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Resumo 

 
A conservação de espécies raras tem crescido como um dos principais focos de 

preocupação para a conservação da biodiversidade a nível mundial, uma vez que 

essas espécies enfrentam um maior risco de extinção. As espécies raras 

caracterizam-se por possuírem uma distribuição restrita, grande especialização em 

termos de habitat e/ou populações pequenas. Os dados relativos à distribuição das 

espécies raras têm geralmente poucas observações, recolhidas ao longo do tempo, 

com limitada precisão espacial, e sem ausências confirmadas. Veronica micrantha 

Hoffmanns. & Link é uma espécie rara, endémica da Península Ibérica e protegida ao 

abrigo da Directiva Habitats. De acordo com o Artigo 17º desta Diretiva, os Estados 

Membros têm obrigação de reportar o estado de conservação de todos os habitats e 

espécies de interesse Comunitário. Este estudo teve como objetivo avaliar a utilidade 

dos modelos preditivos nesta avaliação e na elaboração dos correspondentes 

relatórios, e como ferramenta de apoio a programas de monitorização 

simultaneamente mais eficazes e eficientes. A distribuição potencial de Veronica 

micrantha foi estimada com base em duas abordagens distintas: mínimo polígono 

convexo e modelação ecológica. A primeira resultou numa sobrestimação da área de 

distribuição da espécie, enquanto a última numa projeção mais conservadora, 

certamente mais realista, permitindo ainda identificar as principais variáveis ecológicas 

que mais se relacionam com a distribuição da espécie. À escala regional, que 

corresponde à Península Ibérica e abarca toda a distribuição da espécie, modelámos a 

distribuição da espécie usando apenas variáveis climáticas. À escala sub-regional, no 

Norte de Portugal, adotámos uma abordagem baseada na modelação preditiva 

combinada, com base na calibração de modelos baseados em diferentes conjuntos de 

variáveis ambientais. Os resultados destacam o carácter mais informativo desta 

abordagem, fornecendo uma gama mais ampla de potenciais respostas das espécies 

do que os modelos tradicionais. A abordagem proposta constitui um avanço no estudo 

dos padrões de distribuição de espécies raras, bem como na aplicação de projeções 

mais informativas para melhorar o relato e a monitorização da condição e das 

tendências das espécies raras. 

 
Palavras-chave: Conservação; Espécies raras; Maxent; Mínimo polígono convexo; 

Modelação preditiva combinada; Modelos de distribuição de espécies; Relato; 

Veronica micrantha.  
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Abstract 

 

Rare species are growing as one of the main issues of concern in the effort to conserve 

biodiversity worldwide, since these species are assumed to undergo higher risk of 

extinction. Rare species are characterized by restricted geographic ranges, habitat 

specialization and/or small population sizes. Their distribution datasets usually have 

small numbers of observations, often gathered over long periods of time and of limited 

spatial accuracy, and lack valid absences. Veronica micrantha Hoffmanns. & Link is a 

rare plant species, endemic of the Iberian Peninsula and protected under the EU 

Habitats Directive. Under Article 17 of this Directive, EU Member States are obliged to 

undertake monitoring, assessment and reporting of conservation status for all habitats 

and species of Community interest found within their territory. In this study, we propose 

to evaluate the usefulness of predictive models as a promising alternative approach to 

conventional reporting and as tools to support cost-efficient monitoring programs. 

Reported occurrences of species distribution are used to estimate the potential 

distribution of Veronica micrantha based on two different approaches: minimum convex 

polygon (MCP) and species distribution modelling (SDM). The main difference between 

the two approaches is that the former overestimates the species distribution, whereas 

the latter gives a more conservative, and presumably more realistic, assessment of the 

distribution of the species while also allowing a better understanding of the relationship 

between species distribution and environmental conditions. At regional scale, 

corresponding to the Iberian Peninsula and including the whole range of the species, 

we modelled the distribution of the species using only climatic data. At sub-regional 

scale, in Northern Portugal, where the species is fairly distributed, we applied a 

combined predictive modelling approach, based on fitting SDMs using different sets of 

environmental predictors. Our results highlight the more informative character of this 

approach, providing a wider variety of potential species responses than traditional 

models. Therefore, the proposed approach constitutes a step forward in the study of 

the distribution patterns of rare species, as well as in the use of these more informative 

projections to improve the reporting and monitoring of the condition and trends of rare 

species. 

 

Key words: Combined predictive modelling; Conservation; Maxent; Minimum convex 

polygon; Rare species; Reporting; Species distribution models; Veronica micrantha.  
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1. Introduction 

1.1. The ‘Modern Biodiversity Crisis’ 

Current causes of biodiversity decline 

Biodiversity has been defined as ‘the variability among living organisms from all 

sources including, inter alia, terrestrial, marine and other aquatic ecosystems and the 

ecological complexes of which they are part, including diversity within species, between 

species and of ecosystems’ (Secretariat of the Convention on Biological Diversity 

2010). The relevance of the concept ‘biodiversity’ derives from its multidimensional 

character. Biodiversity underpins all natural ecosystems as well as the services they 

provide for human well-being, e.g. security, basic material for a good life, health, good 

social relations, and freedom of choice and action (Millennium Ecosystem Assessment 

2005). In this context, only multidimensional assessments of biodiversity can provide 

deeper insights relating changes in biodiversity to shifts in ecosystem functioning and 

services, as no feature of Earth is more complex, dynamic, and varied than the layer of 

living organisms that occupy its surfaces, and no other feature is experiencing more 

dramatic change at the hands of humans (Millennium Ecosystem Assessment 2005; 

Díaz et al. 2006).  

Human societies have been built on biodiversity and as a result have benefited from 

the conversion of natural ecosystems to human-dominated ecosystems and from the 

exploitation of biodiversity (Millennium Ecosystem Assessment 2005). At the same 

time, however, these gains have been achieved at growing costs in the form of losses 

in biodiversity, degradation of many ecosystem services, and the exacerbation of 

poverty  in some regions (Millennium Ecosystem Assessment 2005; Díaz et al. 2006). 

The Convention on Biological Diversity (CBD, 1992; www.cbd.int) defined biodiversity 

loss to be ‘the long-term or permanent qualitative or quantitative reduction in 

components of biodiversity and their potential to provide goods and services, to be 

measured at global, regional and national levels’ (CBD COP VII/30). Although there is 

no universal indicator that accurately reflects changes in biodiversity in different 

ecosystems at different spatial scales, the indicators that do exist suggest that 

biodiversity is being lost at local and global levels at an escalating and unprecedented 

rates (Hanski 2005; Millennium Ecosystem Assessment 2005).  

Changes in biodiversity, expressed in ecosystems, are known to be the result from 

multiple, interacting drivers, with one pressure often exacerbating the impacts of 

http://www.cbd.int/
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another, that work across spatial, temporal, and organizational scales at which they 

affect ecosystem services and human well-being. Moreover, these drivers vary in their 

importance within and among systems and in the extent to which they are increasing 

their impact (Millennium Ecosystem Assessment 2005; Secretariat of the Convention 

on Biological Diversity 2010). The most relevant drivers known to act directly on 

biodiversity loss and ecosystem service changes are habitat change, climate change, 

biological invasions, overexploitation of natural resources, and pollution. Furthermore, 

there is little evidence that any of these drivers are slowing or that any are well 

controlled at the large to global scale (Millennium Ecosystem Assessment 2005; 

Secretariat of the Convention on Biological Diversity 2010). In the short term, habitat 

loss is probably the most important threat to biodiversity, whereas in the long term 

climate change is likely to be an increasingly important factor (Armsworth 2004).  

The loss and degradation of natural habitats represents the most relevant single source 

of pressure on biodiversity that operates locally, nationally and globally, with 

recognized impacts in all groups of animals and plants (Hanski 2005; Secretariat of the 

Convention on Biological Diversity 2010). At the European level, for example, the 

conservation assessments of species and habitats highlight that changes in habitats 

represent the greatest pressure to nearly 70% of the species evaluated as threatened 

(EEA 2010b). According to Armsworth et al. (2004), losses of habitat can be attributed 

to land conversion, which occurs when a given area is converted from a wild or semi-

wild state to agriculture or urban development (for terrestrial ecosystems, habitat loss is 

largely accounted for by conversion of wild lands to agriculture, which currently 

accounts for some 30% of land globally (Millennium Ecosystem Assessment 2005; 

Secretariat of the Convention on Biological Diversity 2010)); land degradation, when 

human activities reduce the quality of habitat without destroying it completely, which 

results in a reduced ability to support biological communities; and land fragmentation, 

that expresses the breaking-up of habitats into discontinuous and isolated patches, 

thereby increasing the patchiness of habitat in an otherwise hostile anthropogenic 

habitat. Habitat fragmentation is mostly caused by natural disturbance (such as fires or 

wind) or by land use changes and habitat loss, such as the clearing of natural 

vegetation for agriculture or road construction, which divides previously continuous 

habitats (Millennium Ecosystem Assessment 2005). 

As there is great variability within ecosystems, their services, and human well-being in 

space and time, the delay between the scale of the driver and the scale of its effects 

can be highly variable; for instance, the time from habitat loss to species extinctions 

can result in time lags of decades or even centuries (Millennium Ecosystem 
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Assessment 2005). More significantly, the long-term consequences of habitat loss and 

landscape fragmentation may be much more far-reaching than expected because there 

are no previous examples of comparable global environmental changes in human 

history, and any theoretical predictions are complicated by the possibility of drastic 

qualitative changes in the functioning of global ecosystems once critical threshold 

values in the state of the environment have been passed (Hanski 2005).  

Climate change impacts on biodiversity have already been recognized as significant for 

current biodiversity levels and ecosystems, and as responsible for changes in species 

distributions, population sizes, periods of reproduction or migration events, and 

increases in the frequency of pest and disease outbreaks (Millennium Ecosystem 

Assessment 2005), and it is expected to become an increasingly significant threat in 

the coming decades (Secretariat of the Convention on Biological Diversity 2010). By 

the end of the century, climate change and its impacts are expected to be the dominant 

drivers, with direct and worldwide impacts on biodiversity loss and changes in 

ecosystems services, and it is expected that many species will be unable to keep up 

with the pace and scale of projected climate change, with an increased risk of 

extinction, both locally and globally (Secretariat of the Convention on Biological 

Diversity 2010).  

As ecosystems are expressing the negative impacts of current changes in climate, 

major losses on biodiversity are projected to occur under the expected scenarios of 

climate change and their capacity for adaptation will be greatly affected by the intensity 

of other pressures that continue to be imposed (Secretariat of the Convention on 

Biological Diversity 2010). In addition to warmer temperatures, higher frequencies for 

extreme climatic events (e.g. changing patterns of rainfall and drought) are expected to 

have relevant impacts on biodiversity. While some ecosystem services may initially 

benefit from temperature or precipitation increase, projected to occur according to the 

most accepted scenarios, as future climatic conditions turn more severe significant 

harmful impacts on ecosystem services worldwide are also expected. Changes in 

climatic conditions during the twenty-first century, combined with land use changes and 

the spread of invasive alien species, are likely to limit both the capability of species to 

migrate and their ability to persist in fragmented habitats (Millennium Ecosystem 

Assessment 2005). Therefore, it has potentially serious impacts on the resilience of 

ecosystems, particularly those that are already at, or close to, their extremes of 

temperature and precipitation tolerances (Secretariat of the Convention on Biological 

Diversity 2010). 
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Initiatives for halting biodiversity loss 

The worldwide rate and scale of biodiversity loss demands concerted international 

actions. The CBD is one of the three ‘Rio Conventions’ emerging from the Earth 

Summit, held in Rio de Janeiro in 1992, and has now been indorsed by the 

overwhelming majority of countries (European Comission 2006b; Secretariat of the 

Convention on Biological Diversity 2010), thus representing an essential part of the 

effort to preserve all aspects of biological diversity (Secretariat of the Convention on 

Biological Diversity 2000). Even so, nearly two decades after the Convention, 

progresses towards the conservation and sustainable use of biological diversity are far 

from sufficient. Despite governments have made ambitious commitments to 

substantially reduce the rate of biodiversity loss worldwide, attention to environmental 

problems was diverted by a series of economic crises, budget deficits, and local and 

regional conflicts (Secretariat of the Convention on Biological Diversity 2000). As a 

result, even if in recent decades a growing awareness of biodiversity decline has led to 

improved commitments, policies and practices for the conservation and sustainable 

use of biodiversity, multi-scale assessments show that still there is a large proportion of 

habitats and species with an unfavourable conservation status (EEA 2010a). 

In 2001 (Göteborg European Council, 2001), the European Union set itself the 

ambitious target to halt biodiversity loss in its territory by 2010. In 2002 (Johannesburg 

World Summit on Sustainable Development, 2002), the world’s leaders agreed upon a 

less ambitious goal ‘to achieve a significant reduction in the rate of biodiversity loss by 

2010 (Hanski 2005; COM 2010; Secretariat of the Convention on Biological Diversity 

2010).  By adopting the 2010 target, which was considered to be the most significant 

conservation agreement of the early 21st century (Balmford et al. 2005), governments 

have explicitly recognized the value of biodiversity, setting goals for its conservation as 

a global priority, and holding themselves accountable (Balmford et al. 2005).  

The magnitude of the challenge of halting the rate of biodiversity loss is clear when 

considering the fact that most of the direct drivers of biodiversity loss are projected to 

either remain constant or to increase in the near future (Millennium Ecosystem 

Assessment 2005; Butchart et al. 2010). Projections for the impacts of global changes 

on biodiversity point to the maintenance and often the acceleration of species 

extinctions, loss of natural habitat, and changes in the distribution and abundance of 

species, species groups and biomes (Leadley et al. 2010; Mace et al. 2010; Pereira et 

al. 2010; Secretariat of the Convention on Biological Diversity 2010). This current 

escalating of biodiversity loss has been named as the ‘Modern Biodiversity Crisis’ and 

is considered a major problem for current and future human well-being, sustainable 
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development, and poverty reduction (Millennium Ecosystem Assessment 2005; Díaz et 

al. 2006; Secretariat of the Convention on Biological Diversity 2010). Also, there are 

widespread thresholds, amplifying feedbacks and time-lagged effects leading to ‘tipping 

points’, or abrupt shifts in the state of biodiversity and ecosystems (Secretariat of the 

Convention on Biological Diversity 2010), that make the impacts of global change on 

biodiversity hard to predict, difficult to control once they begin, and slow, expensive or 

impossible to reverse once they have occurred (Secretariat of the Convention on 

Biological Diversity 2010), which further highlights the pressing need for conservation 

actions and intensified efforts (EEA 2010a). 

