody chamaeophytes; ² short- and long-lived hemicryptophytes; ³ phanerophyte (incl. nanophanerophyte); 4transitions between different types) 
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Modelling 

We used six different machine learning methods for modelling the Red List status of all vascular plant 

species of the current Red List of Switzerland (N = 2522) by means of trait predictors: Artificial Neural 

Networks (ANN) using model averaging (Ripley 1996), Recursive Partitioning and Regression Trees 

(RPART; also known as Classification and Regression Trees CART; Breiman et al. 1984), Flexible Dis-

criminant Analysis (FDA; Hastie et al. 1994), Generalized Boosted Regression Modelling (GBM; also 

known as Boosted Regression Trees BRT; Ridgeway 1999), Random Forest (RF; Breiman 2001) and 

Support Vector Machines (SVM; Platt 1999). The caret package (Kuhn 2008; Kuhn et al. 2015) was 

used for the whole modelling framework including tuning, calibrating and evaluating. In a first step 

all modelling techniques were optimized by means of varying combinations of tuning parameters to 

find the settings performing best. Models were evaluated by the correct classification rate (hereafter 

simply ‘accuracy’) and kappa statistics using a 10-fold cross-validation which was repeated five times. 

The best performing tuning parameters according to accuracy were then applied to predict the Red 

List status (‘final model’) for each species by each of the six methods.  

Identifying potential misclassifications 

The predicted Red List status and the current RL status were transformed to an ordinal scale (least 

concern LC: 1; near threatened NT: 2; vulnerable VU: 3; endangered EN: 4; critically endangered CR: 

5). We then calculated the differences between ranks of modelled and published RL status as an indi-

cator of potential misclassification. The larger these differences are, the more severe is the potential 

misclassification. The median difference across the six methods was used as a consensus model 

(Araújo & New 2007) to find potentially misclassified species, i.e. species with clear differences be-

tween the predicted and published Red List status. For pragmatical reasons we defined a species as 

misclassified when the median difference in RL status was at least minus 3.5 (i.e. less threatened in 

the model) or at least plus 2.5 (i.e. more threatened in the model). The different thresholds were 

necessary to have more or less similar numbers of potentially over- and underlisted species because 

models generally predicted the species to be less threatened compared to the published Red List 

(Moser et al. 2002).  

Variable importance 

The importance of predictor variables was measured by AUC (Kuhn 2008; Kuhn & Johnson 2013), by 

a correlation-based index between predictions of each model (Thuiller et al. 2009) as well as the 

build-in functions of RF, GBM and CART. Predictor variables can be used as inputs to the ROC curve 

(instead of suitability in SDMs) to evaluate their importance to a categorical response variable, in this 

case threat status. If a predictor could perfectly discriminate between two classes (e.g. threatened 

vs. non-threatened species) there would be a cutoff were sensitivity and specificity is one. In such a 
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Fig. 15: Proportion of the Red List categories Least Concern (LC), 

Near Threatened (NT), Vulnerable (VU), Endangered (EN) and 

Critically Endangered (CR) for the current Red List of fern and 

vascular plants in Switzerland and the classification methods 

Artificial Neural Networks (ANN), Recursive Partitioning and 

Regression Trees (CART), Generalized Boosted Regression Model-

ling (GBM), Flexible Discriminant Analysis (FDA), Random Forest 

(RF) and Support Vector Machines (SVM). 

case also the AUC value would be one corresponding to the usage of AUC to evaluate predictive per-

formance of SDMs. A predictor which is completely irrelevant would have an AUC value of 0.5. Here a 

series of cutoffs was used for each predictor to predict each of the Red List classes (e.g. LC vs. non-

LC), i.e. five AUC values for each predictor. The maximum out of five AUC values was then used to 

assess the overall importance of a variable. 

For the correlation-based measure, 16 models where calibrated with one variable of the final model 

being randomly permuted in each model (Thuiller et al. 2009). Predictions of these models where 

correlated to the final model without permuted variables. The correlation coefficients were subtract-

ed from one because the importance of the variable under investigation is high if the correlation 

between both predictions is low. The random permutation was repeated five times for each variable 

and then averaged for each technique. Besides absolute values we also ranked the variable im-

portance measures.  

Results 

Models generally predicted vascular 

plant species to be less threatened 

than in the current Red List with ANN 

being the one with the highest con-

tent of LC species followed by SVM, 

CART and RF (Fig. 15). GBM had a 

slightly higher proportion of threat-

ened species (VU, EN and CR) than 

the forgoing methods and FDA was 

the one with the highest amount of 

threatened species.  

The overall model accuracy ranged 

between 0.52 and 0.63 and Kappa 

statistics ranged between 0.15 and 

0.36 (Fig. 16) with GBM performing 

best (median accuracy based on 

cross-validations: 0.592 and median Kappa statistic: 0.298). The modelling technique with lowest 

accuracy was CART (median: 0.573) and the one with the lowest Kappa statistic was SVM (median: 

0.221). The model which reflected the published Red List status most appropriately was GBM 
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(r = 0.7). The median-consensus model was the technique which was most similar to other modelling 

techniques (Table 9). 

Table 9: Spearman correlation coefficients between the predictions of single modelling techniques and be-
tween them and the predictions of median-consensus model. 

 
RL 

 
RF CART FDA SVM ANN GBM 

RF 0.536 
       

CART 0.570 
 

0.714 
     

FDA 0.510 
 

0.573 0.582 
    

SVM 0.618 
 

0.684 0.663 0.641 
   

ANN 0.543 
 

0.649 0.637 0.604 0.738 
  

GBM 0.700 
 

0.717 0.720 0.601 0.733 0.688 
 

         
MEDIAN 0.647 

 
0.817 0.813 0.707 0.842 0.790 0.866 

 

 
Fig. 16: Model performance measured by accuracy, i.e. correct classification rate, and Kappa statistics for the 

six modelling methods based on cross-validations (10 fold CV with five repetitions) 

Which traits explain the Red List status best? 

Variable importance measured by AUC clearly shows that temperature, ecological groups and geo-

graphic distribution are the most important traits (Fig. 17). For the absolute correlation-based index 

of variable importance all predictors, except temperature, vary approximately between 0.1 and 0.4 

(Fig. 17). There are however clear differences when the variables are ranked according to their im-

portance. The general pattern in variable importance is similar for both the ranked AUC index and 

the ranked correlation index. 

The most important trait variable in the predictor set was temperature for both AUC and the correla-

tion-based index (Fig. 17). Ecological groups (EG), geographic distribution (GV), growth form (LF), and 
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life strategy (KS) are under the first six most important predictors for both indices and seem thus to 

play a major role for explaining Red List status besides temperature. Amount of humus (H), aeration 

of the soil (D) and soil moisture variability (W) are only marginally important while soil moisture (F), 

soil reaction (R), duration and beginning of flowering period (BZ.D and BZ.min), soil nutrient (N) and 

light availability (L) are of intermediate importance according to both indices. For the other traits 

there is disagreement between both indices: K seems to be an important predictor for AUC but not 

for the correlation-based index, while it is the other way around for DG. 

The built-in functions of RF, GBM and CART to estimate variable importance differ from the AUC and 

correlation-based measure in that they suggest F, K, DG and BZ.min to be important variables where-

as KS is rather not important (Fig. 18). The variable importance between the three evaluation meth-

ods are highly correlated (r = 0.78, r = 0.86 and r = 0.92). In contrast to the two previous methods, 

the built-in functions inform also about the importance of single classes within categorical variables. 

Within these groups therophytes (LF-t) and species distributed in large areas (GV-B) and areas of the 

Alps (GV-F) explain the Red List status best (Fig. 18). 



78 
 

 
Fig. 17: Boxplots of the importance of trait variables derived from six modelling techniques to predict the Red 
List status of 148 species. Upper left: ranked position of importance (where 16 is the most and 1 is the least 
important trait predictor). Upper right: unranked AUC values for each trait predictor. Lower left: ranked posi-
tion of 1 minus the correlation between predictions with all predictors and a randomised predictor under in-
vestigation. Lower right: unranked importance according to 1 minus the correlation between predictions with 
all predictors and a randomised predictor under investigation. 
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Fig. 18: Variable importance from built-in functions in in different algorithms (RF = random forests, GBM = 

generalised boosted regressions, CART = classification analyses). 

Potentially misclassified species 

We identified 47 potentially misclassified species of which the threat status of 29 species is potential-

ly too high (overlisted) and for 18 species potentially too low (underlisted) in the current RL (Table 

10). 

Species which are potentially overlisted in the current RL do not differ much from other species ac-

cording to their indicator values (Fig. 19) but they contain for instance more chamaeophytes, geno-

phytes, crs-strategists and less ruderal species (Fig. 20). Species which are potentially underlisted in 

the current RL differ clearly in their traits from the rest of the species (Fig. 19 & Fig. 20): they are 

characterised by high temperature values, low and high moisture values and high nutrient values as 

well as low in situ dominance (Fig. 19, Table 10-2a) and they contain a disproportionally high number 

of ruderal therophytes or water plants (Fig. 20, Table 10-2b).  

Overlisted species have often their geographic range limits in Switzerland (according to 

www.infoflora.ch and Käsermann & Moser 1999; Broennimann et al. 2005; Eggenberg & Landolt 

2006; BAFU 2011) with a low percentage of the total range size covered by Switzerland (Table 10-1a) 

or they are species with an arctic-Siberian core distribution with only small and isolated alpine popu-

lations (Table 10-1b). Species with geographic range limits in Switzerland are often not, or at least 

less, threatened in the Red Lists of neighbouring countries.  
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Fig. 19: Histograms of temperature (T), moisture (F) and nutrient (N) indicator values as well as in situ domi-

nance (DG) for potentially overlisted species, all species and potentially underlisted plant species. 
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Fig. 20: Proportions of growth forms, life strategies, geographic distributions and ecological groups (EG) for 

overlisted, all and underlisted species. For abbreviations see Table 8. 
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Table 10: List of potentially misclassified species in the current Red List of fern and vascular plants in Switzerland (RL CH). The difference between modelled Red List status and 

current Red List is shown for each modelling method with RF = Random Forest, CART = Classification and Regression Tree analyses, FDA = Flexible Discriminant Analysis, SVM = 

Support Vector Machine, ANN = Artificial Neural Networks, GBM = Generalised Boosted Regression Trees and the consensus median (MED) of the six. The Red List status for 

Europe (RL EU) and neighbouring countries Germany (RL DE), France (RL FR), Italy (RL Italy) and Austria (RL AU) is given as well as regional lists within parts of the countries. 

Italic highlights differences in RL status of two categories and bold differences of three or four categories. No highlighting for species which are either DD, not evaluated or 

were the current RL status of Switzerland coincides with the RL status of the neighbouring country or differs only one category. For highlighting information of the national RL 

was favoured over regional RLs if available. Prio = priority status for conservation in Switzerland with prio = 1: very high national priority and prio 2: high national priority. Resp. 

= responsibility status of Switzerland for the species with: resp = 1: low responsibility, resp = 2: intermediate responsibility and resp = 3 high responsibility (prio and resp ac-

cording to BAFU 2011). If no values are given there is no national priority, resp. responsibility. 

1. Species where RL status is potentially 

overlisted  
RL modelled 

 
RL neighbour countries 

Taxon 
RL 

CH1 
RF CART MDA SVM ANN GBM MED 

 
RL EU2 RL DE3 RL FR4 RL IT5 RL AU6 prio resp 

a) species with small percentage of total area at the margin of its distribution in CH 
 

Anemone sylvestris L. CR -4 -4 -4 -4 -4 -4 -4  - VU VU
d - VU

a 2 
 

Aristolochia rotunda L. CR -2 -2 -4 -4 -4 -4 -4  - - LC
c - - 2 

 
Calamagrostis phragmitoides Hartm. CR -4 -4 -4 -4 -4 -4 -4  - LC LC

a
** - - 2 

 
Carex depauperata With. CR -4 -4 -4 -4 -4 -4 -4  - EX NT

b
,VU

c
,EN

d - - 2 
 

Carex praecox Schreb. s.str. CR -4 -4 -4 -4 -4 0 -4  - VU LC
c
,VU

d - LC
a
,CR

b 
  

Carpesium cernuum L. CR -4 -4 -4 -4 -4 -4 -4  - EX CRa ENb CRa 2 
 

Chimaphila umbellata (L.) W. P. C. Barton CR -4 -4 -4 -3 -4 -4 -4  - EN REa - CRa 1 1 
Diphasiastrum tristachyum (Pursh) Holub RE -4 -4 -4 -4 -4 -4 -4  - EN VU

a DDa CRa 1 1 
Dipsacus laciniatus L. CR -4 -2 -4 -4 -4 0 -4  - LC LC

b,d - ENa 1 1 
Notholaena marantae (L.) Desv. CR -4 -4 -4 -4 -4 -4 -4  - - NT

c NT
b ENa 1 1 

Pulsatilla rubra Delarbre CR -1 -4 -4 -4 -4 -4 -4  - - NT
c - - 1 1 

Vicia orobus DC. CR -4 -4 -4 -4 -4 -4 -4  - EN NT
c - - 1 2 

Vicia pisiformis L. CR -2 -3 -4 -4 -4 -4 -4  - LC REb,CRc,VUd VU
b VU

a 2 
 

Vitis sylvestris C. C. Gmel. CR -4 -4 -4 -4 -4 -4 -4  - CR CRb - ENa 2 
 

Xanthium strumarium L. CR -4 -2 -1 -4 -4 -4 -4  - LC ENb CRa CRa 
  

Polygonum brittingeri Opiz CR -4 -4 -4 0 -4 0 -4  - LC ENd - - 2 
 

Stellaria palustris Hoffm. CR -4 -4 -4 -4 -4 -4 -4  - VU VU
b
,EN

c - ENa 2 
 

Viola pumila Chaix CR -4 -4 -2 -4 -2 -4 -4  - EN ENa CRa ENa 2 
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b) species with small and isolated populations in CH with arctic-alpine or european-siberian distribution 

Botrychium lanceolatum (S. G. Gmel.) Ångstr. CR 0 -4 -4 -4 -4 -4 -4  - - REa CRb CRa,REb 1 2 

Botrychium multifidum (S. G. Gmel.) Rupr. RE -4 -4 -4 -4 -4 0 -4  DDa CR REa ENa ENa,CRb,c 1 2 

Botrychium virginianum (L.) Sw. CR -4 -4 -4 -4 -4 -4 -4  - NT - - VU
a 1 2 

Draba incana L. CR -4 -4 -2 0 -4 -4 -4  - - ENa - - 1 2 

Salix myrtilloides L. CR -4 -4 -2 -4 -4 -4 -4  - CR - - CRa 1 2 

Salix phylicifolia L. CR -4 -4 -4 -4 -4 -4 -4  - - - - - 2 
 

c) species with small and isolated populations in CH  
       

Orchis spitzelii W. D. J. Koch CR -4 -4 -4 -4 -4 0 -4  NT
a EX LC

c
,EN

b CRb ENa 1 1 

Potentilla alpicola Fauc. CR -4 0 -3 -4 -4 0 -3.5  - - - NT
b - 1 3 

Salix alpina Scop. CR -4 -4 -4 -4 -4 -4 -4  - EX - - CRb 2 
 

d) other reasons (taxonomical problematic) 
    

Anthyllis montana subsp. jacquinii (A. Kern.) Hayek RE -4 -4 -4 -4 -4 -2 -4  - - LCb*** ENa VU
a 

  
Dactylorhiza maculata (L.) Soó [s.str. prov.] CR -3 -4 -2 -4 -4 -3 -3.5  LC**** VU LCb,d**** - LCa**** 2 
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2. Species where RL status is potentially underlisted      

Taxon 
RL 

CH1 
RF CART FDA SVM ANN GBM MED 

 
RL EU2 RL DE3 RL FR4 RL IT5 RL AU6 

  

a) thermophile, non-dominant, ruderal and pioneer therophytes  
       

Arenaria leptoclados (Rchb.) Guss. LC 4 3 4 0 4 3 3.5  - LC DDb DDb VU
a 

  
Bromus tectorum L. LC 4 2 4 3 0 2 2.5  - LC LCc,d - LCa,b,CRc 

  
Cerastium pumilum Curtis NT 1 1 3 3 3 3 3  - LC LCb,c,d - VU

a
 

  
Chenopodium ficifolium Sm. NT -1 3 3 3 3 3 3  - LC RE

b
,VU

d - LCb,c 
  

Chenopodium hybridum L. LC 4 4 4 3 4 4 4  - LC LCc,d - LCb,CRc 
  

Erucastrum gallicum (Willd.) O. E. Schulz NT 3 1 2 3 3 3 3  - LC LCb,c,d - - 
  

Holosteum umbellatum L. LC 4 2 4 0 4 0 3  - LC VU* VU
b LCa 

  
Hornungia petraea (L.) Rchb. LC 3 2 4 4 4 2 3.5  - EN ENd,LCb,c EN

b VU
a 

  
Sedum cepaea L. NT 3 3 3 3 3 3 3  - - CRd,LCc - - 

  
Setaria verticillata (L.) P. Beauv. LC 3 3 2 2 4 3 3  - LC LCc - - 

  
Teucrium botrys L. NT 3 3 3 -1 1 2 2.5  - LC LCb,c,NTd CR

b VU
a
,CR

b
,EX

c 
  

b) thermophile water and wetland plants  
       

Alisma plantago-aquatica L. LC 2 2 3 0 4 3 2.5  LCa,b LC LCb,c,d NTb LCa,b,c 
  

Carex punctata Gaudin NT 3 3 2 3 3 3 3  LCc EN VU
c CR

b EN
a
,CR

c 
  

Glyceria fluitans (L.) R. Br. LC 3 2 3 3 0 0 2.5  LCa,d LC LCb,c,d NTb LCa 
  

Potamogeton pectinatus L. LC 3 3 3 0 0 3 3  LCe - LCc,d VU
b EN

b,c
***** 

  
c) thermophile dry meadows 

        
 

       
Jasione montana L. LC 0 2 3 0 4 3 2.5  - LC LCb,c,d NTb LCa 

  
Odontites luteus (L.) Clairv. LC 3 0 3 3 2 3 3  - VU LCb,c,ENd NTb VU

a,b,
RE

c 
  

d) thermophile wet chestnut frests  
        

 
       

Oplismenus undulatifolius (Ard.) Roem. & Schult. LC 4 4 2 0 0 4 3  - - - EN
b - 

  
- not evaluated or not present 
*H. umbellatum subsp. hirsutum (Mutel) Breistr.; H. umbellatum L. VU in 4b and LC in 4c,d 
**C. purpurea subsp. phragmitoides (Hartm.) Tzvelev 
***A. montana L. (which is EN in Switzerland) 
****D. maculata (L.) Soó (probably D. fuchsii (Druce) Soó in Switzerland (LC)) and D. maculata s.l. in 6a 
*****Potamogeton pectinatus L. ssp. Pectinatus 
1Moser et al. (2002); 2aBilz et al. (2011); 2bLansdown (2014a); 2cLansdown (2014b); 2dLansdown (2014c); 2eGupta (2013); 3Ludwig et al. (1996); 4aUICN et al. (2012); 4bCBNFC (2014); 4cCBNA & CBNMC (2015); 4dVangendt et 
al. (2014); 5aRossi et al. (2013); 5bWilhalm & Hilpold (2006); 6aNiklfeld et al. (1999); Red List of 6bNordtirol and of 6cVorarlberg in Polatschek & Neuner (2013) 
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Discussion 

In this study we identified 47 potentially misclassified species in the current RL by means of trait 

analysis of which 29 are potentially overlisted and 18 potentially underlisted. Typical traits for 

overlisted species were growth form, life strategy and ecological group. Indicator values for 

temperature, soil moisture, nutrients and in situ dominance were the most important trait pre-

dictors for underlisted species. The best single modelling algorithm explaining Red List status 

was GBM but median-consensus models are most informative. 

Which model is explaining Red List status best? 

According to accuracy and kappa statistics GBMs explained the Red List status best. This is also 

represented by the highest correlation between the predicted Red List status of all techniques 

and the published Red List status. However, GBMs predicted nine of the introduced potentially 

misclassified species not as such, e.g., C. praecox, D. laciniatus and H. umbellatum. Additionally, 

performance of single techniques often varies for different predictor sets or different species 

groups (Bland et al. 2014; Thibaud et al. 2014; Qiao et al. 2015; Guo et al. 2015). Consensus 

models are therefore more robust than single techniques (Thuiller et al. 2009) and, in this study, 

median-consensus models explicitly reduced inter-model variability (i.e. the highest correlations 

with other modelling techniques). In summary, we therefore recommend to use consensus 

modelling for trait-based evaluation of Red Lists.  

Potentially overlisted 

The occurrences of 18 out of 29 potentially overlisted species are mainly found close to the bor-

der to neighbouring countries (www.infoflora.ch) with only a small proportion of the total spe-

cies range located in Switzerland. Accordingly, for most of these species Switzerland has a low 

responsibility (BAFU 2011). These species are also often assessed to be less threatened in Red 

Lists of neighbouring countries where they are more common (Table 10). 

RLs are first of all designed to cover the global threat status of species (IUCN 2012b). When ap-

plied to national or regional levels, a globally least concern species could be critically endan-

gered in a particular region only because it is distributed at the margin of its global range. Uncer-

tainty of the assessed extinction risk for the species under consideration is higher, the smaller 

the region and the more wide-ranging a taxon is (IUCN 2012a). IUCN provided guidelines for 

applying Red List categories and criteria at regional and national levels (IUCN 2012a). According 

to these guidelines the species extinction risk should be adjusted by up- or downlisting whether 
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populations from outside the region affect the extinction risk of regional populations or not. In 

most cases, the regional RL status may be downlisted because they experience a rescue effect by 

immigration from neighbouring populations (Gärdenfors 2001; IUCN 2012a). The Red List of 

vascular plants was one of the first RL assessments in Switzerland which followed the revised 

IUCN criteria in Switzerland and considered a draft version of the guidelines for national and 

regional RLs (Gärdenfors et al. 1999) to up- or downlist such species. However, the authors of 

the RL mentioned that gathering information about neighbouring regions and their populations 

was rather difficult and this step was thus incompletely considered in the assessment of the RL 

(Moser et al. 2002). Unfortunately, it was not indicated for which species such adjustments were 

applied which, however, is a crucial point and should be indicated for subsequent Red List as-

sessments.  

Divergences between the RL status of the potentially overlisted plant species at the margin of 

Switzerland with the RL status of neighbouring regions are another hint that the RL status of 

these species was overlisted. It turned out that some of these species are not or less threatened 

in neighbouring countries (Table 10-1a). This indicates that at least 11 species are probably over-

listed in the current RL only because they occur close to the border of Switzerland (Anemone 

sylvestris, Aristolochia rotunda, Calamagrostis phragmitoides, Carex depauperata, Carex prae-

cox, Dipsacus laciniatus, Notholaena marantae, Pulsatilla rubra, Vicia orobus, Vicia pisiformis 

and Stellaria palustris). It is worth to re-evaluate these species in more detail as the effect of 

overlisting is high: Switzerland has less, or even no, international responsibility for the above 

mentioned species, but the species are nevertheless listed as high priority species for conserva-

tion in Switzerland (Table 10-1a; see also BAFU 2011). This is because priority is a combination of 

both the threat status of a species and Switzerland's international responsibility for a species. 

Overlisting therefore potentially causes misspending of limited time and monetary resources 

which are then missing for truly threatened species. Additionally, the public acceptance and 

credibility of Red Lists could suffer if there are too many species overlisted. Overlisting has al-

ready been observed for 40 breeding birds in Switzerland which were downlisted accordingly 

(Gärdenfors 2001).  

Another group of six species with small and isolated populations in Switzerland, which are gen-

erally distributed to arctic-alpine or European-Siberian environments, were identified as poten-

tially overlisted. These species are post-glacial relicts persisting in Switzerland on isolated, pe-

ripheral populations remote of the northern core distribution. Such species often feature genet-

ically differentiated genotypes compared to their core populations (Eckert et al. 2008; Cassel-
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Lundhagen et al. 2009; Sexton et al. 2009) and are thus of high conservation value (Lesica & 

Allendorf 1995; Channell 2004; Rehm et al. 2015).  

Such species could be overlisted if the absolute range size (criterion B in IUCN 2012b) is used to 

assess the threat status and a continuing decline is only suspected but not observed (Abeli et al. 

2009) because peripheral populations with restricted ranges are often stable and rarity or re-

stricted ranges itself are not necessarily a species’ threat. However, in the current RL criterion B 

was never used solely to assess the threat status for these species. Additionally, these species 

are also listed in a high threat category in neighbouring countries (Table 10-1b). It is hence likely 

that the high RL status of these species is correctly assessed and that they are not overlisted, 

albeit it is still worth to re-evaluate these species in more details. 

Three potentially overlisted RL species are generally rare and with globally restricted range size. 

In contrast to the group of post-glacial relicts these species have their core distribution in the 

Alps, resp. the Mediterranean, and generally have a lower threatening status in neighbouring 

countries (Table 10-1c). Although rare and geographically restricted species generally have a 

higher threat of extinction than more common species (Manne & Pimm 2001; Harnik et al. 

2012), there are exceptions, i.e. rare but locally abundant or located in common habitats 

(Rabinowitz 1981; Yu & Dobson 2000; Broennimann et al. 2005), and many peripheral popula-

tions with restricted range are often stable (Gottlieb 1974; Slagsvold 1981; Henderson & Seaby 

1999; Channell 2004). 

Finally, two potentially overlisted taxa (Anthyllis montana subsp. jacquinii, Dactylorhiza macula-

ta [s.str.]) are taxonomically problematic and difficult to differentiate from non-threatened taxa 

of the same aggregate. Hence, they share similar traits with non-threatened plants and are 

therefore identified as overlisted by the models. 

Potentially underlisted 

11 out of 18 potentially underlisted species are thermophile therophytes which are rather non-

dominant (Table 10-2a). These species are characterised by dry and warm indicator values, typi-

cally for habitats which are represented by dry and nutrient poor meadows which are generally 

threatened in Switzerland (Lachat et al. 2010). Additionally, two species of dry meadows were 

identified as potentially underlisted. Besides these species there is also one group of four water 

and wetland plants found to be potentially underlisted which share high indicator values with 

the above mentioned groups but are characterised by high moisture indicator values. These 

species are also located in rare and protected habitats. As a last species Oplismenus undulatifoli-
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us, a species growing in wet and warm chestnut forests, was modelled to be potentially under-

listed. 

Pioneer plants, ruderals and plants of dry meadows are proportionally more threatened com-

pared to other species (Moser et al. 2002). These species share similar traits compared to spe-

cies identified to be potentially underlisted by the models. However, most of these species are 

also assessed to be not threatened in neighbouring countries. In addition, thermophile and 

drought resistant species will likely benefit from higher temperatures in Switzerland due to cli-

mate change (Vittoz et al. 2013) and especially thermophile, ruderal therophytes are expected 

to profit from higher temperatures (Sukopp & Wurzel 2003) which were even suggested as indi-

cators for climate change (Biondi et al. 2012). These speices are thus probably not underlisted in 

the current RL but it is also worth to re-assess them in more details, especially Holosteum umbel-

latum, Hornungia petraea, Sedum cepaea, Teucrium botrys, Carex punctata, Odontites luteus 

and Oplismenus undulatifolius which are at least partially categorised to be more endangered in 

neighbouring countries (Table 10-2). 