The failure to meet the 2010 target provided an opportunity to adopt a new strategic 

plan and set time-bound targets to stimulate the action required that could fill the gaps 

of the 2010 targets (Secretariat of the Convention on Biological Diversity 2010; Ortiz 

2011). In 2010 (Aichi-Nagoya COP 10 CBD, 2010), the Parties to the CBD adopted a 

revised and updated Strategic Plan for Biodiversity, including the Aichi Biodiversity 

Targets, for the 2011-2020 period, with the purpose of inspiring broad-based actions to 

support biodiversity over the next decade (UNEP 2010; Ortiz 2011). It aims to ‘take 

effective and urgent action to halt the loss of biodiversity in order to ensure that by 

2020 ecosystems are resilient and continue to provide essential services, thereby 

securing the planet’s variety of life and contributing to human well-being, and poverty 

eradication’. The Strategic Plan serves as a flexible framework for the establishment of 

national and regional targets and promotes the coherent and effective implementation 

of the objectives of the CBD (UNEP 2010; Harrop 2011). It comprises twenty 

achievable targets, the so called Aichi Targets (http://www.cbd.int/sp/targets/), under 

five strategic goals. The plan’s new goals and targets for achievement by 2020 are 

designed to have the effects described in its vision, condensed in the phrase: ‘Living in 

Harmony with Nature’, where ‘(…) by 2050, biodiversity is valued, conserved, restored 

and wisely used, maintaining ecosystem services, sustaining a healthy planet and 

delivering benefits essential for all people (…)’ (UNEP 2010; Harrop 2011).  

Achieving the Aichi Targets will require a real collective effort that addresses the 

drivers of biodiversity loss at both international and national level. At the European 

level, the EU also set a post-2010 target for biodiversity towards a long-term vision for 

2050 in order to address these issues and reverse the trends of biodiversity loss and 

ecosystem degradation (COM 2010). In early 2010 (European Council, 2010), EU 

Environment Ministers adopted the Headline Target of halting biodiversity loss and 

degradation of ecosystem services and restoring them, in so far as feasible, by 2020, 

while stepping up efforts to prevent global biodiversity loss (COM 2010; EEA 2010a).  
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Strategies for reducing biodiversity loss: Rare species in focus 

The 2010 biodiversity target has helped to stimulate important action to safeguard 

biodiversity, such as creating more protected areas and the conservation of targeted 

species and ecosystems. Yet, considerable gaps remain in the protection of 

biodiversity through more effective actions. This suggests that, with adequate 

resources and political will, there are available tools for halting biodiversity loss at 

broader scales (Millennium Ecosystem Assessment 2005; Secretariat of the 

Convention on Biological Diversity 2010). At the European level, Natura 2000 is the 

centrepiece of the European Union's nature and biodiversity policy. It is an EU‑wide 

network of nature protection areas, established under the 1992 Habitats Directive and 

the 1979 Birds Directive, which enables all the Member States to work together, within 

the same legal framework, to conserve Europe’s most endangered and valuable 

species and habitats across their entire natural range within the EU (EEA 2010b; 

European Union 2011). It now covers 17% of the EU's territory and is the largest 

network of protected areas in the world (COM 2010). 

Despite there are indications that the status of some targeted species and habitats 

have improved in parts of the EU, assessments (e.g. under Article 17 of the Habitats 

Directive) at various scales show that a large proportion of habitats and species have 

an unfavourable conservation status. In particular, 70% of species of European interest 

linked to agro-ecosystems and 76% of all habitats have an unfavourable conservation 

status (EEA 2010a). Furthermore, Europe has significant areas of 'High Nature Value' 

(HNV) farmland and forestry, associated with high biodiversity values, providing a 

habitat for a wide range of species. Such farmland may be characterised by a high 

proportion of semi-natural vegetation with a mosaic of low intensity agriculture and 

semi-natural structural elements, and, in some cases, supporting rare species whose 

numbers may sometimes represent a high proportion of the European or world 

populations (EEA 2010a; EEA 2010b). For instance, to predict the distribution of rare 

plant species in Finland, heterogeneity of the landscape was positively correlated with 

rare species richness (Luoto 2000). Indeed, most European species listed as 

threatened in the IUCN Red List are narrow-ranged, as species usually become rare 

before going extinct (Fontaine et al. 2007). Rarity should then be considered when 

choosing indicator species for the assessment of the biodiversity targets, as well as in 

defining conservation areas, in the sense that it is a major determinant of a species’ 

likelihood of extinction (Brooks et al. 2006; Fontaine et al. 2007). 
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1.2. Rare species – concept and assessment 

1.2.1. Determinants of species rarity 

One of the main difficulties in the evaluation of a species rarity is that there’s no widely 

accepted definition, and the issue is still controversial (Gaston 1994; Broennimann et 

al. 2005; Luiselli 2006). There have been several attempts to define rarity, but the most 

well-known and widely accepted one was the proposed by Rabinowitz (1981). 

According to Rabinowitz (1981), species become rare by a variety of pathways, and the 

ecological and evolutionary consequences of rarity are also diverse. In this approach, 

the geographic range, the habitat specificity, and the local abundance (population size) 

of species were included for the definition of rarity, even if geography, history, and 

biology were also highlighted as relevant as inducing species vulnerability (Knapp 

2011). Species with narrow environmental niches typically have small geographic 

ranges, which in turn is often associated with lower local abundance and thereby a 

small total population size (Williams et al. 2009b). The combination of these factors 

results in eight forms of rarity, where species fulfilling two or three of the criteria being 

particularly rare; and those fulfilling none of the criteria (i.e., having large range, large 

local population sizes and broad habitat requirements) being common species 

(Rabinowitz 1981). Consequently, rare species are by far the most at risk of extinction 

(Broennimann et al. 2005; Fontaine et al. 2007), and this may be particularly important 

in zones where human pressure and land use intensity (e.g. agriculture) had increased 

the most (Aitken et al. 2007). 

Rare species are those with the most restricted geographic distribution, and the 

availability of suitable habitats limits its distribution across landscapes. Furthermore, 

species which are geographical restricted can also be highly restricted in their habitat 

requirements which are often strongly correlated with specific environmental variables 

(Aitken et al. 2007), increasing their vulnerability because a single change in the habitat 

can have devastating effects on such species (Fontaine et al. 2007; Williams et al. 

2009b). Thus, local persistence of restricted endemic rare species mainly occurred in 

habitats where human activities may have been continuously limited, such as in 

heterogeneous and inaccessible zones of natural and semi-natural landscapes, where 

they are less likely to suffer from land-use intensity and changes (Luoto 2000; 

Lavergne et al. 2005). Furthermore, because these areas are important habitats for 

many threatened species, they are also well suited for conservation biology studies 

(Luoto 2000). 
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Assessments of conservation status at the species level are generally performed using 

the International Union for Conservation of Nature (IUCN) Red List criteria (see 

Appendix V). First published in 1994, with both the categories and criteria reviewed and 

improved several times since to achieve higher levels of objectivity and transparency in 

assessing the conservation status of species, the IUCN criteria have been developed 

to improve consistency and understanding among users (IUCN 2011a). The categories 

used in the Red List range from Least Concern (LC), Extinct in the Wild (EW), to 

Extinct (EX), and include a category of Data Deficient (DD) in order to highlight taxa for 

which information is not sufficient to make a sound assessment of the conservation 

status. The five criteria for evaluation are (i) declining population (past, present, or 

future); (ii) a measure of geographic range (including its fragmentation, decline, or 

fluctuation); (iii) small population sizes and fragmentation, decline, or fluctuation; (iv) 

very small population size or very restricted distribution; and (v) a quantitative analysis 

of extinction risk. In order to list a species, only one of these five criteria needs to be 

met, but they should all be considered (Knapp 2011). 

Geographic distribution is presently the most important criterion to decide if a species is 

endangered or not, which reflects the overriding importance given to this criterion in the 

definition of the IUCN categories. However, habitat rarity and small population size also 

contribute to making a species prone to extinction. Since species with a high degree of 

rarity usually undergo a severe risk of extinction, the use of rarity classifications could 

complement Red Lists as tools to identify species deserving priority in conservation 

action (Broennimann et al. 2005). 

 

1.2.2. Why conserve rare plant species? 

Setting priorities for conservation is fundamental and its purpose is to recognize areas 

where there is greatest need and where the payoff from conservation management 

measures would also be greatest (Williams et al. 1996). Identifying and protecting such 

‘biodiversity hotspots’ has thus become a central focus among conservationists (Reid 

1998). Biodiversity hotspots, as defined by Myers et al. (2000), are ‘areas featuring 

exceptional concentrations of species richness, with exceptional concentrations of 

narrow endemic species and experiencing exceptional loss of habitat’. In recent years, 

stimulated by an increasing awareness of the magnitude of human impacts on the 

environment, concerns for the conservation of rare species have become a popular 

issue, which has been at the forefront in conservation planning (Adam 2002; Matern et 

al. 2007). Rare species are a component of biodiversity, and there’s a pressing need to 
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develop research on the determinants for rare species distributions in order to 

understand and manage all biodiversity components, but also to meet society’s 

aspirations (Adam 2002). 

Worldwide, hotspots, as concentrations of rare or threatened species, have been 

recognized and its relevance for conservation acknowledged (Prendergast et al. 1993). 

There are other types of hotspots, featuring species richness, levels of endemism, and 

intensity of threat (Myers et al. 2000). But because hotspots of rarity constitute areas 

particularly rich in species with the most restricted distribution ranges, they have 

increasingly being used to help set priorities for conservation (Williams et al. 1996; 

Reid 1998).  

The Mediterranean Basin is one of the world’s major hotspots for plant diversity, where 

10% of all vascular plant species can be found in an area representing only 1.6% of the 

Earth’s surface (Médail et al. 1999; Myers et al. 2000; Comes 2004). The origin of such 

high degree of plant richness and endemism is generally traced to biogeography, 

climatic history, eco-geographical heterogeneity, and human influence (Comes 2004). 

In fact, this area has many highly differentiated patterns and land-use practices in 

space and time within its complex and heterogeneous landscapes, which constitute 

both a refuge area and one that encourages floral exchange and active plant speciation 

(Médail et al. 1999).  

The Iberian Peninsula constitutes one of the richest centres of biodiversity in the 

Mediterranean hotspot (Médail et al. 1999; Pascual et al. 2011), hosting almost 50% of 

European plant and terrestrial vertebrate species and with more than 30% of endemic 

species (Araújo et al. 2007a), with many of them considered to be endangered or rare 

(Domínguez Lozano et al. 1996). This is due to its considerable orographic and climatic 

diversity, geomorphological and soil complexity, its extreme south-western European 

location, with the north and north-western part of the Iberian Peninsula belonging to the 

Eurosiberian region, while the rest is part of the Mediterranean region, and its marked 

isolation produced by insularity of the ‘peninsular effect’ (Domínguez-Lozano et al. 

2000). 

Although the hotspot approach seems to meet the need to represent areas of high 

biological value that are under severe threat (Williams et al. 1996; Kareiva et al. 2003), 

its value for setting conservation priorities has been questioned by some authors (e.g. 

Reid 1998; Kareiva et al. 2003; Orme et al. 2005) who have argued that hotspots for 

different taxa do not coincide well with one another, that hotspots often miss rare 

species, and that major animal groups could be lost by focusing too much attention to 

endemic plants. So why place so much emphasis on plant diversity? Commonly, 
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because they reflect the complexity and uniqueness of ecosystems and because the 

worldwide available data tend to be more complete for plants than for animals (Médail 

et al. 1999; Kareiva et al. 2003). Indeed, plants constitute the basis of all life on Earth, 

although our knowledge of plant extinctions and vulnerabilities still needs to be 

consolidated, aiming the implementation of effective conservation measures (Davies et 

al. 2011; Knapp 2011). For instance, of all assessed species in different categories of 

extinction risk on the IUCN Red List, nearly 25% are plant species at a particularly high 

risk (Secretariat of the Convention on Biological Diversity 2010). Furthermore, the 

failure of these species-rich areas to capture rare species is known to be scale 

dependent because, at fine scales of resolution, areas of high richness or endemism 

are less likely to include species that share narrower habitat requirements (Prendergast 

et al. 1993; Reid 1998). 

 

1.2.3. Assessment of conservation status  

Range measures for assessing rare species 

Assessing the vulnerability of narrowly distributed species, geographic range size and 

how it changes through time plays a key role in categorizing species according to their 

extinction risk, including listing on the IUCN Red List of threatened species and on the 

European Red List (Gaston et al. 2009; Knapp 2011). Often, the only data available for 

estimating species’ ranges are presence records, the result of opportunistic records, 

sightings and specimen collections (Burgman et al. 2003). 

Over the past few years, the International Union for Conservation of Nature (IUCN) has 

published Red Lists documenting the inexorable slide towards extinction of species 

(Davies et al. 2011). One of the most important parameters used in the IUCN criteria 

for assessing the conservation status of species is the extent of occurrence (EOO), as 

well as the area of occupancy (AOO). The IUCN (1994; 2001) defines the extent of 

occurrence as the area that lies within the outermost geographic limits that encompass 

all the known, inferred or projected sites of present occurrence of a taxon, whereas the 

area of occupancy is defined as the area within those outermost limits over which the 

species actually occurs (Gaston et al. 2009). Furthermore, the IUCN (2001) states that 

these measures should not include discontinuities or disjunctions within the overall 

distributions of taxa, such as large areas of obviously unsuitable habitat.  
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The minimum convex polygon 

The distributions of species can be calculated from various methods, including 

calculation of the area that lies within a minimum convex polygon, or convex hull, 

encompassing all the occurrences of a species (e.g. Preatoni et al. 2005; Miller et al. 

2007; Sérgio et al. 2007; Sheth et al. 2008); or statistical modelling approaches that 

combines observations of species occurrences at sites with environmental and/or 

spatial characteristics of those sites (e.g. Papeş et al. 2007; Solano et al. 2007; Parolo 

et al. 2008; Thorn et al. 2009).  

The IUCN (1994; 2001) recommended the use of a minimum convex polygon (MCP) 

for measurement and assessment of distributional range. It is the smallest polygon in 

which no internal angle exceeds 180 degrees and which contains all the sites of 

occurrence. Minimum convex polygons are easy to compute from coordinate data, 

particularly in circumstances in which presence-only data are the only kind of spatially 

explicit data available, a common situation with rare species (Burgman et al. 2003). 

Area estimates from minimum convex polygons are used in two ways. The first is in the 

evaluation of thresholds for extent of occurrence. The second use is for inferring trends 

in range. For example, a species is classified as critically endangered under the IUCN 

(1994; 2001) rules if its extent of occurrence is less than 100 km2 or if data suggest a 

reduction in extent of occurrence of more than 80% in the last 10 years. The European 

Commission also recommends this method (minimum convex polygon) to calculate the 

range of habitats and species (European Comission 2006a), despite ensuring that, due 

to the large differences in both ecology and available information, an examination of 

the most appropriate method for determining range will be necessary for each habitat 

and species. 

Because minimum convex polygons are constructed around the most extreme points in 

a given space, it is possible that area estimates derived from them may be biased. The 

bias increases with sample size, and is affected by the underlying shape of the species 

habitat, the magnitude of errors in locations, and the spatial and temporal distribution of 

sampling effort. These errors may affect both area statements and estimates of trends 

(Burgman et al. 2003). The convex polygon provides a consistent and substantial 

overestimation of species ranges and a reduced precision in estimates of species 

ranges, it is not capable of consistently breaking the polygon into several discrete 

polygons when it spans an uninhabitable region, and yields a polygon with a very 

coarse level of resolution by convexity on its outer surface that will depart from the 

actual species range. Thus, if species occupy very small spatial scales relative to the 
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errors implicit in location data, such as rare and geographically restricted plants, then 

the results will be sensitive to location error (Burgman et al. 2003).  

In search of a better method, Burgman and Fox (2003) proposed using α-hull 

generalization of the convex hull, which involve producing Delauney triangulations of 

the data and then removing all sides that are α times longer than the median of the 

original sides. Like the MCP, this method does not explicitly reveal high and low density 

use areas or clusters of points in cores. Also, in applications to real data, the α-hull 

leave some points hanging outside the area they bound, resulting in area estimates of 

home ranges that are often too conservative (Getz et al. 2004). Overall, there is little to 

recommend convex polygons for range estimation. Different studies have revealed that 

the MCP method introduces unpredictable bias into the estimates of range size, and 

that biases may be very substantial, even when errors in the location of observations 

are small (Burgman et al. 2003; Börger et al. 2006; Nilsen et al. 2008), particularly for 

species with punctual or disjoint distributions (Solano et al. 2007). Yet, these methods 

continue to be widely used. The reason for this might be the ease of calculating areas 

from MCPs (Burgman et al. 2003; Getz et al. 2004).  

 

Using species distribution models 

In comparison to these approaches, maps of species distributions derived from species 

distribution models (SDMs) are superior for conservation planning because they allow 

added ecological and evolutionary insights (Elith et al. 2009) by distinguishing suitable 

and unsuitable environments for populations within the extent of occurrence, and 

therefore can give a better picture of the current species distribution (Sérgio et al. 2007; 

Solano et al. 2007; Thorn et al. 2009). For instance, in their study of Polianthes species 

in Mexico, Solano and Feria (2007) proposed the use of ecological niche models to 

estimate a more realistic assessment of the area of distribution of the species, and thus 

more objectively assign their risk status. They compared three different approaches to 

measure the area of distribution of this genus to assess the risk of species extinction 

(area of occupancy, extent of occurrence, and ecological modelling) and compared the 

species distributions with protected areas. Although all methods tested agreed about 

the species area of distribution, their results show that the area of occupancy sub-

estimated species distributions, while the extent of occurrence over-estimated them. 

They conclude by applying the use of ecological modelling to improve the assessment 

of current species distributions.  
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1.3. Research objectives and structure of the thesis 

 

In this study we review the different approaches to determining the geographic 

distributions of rare species, the measurement of their range sizes, the relationships 

between the two, and other difficulties posed by range size measurement. In this 

context, the objective of this research is to evaluate the usefulness of predictive models 

to improve the reporting and monitoring on the condition and trends of rare endangered 

species. More specifically, predictive models are evaluated as a promising alternative 

(or complementary) approach to conventional reporting and as tools to support cost-

efficient monitoring programs. This model-assisted approach is illustrated with Veronica 

micrantha, an endangered Iberian endemic plant, by calibrating predictive models at 

two scales coincident with reporting and management levels: a regional scale, 

corresponding to the Iberian Peninsula and including the whole range of the species; 

and a sub-regional scale, corresponding to the North of Portugal, where the species is 

fairly well distributed. 

To accomplish these objectives, the thesis is organized into six sections (Figure 1). The 

first section (Introduction) presents the general thematic framework of the research in 

the context of the key challenges for biodiversity conservation planning, namely the 

importance of biodiversity monitoring schemes to achieve conservation goals; this 

introductory framework is followed by the objectives and structure of the thesis (current 

section). A second section (State-of-the-art in species distribution modelling) 

provides a literature review of the current state of knowledge concerning the application 

of species distribution models in conservation planning and management. The third 

section (Methods) describes the proposed analytical framework, including the test 

species, test areas, selection of environmental drivers and modelling approach. A 

fourth section (Results) presents the most important results of the analyses, devoted 

to the study of the effects of using species distribution models to report on rare species 

and how it may affect decisions about resource allocation for monitoring in space and 

time. The next section (Discussion) provides an evaluation of results framed by the 

state-of-art as well as a set of guidelines and recommendations for improving the 

monitoring and reporting of rare endangered species. The sixth and final section 

(Conclusions) closes the thesis with an integrative synthesis and recommendations 

for future research. 
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Figure 1. Schematic overview of the thesis. Arrows indicate the workflow direction and relations between sections.  

SDM stands for Species Distribution Modelling. 
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2. Biodiversity modelling for conservation and 

management 

2.1. Species Distribution Models (SDMs) 

 

In recent years, predictive modelling of species distribution has become an increasingly 

important tool to address various issues in ecology, biogeography, evolution, and more 

recently also in conservation biology and climate change research (Araújo et al. 2004; 

Guisan et al. 2005; Thuiller et al. 2005; Elith et al. 2006; Elith et al. 2009). Identifying 

the geographical patterns of distribution of rare or endangered species is crucial for 

understanding how human activities threaten biodiversity, and ultimately for prioritizing 

sites or species to preserve (Prendergast et al. 1993; Lavergne et al. 2005).  

Species distribution models (hereafter SDMs) attempt to provide detailed predictions of 

distributions of species by relating field observations to environmental predictor 

variables, based on various ecological hypotheses relating environmental factors to the 

distribution of species and communities (Guisan et al. 2000; Elith et al. 2006). Species 

data can be simple presence, presence-absence or abundance observations, based on 

random or stratified field sampling, or then observations obtained from literature, 

museum and herbarium records (Guisan et al. 2005; Elith et al. 2006; Elith et al. 2007). 

Environmental predictors can exert direct or indirect effects on species, arranged along 

a gradient from proximal to distal predictors, according to the position of the predictor in 

the sequence of processes that link the predictor to its impact on the species (Austin 

2002). These relationships between species and their overall environment can cause 

different spatial patterns to be observed at different scales, often in a hierarchical way 

(Pearson et al. 2004; Guisan et al. 2005; Lomba et al. 2010). The effectiveness of the 

different methods for modelling species’ distributions depends of several factors, such 

as the quantity and quality of occurrence data, the choice of environmental predictors, 

the species’ ecological characteristics, the scale of analysis, and biotic interactions 

(Stockwell et al. 2002; Thuiller et al. 2004; Börger et al. 2006; Hernandez et al. 2006; 

Araújo et al. 2007b; Guisan et al. 2007a; Guisan et al. 2007b; McPherson et al. 2007; 

Graham et al. 2008; Peterson et al. 2008; Pöyry et al. 2008; Sheth et al. 2008; Wisz et 

al. 2008; Franklin et al. 2009; Seo et al. 2009). 

No single method is currently considered to perform better in every condition, although 

some methods consistently outperform others (Elith et al. 2006). In general, methods 
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with higher performance are able to express the complex relationships that exist in the 

data including interactions between environmental variables (Elith et al. 2006). Among 

the best performing methods, Maxent (Phillips et al. 2006) has been one of the most 

used because it generally has high predictive performance even with a small number of 

occurrence records (Elith et al. 2006; Hernandez et al. 2006; Pearson et al. 2007; Wisz 

et al. 2008; VanDerWal et al. 2009). Other advantages of Maxent include operating 

with presence-only data sets and allowing the inclusion of categorical predictors 

(Gogol-Prokurat 2011).  

 

2.2. The influence of spatial scale 

 

Multiple-scale habitat assessment for rare species is an important component of 

conservation planning (Wu et al. 2000). Understanding the theory and processes 

driving the observed distribution patterns is essential to avoid a mismatch between the 

scale used for modelling and the one at which key processes occur (Guisan et al. 

2005). It is becoming increasingly apparent that the factors that best explain patterns of 

biodiversity seem to be highly dependent on spatial scale, with factors operating at a 

finer scale being subordinated to factors operating at a larger scale (Milbau et al. 

2008). Hence, by associating scale domains to those environmental predictors 

identified as having dominant control over species distributions may provide the 

solution required. Thus, predictors that best account for species richness on a local 

spatial scale may not be the same as those accounting for richness at regional spatial 

scales (Willis et al. 2002; Guisan et al. 2005). For instance, a gradual distribution 

observed over a large extent and at coarse resolution is likely to be controlled by 

climatic regulators, whereas patchy distribution observed over a smaller area and at 

fine resolution is more likely to result from a patchy distribution of resources, driven by 

micro-topographic variation, disturbances or habitat fragmentation (Guisan et al. 2005). 

Indeed, climatic conditions are expected to define the area that can be occupied by a 

species at both global and local scales. But distributions of rare plant species are also 

often associated with specific vegetation types, and including land-cover data has been 

shown to significantly improve the explanatory power of models of plant distributions, 

enabling regions with suitable climate but unsuitable land-cover to be identified 

(Pearson et al. 2004; Gogol-Prokurat 2011; Vicente et al. 2011). Therefore, although 

large-scale factors are generally dominant, small-scale factors are indispensable to 

make precise predictions on a smaller spatial scale (Milbau et al. 2008).  
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Despite potential benefits are acknowledged, since modelling the distribution of species 

richness or individual species may profit from a hierarchical approach, assessment of 

habitat distribution and suitability for rare plant species at multiple spatial scales is 

often lacking (Willis et al. 2002). These models can improve spatial allocation of 

conservation efforts and resources, and facilitate strategic planning to minimize 

impacts on rare plant resources and potential land use conflicts (Wu et al. 2000). For 

instance, the use of fine-grained environmental predictors at a local scale for rare 

plants can result in smaller total areas of habitat predicted as suitable, improving the 

usefulness of predictions for conservation planning (Gogol-Prokurat 2011). Care must 

then be taken to ensure that these areas of highest conservation priority are sufficiently 

large, well connected and well replicated to promote long-term persistence of the 

diversity they encompass (Ferrier et al. 2002). 

 

2.3. The ‘rare species modelling paradox’ 

 

In order to preserve biodiversity worldwide, there is a pressing need to determine how 

human activities and climate change may threaten the distribution of the species that 

are assumed to undergo the highest risk of extinction, not only for monitoring purposes 

but also for prioritizing sites or species to preserve and prevent further loss (Lomba et 

al. 2010). Therefore, gathering ecological knowledge and distribution data is of 

particular importance for these species, but paradoxically the scientific literature is in 

deficit of rare species modelling studies (Engler et al. 2004; Aitken et al. 2007; Lomba 

et al. 2010). Rare plants could additionally be expected to be modelled with greater 

accuracy than more common and generalist species (Elith et al. 2006; Franklin et al. 

2009). Rare species, as habitat specialists, restricted and uniquely adapted to one or 

few specific habitat types, allow modellers to realistically capture a large part of their 

ecological niche and allow addressing questions related to the causes of rarity (Lomba 

et al. 2010). However, modellers often lack information on the overall potential or 

realized distributions of their targeted species (Thuiller et al. 2004). 

Data on rare species usually have few observations, limited spatial accuracy and lack 

of valid absences (Lomba et al. 2010), and consequently relatively few predictive 

models have been applied to rare and endangered species (Engler et al. 2004). These 

limitations of rare species datasets make the application of the usual statistical 

approaches more difficult. However, at the same time rare species are the most in 

need of predictive distribution modelling, for both monitoring and conservation 
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management purposes. Lomba et al. (2010) refer to this contrasting situation as the 

‘rare species modelling paradox’. 

Modelling the distribution of rare species, either naturally rare or as a result of human 

impact, remains a challenge, despite the great methodological progresses recently 

achieved (Engler et al. 2004; Elith et al. 2006; Guisan et al. 2006; Hernandez et al. 

2006; Lomba et al. 2010; Gogol-Prokurat 2011), due to the lack of synthetic information 

on rare species ecology, of effective approaches for habitat assessment at multiple 

spatial scales, and of spatial data for relevant environmental attributes and scales (Wu 

et al. 2000; Wisz et al. 2009; Lomba et al. 2010). However, it is essential to incorporate 

habitat assessment for rare plants into conservation planning and management, to 

minimize destruction of their habitats and maximize the effectiveness of mitigation 

efforts, but also help to reduce land use conflicts and development costs through 

improving spatial designs of development projects (Wu et al. 2000; Aitken et al. 2007). 

 

2.4. The effects of using pseudo-absences  

 

Despite their potential for conservation planning and management, few examples of 

habitat-modelling studies for rare and endangered species exist in the literature (Engler 

et al. 2004). Paucity of data and lack of valid absences are the probable reasons, and 

so these datasets are often assumed as problematic and inadequate for most statistical 

modelling methods (Zaniewski et al. 2002; Engler et al. 2004). By adapting presence-

absence methods to model presence-only data, using samples of the background 

environment (random points throughout the study area), or of areas designated as of 

‘pseudo-absence’, one is able to apply a broad set of methods that are promising, 

especially for rare species (Elith et al. 2006).  

Pseudo-absences are meant to provide a comparative dataset to enable the conditions 

under which a species occurs to be contrasted against those where it is absent 

(VanDerWal et al. 2009). The methods for selection of such points include: random 

(e.g. Stockwell 1999); random with geographic-weighted exclusion (e.g. Hirzel et al. 

2001); random with environmentally weighted exclusion (e.g. Zaniewski et al. 2002); 

and absences inferred from locations that have been visited (i.e., occurrences for other 

species) but where the target species was not recorded (e.g. Elith et al. 2007). Even 

so, the easiest way to select pseudo-absences is simply to generate them totally at 

random over the study area and to use them in the model as absence data for the 

species (Engler et al. 2004; Wisz et al. 2009). However, this method has one important 

limitation related to generating absences in areas that might coincide with locations 
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more favourable for the species. This affects the calculation of probability of presence, 

and consequently models built with random pseudo-absences are expected to have 

poorer fit and lower predictive performance than models built with real absences (Wisz 

et al. 2009). Indeed, when working with rare species, data are often scarce and 

choosing a wrong absence could significantly reduce the appropriateness and 

accuracy of model predictions when extrapolating the species distribution across time 

and space (Engler et al. 2004; VanDerWal et al. 2009). Nevertheless, random creation 

of pseudo-absences has proved to be a successful strategy to overcome the limitations 

of presence-only datasets, increasing the number and accuracy of eligible modelling 

techniques (e.g. Lomba et al. 2010). 

 

2.5. Applying SDMs in conservation planning  

 

In the future, in order to enhance the progress toward biodiversity conservation, it will 

be necessary to improve our capability to predict the consequences of changes in the 

main drivers of ecological change for biodiversity, ecosystem functioning and services, 

together with improved measurements of biodiversity, to aid decision-making at all 

levels (Millennium Ecosystem Assessment 2005). Species distribution modelling is 

used increasingly in conservation planning and management to predict how species 

are distributed and to understand attributes of species’ environmental requirements. 

This is particularly the case for endangered species, for which knowing what 

determines their distribution is a necessary precursor for schemes to mitigate decline 

or to create new populations through reintroduction (Rushton et al. 2004). 

The fact that rare species do not constitute an ecologically and biologically consistent 

assemblage makes it difficult to provide information for their conservation. First, all 

species which are rare in a given region and in a given date may have experienced 

contrasting histories of population dynamics (some may have persisted as rare species 

over a long period of time, while other rare species may result from more recent and 

abrupt rarefaction); second, at regional scales plant species response to environmental 

factors can differ according to their biogeographic affinities or their geographical range 

size (Lavergne et al. 2005). 