Limitations and future perspectives 

The thresholds we used in this study to define potential misclassified species were as following: 

For overlisted species we used a threshold of minus 3.5 for the difference between the median 

modelled and the assigned Red List status and plus 2.5 for underlisted species. By applying these 

thresholds we got a reasonable subset (in terms of size) of species which are most likely misclas-

sifications (high discrepancy between modelled and assigned Red List status and high consenus 

between models). To get a more or less balanced number of potential overlisted and underisted 

species, the threshold to define underlisted species had to be lower compared to overlisted spe-

cies because models predicted a disproportionally high number of species to be less threatened 

compared to the current Red List, probably because of the imbalance of assigned Red List cate-

gories (i.e. less species are threatened than non-threatened). By using these thresholds we were 

not able to identify potentially misclassified species which are listed as VU or EN in the current 

Red List. It would therefore also be valuable to identify potentially misclassified species where 

the shift in modelled to assigned Red List category is low (e.g. only one) but where the consen-

sus of the models is very high (e.g. every model is predicting the same shift). Doing so, it would 

be possible to identify much more potential misclassifications. We focused on the highest dis-

crepancies between modelled and assigned Red List status because the intention of this study 

was to illustrate the potential of trait analyses as a tool for quality control. 
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Conclusion 

We could show that trait analyses are an appropriate tool to identify potentially misclassified 

species. The method was able to detect species located in rare and threatened habitats which 

are potentially underlisted and species that grow at the margin of Switzerland which are poten-

tially overlisted. The latter is especially advantageous for regional or local Red Lists where little 

information about populations in neighbouring regions are available. Trait analysis could thus 

serve as a tool to improve reliability and accuracy of Red Lists. We would suggest IUCN to con-

sider trait analyses as an approach of quality assurance for Red List assessments to identify po-

tentially misclassified species for a detailed re-evaluation and eventually up- or downlisting. 
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Synthesis and final discussion 

The IUCN system for compiling Red Lists is based on many criteria and sub-criteria and is there-

fore complex and data demanding. However, the availability of good data on species range sizes 

and their trends are usually far from perfect. For this reason, many species remain data deficient 

(Table 1) and Red Lists are often based only on a small subset of the IUCN criteria (see Table 2 in 

Box 1). Additionally, IUCN Red Lists are neutral in that the ecology of assessed species is not 

taken into account. Misclassifications in Red Lists are therefore possible. In this thesis, I showed 

how the availability of data could be improved, how the IUCN system could be made less neutral 

against ecological information by incorporating the realised niche size and how potential mis-

classifications could be detected by analysing species traits.  

Implementing models, niches, and traits in the IUCN framework 

The process of assessing IUCN Red Lists can be split into three steps: 1. pre-processing, 2. evalu-

ation and 3. adjustment (Fig. 21). A pre-processing step is necessary when the Red List should be 

assessed on a national, resp. regional, level. The assessor has then to decide which taxa and 

populations have to be assessed, e.g. vagrants or invasives should be excluded (details can be 

found in IUCN 2012b). In the next step the threat status of a species is assessed. The assessment 

should strictly follow the criteria of IUCN (Fig. 2 and IUCN 2012a) and their guidelines (SPSC 

2014). For DD species, where insufficient data is available to assign a category of threat, IUCN 

recommends to assess the threat status using inference or projections. For example, EOO and 

AOO could be estimated via projections based on SDMs (if some extra conditions are met, see 

SPSC 2014). 

In chapter 1, I presented a comprehensive test of Ensembles of Small Models (ESMs), a new 

strategy for modelling species distributions (Lomba et al. 2010). ESMs are especially suited to 

model the distribution of rare species. ESMs are therefore particularly useful to project the dis-

tribution of species that are data deficient and provide better estimation of their range sizes, 

especially when used together with a prospective sampling approach (Box 1). An alternative to 

projections is to use trait analyses to infer the threat status or the risk of extinction of a species 

from species-specific trait information by means of classification models (Bland et al. 2014), or 

regression models (Mattila et al. 2008; Tingley et al. 2013a; Jetz & Freckleton 2015; Luiz et al. 

2016). However, trait analyses are also not free from potential misclassifications. Moreover, 

they are prone to model specific uncertainty (Barry & Elith 2006; Buisson et al. 2010; Guo et al. 

2015). Therefore, misclassification rates could also be high but studies comparing threat classifi-
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cations based on trait analyses and IUCN Red List assessments are currently rare (but see 

Tomović et al. 2015). Additionally, trait analyses are not based on real observations, like occur-

rences or population sizes, but they infer the threat status indirectly via species traits as predic-

tors. Trait analyses should therefore not be used as a substitute of the IUCN system but might be 

seen as a complementary tool when uncertainty of the assessed Red List status is high or data is 

limited for a regular IUCN assessment. They could also be applied to prioritise NE species for first 

assessments or DD species for a prospective sampling approach in the pre-processing step. Trait 

analyses are not yet considered in the IUCN system. Assignments of Red List status to species 

solely based on trait analyses seem to be problematic due to the high uncertainty of modelling 

and should be implemented carefully. The applicability of trait analyses is thus better suited in 

the context of quality assurance of Red Lists to highlight potential misclassifications in a post-

evaluation step which could then lead to re-evaluations resulting in up- or downlistings (Fig. 21). 

Contrary to trait analyses, range size estimations derived from ESMs for data deficient species 

could be embedded perfectly into the IUCN framework (Fig. 21) and meets IUCN criteria when 

preconditions from the IUCN guidelines are fulfilled (e.g., that the potential habitat must be in-

terpreted as an estimate of the area of occupied habitat). Therefore, ESMs, or other appropriate 

methods to infer range sizes, should be favoured to assess the Red List status over trait analyses. 

Additionally, niche quantification adds complementary information to current methods of Red 

Lists (i.e. EOO and AOO) as pointed out in chapter 2. The implementation of models, niche and 

trait information could therefore improve the quality of Red Lists. In the following, I will briefly 

focus on how to further improve the methods introduced in the three main chapters of this the-

sis.  

Optimising the ESM strategy 

I used all possible bivariate predictor combinations and averaged them to an ESM weighted by 

an evaluation score. Besides using all bivariate models to build ESMs it might also be sufficient to 

use only a subset of all possible bivariate models without losing model performance. One of the 

results was that the model performance (in terms of AUC) was increasing asymptotically when 

bivariate models were averaged to build ESMs (Fig. S7, in Supporting Information 1). Finding the 

trade-off between a minimum number of bivariate models and achieving a maximum of model 

performance would increase usability of ESMs by a reduction in computation time. However, 

this trade-off could vary between different species and modelling techniques and it could be 

difficult to find them. 
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In some cases ESMs with subsets of bivariate models performed even better than ESMs build 

from all bivariate models (Fig. S7, in SI 1). The usage of thresholds to select only the best per-

forming bivariate models, e.g. not considering all bivariate models with an AUC lower than 0.7, 

for the ensemble could therefore optimise ESMs and achieve even higher performances. 

The bivariate models which were used to build ESMs were calibrated using quadratic terms only. 

It is however worth to consider fitting more complex relations by including interactions or hinge 

and threshold feature types (e.g., when using Maxent). Tuning these parameters using cross-

validation (see chapter 3) could potentially further improve the performance of the ESM strate-

gy. 

The usage of ESMs is not restricted to ensembles of bivariate models but it is also worth to test 

them with varying, e.g. univariate, trivariate or even higher, numbers of predictors or combina-

tions out of them depending on the number of species occurrences available. In the most ex-

treme case all subsets of the possible predictor combinations would be used for the ensemble, 

i.e. the ensemble of all possible models instead of the Ensemble of Small Models. Such a model 

could potentially perform very well when standard cross-validation is used for evaluation. How-

ever, it is likely that such a model would perform worse than ESMs, especially for rare species, 

when it is evaluated with independent data, e.g. in a transferability assessment, because some 

models in the ensemble are potentially overfitted (many predictor variables besides a low num-

ber of occurrences). Additionally, an all-subset approach would be very intensive in computation 

time. 

Optimising niche quantification  

In chapter2, I quantified the relative niche size based on the first two axes of a PCA ordination. It 

would however be useful to include more than only two axes of the principal components for 

niche quantification. With the hypervolume package (Blonder 2014) it is possible to use an un-

limited number of axis for the niche size quantification. However, when more axes were includ-

ed for niche quantification, i.e. 5 resp. 11, there was almost no variation in relative niche size, 

measured as the ratio of niche size after to niche size before extinction simulations, between 

species (Fig. S17 in SI 2). When 11 axes were used the niche size was reduced according to the 

magnitude of the extinctions. The reasons could be that data points are sparsely covered in a 

high-dimensional space (http://benjaminblonder.org/hypervolume_faq.html) and niche space 

will hence be reduced proportionally to the magnitude of data that is reduced. The optimal 
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number of dimensions to quantify niche space remains however unclear and should be investi-

gated in future studies.  

Optimising trait analyses 

Trait analyses are suitable tools to detect and reduce misclassifications in Red Lists (chapter 3). 

The approach I introduced used all species covered in the Red List of vascular plants to predict 

the Red List status. Doing so, also misclassified species are included for model calibration which 

could decrease the performance of the models. It might therefore be smart to use only a set of 

species for which the assigned Red List status is very likely true, i.e. low uncertainty, for calibrat-

ing the modelling techniques used for trait analyses. These models could then be used to predict 

the Red List status of species where the assessed Red List status is less certain, e.g. all species 

where more than one Red List category is plausible (Akçakaya et al. 2000). However, uncertainty 

is rarely reported in Red List assessments, perhaps because the Red List status would be prone 

to (re-) interpretation and the authority of Red Lists could thus be undermined.  

Side-products of the thesis 

For my thesis and the collaborating projects, I developed R functions with an attempt to further 

improve the evaluation and performance of SDMs. Except the functions to build ESMs, these are 

wrapper functions which compile functions of various packages. The ESM functions can be 

downloaded from www.purl.org/wsl/esm (see also SI 1: R-Code) and should soon be available at 

the ecospat R-package (Broennimann et al. 2015). Some of my supporting functions for ensem-

ble modelling were published in the biomod2 package (Thuiller et al. 2015) and contain a func-

tion to customise the model cross-validation process in biomod2, a function to evaluate biomod2 

models with the Boyce index and Minimal Predicted Area and a function to tune the parameters 

of single modelling techniques used within biomod2 to improve their predictive performance. 

Additionally, I build a wrapper function to quantify range sizes with the IUCN measures EOO, 

AOO as well as α-hulls and from binary distribution maps (e.g. EOO around modelled range size 

or modelled range size within EOO). This function can be downloaded from 

http://www.wsl.ch/info/mitarbeitende/breiner/RangeSize_EN (see also SI 2: R-Code) and should 

soon also be available in the ecospat package. 

 



94 
 

 

Fig. 21: Chapters 1-3 embedded in the IUCN system. ESMs (chapter 1) could serve as a tool to estimate range sizes of data deficient species (criteria B) and to complete infor-
mation about species occurrences using a prospective sampling approach. Niche quantification adds complementary information to existing criteria and trait analysis is well-
suited to assure the quality of Red Lists (for more details see main text). Note: prospective sampling is of course not restricted to DD species but the added value of new occur-
rences is highest for DD species. The categories NE, NA, RE, EW and EX are not shown.
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Supporting Information – Chapter 1 

SI 1: Methods 

M1 Target species selection 

We excluded water plants and species for which identification is problematic, as well as neo-

phytes, i.e., non-native species introduced to Switzerland after 1500 AD. The selected species 

span a range of different habitats and all elevational belts of Switzerland, from the colline to the 

alpine belt (Table S1). According to the Swiss National Red List of vascular plants (Moser et al. 

2002), 51 of the 107 selected species are threatened (critically endangered (CR): 5 species; en-

dangered (EN): 25 species; vulnerable (VU): 20 species), 25 are near threatened (NT) and 32 are 

of least concern (LC; see Table S1). The most threatened species are also the rarest and thus the 

most important for conservation purposes (Fig. 5). The minimum distance between occurrences, 

which were used to calibrate the models, was 50 m. The sample size for each species ranged 

from 10 to 140 occurrences, with a median of 37 occurrences. 

M2 Implementation of the modelling techniques 

We used the standard framework of implementing BIOMOD ensemble forecasts, except for 

some technical details (e.g. the use of Somers’ D instead of AUC for model weighting and BIC 

variable elimination for GLMs instead of AIC) to keep with the recently widely applied standard 

usage of ensemble forecasts within the BIOMOD software. 

The Bayesian information criterion (BIC) was used for stepwise backward elimination and for-

ward selection (i.e., both directions) to further reduce the number of predictors included in 

GLMs for the standard strategy. We preferred BIC over AIC because it is more conservative, gen-

erally selects fewer predictors, and is thus better suited for preventing model overfitting (Hastie 

et al. 2009). BIC was not used to further eliminate predictors for ESMs because this would con-

flict with our definition of bivariate models. BIC was also not used for variable selection for 

Maxent and GBMs because the framework of BIOMOD only allows AIC or BIC as criteria for vari-

able selection in GLMs, not for Maxent or GBM. Maxent uses internally the Lasso penalty to re-

duce the number of variables (Merow et al. 2013) and GBMs controls it via tree complexity (also 

called interaction depth or the number of nodes in a tree). Tree complexity was set to two to 

avoid fitting trees that were too complex, and the learning rate was reduced to 0.001 to enable a 

large number of trees, in our case 3000, as recommended by Elith et al. (2008) for small sample 

sizes. These settings were used for both standard SDMs and EBMs. 
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Quadratic terms were included in GLMs, and Maxent models were calibrated with linear and 

quadratic features only in order to cope with the small sample sizes (Merow et al. 2013). 

M3 The Boyce index 

The Boyce index with a moving window (Hirzel et al. 2006) is based on predicted habitat suitabil-

ities for the whole area under consideration. We calculated the Boyce index with the back-

ground points only instead of using the whole area, due to the large effort required to compute 

predictions for the whole of Switzerland with ESMs and due to the very large number of cells, 

which slowed down computation time of the Boyce index considerably (approx. 65,600,000 cells 

when working with a 25 x 25 m resolution). For the calculation of the continuous Boyce index, 

the habitat suitabilities were first ordered from lowest to highest values. A moving window was 

then used to calculate the ratio of the predicted frequency to the expected frequency of occur-

rences within each window along this 'suitability axis'. The predicted frequency was calculated as 

the ratio of the number of evaluation points within a window divided by the total number of 

evaluation points. The expected frequency was calculated as the number of background points 

within such a window divided by the total number of background points in the study area. The 

Boyce index is the Pearson correlation coefficient of the predicted to expected ratio of the win-

dows and their mean habitat suitabilities. Due to the fact that many evaluation points are need-

ed to calculate the Boyce index (it would be useless to calculate a correlation when only one or 

two evaluation points are available), we used all available occurrences for evaluation, including 

those used to train the models. The Boyce index was calculated using the R package ‘ecospat’ 

(Broennimann et al. 2015). 
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SI 1: Results 

Table S1 

Table S1: Complete species list with information about the number of occurrences (n) used to calibrate the models, the reason why a species had a low sample size (ru; rare 

and threatened species (r), more common species but under-represented in the data base due to under-sampling (u)), the Red List status (RL) according to Moser et al. (2002; 

critically endangered (CR), endangered (EN), vulnerable (VU), near threatened (NT) and least concern (LC)). The difference between Ensemble  Small Models (ESMs) and stand-

ard models evaluated by AUC and Boyce index is given for all three modelling techniques (GBM, GLM and Maxent) as well as for the ensemble prediction (EP). 