The application of SDMs in conservation planning has increased substantially in recent 

years (Guisan et al. 2005). Indeed, particular emphasis has been put on the use of 

SDMs at multiple spatial scales for the assessment of forecasted climate change 

impacts on patterns of biodiversity (e.g. Thomas et al. 2004; Thuiller 2004; Vicente et 
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al. 2011) and to support conservation planning and management (e.g. Ferrier et al. 

2002; Araújo et al. 2004). SDMs also allow the prediction of sites of different suitability 

within the predicted distribution of the species, which in turn can be used to select sites 

where the species persistence is more likely (e.g. Araújo et al. 2000; Aitken et al. 2007; 

Gogol-Prokurat 2011). They also allow the reconstruction of past species distributions 

(e.g. Carnaval et al. 2008; Pearman et al. 2008; Nogués-Bravo 2009) and the 

prediction of future species’ ranges (e.g. Pearson et al. 2004; Thuiller et al. 2005a; 

Hannah et al. 2007). Indirect applications of SDMs to conservation planning include 

their ability to predict invasion and proliferation of exotic species (e.g. Thuiller et al. 

2005b; Broennimann et al. 2007; Roura-Pascual et al. 2009; Vicente et al. 2011), to 

identify areas of possible expansion or reintroduction of endangered species (e.g. 

Cianfrani et al. 2010; Hebblewhite et al. 2011), and to improve the efficiency of 

sampling for rare species (e.g. Guisan et al. 2006; Singh et al. 2009; Le Lay et al. 

2010). SDMs can even be used to assist the conservation of species that have not yet 

been described (Bini et al. 2006; Possingham et al. 2007). However, despite the 

usefulness of predictive models, caution is needed in their application because all 

models are an attempt to summarize complex distributional patterns with a reduced set 

of predictor variables, and will inevitably contain some degree of mismatch between 

their predictions and the actual distribution of species (Barry et al. 2006). 

Predictive modelling applied to rare species at a scale close to the patch size of its 

distribution can be a potentially powerful tool (Trani 2002; Aitken et al. 2007). It can be 

used to guide surveys targeted at unknown populations, to indicate site suitability for 

restoration and reintroduction efforts, to predict impacts of habitat degradation, and to 

provide a framework for further research on specific physiological requirements (Wiser 

et al. 1998; Aitken et al. 2007). For instance, Araújo et al. (2004) assessed the ability of 

existing reserve-selection methods to  preserve species in a climate-change context 

using predicted species distribution data from SDMs. Given the many conflicts between 

rare species conservation and economic development, it is imperative to understand 

the current status and distribution of populations of rare species as a means to design 

efficient, large-scale conservation strategies that successfully target the most 

extinction-prone taxa in an efficient and representative manner (Farnsworth et al. 

2006). 
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2.6. Species distributions and the reporting process 

 

In order to achieve the goals described in the previous section, the parties to the 

Convention on Biological Diversity (CBD) are required to develop national biodiversity 

strategies and action plans, and to integrate these into broader national plans for 

environment and development, and to report on how effective the country is meeting its 

biodiversity goals (Secretariat of the Convention on Biological Diversity 2000). These 

reports are submitted to the Conference of the Parties (COP). The national reports, 

particularly when seen together, are one of the key tools for tracking progress in 

meeting the Convention’s objectives (Secretariat of the Convention on Biological 

Diversity 2000). 

The Habitats Directive is the central piece of the European Union legislation on 

biodiversity conservation (Diaz 2001). Adopted almost simultaneously with the 

Convention on Biological Diversity, it introduced the obligation to preserve habitats and 

species of Community interest, as well as to report the progress made with the 

implementation of such Directive. Specifically, Article 17 states that Member States 

shall draw up a report about the progress made with the implementation of the Habitats 

Directive every six years, from which the Commission must produce a composite report 

(The Council of the European Communities 1992). The national reports are to contain, 

in particular, information on the implementation of the measures taken under the 

Directive, as well as an evaluation of the impact of these measures on the conservation 

status of the natural habitat types of Annex I and the species in Annex II. Annexes I 

and II contain respectively the types of natural habitats and species whose 

conservation require the designation of special areas of conservation, to enable those 

habitats and species to be maintained or restored at favourable conservation status in 

their natural range (The Council of the European Communities 1992). The national 

reports should also include the main results of surveillance activities required under 

Article 11 of the Directive, which states that Member States shall undertake 

surveillance of the conservation status of these habitats and species, with particular 

regard to priority natural habitats types and priority species. The information should be 

assembled (or be able to be assembled) to provide assessments of the conservation 

status of all the habitats and species of Community interest (COM 2004). The 

European Commission shall then produce a composite report on overall progress 

achieved based on the national reports, including an evaluation of the progress made 

and the contribution provided by the Natura 2000 network towards the accomplishment 
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of the conservation of natural habitats as well as of habitats of species (European 

Comission 2009).  

However, because international political borders rarely coincide with natural ecological 

boundaries (Rodrigues et al. 2002; López-Hoffman et al. 2009), neighbouring 

countries, such as Portugal and Spain, must be aware of their joint responsibility in the 

protection of habitats and species at risk in order to make recovery and protection 

efforts more efficient and effective (Abbitt et al. 2000). Integral in this effort is the issue 

of transboundary species, i.e., species whose ranges include more than one country 

(Abbitt et al. 2000). Such species (such as our test species, Veronica micrantha) could 

be used as examples for transboundary reporting, because they would greatly benefit 

from communication and exchange between national environmental agencies. This 

approach could be used to frame conservation in terms of mutual interests between 

countries, considering a diversity of stakeholders, and to create conservation strategies 

that have the potential to protect those vulnerable species whose ranges include more 

than one country (Abbitt et al. 2000; López-Hoffman et al. 2009). 

The European Commission proposed a general reporting format for the period 2007 to 

2012 (European Comission 2011b), which defines the information required for reporting 

the conservation status of each species covered by Annex II, IV and V of the Directive 

on a biogeographic level (see Appendix I); and the methods and criteria on how to 

assess the conservation status of each species on that same biogeographic level (see 

Appendix IV). However, despite the reporting guidelines agreed upon by the Habitats 

Committee, the coverage of the national reports is quite variable, with some far more 

complete than others. Due to the lack of data and, where data are provided, to the lack 

of standards in the approaches to reporting, the information provided in the reports 

does not allow an evaluation of the impact that measures may have had on the 

conservation status of habitats and habitats of species (COM 2004).  
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3. Methods 

3.1. Test species and distribution data 

 

Veronica micrantha Hoffmanns. & Link is an herbaceous perennial plant from the 

Scrophulariaceae family (Figure 2). V. micrantha presents densely pubescent and 

ascending stems with 25-70 cm. The leaves, with 10-40 × 60-30 mm, are oblong-

lanceolate to ovate, crenate-sawn and sessile or with short petioles. Flowers are 

arranged in axillary bunches up to 22 cm long and with peduncles 1-8 cm long. The 

calyx, with 4-6 mm, is almost always greater than the fruit (capsule). The corolla, 6-8 

mm in diameter, is white having a purple to pale ring. Flowering usually occurs from 

May to July, but it can occur earlier in warmer and/or Mediterranean areas, and later in 

colder and/or Atlantic areas. Pollination is mostly entomophilous (i.e. by insects). The 

species does not seem to have a specific strategy of seed dispersal, probably using the 

dispersal by wind, water and animals that eat the seeds (endozoochoric dispersal) to 

carry the seeds away from the parental plant. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Veronica micrantha is endemic to the north-western and central-western regions of the 

Iberian Peninsula, being found in Portugal and Spain. In Portugal, it occurs 

occasionally in the regions of Minho, Trás-os-Montes, Beiras and Douro Litoral (ICN 

(b) (a) 

Figure 2. Veronica micrantha: stem and leaves (a), and inflorescence with flowers and fruits (b). 
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2006; CIBIO 2010), being particularly abundant in the mountainous areas at the 

transition between the Atlantic and Mediterranean macroclimates. The species always 

occurs in very low numbers and in the form of widely scattered populations (CIBIO 

2010). The area of occupancy in Portugal has been estimated as 20 060.0 km² (based 

on a 10x10 km grid) (Commission of the European Communities 2009; for more details 

see Appendix II). In Spain, it can be found in the provinces of A Coruña, Lugo, 

Ourense, León, Zamora, Salamanca, Cáceres and Ávila (Bañares et al. 2011), and its 

area of occupancy has been estimated as 3 020.34 km² (10x10 km grid) (Commission 

of the European Communities 2009; for more details see Appendix III). 

Regarding its ecology and habitat requirements, the species occurs in open spaces of 

deciduous forests, dry heaths and herbaceous communities of forest fringes, preferring 

shaded stands with humid soils (Commission of the European Communities 2009). In 

Portugal, it is found in oak woods and their edges, between 500 and 1070m of altitude, 

in areas with moderate slopes (up to 15º) (ICN 2006). In Spain, it occurs in forest 

edges and grasslands (Bañares et al. 2011). This plant grows in the following habitat 

types listed in the Habitats Directive (Commission of the European Communities 2009): 

4030 - European dry heaths 

9160 - Sub-Atlantic and medio-European oak or oak-hornbeam forests of the Carpinion 

betuli 

9230 - Galicio-Portuguese oak woods with Quercus robur and Quercus pyrenaica 

9260 - Castanea sativa woods 

 

Concerning its Legal Protection, Veronica micrantha is listed in Annexes II and IV of 

Directive 92/43/EEC (The Habitats Directive), which was transposed into national law 

via Portuguese Decree-Law No. 140/99 of 24th April (Annexes B-II and B-IV). In 

Portugal, it is considered “Endangered" because it has a small area of occurrence, the 

number of individuals is very small, the populations are severely fragmented and 

decreasing trends have been observed in population sizes (ICN 2006; Commission of 

the European Communities 2009). In recent years new (sub-)populations have been 

found, particularly in the municipality of Vila Pouca de Aguiar, however almost all are 

composed of a small number of individuals (CIBIO 2010). In Spain, it is included as 

species with “Protección Especial” in the national list of species in regime of special 

protection of Spain, as species "De interés especial" in the regional catalogue of 

threatened species of Extremadura, and as "Vulnerable" in the catalogues of Galicia 
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and Castilla y León. It is listed as VU B2ab(iii) in the Spanish Red List (Moreno Saiz 

2008). 

Although considered a species of community interest under the Habitats Directive 

92/43/EEC (The Council of the European Communities 1992), this species is, in 

general, very poorly known, its assessment reports are incomplete and its conservation 

status has not been accurately assessed at the national level in Portugal. Therefore its 

conservation status remains “Unknown” for both the Atlantic and the Mediterranean 

biogeographic regions (Commission of the European Communities 2009). The IUCN 

lists the species as “Vulnerable” because the populations are small and severely 

fragmented and because regressive patterns have been observed in its distribution, 

number of populations, extent and quality of its habitat, mainly due to inappropriate 

forestry practices (IUCN 2011b). In Portugal, the loss of oak forests led to a decline in 

the populations of V. micrantha. The growth of urban and road networks also affects 

this species (ICN 2006). In Spain, general forestry management, artificial planting and 

burning have been reported as the most significant threats to the habitat of the species 

(Commission of the European Communities 2009). Overgrazing and trampling due to 

grazing species have been also reported as a threat (Bañares et al. 2011).  

 

Occurrence records for V. micrantha were gathered from public databases available 

online, such as the Anthos project (http://www.anthos.es/; 2011),  from data compiled 

as part of the Habitats Directive - Article 17 reporting process (Commission of the 

European Communities 2009), and from field campaigns performed during year 2011. 

The low detectability of the target species makes it particularly difficult to survey, mainly 

because of its inconspicuous flowering and the great resemblance to other species with 

which it shares the habitat. The final species database consisted of presence-only 

records from 142 known geographical locations. We only used confirmed observations, 

where geographic accuracy was equal or better than the grain resolution of 

environmental variables in order to avoid the use of imprecise distributional information, 

yet ensuring that the whole geographic and environmental range of species was 

represented in the database. These records were then aggregated in two spatial grids 

with distinct cell size: 100 km2 for the Regional Scale (Iberian Peninsula) and 1 km2 for 

the Sub-Regional Scale (Northern Portugal), resulting in 77 observations for the 

coarser scale and 46 observations for the finer scale (Figures 3b and c, respectively). 

The spatial aggregation of data was performed in ArcGIS (ESRI 2011). 

 

http://www.anthos.es/
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3.2. Test areas and environmental predictors 

 

Our modelling approach includes the calibration of models at two scales and by using 

two distinct spatial contexts: a regional scale, corresponding to the Iberian Peninsula 

and including the whole range of the species; and a sub-regional scale, corresponding 

to the North of Portugal, where the species is fairly distributed (Figure 3).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The Iberian Peninsula was selected as study area for the whole range of the test 

species, since Veronica micrantha is known to be an Iberian endemic species, reported 

from both Portugal and Spain (Commission of the European Communities 2009; for 

more details see Appendix II and Appendix III). The continental Iberian Peninsula is 

situated in the extreme south-west of Europe (bounded by 9º32’ to 3º20’E and 35º56’ 

to 43º55’N). With an area of 582 860km2, it includes the mainland territories of Portugal 

and Spain. It is bordered to the south and east by the Mediterranean Sea and to the 

north and west by the Atlantic Ocean. The Pyrenees and the Strait of Gibraltar 

separate the region from the remainder of Europe and Africa, respectively. The Iberian 

landscape is dominated by a central plateau known as the Central Meseta. The higher 

peak in the Iberian Peninsula is located in Sierra Nevada, with 3478 m above sea level. 

The major rivers run from east to west, and there are also several smaller rivers in the 

north-western and northern coastal plains, which drain directly into the Atlantic Ocean. 

Figure 3. The Iberian Peninsula in the European context (a), known 10x10 km occurrences for V. micrantha in the 

Iberian Peninsula (b), and confirmed 1x1 km occurrences of the species in the North of Portugal (c). 
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The rivers of the Mediterranean coast and south-western Iberia mostly have seasonal 

water availability. The dominant climate type of the Peninsula is Mediterranean, 

characterized by hot dry summers and mild wet winters, but in the north and north-west 

the climate is more humid and mild, influenced by the proximity to the Atlantic Ocean. 

Precipitation is higher in these areas, particularly in winter months. 

The Iberian Peninsula is included in the Mediterranean biodiversity hotspot (Myers et 

al. 2000) and it is acknowledged as one of the major glacial refugia of biodiversity in 

Europe (Comes 2004; Gómez et al. 2007), where many endemic species occur  

(Médail et al. 2009). Additionally, this region presents also one of the highest 

concentration of High Nature Value farming areas in Europe (Lomba et al. 2011). 