    
EP GBM GLM Maxent 

Species Name n ru RL Δ AUC Δ Boyce Δ AUC Δ Boyce Δ AUC Δ Boyce Δ AUC Δ Boyce 

Adenostyles leucophylla (Willd.) Rchb. 28 u LC -0.003 0.095 0.010 0.308 0.212 NA -0.021 0.262 
Allium angulosum L. 98 r VU -0.009 -0.011 -0.006 0.280 0.075 -0.046 -0.001 -0.053 
Allium rotundum L. 16 r CR 0.000 0.192 0.003 0.267 0.070 NA 0.005 0.779 
Anagallis minima (L.) E. H. L. Krause 18 r EN 0.022 -0.054 0.027 0.109 0.233 0.003 0.020 0.281 
Anchusa officinalis L. 53 u NT 0.009 0.130 0.008 0.264 0.054 -0.021 0.063 0.520 
Androsace brevis (Hegetschw.) Ces. 34 r EN -0.001 0.319 -0.005 0.252 0.014 0.214 -0.001 0.934 
Anemone baldensis L. 56 u LC 0.005 0.064 0.010 0.153 0.156 NA -0.013 0.059 
Anogramma leptophylla (L.) Link 15 r EN 0.004 0.261 0.004 0.289 0.035 0.579 0.009 0.463 
Artemisia nivalis Braun-Blanq. 14 r EN 0.009 0.168 0.019 0.302 0.104 0.389 0.004 0.520 
Asperugo procumbens L. 52 u NT 0.005 0.072 0.019 0.117 0.019 0.067 0.010 0.130 
Asplenium adulterinum Milde 27 r NT 0.033 0.167 0.028 0.245 0.051 0.407 0.043 0.360 
Asplenium foreziense Magnier 18 r CR 0.018 0.196 0.014 0.265 0.048 0.108 0.018 0.416 
Astragalus australis (L.) Lam. 59 u LC -0.004 0.140 0.007 0.263 0.163 NA -0.018 0.159 
Blackstonia acuminata (W. D. J. Koch & Ziz) Domin 41 r EN -0.003 0.181 -0.004 0.491 0.023 0.361 0.013 0.229 
Bufonia paniculata Dubois 15 r CR 0.002 0.746 0.020 0.219 0.023 0.999 0.001 0.961 
Campanula excisa Murith 29 u NT 0.022 0.136 0.017 0.256 0.136 NA 0.036 0.229 
Campanula latifolia L. 32 u NT 0.055 0.246 0.047 0.360 0.264 NA 0.065 0.324 
Cardamine kitaibelii Bech. 55 u LC 0.014 0.107 0.010 0.171 0.038 0.192 0.008 0.148 
Carduus crispus L. 31 u LC 0.055 0.012 0.048 0.251 0.235 0.180 0.046 0.062 
Carex fimbriata Schkuhr 32 r VU 0.008 0.316 0.004 0.314 0.147 NA 0.024 0.342 
Carex hartmanii Cajander 47 r VU 0.005 0.109 0.006 0.256 0.055 0.150 -0.001 0.185 
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Carpesium cernuum L. 25 r CR -0.001 0.246 0.015 0.259 0.039 0.559 0.001 0.587 
Chenopodium ficifolium Sm. 25 u NT 0.031 0.161 0.036 0.172 0.250 NA 0.032 0.207 
Chenopodium rubrum L. 26 u LC 0.043 0.173 0.064 0.196 0.192 NA 0.027 0.097 
Clematis alpina (L.) Mill. 51 u LC 0.009 0.076 0.012 0.108 0.011 0.176 0.008 0.146 
Corydalis intermedia (L.) Mérat 40 u LC 0.034 0.096 0.029 0.171 0.251 NA 0.063 0.067 
Corydalis solida (L.) Clairv. 88 u LC -0.018 0.048 0.003 0.196 -0.007 0.050 -0.022 0.013 
Crepis terglouensis (Hacq.) A. Kern. 22 u NT 0.015 0.103 0.024 0.163 0.069 0.311 0.016 0.260 
Cuscuta europaea L. 22 u LC 0.122 0.223 0.106 0.166 0.294 NA 0.092 0.194 
Cytisus decumbens (Durande) Spach 17 r EN 0.013 0.087 0.012 0.216 0.326 NA 0.040 0.422 
Cytisus nigricans L. 69 u LC -0.006 0.037 -0.008 0.155 0.251 NA 0.015 0.285 
Dianthus gratianopolitanus Vill. 74 r VU 0.006 0.064 0.006 0.203 -0.006 0.302 0.024 0.111 
Dianthus seguieri Vill. 38 u LC 0.011 0.182 0.012 0.185 0.020 0.456 0.018 0.232 
Diphasiastrum complanatum (L.) Holub 10 r EN 0.075 0.337 0.288 0.472 0.281 NA 0.183 -0.156 
Diplotaxis muralis (L.) DC. 50 u LC 0.004 0.102 0.003 0.167 0.064 0.184 0.006 0.136 
Draba fladnizensis Wulfen 51 u LC -0.006 0.061 0.000 0.269 -0.002 0.334 -0.006 0.468 
Draba hoppeana Rchb. 66 u LC -0.007 0.096 -0.001 0.377 0.004 0.161 -0.009 0.322 
Draba ladina Braun-Blanq. 11 r EN 0.000 0.498 0.005 0.446 0.042 0.443 0.000 0.465 
Draba siliquosa M. Bieb. 60 u LC -0.011 0.154 -0.004 0.279 -0.005 0.377 -0.019 0.170 
Draba tomentosa Clairv. 47 u LC -0.014 0.201 -0.003 0.314 0.000 0.233 -0.018 0.230 
Equisetum ramosissimum Desf. 32 u LC 0.016 0.116 0.010 0.231 0.022 0.175 0.038 0.148 
Eriophorum gracile Roth 40 r EN -0.003 -0.017 0.010 0.202 0.011 0.302 -0.003 0.133 
Erythronium dens-canis L. 41 r VU 0.005 0.117 -0.001 0.517 0.015 0.268 -0.001 0.214 
Euonymus latifolius (L.) Mill. 52 u LC 0.009 0.128 -0.008 0.195 0.199 NA 0.018 0.122 
Euphrasia christii Gremli 57 r NT -0.010 0.148 -0.013 0.213 0.018 0.393 -0.012 0.277 
Falcaria vulgaris Bernh. 24 r EN 0.019 0.226 0.036 0.422 0.247 NA 0.010 0.594 
Fragaria viridis Duchesne 72 u LC 0.007 0.120 0.005 0.236 0.027 0.238 0.005 0.112 
Gagea pratensis (Pers.) Dumort. 61 r EN -0.001 0.053 -0.001 0.340 0.149 NA 0.001 0.074 
Geranium rivulare Vill. 24 u LC 0.055 0.234 0.048 0.205 0.249 NA 0.047 0.513 
Gladiolus imbricatus L. 21 r EN 0.000 0.394 0.002 0.371 0.039 0.163 -0.001 0.357 
Gladiolus palustris Gaudin 27 r EN 0.022 0.082 0.035 0.190 0.205 NA 0.015 0.222 
Gratiola officinalis L. 59 r VU -0.006 0.099 0.003 0.312 0.006 0.516 -0.003 0.214 
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Hammarbya paludosa (L.) Kuntze 15 r EN 0.001 0.356 0.001 0.246 0.013 NA 0.001 0.356 
Inula britannica L. 32 r EN 0.008 0.259 0.010 0.169 0.049 0.372 0.003 0.814 
Inula helvetica Weber 128 r VU -0.004 0.064 -0.005 0.125 0.003 0.044 0.001 0.141 
Inula spiraeifolia L. 15 r VU 0.000 0.441 0.004 0.478 0.042 0.320 0.001 0.526 
Isopyrum thalictroides L. 21 r EN 0.002 0.477 -0.002 0.196 0.079 NA 0.003 0.939 
Juniperus sabina L. 77 u LC 0.005 0.095 0.013 0.138 -0.001 0.266 0.004 0.171 
Knautia godetii Reut. 115 r NT -0.001 0.102 0.001 0.171 -0.004 0.237 0.006 0.094 
Lathyrus sphaericus Retz. 61 r VU 0.002 0.157 0.007 0.480 0.034 0.564 0.012 0.740 
Leucanthemum halleri (Vitman) Ducommun 140 u LC -0.006 0.137 -0.002 0.304 0.029 0.231 -0.014 0.070 
Leucojum aestivum L. 11 r VU 0.030 0.088 0.035 0.112 0.188 NA 0.065 0.526 
Linaria alpina subsp. petraea (Jord.) Rouy 56 r VU -0.013 -0.006 -0.008 0.205 -0.020 0.196 0.000 0.132 
Linnaea borealis L. 44 u NT 0.006 0.103 0.007 0.244 0.031 0.515 0.003 0.392 
Littorella uniflora (L.) Asch. 37 r EN 0.013 0.137 0.011 0.353 0.038 0.535 0.020 0.438 
Minuartia cherlerioides subsp. rionii (Gremli) Friedrich 18 r VU 0.019 0.298 0.024 0.344 0.294 NA -0.005 0.411 
Myosotis rehsteineri Wartm. 22 r EN 0.001 0.451 0.001 0.307 0.042 0.280 0.001 0.845 
Nigella arvensis L. 22 r EN 0.009 0.093 0.013 0.234 0.116 0.414 0.011 0.315 
Ononis rotundifolia L. 55 u LC 0.026 0.062 0.032 0.130 0.007 0.209 0.027 0.224 
Ostrya carpinifolia Scop. 25 u LC 0.010 0.156 0.013 0.333 0.089 0.611 0.009 0.592 
Pedicularis oederi Hornem. 97 u LC -0.004 0.037 0.005 0.592 0.009 0.159 -0.009 0.061 
Phyteuma humile Gaudin 21 r VU -0.001 0.149 0.005 0.274 0.040 0.153 -0.005 0.384 
Polygonum minus Huds. 47 u LC 0.013 0.092 0.014 0.158 0.113 0.118 0.015 0.203 
Potentilla caulescens L. 44 u LC 0.030 0.125 0.044 0.220 0.037 0.327 0.033 0.159 
Potentilla grammopetala Moretti 32 r VU 0.007 0.146 0.006 0.235 0.027 0.661 0.019 0.248 
Potentilla inclinata Vill. 56 r EN -0.008 -0.012 -0.007 0.200 0.013 0.095 -0.008 0.082 
Primula daonensis (Leyb.) Leyb. 20 r VU 0.001 0.307 0.003 0.285 0.100 0.592 -0.002 0.880 
Ranunculus gramineus L. 11 r EN 0.040 0.349 0.071 0.551 0.197 0.406 0.043 0.642 
Ranunculus parnassiifolius L. 21 u NT 0.021 0.113 0.010 0.236 0.352 NA 0.012 0.375 
Rhodiola rosea L. 43 u LC 0.007 0.126 0.008 0.345 0.037 0.238 0.003 0.157 
Rhynchospora alba (L.) Vahl 123 u NT -0.016 0.026 -0.012 0.145 -0.021 0.116 -0.017 0.079 
Rumex nivalis Hegetschw. 44 u LC 0.014 0.067 0.019 0.187 0.175 NA 0.001 0.103 
Sagina nodosa (L.) Fenzl 21 r VU 0.021 0.304 0.024 0.372 0.029 0.497 0.036 0.559 
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Saponaria lutea L. 22 r EN 0.000 0.098 -0.006 0.147 0.035 0.290 -0.006 0.955 
Saxifraga adscendens L. 11 u NT 0.063 0.086 0.072 0.203 0.268 NA 0.065 -0.138 
Saxifraga diapensioides Bellardi 94 r NT -0.005 0.077 0.003 0.122 -0.009 0.168 -0.014 0.324 
Saxifraga mutata L. 93 u LC -0.004 -0.027 0.004 0.109 -0.004 0.150 -0.004 0.145 
Scorzonera laciniata L. s.str. 70 r NT -0.002 0.230 0.002 0.398 0.007 0.350 -0.002 0.445 
Sedum cepaea L. 19 u NT 0.005 0.081 0.028 0.235 0.028 0.533 0.004 0.426 
Sedum rubens L. 40 r VU -0.007 0.161 0.000 0.442 0.114 NA -0.010 0.339 
Senecio aquaticus Hill 59 u NT -0.004 0.047 0.004 0.159 0.056 0.017 -0.008 0.134 
Senecio halleri Dandy 112 r NT -0.016 0.066 -0.004 0.422 -0.020 0.337 -0.009 0.208 
Senecio incanus subsp. insubricus (Chenevard) Braun-Blanq. 33 r NT 0.000 0.274 0.000 0.272 0.021 NA -0.001 0.358 
Silene pusilla Waldst. & Kit. 18 u LC 0.071 0.220 0.070 0.313 0.254 NA 0.083 0.248 
Silene suecica (Lodd.) Greuter & Burdet 32 u NT 0.000 0.126 0.008 0.232 0.014 0.639 -0.003 0.181 
Sisymbrium supinum L. 12 r CR 0.000 0.414 0.031 0.323 0.012 NA 0.000 0.454 
Teucrium scordium L. 30 r EN 0.012 0.050 0.014 0.180 0.183 0.069 0.003 0.395 
Thlaspi rotundifolium subsp. corymbosum Gremli 62 r VU -0.011 0.128 0.000 0.445 -0.013 0.404 -0.001 0.193 
Trifolium saxatile All. 65 r VU -0.003 0.088 -0.013 0.265 0.007 0.459 0.001 0.303 
Trochiscanthes nodiflora (All.) W. D. J. Koch 48 r VU -0.004 0.079 0.009 0.287 0.000 0.525 -0.002 0.457 
Typha minima Hoppe 48 r EN 0.002 0.161 0.015 0.270 -0.003 0.183 0.000 0.015 
Valeriana celtica L. 69 r NT -0.007 0.253 -0.011 0.538 0.004 0.335 -0.007 0.168 
Viola cenisia L. 22 u NT 0.034 0.177 0.019 0.425 0.309 NA 0.045 0.115 
Viola persicifolia Schreb. 42 r EN 0.007 0.026 0.007 0.205 0.066 -0.021 0.004 0.124 
Viola pinnata L. 11 u NT 0.012 0.246 0.024 0.380 0.127 NA 0.043 0.638 
Viola pyrenaica DC. 14 u NT 0.110 0.166 0.182 0.191 0.244 NA 0.211 -0.019 
Woodsia alpina (Bolton) Gray 29 u NT 0.064 0.056 0.066 0.107 0.212 NA 0.058 0.189 
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Figures S1-S9 

 
Fig. S1: Number of bivariate models used to build ESMs (a) for different sample sizes (N1 ≤ 25; 25 < N2 ≤ 

50; N3 > 50) and variable importance for ESMs (b and c) and standard SDMs (d). The plots show the num-

ber of times a predictor was considered in a bivariate model for ESMs based on GLMs, GBMs and Maxent 

(b) and the mean Somers' D of the bivariate models per predictor which was used as weight for ESMs (c). 

The variable importance for standard SDMs (d) is 1 minus the correlation coefficient between models 

including and excluding a variable.  

The median number of bivariate models considered to build ESMs (considered if Somers’ D > 0) was 50 

with a minimum of 20 bivariate models (a). For some species more than half of the bivariate models were 

skipped from ESMs, however, for each ESM every predictor was kept at least 2 times in a bivariate model 

(b). Contrary to ESMs, every modelling technique of standard SDMs frequently dropped variables com-

pletely (i.e. variable importance is 0 in d). The overall pattern of variable importance for ESMs is the same 

compared to standard SDMs, however, each of the 11 predictors were always kept for the ensemble (c). 

This means that ESMs are not superior to standard SDMs because they use cross-validation to drop non-

informative predictors, rather they are superior because they do not drop but keep them (although down-

weighted) for the ensemble. Thus, ESMs are much more informative than standard SDMs where a variable 

is either in or out.  
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Fig. S2: Correlation matrix and histograms of model performance based on the five evaluation indices 

used: Area under the Curve (AUC), True Skills Statistics (TSS), sensitivity (Se), specificity (Sp) and Boyce 

index. Both standard SDMs and ESMs, as well as each of the three modelling techniques and their ensem-

ble, are included in the figure. TSS, Se and Sp were highly correlated with AUC (|r| ≥ 0.7, provided in bold). 

Only the Boyce index was negligibly correlated with the other indices. 
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Fig. S3: Model performance according to True Skills Statistics (TSS), sensitivity (Se) and specificity (Sp) and 

its relationship with different modelling strategies (Standard and ESM) and techniques (GBM, GLM and 

Maxent) as well as their ensemble prediction (EP).  
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Fig. S4: Boxplots of Pearson correlation coefficients between predictions of two modelling techniques 

when used as standard SDMs and within the ESM framework. The predictions of different techniques 

were clearly more similar with ESMs. 

 
Fig. S5: Evaluation of the species distribution models by AUC (top) and the Boyce index (bottom) using the 

calibration dataset of the transferability assessment. For the transferability assessment only the 34 species 

in the group 25 < n ≤ 50 (Fig. 6) were considered and split into one halve for calibrating and one halve for 

independently evaluating the models. Significant differences (***: p ≤ 0.001, **: p ≤ 0.01, *: p ≤ 0.05, 

ƚ: p < 0.1) between standard SDMs and ESMs are indicated for each technique (GBM, GLM and Maxent) 

and the ensemble prediction (EP).  
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Fig. S6: Mean AUC score (left) and Boyce index (right) as well as the standard error bars of ESMs and 

standard SDMs evaluated with the transferability assessment. The evaluation measures on the x-axes are 

based on 50-fold split sampling of the calibration dataset (western partition of Switzerland, see Fig. S4), 

while evaluation measures on the y-axes are based on the independent test dataset (eastern partition of 

Switzerland, see Fig. 7). 
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Fig. S7: AUC against an increasing number of averaged bivariate models to build an ESM evaluated on the 

test dataset of the transferability assessment for three species. Bivariate models were randomly added to 

the ESM until the ESM contained all 55 possible bivariate models. The grey lines in each row of panels 

represent 20 random runs, the red lines in each panel indicate the mean of the 20 runs and black lines 

represent the standard error. The horizontal black lines show the AUC of the corresponding standard 

SDM. The species shown are a) Asplenium adulterinum, b) Sedum rubens and c) Typha minima. 
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Fig. S8: Boxplots of the performance of Ensemble Small Models (ESM) in comparison to different ap-

proaches to build standard SDMs. In addition to the approach used in the main text (BIC variable selection 

for GLMs and without further variable selection for Maxent), for both techniques models were built fol-

lowing an all subset approach and selecting the best performing model based on cross-validated (CV) AUC 

scores. 50-fold split sampling of the training data from the transferability assessment was used for model 

evaluation. Model performance was not significantly improved by an all subset approach and cross-

validated variable selection compared to a selection using stepwise BIC for GLM and no pre-selection for 

Maxent. Performance of variable selection using cross-validation was even smaller when evaluation was 

based on Boyce index. These results do also hold when models were evaluated using the test data of the 

transferability assessment (Fig. S9). 

 
Fig. S9: Performance of Ensemble Small Models (ESM) in comparison to different approaches to build 

standard SDMs analogous to Fig. S8 but evaluated with the testing data from the transferability assess-

ment. The model performance was always highest for ESM. 
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SI 1: R-Codes 

Commented functions for calculating ESMs in R using the Biomod2 package (Thuiller et al. 2015) 

could be downloaded at: www.purl.org/wsl/esm 

The following functions are available: 

a) ecospat.ESM.Modeling: 

This function calibrates simple bivariate models  

b) ecospat.ESM.EnsembleModeling: 

Evaluates and averages simple bivariate models by weighted means 

to Ensemble Small Models as in Lomba et al. 2010 and Breiner et al. 2015. 

c) ecospat.ESM.EnsembleProjection: 

Projecting calibrated ESMs into new space or time 

d) ecospat.ESM.MergeModels: 

Enables to merge different ecospat.ESM.Modeling outputs which were produced e.g. on 

different computers or on a cluster 

 

These functions will soon be available in the ecospat package (Broennimann et al. 2015). 

 

Wilfried Thuiller, Damien Georges, Robin Engler and Frank Breiner (2015). biomod2: Ensemble Pl

atform for Species Distribution Modeling. R package version 3.2-1/r709. http://R-Forge.R-project

.org/projects/biomod/ 

Olivier Broennimann, Blaise Petitpierre, Christophe Randin, Robin Engler, Valeria Di Cola, Frank 

Breiner, Manuela D`Amen, Loic Pellissier, Julien Pottier, Dorothea Pio, Ruben Garcia Mateo, Wim 

Hordijk, Anne Dubuis, Daniel Scherrer, Nicolas Salamin and Antoine Guisan (2015). ecospat: Spa-

tial Ecology Miscellaneous Methods. R package version 1.1. http://CRAN.R-

project.org/package=ecospat 
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Supporting Information – Chapter 2 

SI 2: Methods 

M1 Test species 

We aimed to form a set of approx. 100 to 150 test species consisting of threatened and non-

threatened species. We selected test species according to the following steps: 

1. All vascular plants of Switzerland were considered, but we excluded water plants, or-

chids (due to difficulty in attaining permission to use the data) and invasive species, as 

well as species that are ‘data deficient’ or ‘regionally extinct’ (i.e., extinct in Switzerland) 

according to the current Red List of vascular plants of Switzerland. Data on species oc-

currences (presence-only) in Switzerland were provided by Info Flora 

(http://www.infoflora.ch/) and were not recorded prior to 1960. 

2. We classified the remaining species into threatened (Red List categories VU, EN, CR) and 

non-threatened species (Red List categories LC and NT). We then selected 150 threat-

ened species and 120 non-threatened species according to a stratified random sampling 

procedure. We aimed to include both widely and narrowly distributed species with both 

dense and sparse distribution patterns in the subset. We used EOO as a measure for 

widely or narrowly distributed species, the ratio of AOO to EOO as a measure of distribu-

tion density, and the ratio of AOO 1x1 km to AOO 5x5 km as a measure of distribution 

pattern (scattered versus clumped). A histogram of the species number against the Ex-

tent of Occurrence (EOO) (Fig. S1a) was used to select the test species along the whole 

EOO gradient. We used the 61 bars of the histogram as strata for the selection of the 

species. Species were randomly selected, but each species was weighted inversely pro-

portionally to the number of species within the bar of the histogram to which it be-

longed. In doing so, we ensured that the whole EOO gradient was covered for the test 

species. The test species contained both widely (high EOO values) and narrowly (low 

EOO values) distributed species, as well as both dense (high AOO/EOO ratio) and sparse 

(low AOO/EOO ratio) distribution patterns (Fig. S1c). 

3. In a further step, we removed occurrence points for each test species so that the mini-

mum distance between the points was at least 100m. Afterwards, we removed species 

with less than 50 occurrence points. We used 50 occurrences as a threshold because this 

enabled us to remove 50% of the data (see below) and still have enough presence points 

available to build adequate models. 
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This procedure resulted in 52 species for the group with threatened species and 96 for the 

non-threatened group (Fig. S1d). 

 
Fig. S10: a) Histogram of the number of species in the threatened species group (left) and the non-

threatened species group (right) based on the Extent of Occurrence (EOO) of each species; b) AOO/EOO of 

each species plotted against EOO; c) subset of species after taking a randomly stratified subset; d) the final 

dataset after removing occurrence points that were less than 100m from the closest points. AOO/EOO is 

an index for the density of occurrence points. Both species that have few occurrences within a large EOO 

(occurrence points sparse) and those with many occurrences within a small EOO (occurrence points 

dense) were included in the subset. 
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Fig. S11: Scatter plots showing data after removing occurrence points that were less than 100 m from the 

closest points. AOO 1x1 km to AOO 5x5 km ratio of each species plotted against EOO. Species with a small 

AOO 1x1 km to AOO 5x5 km ratio are scattered, and species with high AOO 1x1 km to AOO 5x5 km ratio 

are clumped. Species with both clumped and scattered distribution patterns were included in the subset. 

M2 IUCN measures 

We calculated the standard IUCN measure EOO, the minimum convex polygon around all occur-

rences, with the dismo package in R (Hijmans et al. 2013). AOO was calculated by using a grid 

and counting all occupied pixels. We tested two different resolutions: 2x2 km, which is recom-

mended by the IUCN Standards and Petitions Subcommittee (2014), and 1x1 km. Because this 

standard approach of quantifying AOO is sensitive to the position of the grid frame, we addition-

ally quantified AOO using circles with a radius of ��
� around each occurrence (equivalent to the 

area of AOO 2x2 km using a grid), allowing them to overlap with each other. The three methods 

for calculating AOO yielded values that were highly correlated (rmin =  0.9976; rmax = 0.9999). 

α-hulls and α-shapes are generalizations of EOO (Burgman & Fox 2003). They are based on Da-

launey triangulations formed by joining all occurrence points and avoiding line intersections. All 

lines that are longer than the product of α and the average of all lines (meanL), which is called 

the ‘discontinuity distance’ ������	 
 	���� ∗ ��, are then deleted.  

The summed area of all remaining triangles is the α-hull (Burgman & Fox 2003; SPSC 2014). Be-

cause the α-hulls are quantified by deleting all lines from the Dalauney triangulations that are 

longer than the ‘discontinuity distance’, it is very important to keep the ‘discontinuity distance’ 

constant if the relative size of α-hulls between two different times is compared. 

We used the alphahull package in R (Pateiro-López & Rodriguez-Casal 2011) to quantify α-hulls. 

The authors of this package differentiate between α-hulls and α-shapes. However, α-hulls as 
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described by Burgman and Fox (2003) and the IUCN Standards and Petitions Subcommittee 

(2014) are defined as α-shapes in the alphahull package and α-hulls are defined as another mod-

ification from α-shapes. From now on, we will strictly keep with the definition from Burgman 

and Fox (2003) and the IUCN Standards and the Petitions Subcommittee (2014) for α-hulls and 

define α-shapes as the modification from α-hulls (i.e., the other way around compared with def-

initions used in the alphahull package).  

The joined lines between the occurrences for α-shapes are not straight lines but a part of the 

counter line of an open ball with a diameter of α. Intersections between balls are not allowed 

and hence the open balls form a concave polygon surrounded by balls. The area of the polygon is 

the value of the α-shape. α-shapes are contained within α-hulls and thus the area of α-shapes is 

always smaller. For a more detailed description of the calculation of α-hulls and α-shapes in the 

alphahull package, please consult Pateiro-López and Rodríguez-Casal (2010). Smaller α values 

produce α-hull sizes more similar to AOO values, whereas higher α values lead to sizes closer to 

EOO values. 

The alphahull package only allows quantification of the size of α-shapes, and thus we modified 

the r-code to also quantify α-hulls (see R code below). However, α-hulls and α-shapes were al-

ways highly correlated (min |r| = 0.99), and we therefore only consider α-hulls from now on and 

in the manuscript. 

We used four different α values to quantify α-hulls: 0.5, 1, 2 (IUCN recommendation) and 4. 