Northern Portugal, located in the north-west part of the Iberian Peninsula, was selected 

as study area for the sub-regional scale, and it includes a large network of protected 

areas and sites of Community importance (e.g. Parque Nacional da Peneda-Gerês, 

Parque Natural de Montesinho, Parque Natural do Litoral Norte, Parque Natural do 

Alvão, and Parque Natural do Douro Internacional). The choice was based on the focal 

area of the SIMBioN project (Sistema de Informação e Monitorização da 

Biodiversidade do Norte de Portugal; 2008-2010), which resulted from a partnership 

between CIBIO-UP and ICNB, and provided a general model for the monitoring of 

habitats and biodiversity on a sub-regional scale, developed for Northern Portugal, 

within the framework of the ICNB legal obligations with regard to the conservation, 

management and reporting on the status of national biodiversity (Honrado 2011). It 

covers an area of approximately 22 000 km2 (hereinafter referred to as the “SIMBioN 

area”), in the transition between the Atlantic and Mediterranean climates. Elevation 

ranges from coastal lowlands to highlands over 1500m above sea level, with valleys of 

major rivers running from east to west. The variability in environmental conditions 

results in a large variety of vegetation types and land uses, with the dominance of 

forest and semi-natural areas, as well as agricultural areas (Caetano et al. 2009). 

The environmental predictors used in the distribution models for each scale (regional 

and sub-regional) were selected according to their a priori ecological relevance for our 

research goals and on the previous ecological knowledge available for the test species 

(Table 4). 
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Table 1. Environmental predictors selected to model habitat suitability for V. micrantha at regional and sub-regional 

scales. 

 

Data on climatic predictors were obtained from the WorldClim dataset 

(http://www.worldclim.org/; Hijmans et al. 2005), with a spatial resolution of about 1km2. 

The data was resampled in ArcGIS (ESRI 2011) to a 10km2 cell size to reflect the 

spatial accuracy of the occurrence data for the regional model. For the sub-regional 

model, a cell size of 1km2 was established.  

Predictor Description 
Cell 
size 

Source 

Regional scale 
 

C
li

m
a
ti

c
 v

a
ri

a
b

le
s
 

Tannual Annual mean temperature 100km2 www.worldclim.org  

TDR Mean temperature diurnal range 

TWetQ 
Mean temperature of the wettest 

quarter 

TWarQ 
Mean temperature of the warmest 

quarter 

Pannual Annual precipitation 

Pseas Precipitation seasonality 

PWarQ Precipitation of the warmest quarter 

Sub-regional scale 
 

C
li

m
a
ti

c
 v

a
ri

a
b

le
s
 Tannual Annual mean temperature 1km2 www.worldclim.org  

Tseas Temperature seasonality 

Pannual Annual precipitation 

PDriestM Precipitation of the driest month 

Pseas Precipitation seasonality 

L
a
n

d
s
c
a
p

e
 v

a
ri

a
b

le
s
 

pAnnCrop Percentage cover of annual crops  www.igeo.pt 

MPS Mean patch size 

SWIlu Local diversity of land cover types 

pCambis Percentage of cambissoils http://e-geo.ineti.pt/ 

RivDens Density of local hydrographic network - 

http://www.worldclim.org/
http://www.worldclim.org/
http://www.worldclim.org/
http://www.igeo.pt/
http://e-geo.ineti.pt/
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To fit the model parameters, besides climatic predictors we explored the possible 

effects of predictors related to soils, topography, land use and landscape structure. We 

also divided the variables into two groups, ‘climatic variables’ and ‘landscape 

variables’, corresponding to predictors knowing to influence biodiversity patterns at 

regional and sub-regional/local scales, respectively (Vicente et al. 2011). All predictors 

were previously tested for pair-wise correlations using the Spearman’s rank correlation 

test (a non-parametric test), and only those with a correlation coefficient lower than 

0.85 were considered (Elith et al. 2006; Elith et al. 2010) (Table 2 and Table 3). These 

analyses were performed with STATISTICA 10.0 (StatSoft 2011). A set of seven 

variables were finally selected to fit the models at the coarser scale, whereas ten 

variables (five ‘climatic’ plus five ‘landscape’) were used to fit the models at finer 

resolution.  

Table 2. Spearman rank pair-wise correlation coefficients for the predictors used in the distribution modelling for V. 

micrantha in the Iberian Peninsula. 

 

Table 3. Spearman rank pair-wise correlation coefficients for the predictors used in the distribution modelling for V. 

micrantha in Northern Portugal. 

 
Tannual TDR TWetQ TWarQ Pannual Pseas 

TDR -0.20 
 

TWetQ 0.81 -0.14 
 

 
TWarQ 0.76 0.21 0.53 

 

Pannual 0.12 -0.82 0.06 -0.40 

Pseas 0.53 -0.66 0.30 0.22 0.71 
 

PWarQ -0.22 -0.59 -0.08 -0.74 0.79 0.21 

 Tannual Tseas Pannual PDriestM Pseas pAnnCrop MPS SWIlu pCambis 

Tseas -0.30         

Pannual -0.04 -0.85        

PDriestM -0.32 -0.58 0.69       

Pseas 0.06 -0.36 0.55 0.04      

pAnnCrop 0.31 -0.59 0.40 0.39 0.08     

MPS 0.18 -0.19 0.15 0.19 0,00 -0.05    

SWIlu 0.15 -0.15 0.04 0.13 -0.02 0.45 -0.12   

pCambis -0.42 0.24 -0.00 0.14 0.25 -0.11 -0.03 -0.06  

RivDens -0.19 -0.07 0.21 0.01 0.26 -0.44 0.01 -0.64 0.01 
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3.3. Analytical framework 

 

The IUCN criteria are of uttermost importance to assess the conservation status, and 

therefore to determine the risk of extinction of both habitat types and species (Mace et 

al. 2008). Such criteria, related to aspects of population loss and decline of range size, 

include: a) declining population; b) geographic range and continuing decline; c) small 

population size and continuing decline; d) very small or restricted populations; and e) 

quantitative analyses (IUCN 2001; for more details see Appendix V). One of the most 

important criteria in assessing the threat status of a species is based on its geographic 

range (criterion B) (e.g. Purvis et al. 2000; Broennimann et al. 2005). The geographic 

range of a given species can be defined according to its extent of occurrence and to 

the area of occupancy. The extent of occurrence (EOO) is defined as the area 

contained within the shortest continuous imaginary boundary which can be drawn to 

encompass all the sites of current occurrence of a taxon. The area of occupancy 

(AOO) is defined as the part of EOO occupied by a taxon (IUCN 2011a).  

In order to fulfil the requirements of the Article 17 reporting format, the range, 

population size, and habitat for a given species are parameters required to assess its 

conservation status (European Comission 2011a). According to the guidelines supplied 

by the EC (2011a), the recommended method for estimating the range when reporting 

on conservation status is the minimum convex polygon (MCP; the smallest polygon in 

which no internal angle exceeds 180 degrees and which contains all the sites of 

occurrence (IUCN 2011a)). However, for some species and habitats there are enough 

data that can be used to model their potential range, thus exploring the relationships 

between the species’ distribution and environmentally meaningful factors. In such 

context, here the application of ecological modelling techniques was used with the 

ultimate goal of estimating the potential distribution for Veronica micrantha in a 

hierarchical two-scale framework. 

We compared three different approaches to characterize the geographic distribution of 

the target species: the area of occupancy, the range or extent of occurrence; and the 

suitable habitat for the species. The area of occupancy was determined by 

superimposing a uniform grid (10 x 10 km at the regional level, and 1 x 1 km at the sub-

regional level) against the distributional data of species presence, and counting the 

number of occupied cells. The species range, i.e. the area within which the species is 

found at the present time, was assessed as the area encompassed by a convex 

polygon defined by all known occurrences recorded for the study area and correctly 

georeferenced for each scale. Such information should be provided under field 2.3.1 
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‘Surface area of range’ (see Appendix I). Habitat area occupied by the targeted species 

should be reported in field 2.5.1 ‘Area estimation’ (see Appendix I), according to one of 

the categories: complete survey or a statistically robust estimate; estimate based on 

partial data with some extrapolation and/or modelling; or estimate based on expert 

opinion with no or minimal sampling, according to the guidance. Here, the distribution 

of the suitable habitat for the species was assessed based on ecological modelling 

techniques, and then by summing the number of cells where the species was predicted 

to occur. Moreover, a convex polygon enclosing at once all occurrence points and all 

cells where the species was predicted to occur was created and compared against the 

results gathered by the ecological modelling procedure. All analyses were carried out 

at two different spatial scales: the regional scale (10 x 10 km grid), coincident with the 

Iberian Peninsula; and a sub-regional scale (1 x 1 km grid), coincident with the 

SIMBioN area, in Northern Portugal.  

For V. micrantha, a transboundary plant species endemic to the Iberian Peninsula, 

Portugal and Spain are encouraged to undertake a common assessment and to agree 

on data and assessments, but to report the results separately (European Comission 

2011a). In cases where two or more countries have made a joint conservation status 

assessment for a transboundary population of a species, this should be noted under 

field 2.8.3 ‘Transboundary assessment’ (see Appendix I). The following data should 

also be reported in the referred field: Member States involved in the assessment; 

parameters assessed (usually range, population and habitat for the species); and any 

joint initiatives taken to ensure a common management on the species. The 

assessment of the potential species distribution, based on the minimum convex 

polygon at the regional scale, was undertaken according to two methods (Figure 4). In 

the first method (Method 1; M1), the species’ area of distribution was determined using 

the occurrences recorded in Portugal and Spain individually. In the second method 

(Method 2; M2), the area of distribution was assessed using all known Iberian 

occurrences, and then cutting the predicted distribution according to the border 

between the two countries. Furthermore, these two procedures were also implemented 

based on potential distributions predicted by SDMs. 
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Figure 4. Framework for the approach used to assess the species’ range based on known distribution data. For each 

country, the species’ area of distribution was assessed using two different methods: in the first method (M1), as the area 

encompassed by a minimum convex polygon (MCP) enclosing the occurrences recorded only within each country 

individually; in the second method (M2), as the area encompassed by a MCP using all known Iberian occurrences, and 

then clipping the predicted distribution according to the border between Portugal and Spain. For illustration, the shown 

maps are those obtained for Portugal. 

 

3.4. Model fitting and evaluation 

 

Maximum entropy (Maxent; Philips et al. 2004; 2006) was the technique applied to 

develop the species distribution models (cf. Figure 7 and Figure 10). Currently, this is 

one of the most popular methods used in species distribution modelling (Pearson et al. 

2007; Monterroso et al. 2009; Williams et al. 2009a; Torres et al. 2010), as it does not 

require data on species absence and its predictive power has been proven to 

outperform other modelling methods (Elith et al. 2006; Hernandez et al. 2006; Wisz et 

al. 2008; Williams et al. 2009a; Braunisch et al. 2010). This approach was considered 

the most suitable for this study considering the fact that, by default, Maxent choses a 
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set of absence records selected uniformly at random from the background pixels, in 

place of true absences (Phillips et al. 2006). Maxent estimates the area where a 

species is most likely to occur by determining the distribution of maximum entropy that 

is closest to the uniform, although subject to the restriction that the expected value of 

each environmental variable of this distribution must be equivalent to its empirical 

average (Phillips et al. 2006). 

For the ecological niche modelling analysis, following the recommendations of Pearson 

et al. (2004) and Lomba et al. (2010), we combined climate and landscape data at two 

distinct scales of influence (Figure 5 and Figure 6). The (bio)climatic variables were 

used at 10 km2 for the regional scale (Iberian Peninsula) and at 1 km2 for the sub-

regional scale (i.e. Northern Portugal). Landscape data was included only at the sub-

regional scale. Also, at the sub-regional scale an approach similar to the one described 

by Vicente et al. (2011) was applied, by combining two partial models, fitted using 

either ‘regional’ (i.e. climatic) or ‘sub-regional/local’ (i.e. landscape) predictors (Pearson 

et al. 2004; Milbau et al. 2008; Lomba et al. 2010), into a final prediction map including 

all the four possible combinations of predictions (Table 4). Type A corresponds to 

areas where both climatic and landscape partial models predict presence; type B 

includes areas where only landscape partial models predict presence and where 

climatic partial models predict absence; type C corresponds to areas where partial 

climatic models predict presence and landscape partial models predict absence; and 

type D corresponds to areas where both climatic and landscape partial models predict 

absence (Table 4; for details see Vicente et al. 2011).  

 

Table 4. Combined modelling framework, with all the possible combinations for environmental suitability (adapted from 

Vicente et al. 2011). 

 

Climatic model 
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Type C Type D 

Suitable climate conditions 

but unsuitable local habitat 

Unsuitable climate conditions 

 and local habitat 
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Although these four combinations of predictions do not formally represent classes of 

probability of occurrence, we assume that the probability of occurrence is maximum in 

type A, where both climate conditions and local habitat are suitable, and reaches a 

minimum value in type D, where both climate conditions and local habitat are 

unsuitable (Vicente et al. 2011). All sub-regional models were fitted using the same 

response variables (species occurrences) and using the same grain and extent (1 km2). 

 

Figures 5 and 6 illustrate the modelling frameworks applied to estimate the potential 

distribution of V. micrantha at regional and sub-regional scales, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Modelling framework used to assess the area of distribution for V. micrantha at the regional scale (Iberian 

Peninsula). Environmental and species data were used at a 10 km
2
 resolution. Habitat suitability maps were obtained as 

result from the Maxent software, and were reclassified into binary maps, i.e. habitat is either favourable (the species is 

predicted to be present) or not (the species is predicted to be absent). 
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Figure 6. Modelling framework used to determine the area of distribution for V. micrantha at the sub-regional scale 

(North of Portugal level). Environmental and species data were used at 1 km resolution. Habitat suitability maps were 

obtained as result from the Maxent software, and were reclassified into binary maps, i.e. habitat is either favourable (the 

species is predicted to be present) or not (the species is predicted to be absent). For the combined models, the two 

partial maps were combined to provide a final map containing the four response types results: regional and local 

suitability (A), only local suitability (B), only regional suitability (C), and no suitability (D).  

 

Maxent models were calibrate by applying the default “auto features” option, the 

recommended values for the convergence threshold (10-5), and the maximum number 

of iterations (500) (Phillips et al. 2008). Following these authors’ recommendations the 

logistic output format was selected as it addresses the probability of occurrence 

(ranging from 0-1) to each cell in the study region. 

Maxent enables the calibration of a given model multiple times, presenting as outcome 

the average from all models fitted. Overall, by using such feature in combination with a 

certain portion of the data for testing, it enables the ability to test for the model 

performance while taking advantage of all available data without the need for an 

independent dataset and provides a way to measure the amount of variability in the 

model. Here, we applied cross-validation as replication approach, by randomly splitting 

the occurrence data into a number of equal-size groups (the “folds”). Cross-validation 

was selected as it uses all of the data for validation, thus being more suitable in the 
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case of small datasets (Friedlaender et al. 2011). We set 100 as number for replicates 

and each training model was fitted by eliminating each fold in turn. The eliminated folds 

were then used to test the performance of the training models.  

The predictive accuracy of the model was assessed by splitting the dataset so that the 

model was calibrated using 75% of the observed species data (training data) and 

evaluated for predictive accuracy using the remaining 25% of the data (test data). 