However, the size of α-hulls is highly dependent on the ‘discontinuity distance’ (α multiplied by 

the average length of all lines in the Dalauney triangulation) and is thus sensitive to sampling 

effort. If a species is intensively sampled and occurrences are therefore located close to each 

other (i.e., dense sampling in a small area), the average length of all lines will be small compared 

to a coarsely sampled species. Consequently, areas covered by α-hulls will be smaller. We tried 

to overcome this problem by choosing a ‘discontinuity distance’ defined as: 

����	�� 
	��maxL−	����� ∗ �� + 	���� 

where maxL is the maximum length of all lines in the Dalauney triangulation and minL the mini-

mum length. This calculation enables one to switch between a minimum α-hull (α = 0) and a 

maximum α-hull (α = 1, similar to EOO) and all values in between. Range sizes calculated by vary-

ing α values were correlated with each other, but ddrange was only weakly correlated with ddmean 

(Fig. S3). Clearly, there is still a need for further studies to investigate the best practice for how 

to apply α-hulls to Red Lists. However, this was beyond the scope of this study and we therefore 

only considered the recommendations of IUCN (α-hulls with calculated with ddmean and an α-

value of 2). 
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Fig. S12: Correlation plots and correlation coefficients for α-hulls calculated with ddrange and ddmean and 

different values for alpha (0.25, 0.5 and 0.75 for ddrange and 0.5, 1, 2 and 4 for ddmean).  
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M3 Environmental Predictors 

Table S2: Environmental predictors used for modeling and niche size estimation. All predictors and the 

digital elevation model (DEM) used for topographic predictors had a resolution of 100 m. The climatic 

predictors are annual mean values for the years 1961-1990. 

Environmental predictors 

Climate: 

Mean annual temperature Zimmermann & Kienast (1999) 
Mean annual precipitation Zimmermann & Kienast (1999) 
Mean annual number of summer  
precipitation days 

Zimmermann & Kienast (1999) 

Annual global potential shortwave  
radiation 

algorithm following Kumar et al. (1997) 

Mean annual number of frost days  
during the growing season 

Bolliger et al. (2000) 

Topography: 

Wetness index following Tarboton 1997 

Topographic index Camathias et al. 2013 

Slope Camathias et al. 2013 

Northness Camathias et al. 2013 

Eastness Camathias et al. 2013 

Geology: 

Calcareous content of the  
bedrock and surface material 

Lehmann et al. (2010) 
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SI 2: Results 

Fig. S13 – S16 

 
Fig. S13: Analogous to Fig. 14 in the chapter 2. The relative range sizes were quantified by EOOcp around 

the occupied patches (for details, see Methods section in the main paper) that were suitable for a species 

according to three different thresholds (TSS, MPA and Boyce index). Dotted horizontal lines: relative range 

size of 1 (no change); dashed horizontal lines: relative range size of 0.7 (threshold for the lowest threat 

category under criterion B in IUCN 2012). Outliers (maximum of 23.4 for TSS and Boyce and 60.8 for MPA) 

are not shown in the figure.   
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Fig. S14: Correlation plots, equivalent to Fig. 12 in chapter 2, for hypervolumes (a and b) and convex hulls 

(c and d). The correlation coefficients were as follows: hypervolume vs. AOO (a) r = 0.709 and vs. EOOcp (b) 

r = 0.652 and between convex hull and AOO (c) r = 0.610 and EOO (d) r = 0.689. 
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Fig. S15: Model performance, based on internal cross-validation as a function of relative range size, meas-
ured by Maxent SDMs after local extinction events. The suitability maps produced by Maxent SDMs were 
evaluated by AUC, TSS and the Boyce index (from top to bottom) and converted to binary maps using 
three different thresholds based on TSS, MPA, and the Boyce index (from left to right). The histograms of 
the three evaluation indices are shown on the right side of the plot. Evaluations were based on a five-fold 
cross validation that was repeated three times. 
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Fig. S16: Equivalent to Fig. S15 but using an external evaluation. Models were evaluated based on the 

occurrences that were removed for the extinction simulations.  
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Fig. S17: Figure equivalent to Fig. 11 but hypervolumes calculated with varying numbers of axes (two, five 

and 11) with principal components used to quantify the hypervolumes (top) and raw variables (bottom). 
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Table S3 

Table S3: Summary table of model evaluations for different extinction scenarios and magnitudes. Evalua-

tions were based on five-fold cross-validations that were repeated three times (cv) or on occurrences that 

were removed during extinction simulations (external). The minimum, median, mean and maximum AUC 

and Boyce index values are given, along with the correlation coefficients between the AUC and the Boyce 

index.  

   AUC Boyce   
evaluation magnitude scenario Min. Median Mean Max. 

 
Min. Median Mean Max. r 

cv 0 none 0.721 0.943 0.934 0.998 
 

0.310 0.805 0.782 0.998 -0.092 

cv 10 random 0.707 0.940 0.933 0.998 
 

0.218 0.770 0.748 0.997 0.061 

cv 10 spatial 0.681 0.945 0.934 0.998 
 

0.209 0.769 0.751 0.997 -0.025 

cv 10 ecological 0.681 0.947 0.938 0.998 
 

0.199 0.774 0.754 0.998 0.013 

cv 30 random 0.686 0.939 0.930 0.998 
 

0.125 0.690 0.681 0.996 -0.050 

cv 30 spatial 0.650 0.946 0.933 1.000 
 

0.105 0.698 0.683 0.996 0.014 

cv 30 ecological 0.667 0.947 0.937 0.999 
 

0.153 0.694 0.688 0.998 0.102 

cv 50 random 0.692 0.933 0.926 0.998 
 

-
0.021 

0.564 0.584 0.996 -0.042 

cv 50 spatial 0.644 0.941 0.929 0.999 
 

-
0.015 

0.571 0.590 0.995 0.050 

cv 50 ecological 0.649 0.943 0.935 0.998 
 

-
0.015 

0.546 0.592 0.997 0.175 

external 10 random 0.720 0.947 0.935 0.998 
 

0.218 0.770 0.748 0.997 -0.133 

external 10 spatial 0.664 0.920 0.910 1.000 
 

0.209 0.769 0.751 0.997 0.047 

external 10 ecological 0.472 0.903 0.863 0.999 
 

0.199 0.774 0.754 0.998 0.251 

external 30 random 0.704 0.938 0.932 0.998 
 

0.125 0.690 0.681 0.996 -0.079 

external 30 spatial 0.694 0.923 0.914 0.998 
 

0.105 0.698 0.683 0.996 0.059 

external 30 ecological 0.608 0.911 0.890 0.999 
 

0.153 0.694 0.688 0.998 -0.038 

external 50 random 0.670 0.936 0.927 0.998 
 

-
0.021 

0.564 0.584 0.996 0.082 

external 50 spatial 0.665 0.926 0.915 0.998 
 

-
0.015 

0.571 0.590 0.995 0.001 

external 50 ecological 0.640 0.919 0.898 0.998 
 

-
0.015 

0.546 0.592 0.997 0.070 
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SI 2: R-Codes 

Commented functions for estimating range sizes in R could be downloaded at: 

http://www.wsl.ch/info/mitarbeitende/breiner/RangeSize_EN 

The following functions are available: 

a) ecospat.occupied.patch: 

This function calculates the occupied patches of a binary SDM suitability map 

b) ecospat.rangesize: 

This function quantifies the range size of a species using standard IUCN criteria (AOO, 

EOO), alphahulls or various options to estimate range size from binary predictions de-

rived from Species Distribution Models (i.e. modelled range size within EOO, EOO 

around modelled range size and EOO around modelled occupied range size). 

 

These functions will soon be available in the ecospat package (Broennimann et al. 2015). 

 

Olivier Broennimann, Blaise Petitpierre, Christophe Randin, Robin Engler, Valeria Di Cola, Frank 

Breiner, Manuela D`Amen, Loic Pellissier, Julien Pottier, Dorothea Pio, Ruben Garcia Mateo, Wim 

Hordijk, Anne Dubuis, Daniel Scherrer, Nicolas Salamin and Antoine Guisan (2015). ecospat: Spa-

tial Ecology Miscellaneous Methods. R package version 1.1. http://CRAN.R-

project.org/package=ecospat 

 

Modified R-code from the function areaahull in the alphahull package (Pateiro-López & 

Rodriguez-Casal 2011) for calculating the area of alpha-shapes. Definition of α-hulls and α-

shapes according to Pateiro-Lopez and Rodriguez-Casal (2011). 

 
areaahullandashape <- function (x)  { 
   if (class(x) != "ahull") { 
     cat("Argument is not of class ahull.\n") 
     return(invisible()) 
   } 
   witharea <- x$arcs[, 3] > 0 
   if (sum(witharea) > 0) { 
     ind <- x$arcs[witharea, 7:8] 
     arcs <- x$arcs[witharea, 1:6] 
     row <- 1 
     ncomp <- 0 
     npoly <- numeric() 
  
  cur.time <- proc.time() 
     while (row <= dim(ind)[1]) { 
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       check1 <- ind[row, 1] 
       rownew <- match(check1, ind[, 2]) 
       ncomp <- ncomp + 1 
       npoly[row:rownew] <- ncomp 
       row <- rownew + 1 
  if((proc.time()-cur.time)[1]>120){return(c(area.hull = 
NA,area.shape = NA))} 
     } 
     hole <- rep(-1, ncomp) 
     area.shape <- area.hull <- rep(0, ncomp) 
     for (i in 1:ncomp) { 
       compind <- (npoly == i) 
       polyind <- unique(as.numeric(ind[compind, ])) 
       polypoints <- x$xahull[polyind, ] 
       check <- which(arcs[compind, 6] < pi * 0.5)[1] 
       if (in.polygon(arcs[compind, 1][check], arcs[compind,  
           2][check], polypoints[, 1], polypoints[, 2])) { 
         hole[i] <- 1 
       } 
       areapoly <- areapl(polypoints) 
       areacirc <- arcs[compind, 3]^2 * 0.5 * (2 * arcs[compind,  
                  6] - sin(2 * arcs[compind, 6])) 
       area.hull[i] <- areapoly + hole[i] * sum(areacirc) 
       # area shape is the same as areapoly but without subtracting open 
balls. 
       area.shape[i] <- areapoly  
     } 
   totalarea.hull <- sum(area.hull[hole == -1]) - sum(area.hull[hole == 
1]) 
   totalarea.shape <- sum(area.shape[hole == -1]) - sum(area.shape[hole 
== 1]) 
 } 
 else { 
   totalarea.shape <-totalarea.hull <- 0 
 } 
 return(c(area.hull = totalarea.hull,area.shape = totalarea.shape)) 
 } 
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Summary

1. Species distribution models (SDMs) have become a standard tool in ecology and applied conservation biol-

ogy. Modelling rare and threatened species is particularly important for conservation purposes. However, mod-

elling rare species is difficult because the combination of few occurrences and many predictor variables easily

leads to model overfitting. A new strategy using ensembles of small models was recently developed in an attempt

to overcome this limitation of rare species modelling and has been tested successfully for only a single species so

far. Here, we aim to test the approach more comprehensively on a large number of species including a transfer-

ability assessment.

2. For each species, numerous small (here bivariate) models were calibrated, evaluated and averaged to an

ensemble weighted by AUC scores. These ‘ensembles of small models’ (ESMs) were compared to standard

SDMs using three commonly used modelling techniques (GLM, GBM andMaxent) and their ensemble predic-

tion.We tested 107 rare and under-sampled plant species of conservation concern in Switzerland.

3. We show that ESMs performed significantly better than standard SDMs. The rarer the species, the more pro-

nounced the effects were. ESMs were also superior to standard SDMs and their ensemble when they were evalu-

ated using a transferability assessment.

4. By averaging simple small models to an ensemble, ESMs avoid overfitting without losing explanatory power

through reducing the number of predictor variables. They further improve the reliability of species distribution

models, especially for rare species, and thus help to overcome limitations ofmodelling rare species.

Key-words: AUC, BIOMOD, bivariate models, Boyce index, consensus forecast, endangered

species, ensemble prediction, species distributionmodelling, Switzerland

Introduction

Species distribution models (SDMs) are powerful tools for

analysing environmental drivers of species distributions and

for projecting a species’ realized niche into a geographic area.

The number of peer-reviewed papers using SDMs has

increased strongly in recent years (Guisan et al. 2013) and

applications of SDMs to conservation are manifold (Guisan &

Thuiller 2005; Franklin 2009; Peterson et al. 2011). Such appli-

cations are especially important for rare and threatened species

with high conservation priority (Guisan et al. 2013).

Models of rare species, characterized by narrow ecological

ranges, often show higher accuracy compared to common

species characterized by broad ecological ranges (Franklin

et al. 2009 and literature mentioned there). However, model

accuracy of rare species increases asymptotically with sample

size (Stockwell & Peterson 2002; Hernandez et al. 2006)

because the more the occurrences are available, the more com-

plete the species’ niche is described. Accordingly, many studies

show increasing model accuracy with number of occurrences

(e.g. Hernandez et al. 2006; Guisan et al. 2007; Wisz et al.

2008; see also references mentioned there) and below about 30

occurrences model accuracy is often low and variability of

model accuracy increases across species (Stockwell & Peterson

2002; Hernandez et al. 2006;Wisz et al. 2008).

A major problem with modelling rare species is that there is

frequently a high number of explanatory environmental vari-

ables in relation to few occurrences, which can lead to model

overfitting, that is the fit between predicted values and actual

data in models with a large number of predictors is mislead-

ingly good. Overfitting leads to reduced generalizability of the

model and thus restricts the applicability of the model to new

data (Vaughan&Ormerod 2005).

This problem could be alleviated by reducing the number of

predictors in a model. A general rule of thumb is that sample

size (number of occurrences, i.e. in this context number of pres-

ences) should be 10 times larger than the number of predictors

used for modelling (Harrell, Lee & Mark 1996). The number
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of predictors can be reduced by stepwise variable selection

methods (Parviainen et al. 2008), for example based on infor-

mation criteria like the Akaike Information Criterion (AIC,

Akaike 1974) and the Bayesian information criterion (BIC,

Schwarz 1978), by shrinkage methods such as the Lasso (Tib-

shirani 1996) or using cross-validation for variable selection.