Model accuracy was assessed through the area under the curve (AUC), which is a 

threshold-independent measure to evaluate the predictive power of the distribution 

model (Fielding et al. 1997; Pearman et al. 2008). An AUC value of 0.5 indicates that 

the model predictive discrimination is no better than a random guess, whereas a 

perfect discrimination between suitable and unsuitable cells will achieve the best 

possible AUC of 1 (Elith et al. 2006). For presence-only data, AUC can be interpreted 

as the probability that the model assigns a higher score to a randomly chosen 

presence site than to a randomly chosen background site in which the presence of the 

species is unknown (Phillips et al. 2008). Jackknife was used to assess the importance 

of each environmental variable as driver for V. micrantha distribution across Portugal 

and Spain. 

Finally, the obtained Maxent models were reclassified in order to reflect an estimate of 

probability of species presence in each grid cell to zero (species absence) or one 

(species occurrence) (cf. Figure 7 and Figure 11). Thus, cells with values equal or 

higher than 50% of probability of occurrence were considered as presenting suitable 

habitat for the species, whereas cells with values below it were not (predicted 

absences) (Stockwell et al. 2002; Liu et al. 2005; Wisz et al. 2009; Torres et al. 2010).  
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____________________________________________________ 

1
 Average values are those provided by Maxent outputs and expressed as (mean±SD) (Phillips et al. 2006). 

4. Results 

4.1. Reporting on whole species distribution 

4.1.1.  Model performance and predictions 

 

The geographic range of Veronica micrantha was estimated through the analysis of the 

outputs from the climatic models for the Iberian Peninsula. Overall, the most suitable 

areas were predicted to occur in the north-western part of the Iberian Peninsula, in 

agreement with the known occurrences for the species (Figure 7). As the average 

value for the predictive accuracy (expressed as AUC values) of all obtained regional 

models was 0.94±0.011, our results are considered excellent (cf. Swets 1988; Thuiller 

et al. 2003). The minimum values for training and test AUC observed were 0.95±0.01 

and 0.91±0.02, respectively (Table 5), meaning that most of the individual models also 

had a good fit. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Habitat suitability map representing the potential distribution of Veronica micrantha in the Iberian Peninsula at 

a 10 x 10 km resolution. The species’ presence probability was determined with Maxent and converted to a binary map 

by applying a threshold of 0.5 (Liu et al. 2005), to mimic a real presence/absence pattern. 
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Individual contributions of each environmental variable are summarized in Table 5. 

From the seven climatic predictors used for model fitting, ‘mean temperature of the 

wettest quarter’ (TWetQ) was the most important variable in explaining this species 

distribution (35.3%), followed by ‘precipitation seasonality’ (Pseas) and ‘precipitation of 

the warmest quarter’ (PWarQ). Conversely, the ‘annual mean temperature’ (Tannual) 

explained the smallest percentage of the variability (0.5%).  

 

Table 5. Average, minimum and maximum contribution (expressed as percentage, %) of each environmental variable, 

and training and test AUC values for the model replicates for V. micrantha at the regional scale.  

Environmental variable Average Minimum Maximum 

Mean Temperature of the Wettest Quarter 35.31 24.57 46.37 

Precipitation Seasonality 27.40 21.98 32.85 

Precipitation of the Warmest Quarter 21.37 13.92 28.42 

Mean Temperature Diurnal Range 7.18 3.34 10.21 

Annual Precipitation 4.91 0.53 17.30 

Mean Temperature of the Warmest Quarter 3.35 0.00 15.28 

Annual Mean Temperature 0.47 0.00 5.43 

Training AUC 0.95 0.95 0.96 

Test AUC 0.94 0.91 0.97 

 

The application of a jackknife evaluation procedure allowed the confirmation of the 

importance of these variables. Specifically, the TWetQ was confirmed as the variable 

that contributed the most to the model when used individually (Figure 8). Furthermore, 

the PWarQ was identified as the variable that most decreases the gain of the model 

when excluded, meaning that it holds most of the information not present in the other 

variables (Figure 8). Overall, these results highlight a larger contribution of features 

related to the precipitation regime, than of those related to the temperature regime, in 

determining the climatic range of the species. 
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Figure 8. Results of jackknife evaluation procedure on the relative importance of predictor variables for V. micrantha 

models. 

The response curves for the environmental predictors most determinant of the regional 

distribution of V. micrantha are presented in Figure 9. Overall, the response curves 

reveal that the species is mainly distributed in areas with higher values of annual and 

summer precipitation, moderate precipitation seasonality, and low to medium 

temperatures, which is coherent with the known distribution of the species along the 

north-west part of the Iberian Peninsula. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Figure 9. Maxent response curves (logistic output: probability of presence) for the most important explanatory variables 

for V. micrantha distribution models at the regional scale. The response curves illustrate how the contribution to the raw 

prediction depends on a particular environmental variable (Phillips et al. 2006). 
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4.1.2. Applications in reporting and monitoring 

 

When considering the assessment of the species distribution area, the two methods 

(cf. Figure 4) applied to characterize the geographic distribution of species resulted in 

different outcomes (Table 6). Since V. micrantha is a transboundary endemic plant 

species, the option was to highlight results from the application of Method 2. Figure 10 

presents an example resulting from such method, expressed either as the minimum 

convex polygon or the area of species distribution from modelling.  

The area of occupancy for V. micrantha was found to be larger in Portugal than in 

Spain. In fact, from the total of 77 cells where the species has been recorded, 41 were 

found in Portugal and 36 in Spain. The range of the species, also known as extent of 

occurrence, was rather similar for both countries, with the absolute value somewhat 

superior for the Spanish territory (cf. MCPA – M2; Table 6). Values reflecting the extent 

of suitable habitat for the species, resulting from models, were found to yield more 

conservative estimates, as they were determined only from the cells where the species 

is predicted to occur. As so, according to such approach, Portugal stands out as the 

country comprising larger suitable habitat areas for the species, either by summing the 

areas of all sites predicted as suitable by the models (Figure 11c and Figure 12c; Table 

6) or by applying a convex polygon enclosing all these cells (Figure 11d and Figure 

12e; Table 6).  

Conversely, the area encompassed by a convex polygon (enclosing all occurrence 

points) and the cells predicted as suitable by the models, were found to result in larger 

areas for the Spanish territory (42 130 km2 in Method 1; and 45 256 km2 in Method 2). 

The largest areas predicted as suitable for the species and currently occupied occur in 

Portugal, regardless of the approach (Figure 11f; Table 6). However, the number of 

occupied cells where the species was predicted to occur represents little more than 

15% of the national territory (Table 6). For the whole Iberian Peninsula, the range of 

the species was determined to be 69 517 km2, and the predicted area of suitable 

habitat for the target species comprised a total of 35 000 km2. 

In all cases Method 2 resulted in rather larger suitable areas for V. micrantha than 

those attained through application of Method 1 (Table 6). In contrast, model-based 

predictions provided lower estimates for areas than those based on a minimum convex 

polygon. 
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Figure 10. Potential area of distribution for V. micrantha in the Iberian Peninsula and in Portugal, assessed according to 

the minimum convex polygon (a) and maximum entropy modelling (b). 
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Table 6. Comparison between outcomes from the distinct approaches used to determine V. micrantha area of distribution. Based on a 10 x 10 km grid, species range was determined as the 

minimum convex polygon (MCPA). The habitat for the target species was assessed following three procedures: i), by summing the areas (km
2
) of all sites predicted as suitable by the species 

distribution modelling (SDM); ii), by drawing a minimum convex polygon (MCP) that encompassed all sites predicted as suitable by the models (MCPB); and iii), by joining the MCPA and the 

MCPB (MCPA ⋃ MCPB = MCPC). The suitable area within which the species currently occurs was evaluated: i) as the intersection of the MCPA and the MCPB (MCPA ⋂ MCPB = MCPD); and ii), 

as the sum of the areas of all sites predicted as suitable by the models and currently occupied by the species. In Method 1 (M1), the species’ area of distribution was determined using the 

national occurrences recorded for the target species (both for Portuguese and Spanish territories. In Method 2 (M2), the area of distribution was evaluated using all known Iberian 

occurrences, and then clipping the predicted distribution through the geographic border between the two countries. All the presented results are expressed in km
2
. 

 

 

  

 

 

 

 

 

No. of 

occupied 

cells 

Range Habitat for the species 
Area predicted as suitable  

 currently occupied 

MCPA 

SDM 

MCPB MCPC MCPD 
No. of suitable 

occupied cells 
M1 M2 M1 M2 M1 M2 M1 M2 

Iberian Peninsula  

(N=588 200 km2) 
77 69517 35000 61350 82267 53164 5400 (15.4%) 

Portugal 

(N= ±87 198 km2) 
41 29244 33846 20099 30375 31491 35089 37009 24761 28508 3018 (15.0%) 

Spain 

(N= ±492 957 km2) 
36 32884 35671 14901 28231 29849 42130 45256 23818 24657 2285 (15.3%) 
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Figure 11. Spatial projections for V. micrantha in the Iberian Peninsula based on a 10 x 10 km grid: (a) known Iberian occurrences; (b) Minimum convex polygon encompassing all localities 

(MCPB); (c) Iberian potential distribution for the target species result from the application of Species Distribution Models (SDM; Maxent); (d) MCP encompassing all sites predicted as 

suitable by the SDM (MCPD); (e) MCPB ⋃ MCPD = MCPE ; (f) MCPB ⋂ MCPD = MCPF. 
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Figure 12. Spatial projections for V. micrantha in Portugal based on a 10 x 10 km grid: (a) recorded occurrences of the species; (b) reported occurrences of the species under Article 17 of 

the Habitats Directive by Portugal covering the period between 2001 and 2006, encompassed by a MCP; (c) regional potential distribution for the species resulting from the SDM; (d) MCP 

encompassing all localities (MCPD); (e) MCP encompassing all sites predicted as suitable by the SDM (MCPE); (f) MCPD ⋃ MCPE = MCPF ; (g) MCPD ⋂ MCPE = MCPG. In Method 1, the 

species’ area of distribution was assessed using the occurrences recorded only in Portugal. In Method 2, the area of distribution was assessed using all known Iberian occurrences, and then 

clipping the predicted distribution to the study area. 
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4.2. Reporting on sub-regional species distribution 

4.2.1. Model performance and predictions 

 

Spatial predictions from sub-regional models developed for the test species in Northern 

Portugal are shown in Figures 13 and 17. Overall, the models were successful in 

discriminating between suitable and unsuitable habitats for the test species at the sub-

regional scale (i.e. within the SIMBioN area). Suitable habitat areas for V. micrantha 

were mostly predicted for the central part of the study area (cf. Figure 3c). To a minor 

extent, also areas in the north-east seem to provide suitable habitats for the species. 

The models also predicted other grid cells where the species has not been recorded so 

far, but where it may be present. Most of the false absences predicted by the models 

are isolated occurrences across the study area, which may correspond to marginally 

suitable conditions for the species. To confirm this, we applied a combined predictive 

modelling approach, and we compared it to a traditional, non-combined predictive 

model. 

Non-combined models were found to be moderately accurate, with values of AUC 

ranging from 0.60 to 0.92 (mean±SD: 0.81±0.07; Table 7). Individual contributions of 

considered environmental variables are summarized in Table 7. From the set of five 

environmental predictors used to model fitting (due to the limited number of species 

records), the one identified as most determinant for this species was ‘temperature 

seasonality’ (Tseas) (28.5%), followed by the ‘percentage cover of annual crops’ 

(pAnnCrop) (26.3%), while ‘precipitation seasonality’ (Pseas) (11.4%) showed the 

smallest contribution to the model.   

 
Table 7. Average, minimum and maximum contribution (expressed as percentage, %) of each environmental variable, 

and training and test AUC values from the model replicates for V. micrantha at the sub-regional scale. 

Environmental variable Average Minimum Maximum 

Temperature Seasonality 28.45 21.86 42.02 

Percentage Cover of Annual Crops 26.26 12.33 40.44 

Percentage of Cambissoils 21.10 8.21 31.95 

Mean Patch Size 12.78 6.33 21.61 

Precipitation Seasonality 11.41 8.08 18.49 

Training AUC 0.86 0.82 0.91 

Test AUC 0.81 0.60 0.92 
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Figure 13. Habitat suitability maps representing the potential distribution of Veronica micrantha at the sub-regional scale 

(North of Portugal) at a 1 x 1 km resolution from the non-combined model. Represented is the species’ presence 

probability as estimated by Maxent and converted to a binary map by applying a threshold of 0.5 (Liu et al. 2005), to 

mimic a real presence/absence pattern. 

 

Evaluation through the jackknife test confirmed such results and revealed that Tseas is 

the strongest contributor to the model if used individually, decreasing the gain of the 

model the most when it is omitted, therefore highlighting its relevance by providing 

information that isn't present in the other variables (Figure 14). 

 

 

 

 

 

 

 

 

Figure 14. Results of jackknife evaluation procedure on the relative importance of predictor variables for V. micrantha 

models. 
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The response curves for the environmental predictors most related to the local 

distribution of V. micrantha are presented in Figure 15. Overall, the response curves 

reveal that the species is mainly favoured by intermediate values of temperature 

seasonality and by high percentages of annual crops. This is coherent with the known 

distribution of the species in Northern Portugal, where most of the registered species 

occurrences are located in rural landscapes of areas with moderate continentality. 

 

 

  

 

 

 

 

 

 

 

 

 

 

Figure 15. Maxent response curves (logistic output: probability of presence) for the most important explanatory 

variables for V. micrantha distribution models at the sub-regional scale. The response curves illustrate how the 

contribution to the raw prediction depends on a particular environmental variable (Phillips et al. 2006). 

 

Regarding the combined modelling approach, fitting the two partial models resulted in 

moderately accurate models, expressed in AUC values ranging from 0.68 to 0.93 

(mean±SD: 0.83±0.06) for the climatic partial models (Figure 16a), and from 0.61 to 

0.85 (mean±SD: 0.75±0.07) for the landscape partial models (Figure 16b).  
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Figure 16. Maps for spatial projections for V. micrantha from climatic partial models (a) and landscape partial models 

(b). 

Spatial patterns resulting from the combined models are quite different from those of 

the non-combined models (expressed as the projected presences and absences) 

(Figure 17; Table 8 and Table 9).  
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Figure 17. Habitat suitability maps representing the potential distribution of Veronica micrantha at the sub-regional scale 

(North of Portugal) at a 1 x 1 km resolution from the combined model. Represented is the species’ presence probability 

as estimated by Maxent and converted to a binary map by applying a threshold of 0.5 (Liu et al. 2005), to mimic a real 

presence/absence pattern. 

 

Moreover, the combined models are more informative since they provide four types of 

predictions (Types A, B, C, and D) instead of the traditional binary (i.e. presence-

absence) outputs. We found that the distribution of our test species is mostly 

determined by climatic variables, as most presences from the non-combined model are 

predicted in types A and C from the combined model, which corresponds with areas 

where climate conditions are suitable. Nonetheless, the areas where both climate 

conditions and local habitat are suitable (type A) include by far the highest percentage 

of recorded presences, highlighting the importance of maintaining local habitat 

conditions in regionally suitable areas for the conservation of V. micrantha.  
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Table 8. Percentage of areas predicted as presences and absences by the non-combined model with respective 

correspondence to each response type of the combined model as described by Vicente et al. (2011). 

 

Table 9. Comparison of the confirmed presences with predictions from non-combined and combined models (N=46). 

 

4.2.2. Applications in reporting and monitoring 

 

Overall, the area of occupancy of Veronica micrantha in Northern Portugal, calculated 

from the number of 1 x 1 km grid cells occupied by the species, was estimated to be 

less than 50 km2 (Table 9); and the range based on a minimum convex polygon 

enclosing only the sites of known present occurrence was estimated to be less than 10 

000 km2 (Figure 18a and Figure 19a; Table 10). The area predicted as suitable from 

both modelling frameworks was assessed to be 1 790 km2 and 597 km2, using non-

combined and combined models (considering only type A suitability), respectively 

(Table 10). 

The minimum convex polygon approach was also applied and, as result, different areas 

predicted as suitable habitat for the species were attained (Figure 18, Figure 19 and 

Figure 20; Table 10).  To do so, cells predicted as suitable by non-combined models, 

and from types A, B and C by combined models, were used and joined. As a result, 

Predictions Non-combined model 
Presences 

(N=1790) 

Absences 

(N=20217) 

Combined 
model 

Type A - regional and local suitability 29.7% 0.3% 

Type B - only local suitability 25.8% 8.0% 

Type C - only regional suitability 34.3% 10.0% 

Type D - no suitability 10.2% 81.7% 

Models Presences Absences 

Non-combined 29 63.0% 17 37.0% 

Combined 

A - regional and local suitability 24 52.2% 

8 17.4% B - only local suitability 3 6.5% 

C - only regional suitability 11 23.9% 
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new areas were created where the polygons intersected, allowing the comparison with 

the results gathered by the different procedures. All results indicated that the non-

combined model predicted the species distribution over larger areas. Indeed, the 

minimum convex polygon comprising the area predicted as suitable by the non-

combined model is about twice the area encompassed by a convex polygon comprising 

the area predicted as suitable by the combined-model (20 340 km2 and 10 848 km2 

respectively; Figure 18b and Figure 19b; Table 10). 

From spatially combined projections, a maximum area value is defined by the union of 

the convex polygon defined by all know recorded occurrences and a convex polygon 

encompassing all cells predicted as suitable by the non-combined model (Figure 18), 

whereas a minimum area is given by the intersection of the convex polygon defined by 

all know recorded occurrences and a convex polygon encompassing all cells predicted 

as suitable by the combined model (Figure 19c), with values ranging from 20 531 km2 

to 8 006 km2 (Table 10).  

Finally, we calculated the intersection area of the two polygons drawn around the set of 

points predicted as suitable for each model (Figure 20a), and combined the resulting 

map with a minimum convex polygon enclosing all occurrences (Figure 20b). The 

estimates were similar for both assessments (Figure 18 and Figure 19; Table 10). 

 

 



52 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Table 10. Comparison of results from the different modelling approaches applied to estimate V. micrantha area of distribution in the North of Portugal (22 007 km
2
), based on a 1 x 1 km grid. 

Range was determined as the minimum convex polygon (MCPA) encompassing all localities. Habitat for the species was assessed in two ways: first, by summing the areas of all sites 

predicted as suitable by the species distribution modelling (SDM); and second, by using the minimum convex polygon (MCP) technique (MCPB as the area encompassed by a MCP 

enclosing all sites predicted as suitable by the models; MCPC as the joining of the MCPA and the MCPB (MCPA ⋃ MCPB); MCPD as the intersection of the MCPA and the MCPB (MCPA ⋂ 

MCPB); MCPE as the intersection of the MCPB based on the non-combined model with the MCPB based on the combined model; MCPF as the joining of the MCPA and the MCPE (MCPA ⋃ 

MCPE)). For the combined model the three presence response types results are represented, but only type A was considered as suitable habitat for defining the MCPs. All results are 

expressed in km
2
. 

 

 

Range Habitat for the species 

MCPA SDM 

MCP 

MCPB MCPC MCPD MCPE MCPF 

Non-combined model  

9883 

1790 20340 20531 9820 

13117 10812 
Combined 
model  

A - regional and local suitability 597 

10848 13153 8006 B - only local suitability 2082 

C - only regional suitability 2633 
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Figure 18. Spatial projections for V. micrantha in the North of Portugal resulting from non-combined models, based on a 

1 x 1 km grid: (a) MCP encompassing all localities (MCPA); (b) MCP encompassing all sites predicted as suitable by the 

models (MCPB); (c) MCPA ⋃ MCPB = MCPC ; (d) MCPA ⋂ MCPB = MCPD. 
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Figure 19. Spatial projections for V. micrantha in the North of Portugal resulting from combined models, based on a 1 x 

1 km grid: (a) MCP encompassing all localities (MCPA); (b) MCP encompassing all sites predicted as suitable by the 

models (MCPB); (c) MCPA ⋃ MCPB = MCPC ; (d) MCPA ⋂ MCPB = MCPD. Only type A was considered as suitable 

habitat for defining the MCPs. 
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Figure 20. Spatial projections for V. micrantha in the North of Portugal resulting from non-combined and combined models, based on a 1 x 1 km grid: (a) MCP as the 

intersection of the MCPB based on the non-combined model with the MCPB based on the combined model (MCPE); (b) MCPA ⋃ MCPE = MCPF. 
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5. Discussion 

5.1. Using models to improve the conservation of rare species 

 

Accurately predicting species distributions has become an important goal in support of 

biodiversity conservation and management in recent years, and a wide variety of 

modelling techniques have been developed for this purpose (e.g. Guisan et al. 2005; 

Guisan et al. 2007a; Pearson 2007; Elith et al. 2009; Williams et al. 2009a). Species 

distribution models (SDMs) commonly relate known species’ occurrence records to 

environmental variables to identify environmental conditions within which populations 

can be maintained (Guisan et al. 2000; Guisan et al. 2005). This approach has proven 

valuable for generating biogeographic information that can be applied across a broad 

range of fields, including ecology and conservation biology (Pearson 2007). Thus, 

these models offer an efficient way to study the geographical responses of species to 

global changes, and they contribute to improve conservation strategies so that they are 

as effective as possible in the future (Kharouba et al. 2008). 

Although relatively few examples of habitat-modelling studies of rare and endangered 

species exist in the literature, predicting the distribution of such species has proved to 

be particularly useful in conservation biology (Engler et al. 2004; Irfan-Ullah et al. 2007; 

Matern et al. 2007; Williams et al. 2009a). This shortcoming may be due to the 

incompleteness of the data on rare species, usually comprising few observations, 

limited spatial accuracy and lack of valid absences (Engler et al. 2004; Lomba et al. 

2010), a paradoxical situation that has been called the ‘rare species modelling paradox’ 

by Lomba et al. (2010). In such context, for V. micrantha as for all rare and endangered 

species, production of good distribution models is crucial (Le Lay et al. 2010; Lomba et 

al. 2010; Williams-Tripp et al. 2012).  

Even if the best option for improving the final quality of the models would certainly be to 

obtain additional data for the target species, this is particularly difficult for rare species 

(Engler et al. 2004). Rarity typically enhances the difficulties related to species 

detectability (MacKenzie et al. 2005), as the absence of a species in the field can be 

due e.g. to its low detectability at the time of surveys (e.g. too early or too late in the 

growing season, flowers cut by humans or animals, or hidden by local vegetation) (Le 

Lay et al. 2010), and, although attempts have been made to minimize potential 

consequences as much as possible, they should be taken into account when analysing 

model outputs.  
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Also the lack of valid absences is an important constraint to consider when modelling 

rare species as it can limit the whole model-based approach (Guisan et al. 2006). 

When presence-only datasets are the only type of data available, as in the case of the 

present study, the generation of pseudo-absences has been proposed as an approach 

that allows to enhance models accuracy (Engler et al. 2004; Williams et al. 2009a; 

Lomba et al. 2010). The approach used to generate pseudo-absences is especially 

relevant (see e.g. Engler et al. 2004; Chefaoui et al. 2008; Wisz et al. 2009). Here, we 

used the default parameters throughout. For developing the models, Maxent creates a 

random sample of background pixels from the study area as pseudo-absences (Phillips 

et al. 2006). Even if other options could be explored, such as to stratify the distribution 

of pseudo-absences along an environmental or suitability gradient (e.g. Zaniewski et al. 

2002; Engler et al. 2004; Barbet-Massin et al. 2012), randomly selected pseudo-

absences have been shown to yield better results than other techniques (Elith et al. 

2006; Chefaoui et al. 2008; Wisz et al. 2009; Barbet-Massin et al. 2012). Also, Maxent 

has been shown to outperform most other modelling algorithms (see Elith et al. 2006; 

Hernandez et al. 2006; Wisz et al. 2008), and thus such differences would presumably 

not lead to much more realistic outputs. 

One important limitation of SDMs for assessments of habitat and species conservation 

is the choice of a threshold to convert probabilistic values into presences and absences 

(Gaston et al. 2009; Jiménez-Alfaro et al. 2012). Here we assumed that a species was 

present in an area if its probability of occurrence was predicted as equal to, or greater 

than, 0.5. This procedure is widely used (Liu et al. 2005; Wilson et al. 2005; Jiménez-

Valverde et al. 2007) and has the advantage of remaining relatively stable in a wide 

range of prevalence conditions. As far as we are aware no studies have previously 

assessed the influence of different thresholds for estimating species geographic ranges 

using Maxent. Even if this criterion provides a conservative threshold expected to 

overestimate the distribution of the species, considering as “suitable” some areas with 

low-medium probability of occurrence, it is difficult to define an ideal threshold that 

would reflect the real range of the species. Although policy makers and land managers 

often seek simple solutions to complex management problems (Lindenmayer et al. 

2005), it must be acknowledged that thresholds by themselves are not a “magic bullet” 

in biodiversity conservation, but rather one potentially valuable concept to be used by 

ecologists and land managers to target future conservation actions for habitats and 

species (Huggett 2005). 

Another problem often encountered when dealing with rare species is that the small 

number of available occurrences limits the number of variables that could be used in 
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model development, thereby emphasizing the importance of using expert scientific 

knowledge in the a priori selection of variables (Gibson et al. 2007). This is because it 

is preferable to have a limited number of observations (dropping the most inaccurate 

data, thus using a more reduced species dataset to calibrate the model) to ensure a 

better correspondence with environmental predictors used to predict the occurrences 

(Engler et al. 2004). Therefore, in our case study we used expert opinion to identify a 

plausible variable set that was in the bounds of the rule of thumb of Harrell (2001), 

which states that no more than n/10 variables should be included in the final model, 

where n is the total sample size. 

Therefore, at least some important predictor variables may be missing from our 

models, reflecting lack of knowledge of which environmental factors constrain the 

distribution of the species throughout its range, and lack of spatial data sets describing 

attributes known to be important (Barry et al. 2006). However, even though current 

knowledge of the species is not exhaustive enough, all of our models made good 

predictions of the distribution of Veronica micrantha (all average AUC values were > 

0.75). Moreover, the good performance of these suitability models suggests that the 

environmental variables used here can describe the habitat where the species occurs 

within the study area reasonably well. This was particular evident for the regional scale 

models, which are in agreement with previous studies on species distribution models 

conducted within a hierarchical framework (see e.g. Pearson et al. 2004; Milbau et al. 

2008; Lomba et al. 2010).  

In this study, to predict the potential distribution of V. micrantha within the sub-regional 

study area, we compared and combined the outputs from three distribution models, 

each based on a different set of environmental predictors. Our results are in agreement 

with previous studies (see e.g. Parolo et al. 2008; Vicente et al. 2011), showing that the 

use of multiple predictive models reflecting various ecological hypotheses contribute to 

a deeper knowledge on species-environment relationships and lead to a more stringent 

assessment of potential distributions. The results of our model comparison 

demonstrate that the combined model reproduced the patterns of V. micrantha more 

adequately than did the non-combined model by providing more informative projections 

of species distributions than traditional binomial (i.e. presence-absence) outputs of 

SDMs. For instance, following Vicente et al. (2011), occurrence types B (local habitats 

available but climate conditions unsuitable) and C (climate conditions suitable but local 

habitats unavailable) provide additional information on the nature of the factors 

constraining species occurrence in areas where the species may (or may not) be 

present. 
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Furthermore, by considering the most important processes operating at each scale, we 

gain more detailed insight on species’ ecological requirements. For our test species we 

found that its sub-regional distribution is mostly determined by climatic variables, as 

most records of species occurrence are predicted in types A and C (climate conditions 

suitable). In fact, despite both climatic and landscape partial models performed well, 

the model fitted with climatic predictors performed better, which is consistent with the 

conclusion above-mentioned that the species distribution in the study area is strongly 

determined by climate at the regional scale. However, it is possible, as discussed 

above, that important variables influencing the distribution of V. micrantha, such as 

some land cover variables, were not included in the landscape models, and 

consequently may have been overridden by climatic variables. 

Although more accurate predictions of distribution of a species within a given area 

could also be obtained with traditional SDM outputs, this would not allow additional 

consideration of scale influences, as allowed by our combined framework, mostly 

resulting from its more realistic and informative character concerning the species 

distribution area. This is relevant since local versus regional effects on species 

distribution can play a determinant factor in the effectiveness and efficiency of many 

conservation and management actions (Vicente et al. 2011), particularly those aimed at 

minimizing impacts on rare plant habitats as well as potential land-use conflicts and 

climate change within the species’ habitat (Wu et al. 2000).  

The added information about the species’ ecological preferences that can be drawn 

from our modelling framework, particularly from the sub-regional scale models, settled 

for the North of Portugal, together with new information acquired through field surveys, 

suggested that oak woods with Quercus robur and Quercus pyrenaica are not the 

preferred habitat for Veronica micrantha, as previously reported by Portugal. 

Instead, conservation efforts should preferably be invested in alluvial forests 

with Alnus glutinosa and Fraxinus excelsior, a priority habitat (code 91E0*; The 

Council of the European Communities 2007) with which the species is associated. 

Also, V. micrantha is preferably distributed in forest edges than in the interior of mature 

forests, largely due to the lower vegetation cover. Most of the new populations were 

detected in rural paths, with temporary flooding or close to any body of water and 

flanked by walls which provide shade coverage, and within riparian zones. These sites 

act as alternative habitats, increasing the amount of area suitable for the presence of 

the species. The species does not occur in areas of intensive agriculture, as the 

abundance of nutrients benefits the dominance of more competitive species. On the 

other hand, agricultural abandonment promotes the expansion of the species in the 
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short term but can lead to its complete extinction in the long term due to changes in 

habitat caused by ecological succession and continuous forest encroachment. More 

detailed knowledge on habitat requirements, however, is needed as a basis both for 

monitoring and for reporting (including management measures) to which Portugal and 

Spain have committed themselves to guarantee both protection and long-term 

conservation of the species.  