However, for rare species, modelling is often difficult because

keeping a 1:10 ratio wouldmean to include only two predictors

for 20 occurrences, which is usually insufficient information of

a species’ niche formodelling its distribution accurately.

The mismatch between the need to model rare species distri-

butions for conservation purposes and the inherent difficulty

in modelling them has been termed in the study of Lomba

et al. (2010) the ‘rare-species modelling paradox’. They pro-

posed a new strategy for modelling the distribution of rare spe-

cies based on fitting a larger number of small bivariate models,

that is models with only two predictors at a time (although

only one or three could also be used), and averaging them in an

ensemble prediction using weights based on model perfor-

mances. The predictor-to-occurrence ratio is improved greatly

with this method because the number of predictors used in

each small model remains low. The estimation of model coeffi-

cients was thus expected to be much more robust and the risk

of model overfitting to be minimized without losing explana-

tory power because the number of predictors is kept low for a

singlemodel but high within the ensemble framework.

These ensembles of small models (ESMs) have been success-

fully applied so far only once for a single, rare and endemic

plant species from the Iberian Peninsula (Lomba et al. 2010).

The authors found an excellent ESM with an AUC score of

0!99. However, ESMs have not been compared so far to stan-

dard SDMs. Because ESMs are thought to be particularly use-

ful when applied to rare species, the question is how rare a

species must be so that ESMs are outperforming standard

approaches (if at all). Lomba et al. (2010) evaluated their

ESMs by conventional repeated split sampling only. It is thus

open if ESMs would also outperform standard methods when

transferred to new areas. In this study, we tested the hypothe-

ses that (i) the performance of ESMs compared to commonly

used standard ensembled SDMs is advantageous for very rare

species where overfitting is a problem and that (ii) ESMs lose

their advantage as the number of occurrences increases.

We focused on a set of 107 rare to very rare plant species of

conservation concern in Switzerland. We investigated whether

and when ESMs outperform standard ensembles of SDMs

and included a transferability assessment to test the generality

of ESMs through their ability to predict to new areas.

Methods

We fitted both ESMs and standard ensembles of SDMs with three

widely used modelling techniques: generalized boosted models

(GBMs), generalized linear models (GLMs) and maximum entropy

(Maxent). We used GLMs because of their user-friendly and com-

mon usage, and GBMs (also termed boosted regression trees,

BRTs) as well as Maxent models because of their good perfor-

mance (Elith et al. 2006; Elith & Graham 2009; Heikkinen, Marm-

ion & Luoto 2012).

ENSEMBLE OF SMALL MODELS

The basic idea behind ESMs is to model a species distribution based on

small, simple models, for example all possible bivariate models (i.e.

models that contain only two predictors at a time out of a larger set of

predictors), and then combine all possible bivariate models into an

ensemble (Lomba et al. 2010). In our study, a set of 11 predictors

(Table 1) resulted in 55 bivariate predictor combinations. These steps

are described in detail below.We evaluated each of the bivariatemodels

by the cross-validatedAUC index, whichwas then used to build a Som-

ers’ D weighted average of the 55 bivariate models as the ESM predic-

tion (Fig. 1). Somers’ D (also known as Gini coefficient) is

D = 2 9 (AUC " 0!5) and gives more weight to models that perform

well and less to those that perform poorly. Bivariate models with a

Somers’ D lower than 0 (i.e. AUC < 0!5) were set to zero and not used

to build the ESMs. Three ESMs were built separately, one for each of

the three modelling techniques (i.e. ESMs based on bivariate GLM,

bivariate GBM and bivariate Maxent model). We then built a final

ensemble prediction by averaging across these three ESMs, again using

Somers’ Dweights (ESMEP; Fig. 1).

To get further insights into how ESMs are working, we assessed on

three species how the performance of ESMs is changing when increas-

ing the number of bivariatemodels startingwith only one up to 55.

TARGET SPECIES

We selected 107 rare or under-sampled vascular plant species in Swit-

zerland. Species are considered under-sampled if only low numbers of

occurrences are available although the species are known to be more

common (in the following, we group under-sampled and rare species

together and refer to them as rare species for simplicity). The number

of occurrences per species ranged between 10 and 140, and species that

were more threatened according to the national Red List of vascular

plants in Switzerland (Moser et al. 2002) had lower numbers of occur-

rences (Fig. 2; see Table S1 for further details).

For this study, data on species occurrences (presence-only) were pro-

vided by the Swiss national data centre Info Flora (www.infoflora.ch;

Table 1. Environmental predictors used for modelling. ADTMwith a

resolution of 25 m was used for deriving the topographic predictors.

The climatic predictors aremeans for the years 1961–1990

Predictor variables used formodelling

Climatic predictors

tave: Mean annual temperature Zimmermann&Kienast (1999)

prec: Mean annual precipitation Zimmermann&Kienast (1999)

pday: Mean annual number of

summer precipitation days

Zimmermann&Kienast (1999)

srad: Annual global potential

shortwave radiation

Algorithm followingKumar,

Skidmore&Knowles (1997)

sfro: Mean annual number of

frost days during the

growing season

Bolliger, Kienast &

Zimmermann (2000)

Topographic predictors (based on aDTMwith 25 m resolution)

twi: Wetness index Following Tarboton 1997;

topo: Topographic index Camathias et al. 2013;

slp: Slope Camathias et al. 2013;

nness: Northness Camathias et al. 2013;

eness: Eastness Camathias et al. 2013;

Geological predictors

caco3: Calcareous content

of the bedrock and

surfacematerial

Lehmann et al. (2010)
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see A1 in Appendix S1 for further information on the selection criteria

of the target species). For analysis, groups of very rare species (n ≤ 25

occurrences), rare species (25 < n ≤ 50) and less rare species (n > 50)

were built. The groups were well balanced, with 37 species in the very

rare group, 34 in the intermediate group and 36 in the less rare group.

ENVIRONMENTAL PREDICTORS

From an initial set of 19 predictor layers with a 25-m resolution, 11

topo-climatic and geological predictors were selected by applying the

rule of thumb that correlation coefficients of predictors from a set of

10 000 random background points should not exceed |r| > 0!7

(Dormann et al. 2013).We kept themost direct predictors, for example

temperature instead of altitude, and, due to the heterogeneous ecology

of the species involved, we used the more general predictors, for

example mean annual temperature instead of mean monthly

temperature (Table 1).

MODEL CALIBRATION AND EVALUATION

All models were calibrated with presence-only data and 10 000

random background points that were selected from the entire area

of Switzerland and kept constant for all species. Background

points and occurrence points were weighted equally in the models

(see A2 in Appendix S1 for a more detailed description of model

implementation).

Fifty-fold split sampling (90% training data and 10% test data) was

used to evaluate the models. In recent years, the modelling community

has started a stimulating discussion about the most accurate way to

evaluate model predictions, but a final consensus remains pending (for

a review, see Franklin 2009). We thus used several indices to evaluate

model performance such as the commonly used, but recently criticized,

area under the receiver operating characteristic curve (AUC) (Lobo,

Jim!enez-Valverde & Real 2008; Peterson, Papes! & Sober!on 2008;

Jim!enez-Valverde 2012; Smith 2013), the true skills statistic (TSS)

(Allouche, Tsoar & Kadmon 2006), sensitivity, specificity and the

recently developed but rarely used continuous Boyce index with a

moving window (Hirzel et al. 2006; Petitpierre et al. 2012; see A3 in

Appendix S1 for a more detailed description of the Boyce index and

how it was implemented). The different indices for model evaluation

were compared based on pairwise Pearson correlations.

We used an ensemble prediction (EP) by averaging outputs of

the three standard SDM techniques based on Somers’ D (i.e.

rescaled AUC) weights to cope with model variability (Segurado &

Ara!ujo 2004; Elith & Graham 2009) and to improve reliability of

the model predictions (Ara!ujo & New 2007). Models with a Som-

ers’ D lower than 0 (i.e. AUC < 0!5 and hence worse than a ran-

dom model) were set to zero and thus were not included in the EP.

We used BIOMOD (Thuiller et al. 2009) to calibrate the models of the

individual modelling techniques with the R package ‘BIOMOD2’ (ver-

sion 2.1–40 and version 3.1–68 for the transferability assessment)

but evaluated and averaged the models manually because ESMs are

not implemented in BIOMOD2.

MODEL COMPARISONS

To test whether ESMs outperform standard SDMs, we applied linear

mixed-effects models on the arcsine-transformed AUC and on the

Fisher z-transformed Boyce index. We tested for effects of modelling

strategies (ESMs, standard modelling approaches), modelling tech-

niques (GLM, GBM, Maxent and their ensemble prediction EP), and

sample size (i.e. categorical number of occurrences (n), with n ≤ 25,

25 < n ≤ 50 and n > 50) and their two-way interactions (tech-

nique 9 strategy, technique 9 n, strategy 9 n). The effects of these

variables were considered as fixed. The species were used as a random

factor in these models. We used P-values for backward variable selec-

tionwith the function LMER in theR package LME4.

...

GLM GBM Maxent

BiVa1

BiVa2

Ensemble Prediction EP-ESM

BiVa3

BiVan

Step 1b: Weighted average of all 

predictions per technique and 

evaluation of ESM predictions

...

BiVa1

BiVa2

BiVa3

BiVan

...

BiVa1

BiVa2

BiVa3

BiVan

GLM GBM

GLM-
standard

Maxent-
standard

Ensemble Prediction EP-standard

GBM-
standard

Step 2: Weighted average of 

standard predictions and evaluation

Standard strategy Ensemble small models (ESM)

Step 2: Weighted average of ESM 

predictions end evaluation

Step 1a: Calibration and evaluation 

of all small (here bivariate) models
Step 1: Calibration and evaluation of 

standard models

Maxent-
ESM

GBM-
ESM

Maxent

GLM-
ESM

Fig. 1. Schematic of the two model strategies and the different steps of

modelling. For the standard strategy (left panel) models of three stan-

dard techniques (GLM, GBM,Maxent) were calibrated and evaluated

(step 1), and averaged to a single ensemble prediction (step 2). For the

Ensemble Small Models (ESM) strategy (right panel) for each tech-

nique all bivariate models (BiVa; with 11 predictors n = 55) were cali-

brated and evaluated (step 1a), and averaged to a single ESM per

technique (step 1b). ESMs were finally averaged again to a single

ensemble prediction (step 2). Dashed lines indicate all models used for

model comparisons.
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Fig. 2. Relationship between Red List status of the 107 target species

(according to Moser et al. 2002) and the number of times they

occurred. Species that were threatened (i.e., critically endangered (CR),

endangered (EN) or vulnerable (VU)) or near threatened (NT) gener-

ally had a lower number of occurrences than non-threatened species

(i.e., least concern (LC)).
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TRANSFERABIL ITY ASSESSMENT

We used a transferability assessment similar to Heikkinen,Marmion&

Luoto (2012) to explore the predictive ability of ESMs to new areas. To

do so, we split the occurrences of the ‘intermediate rare’ species group

(25 < n ≤ 50) into its eastern andwestern halves. The western halves of

each species consist thus of ≤25 occurrences for each species and corre-

spond therefore to our ‘rare species’ group.We used the western halves

of the occurrences to calibrate the models, whereas the eastern halves

were used for evaluation. We acknowledge that this kind of transfer-

ability assessment is not completely independent but likely the best

solution given the rarity of the species. The modelling framework for

the transferability assessment followed the framework described above

with the exception that for model calibration the 10 000 pseudo-

absences were only distributed in the western halves. Each model was

first evaluated by the standard ‘internal 50-fold split sampling’ based

on the calibration data set. To test for transferability, 10 000 pseudo-

absences were extracted randomly from the eastern halves and were

used with the eastern halves of the occurrences as an evaluation

data set.

Results

Model evaluations based on AUC were highly correlated with

evaluations based on TSS (which is in line with Allouche,

Tsoar & Kadmon 2006), sensitivity and specificity (Pearson

|r| > 0!7 for all correlations; Fig. S2). In contrast, the correla-

tions between the Boyce index and the other indices weremuch

lower (|r| ranging between 0!05 and 0!25; Fig. S2). Therefore,

we present results only for AUC and the Boyce index in the

following text (see Fig. S3 for results based on the remaining

indices).

Out of 107 standard GLMs, the fitted probabilities of 36

models delivered values of zero or one. For these models, we

did not calculate the Boyce index that needs at least three suit-

ability values for calculation (see A3 inAppendix S1). Contras-

tingly, this was not an issue for ESMGLM.

The mean AUC and mean Boyce index for the ESMs were

0!97 (#0!001 SE) and 0!88 (#0!005 SE), respectively. In com-

parison, the three standard SDM techniques and their ensem-

ble prediction corresponded to a mean AUC of 0!93

(#0!003 SE) and a mean Boyce index of only 0!63

(#0!011 SE). Linear mixed-effects models on subsets of the

data showed that ESMs nearly always outperformed their

‘standard’ counterparts (Table 2). The number of species per-

forming better with ESMs compared to standard SDMs varied

between 70 and 107 (Table 3). Differences between standard

techniques and ESMswere particularly pronounced forGLMs

for species with less than 50 occurrences when evaluated by

AUC (Table 2 and Fig. 3). In the group consisting of the spe-

cies that occurred most frequently (n > 50), however, ESMs

were not superior to GBM or Maxent model performances

when evaluated withAUC.

The effects of all fixed factors (i.e. effects of modelling tech-

nique, modelling strategy, number of occurrences and their

two-way interactions) on AUC and the Boyce index were all

highly significant (Table 4). For both evaluation measures,

modelling strategy accounted for a large amount of deviance:

the performance of ESMs was clearly better than that of stan-

dard SDMs, including their ensemble prediction (Fig. 3). The

deviance accounted for by the fixed factor ‘technique’ was con-

siderably lower than for ‘strategy’ (Table 4). However, strat-

egy clearly interacted with sample size: The very rare species

(n ≤ 25) benefited most from the ESM strategy and the gain in

model performance decreased with increasing sample size

(Table 2 and Fig. 3). This benefit was much more pronounced

for the Boyce index than for AUC. Nevertheless, the interac-

tion between modelling strategy and sample size was signifi-

cant for both evaluation measures (P < 0!001; Table 4). For

AUC in particular, the deviance of this interaction was high in

comparison with the other terms fitted in the model. Red List

status was correlated with sample size (Fig. 2), and thus, the

most threatened species were also those with the greatest gain

inmodel performance when ESMswere used.

Our results further showed that, for the standard strategies,

the ensemble prediction performed better than the single mod-

elling techniques (Fig. 3). For ESMs, however, ensemble pre-

dictions did not consistently perform better than ESMs with

Table 2. Differences in model accuracy between ESMs and standard

SDMs

ESMs vs. standard SDMs

n1 n2 n3

AUC

EP 0!022 (#0!005)*** 0!014 (#0!003)*** "0!002 (#0!002)*

GBM 0!035 (#0!009)*** 0!016 (#0!003)*** 0!001 (#0!002)

GLM 0!141 (#0!018)*** 0!089 (#0!015)*** 0!034 (#0!011)**

Maxent 0!029 (#0!008)*** 0!015 (#0!004)*** 0!000 (#0!003)

Boyce

EP 0!245 (#0!025)*** 0!136 (#0!014)*** 0!086 (#0!01)***

GBM 0!284 (#0!017)*** 0!259 (#0!016)*** 0!252 (#0!021)***

GLM 0!417 (#0!053)*** 0!309 (#0!038)*** 0!229 (#0!028)***

Maxent 0!457 (#0!045)*** 0!264 (#0!033)*** 0!194 (#0!026)***

The table shows the average difference between ESMs and standard

SDMs for AUC and the Boyce index, as well as standard errors (in

brackets) and significance levels (***P ≤ 0!001, **P ≤ 0!01,

*P ≤ 0!05). Linear mixed-effects models (type III Wald chi-square

tests) were used to test for differences in model performance (arcsine-

transformed AUC and Fisher z-transformed Boyce index) between

standard SDMs and ESMs using subsets for each modelling technique

(GBM,GLM,Maxent and ensemble prediction (EP)) and class of sam-

ple size (n1 ≤ 25; 25 < n2 ≤ 50; n3 > 50). ESMs performed signifi-

cantly better than standard SDMs, except for species with the highest

number of occurrences for GBM and Maxent model when evaluation

was based onAUC.

Table 3. Number of species (out of 107) which have higher AUC or

Boyce scores with ESMs compared to standard SDMs (see also Table

S1) for the threemodelling techniques and their ensemble prediction

Technique AUC Boyce

EP 70 101

GBM 84 107

GLM 94 70

MAXENT 71 103
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the single modelling techniques. Moreover, the intermodelling

technique variation was much lower for ESMs than for the

standard strategy, that is the predictions of the singlemodelling

techniques were more similar when ESMs were used (Fig. 3

and Fig. S4).

TRANSFERABIL ITY ASSESSMENT

The evaluation of model performance of the transferability

assessment is in line with the above shown evaluation of mod-

els based on the complete data set. Themean 50-fold split sam-

pling AUC for ESMs based on the calibration data set was

0!95 (#0!004 SE) and the mean Boyce index was 0!82

(#0!007 SE) (Fig. S5). The evaluation scores of the standard

SDMs were lower with a mean AUC of 0!92 (#0!007 SE) and

amean Boyce index of 0!62 (#0!02 SE).

Ensembles of small models were always outperforming stan-

dard SDMswhen evaluated on the external evaluation data set

(eastern occurrences; Fig. 4, see also Fig. S6). The mean AUC

for ESMs on the geographically independent data set was 0!89

(#0!007 SE) and the mean Boyce index was 0!60 (#0!027 SE),

whereas for the standard SDMs mean AUC was 0!80

(#0!012 SE) and the mean Boyce index was 0!14 (#0!04 SE).

However, the performance between single modelling techni-

ques was rather heterogeneous for ESMs when evaluation was

based on Boyce index, with Maxent (AUC: 0!89 # 0!013 SE;

Boyce: 0!63 # 0!048 SE), GLMs (AUC: 0!88 # 0!014 SE;

Boyce: 0!68 # 0!045 SE) and EP (AUC: 0!89 # 0!013 SE;

Boyce: 0!61 # 0!053 SE) performing better than GBMs

(AUC: 0!88 # 0!014 SE; Boyce: 0!50 # 0!065 SE).

Discussion

Our results confirm that ESMs based on bivariate models are a

powerful strategy for modelling rare species distributions.

ESMs outperformed standard SDMs as well as their ensemble

predictions, and the rarer the species was, the more pro-

nounced the effect was. These results were found consistently

with threemodelling techniques.

ESMS AND ENSEMBLE MODELS

It is well known that model averaging provides more stabilized

inference and better predictions (Burnham & Anderson 2002).

Usage of ensembles in SDMs is however relatively new (Ara-

!ujo &New 2007), yet the number of studies applying ensemble
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Fig. 3. Evaluation of the species distribution

models using AUC (top) and the Boyce index

(bottom). The number of species occurrences

increases from the left to the right panels. Each

panel is split into the two modelling strategies,

‘Standard’ and Ensemble Small Models

‘ESM’. Each modelling strategy was applied

on three modelling techniques (GLM, GBM

andMaxent), which were averaged to build an

ensemble prediction (EP). There are 37 species

in the group n ≤ 25, 34 species in the group

25 < n ≤ 50 and 36 species in the group

n > 50. The model performance of a single

species is themean of 50 split sample runs.

Table 4. Analysis of deviance table (type IIIWald chi-square tests) of a linearmixed-effectsmodel showing that the performance of themodels, eval-

uated by arcsine-transformed AUC and Fisher z-transformed Boyce index, depended significantly on the three fixed factors: class of sample size n

(n1 ≤ 25; 25 < n2 ≤ 50; n3 > 50), modelling technique (tech; GLM, GBM, Maxent and ensemble prediction) and modelling strategy (standard

SDMs and ESMs). The interactions between the three fixed factors (modelling technique, modelling strategy and number of occurrences) were also

significant. The 107 species were used as random effects

AUC v
2 d.f. Pr(>v2) Boyce v

2 d.f. Pr(>v2)

(Intercept) 8911!6 1 <0!001 (Intercept) 688!2 1 <0!001

tech 16!2 3 0!001 tech 9!8 3 0!021

strategy 111!7 1 <0!001 strategy 166!2 1 <0!001

n 42!1 2 <0!001 n 146!7 2 <0!001

tech:n 24!2 6 <0!001 tech:n 43!1 6 <0!001

strategy:n 190!6 2 <0!001 strategy:n 20!5 2 <0!001

strategy:tech 276!6 3 <0!001 strategy:tech 69!2 3 <0!001
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SDMs has increased sharply within the last few years (e.g.

Marmion et al. 2009; Coetzee et al. 2009; Lomba et al. 2010;

Thuiller et al. 2011), and it has been shown that ensemble

predictions perform better compared to single modelling tech-

niques (Marmion et al. 2009).

Our results are consistent with this finding in that averaged

models perform better than models based on single modelling

techniques: the ensemble predictions of our standard SDMs

performed better than the single modelling techniques

(Fig. 3). Averaging ESMs across model techniques (ESMEP)

however did not further increase model performance (Fig. 3)

and there is thus no need to build ESMEP which are more

complex and more computationally intensive than ESMs

based on a single modelling technique.

We found that ESM quickly come close to their final perfor-

mance (e.g. in terms of AUC), that is model performance

increases asymptotically (Fig. S7). Interestingly, there were

nearly always some combinations of a small subset of bivariate

models that outperformed the full ESM. It would thus be pos-

sible to further optimize the ESM framework by searching for

best subsets of all combinations of bivariatemodels.

Standard SDMs performed poor when the evaluation was

based on the transferability assessment while ESMs were per-

forming much better (Fig. 4). Single ESMs based on Maxent,

GLM and EP were also better performing than ESMs based

on GBMs, at least when they were evaluated by Boyce index.

As a consequence, we recommend the use of ESMMaxent or

ESMGLM for modelling rare or under-sampled species

because they perform well in both internal (i.e. the whole data

set Fig. 3, see also Fig. S5) and external cross-validation (i.e.

the evaluation data set of the transferability assessment

Fig. 4, see also Fig. S6).

Ensembles of small models are not restricted to bivariate

models. Future investigations should also consider uni- or tri-

variate (or higher)models to build ESMs.

MODELLING RARE SPECIES

Although it is well known that modelling rare species is often

problematic in terms of model overfitting and inaccurate

model predictions (Hernandez et al. 2006; Barry & Elith 2006;

Wisz et al. 2008), few studies have paid sufficient attention to

this problem. Maxent has typically been chosen for modelling

rare species (Parolo, Rossi & Ferrarini 2008; Gogol-Prokurat

2011; Niamir et al. 2011; Bean, Stafford & Brashares 2012)

because this technique performs comparatively well with low

sample sizes (Hernandez et al. 2006; Wisz et al. 2008). In our

study, however, standard Maxent models did not perform

better with very rare species than other standard techniques.

Moreover, Maxent ESMs clearly outperformed standard

Maxent SDMs (Fig. 3). The transferability assessment com-

plementarily showed that the best predictions are obtained

when ESMs are implemented with Maxent and GLMs, two

approaches closely related to each other and to traditional sta-

tistics (hence a form of ‘back-to-basics’). GLMs in particular

have already been shown to be superior toGAMwhen project-

ing SDMs to a different area (Randin et al. 2006).

The problems associated with modelling rare species are

often not fully recognized because common evaluation indices

based on presence–absence information, like AUC, generally

give higher scores than presence-only indices, like Boyce,

when the number of presences is low (i.e. the justification for

the Boyce index; Hirzel et al. 2006). The AUC index, one of

the most widely used indices, is known to overestimate the

performance of models calibrated for rare species (Lobo,

Jim!enez-Valverde & Real 2008; Peterson, Papes! & Sober!on

2008; Smith 2013).

Higher AUC values of rare species compared to more com-

mon ones, which were also found with the standard strategy in

our study (Fig. 3), imply excellent model predictions

(AUC > 0!9 according to Ara!ujo et al. (2005)). However, the

trend towards highAUC values for models of rare species does

not hold when the models are evaluated on independent data

(Fig. 4 and Fig. S6). Hence, the limitation of modelling rare

species could remain unnoticed in many studies without a

transferability assessment. Contrary to AUC, rare species per-

formworse compared to the less rare ones when evaluatedwith

the Boyce index (Fig. 3), and we advocate, in line with other

studies (Hernandez et al. 2006), that researchers should not

rely solely on the AUC if no true absences are available.

Instead, we suggest using the Boyce index more systematically,

and choosing ESMswhenmodelling rare species.
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models following a transferability assessment

using AUC (top) and the Boyce index (bot-

tom). For the transferability assessment only

the 34 species in the group 25 < n ≤ 50
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L IMITATIONS

Our study is not without limitations. One first shortcoming of

the ESM approach is its higher computational effort in com-

parison with standard SDM approaches. The current lack of

implementation capability in statistical software, such as R,

has also limited its use so far, but we now provide R scripts

for building ensembles of bivariate models in R (see

www.purl.org/wsl/esm).

Another limitation is that we randomly selected 10 000

background points located throughout the entire area of Swit-

zerland for calibrating the models, and we kept this back-

ground constant for all species. Our 107 target species were

rare and many were restricted to small regions. As a conse-

quence, for some species many background points could be

located far away from presence points, leading to high AUC

values by easily distinguishing the background from presence

points (VanDerWal et al. 2009). Other strategies to select the

background data and the usage of true absence or abundance

data could thus be tested in future assessments of the ESM

approach.

A third limitation is related to the options used to

parameterize the standard SDMs, and especially variable

selection. Our implementation of the ESM approach may

be seen as incorporating a type of variable selection,

through the removal of too poor bivariate models

(AUC ≤ 0!5) and the weighting of the remaining bivariate

models by their performance. However, variables were

never completely eliminated from ESMs (Fig. S1). ESMs

therefore did not reduce the set of variables, like variable

selection based on stepwise regression or using an all subset

approach (which was also tested and confirmed the superior

performance of ESMs; see Figs S8 and S9). ESMs, there-

fore, rather keep each variable but weight them according

to the evaluation of the single small models, comparable to

multi-model inference. Even models based on low sample

sizes include therefore the whole environmental information

which seems to be – besides the reduction of model overfit-

ting – a main reason for the better performance of ESMs.

A last limitation of our study is that we did not assess the

effect of spatial autocorrelation. A common problem of SDMs

is that spatial autocorrelation may bias parameter coefficients

(Dormann et al. 2007), whichmay in turn lead to low transfer-

ability of the predictions to new areas (Segurado, Ara!ujo &

Kunin 2006; Heikkinen, Marmion & Luoto 2012; Wenger &

Olden 2012). Cross-validation methods that randomly select

subsets of test data for model evaluation might therefore sug-

gest accurate models in the presence of spatial autocorrelation,

but transferability to other regions (or time periods) would

then be reduced. The transferability assessments we performed

in this study suggest that if some level of spatial autocorrela-

tion was present in our data, it did not affect the better perfor-

mance of ESM compared to standard ensemble SDMs and

therefore our main conclusions. Due to the characteristic of

rare species with a restricted distribution, the most adequate

way to implement a transferability assessment was in our case

by dividing the data set into two halves, but other types of

transferability assessments could be tested in subsequent ESM

studies.

Conclusions

Ensembles of small models represent a powerful strategy appli-

cable with various standard SDM techniques. The strength of

ESMs is their high performance with small sample sizes, a

characteristic of data for rare and threatened species, or for

elusive species that are hard to detect. The potential of ESMs

was further demonstrated by their ability to predict to indepen-

dent areas. Here, we only tested ESMs with vascular plants,

but ESMs are expected to perform as well with other taxo-

nomic groups. We encourage future studies to use ESMs when

rare species distributions need to be modelled because of their

outstanding performance. In addition to the introduction of

modernmachine-learning techniques, likeMaxent andGBMs,

and the application of averaging single SDM techniques into

ensemble predictions, implementing ESMs and their further

optimization (e.g. allowing inclusion of less or more than two

predictors at a time) should be considered as a next step for

improving species distributionmodels for rare species.
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