 

5.2. Using models to improve the reporting on the condition of 

rare species 

 

The main aim of this study was to devise a framework to support the assessment of the 

conservation status of Veronica micrantha with regard to two reporting parameters: 

range and habitat for the species, used for reporting under Article 17 of the Habitats 

Directive. The regional-scale models, fitted with climatic predictors only, described the 

climatic potential range of the species, and identified the most suitable areas for 

Veronica micrantha. Even if higher values of discrimination capacity, expressed by the 

AUC evaluation, were achieved, and the ability of the models to correctly predict most 

of the registered occurrences for the test species, some known presences were not 

predicted. Such result can be related to the available species dataset, to the coarse 

spatial scale, or then to the fact that the species present a broad distribution pattern 

across the study area. 

Issues regarding the species distribution data would likely require placing all species 

distribution records in a publicly accessible database. Whilst distribution data on 

Europe’s biodiversity (e.g. flora and fauna) is currently available, it is still insufficient in 

most cases, when management, conservation planning and reporting of conservation 

status are the topics. Although databases on the distribution of species are beginning 

to gain importance, there are still shortcomings in relation to the spatial resolution of 

the data, and above all, in the compilation of the many dispersed documental sources. 

In such context, European authorities have agreed to create an EU wide descriptive 

database to be used for environmental reporting and for assistance to the Natura 2000 

process (EU Birds and Habitats Directives). The European Nature Information System, 

EUNIS, provides access to the publicly available data (http://eunis.eea.eu.int). Also, a 

number of national databases exist such as the French database Sophy 

(http://sophy.u-3mrs.fr); the German VegetWeb (www.floraweb.de/vegetation/); or the 

Spanish Anthos (www.anthos.es), which was used in this study (see Schaminée et al. 

http://eunis.eea.eu.int/
http://sophy.u-3mrs.fr/
http://www.floraweb.de/vegetation/
http://www.anthos.es/
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2008). At the international level there are e.g. the Biological Collection Access Service 

for Europe (BIOCASE, www.biocase.org); and the Global Biodiversity Information 

Facility (GBIF, www.gbif.org). Even so, considering that all Member States must report 

under Article 17 about the progress made with the implementation of the Habitats 

Directive, much more effort is required if the goal is to improve the information 

submitted in the next reporting cycle. Many Member States lacked the necessary 

information on the status of species and habitats found within their territories 

(Commission of the European Communities 2009). More specifically, the countries of 

southern Europe, such as Portugal and Spain, have reported as ‘unknown’ the 

classification status for more than 50% of the mandatory species for their territories 

(Commission of the European Communities 2009).  

Political borders rarely coincide with natural ecological boundaries (López-Hoffman et 

al. 2009). As so, strategies to conserve biodiversity in the 21st century must emphasize 

transboundary co-operation in relation to the conservation and protection of species at 

risk (Sandwith et al. 2001; Connolly et al. 2010). Here, two methods for species range 

definition were applied, which resulted in distinct estimates for Veronica micrantha 

potential distribution. Specifically, in Method 1 only known occurrences for the species 

recorded within the countries were considered, whereas in Method 2 the whole Iberian 

geographic range of the species was considered and then clipped at the borderline 

between Portugal and Spain. Overall, our results showed that Method 2 consistently 

revealed larger areas of likely suitable habitat, not so focused around the known 

occurrences. Therefore, Method 2 appears to perform better than Method 1, expressed 

as more realistic predictions of the species’ potential distribution, according to our 

knowledge of their distribution and habitat preferences. As Method 1 produced 

predictions generally restricted to areas near the known localities of the focal species, 

this approach is prone to exclude marginal transboundary populations, which may not 

have been recorded yet. The existence of several marginal populations may be related 

to dispersal limitations and biotic interactions (Guisan et al. 2005), or because not all 

the areas where the species may occur have been sampled, and maybe never will be 

due to economic and time constrains (Solano et al. 2007).  

Therefore, like with all endemic and transboundary plant species from the Iberian 

Peninsula, reporting on Veronica micrantha conservation status should be done 

jointly by both Portugal and Spain. In particular, for those species that are endemic 

to the Iberian Peninsula, the regional assessments are also considered to be global 

assessments (i.e. representing the entire global population of the species) (IUCN 

http://www.biocase.org/
http://www.gbif.org/
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2001), which further emphasizes the importance of improving the conservation of these 

species both within countries and in a transboundary context.  

Thus, first we assessed the range, which describes the spatial limits within which a 

given species occurs (Appendix I, section 2.3). The species range was measured as 

the minimum convex polygon (MCP), which is drawn to encompass ‘all the know, 

inferred or projected sites of present occurrence’ of the species (IUCN 2001). The main 

advantage of the MCP method is it simplicity of application. Nonetheless, it provides 

substantial overestimates of the species distribution, particularly for species, such as 

Veronica micrantha, which has a disjoint distribution. Many of the gaps in the 

distribution map are likely to be due to the absence of information but may also be due 

to real discontinuities. It has been recommended that, on the basis of an expert 

judgement, significant areas ecologically not suitable should be excluded from the 

species range whereas small gaps in the mapped distribution should be considered as 

part of the range (European Comission 2011a). In such context, we suggest the current 

potential distribution of the species to be determined as the sum of the grid cells where 

the species has been recorded with the grid cells where the species has been 

predicted to occur based on the modelling framework, and thus converting those grids 

to an equal area projection. However, care must be taken to ensure that the ecological 

connectivity for populations is maintained. For reporting on range, we suggest the 

use of a MCP defined by joining the outermost recorded or predicted 

occurrences of the species (see Figure 11e). 

Habitat for the species was the other parameter used to assess conservation status 

(Appendix I, section 2.5). The reporting format requests for the habitat area, habitat 

quality and trend together with information on the data quality and reasons for any 

change (European Comission 2011a). Here, the extent of habitat for the species was 

assessed based on species distribution models (SDMs), which allowed the 

identification of areas where the species have higher probabilities of occurrence, by 

distinguishing between suitable and unsuitable habitats within its range of occurrence. 

In such context, estimates based on SDMs are superior for conservation planning since 

they provide a more accurate depiction of the distribution of the species (Solano et al. 

2007; Jiménez-Alfaro et al. 2012).  

The minimum convex polygon method can also be used to calculate the range of 

habitat. However, our study shows that assessments of the extent of habitat using the 

MCP method, whether defined by all cells where the species was predicted to occur or 

by overlying the predicted distribution based on the modelling procedure with a map of 

the current distribution of the species, overestimates the area of suitable habitat for V. 
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micrantha. This once again highlights one of the problems of convex hulls, as they 

provide consistently an overestimate of the extent of suitable habitat compared to 

distributional models, and thus we are in agreement with the suggestion of Borger et al. 

(2006) and Nielsen et al. (2010) that the use of the MCP should be avoided in most 

ecological studies. Instead, we suggest the direct application of the estimated 

model results to report the area of suitable habitat for the species (Appendix I, 

section 2.5, field 2.5.9). This allow to include both the area currently occupied, and that 

from which it may at present be absent but thought to be suitable for the species. 

Outcomes from the sub-regional combined models showed that the area identified as 

suitable for the species, which lies within the convex hull, is too large for proactive 

conservation management, whereas the parts of the study area where the rare species 

has suitable climatic conditions and local habitat available are too small for this kind of 

action. Although such polygons are likely to overestimate the actual area occupied by 

the species, because the species do not occupy all points in space, occasionally they 

can exclude outlying occurrences. Thus, care should be taken when interpreting these 

results, as these outlying populations may be disproportionately vulnerable to extinction 

due to their relative isolation and occupancy of suboptimal habitats (Farnsworth et al. 

2006). However, as climatic change proceeds, the presence of suitable local habitats 

may allow their expansion to climatically unsuitable areas. Nonetheless, as pointed out 

by Vicente et al. (2011), this will not be the case for all species, since many are 

constrained by the local availability of specific habitats within a wide range of climatic 

conditions. In addition, even though the areas classified as types B and C of the 

combined model were not included in the convex hull, both areas may indicate where 

new marginal or peripheral populations might be expected to occur and where a 

prospective monitoring of susceptible habitats would hence be most helpful for cost-

effective sampling and for conservation action.  

Finally, at this scale of analysis, the choice of the most suitable areas was determined 

as a result of synthesizing the outputs from the predictive models. First, the area 

assessed after overlaying the minimum convex polygon containing the sampled points 

on the convex polygon constructed around the set of points predicted as suitable by the 

non-combined and combined models is overlarge, covering most of the study area. 

Second, the areas of potential habitat for V. micrantha were then determined as the 

intersections of these two data layers. The former (from the non-combined model) 

reveals an area where the agreement is nearly absolute with the convex polygon 

around the sampled points; while the latter (from the combined model) is spatially more 

restrictive, but even so, it enhances an area that may have been overestimated by the 
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convex hull in the eastern part of the study area, punctuated by few occurrences. This 

approach also excluded some outlying species records in the western part of the study 

area. Third, very similar results in terms of spatial patterns have been found when both 

non-combined and combined models predictions were overlaid to identify consensus 

areas of high suitability. 

Overall, as both models performed rather well, our results highlight the importance of 

this sequential modelling procedure that spatially combines projections from the non-

combined and combined models, as an effective tool for conservation planning, 

monitoring and management targeted at rare species (Wu et al. 2000; Le Lay et al. 

2010). Also, these models greatly improve the availability of information for use in 

reporting assessments.   

 

5.3. Caveats and future improvements 

 

Simplicity, consistency, and ease of implementation of the tools to assess the 

conservation status of species are crucial for making the best use of the limited 

information to support conservation decisions (He 2012). With comprehensive 

predictive distribution modelling tools now at hand, these models can provide useful 

information for understanding the ecology and distribution of the species. One 

important application of our model-based estimates, potentially useful for conservation 

planning, could be the identification of the ‘core areas’ within the species’ range. Such 

areas are those that are mostly suitable to fulfil species requirements (Nazeri et al. 

2010) and on which the sustainability of the population depends (Osborne et al. 2007). 

By matching the MCP defined by all known occurrences with the MCP encompassing 

all cells predicted as suitable by the SDM on a unique map, we obtained a more 

conservative range estimate, which is rather similar in comparison with the real 

(known) range of the species in the study area. Specifically, with spatially explicit 

information of species distribution at a local scale and with more accurate resolution, 

these results can help us to reveal key areas that conservations seek to protect. For 

instance, it could be used to suggest new sampling sites for rare species, given that the 

chances to find further populations in areas of high habitat suitability should be higher 

(Le Lay et al. 2010); to indicate places where measures for habitat restoration and 

reintroduction efforts could be implemented efficiently (Aitken et al. 2007; Matern et al. 

2007); or to devise more effective reserve networks (Araújo et al. 2004). 

The results of this study were based on current conditions and did not predict which 

areas may become suitable in the future with changing disturbance patterns. However, 
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an important further advantage of our modelling approach is that scenarios of 

environmental change can be incorporated consistently (e.g. Thuiller et al. 2005; 

Smolik et al. 2010; Vicente et al. 2011), and can consequently help to guarantee both 

protection and long-term conservation of the species, but this is still topic of further 

investigations. Another issue demanding future development of the combined 

modelling framework is performance evaluation and comparison with other modelling 

techniques, since the final projections result from the spatial combination of two partial 

models and because occurrence types B and C cannot be ranked directly (Vicente et 

al. 2011). Also, further tests over a wide range of rarity types, geographic regions, and 

climates are recommended before strategic conservation planning based on the 

framework presented here can be made in practice.  

The need for regional-scale conservation planning has increased given the recent 

emphasis on regional habitat conservation planning and the development of regional 

and multispecies recovery plans (Martin 1995; Wu et al. 2000; Atkinson et al. 2004). As 

such, these models can be used as a starting point to improve spatial allocation of 

conservation efforts and resources, and to facilitate strategic development planning 

under different decision-making scenarios to minimize impacts on rare plant resources 

and potential land use conflicts (Wu et al. 2000). However, care must be taken when 

interpreting these results, as such performances can be dependent on the type of 

species being modelled, on the type of environmental predictors being used, and on 

the grain and extent considered (Engler et al. 2004). In such regard, for this study a 

vegetation map for the sub-regional test area at the appropriate scale was unavailable, 

and land-cover data from the European CORINE Land Cover (CLC) project 

(http://terrestrial.eionet.eu.int/CLC2000) fails to fully capture the environmental 

variability that is observable at the fine resolution. Because the CLC has to describe 

complex land patterns using only a few categories, the result is that CLC class 

descriptions are quite broad (Knote et al. 2009), and thus not the most appropriate for 

monitoring and management of rare and endangered species or habitats (Pereira et al. 

2006). 

The best option for improving the  accuracy of these models would certainly be to run 

them on an iterative basis, where model performance is monitored as inputs are 

updated with the discovery of new populations and absences are determined from field 

surveys after the first model outputs have been field tested (Williams et al. 2009a). 

Further, due to its importance for reporting, it is vital that the data from WorldClim and 

the CORINE database are expanded, updated and improved to meet the requirements 

on the date of reporting. As a result, whenever new information for these rare species 

http://terrestrial.eionet.eu.int/CLC2000
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would become available, it could be used to propose modifications to presently 

reported data, as well as to suggest other conservation measures which are likely to be 

more appropriate than those currently recommended.  
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6. Conclusions 

 

The present study is the first attempt to understand the current distribution of Veronica 

micrantha within its whole range in the Iberian Peninsula through ecological modelling 

and use this information to inform assessment of conservation status for this species, 

as a pilot test for other rare and endangered species. 

Using a modelling approach for identifying the geographic range of a species provides: 

- more realistic projections and more conservative estimates of the species’ potential 

distribution; 

- better information about the relative importance of regional (e.g. climatic) and local 

(e.g. landscape) variables affecting the species distribution; 

- more informative outcomes to support the reporting on the conservation status of 

species and to support practical issues in conservation, management and monitoring. 

As such, understanding habitat occupancy becomes more useful from a management 

perspective rather than simply defining a general range extent (Williams et al. 2009a). 

Furthermore, using the combined modelling approach, proposed by Vicente et al. 

(2011) and expanded in this study, provides a methodology that can yield more 

informative projections of environmental suitability, and can be readily applied to most 

species to address practical issues in conservation and management strategies. This is 

particularly relevant for rare endangered species exhibiting a disjoint distribution. 

Finally, we hope the results of our study will be helpful to the administration and other 

organizations struggling to understand how they should accurately and efficiently report 

their assessments of conservation status of habitats and species of community interest, 

and will encourage further consideration of accuracy and ecological significance of 

commonly used range estimation methods. 

 

  



68 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

References 

 

Abbitt, R. J. F., J. M. Scott and D. S. Wilcove (2000). "The geography of vulnerability: 

incorporating species geography and human development patterns into 

conservation planning." Biological Conservation 96(2): 169-175. 

Adam, P. (2002). "Rarity, rare plant species and the New South Wales Threatened 

Species Conservation Act - conservation opportunities and challenges." 

Cunninghamia 7(4): 650-670. 

Aitken, M., D. W. Roberts and L. M. Shultz (2007). "Modeling Distributions of Rare 

Plants in the Great Basin, Western North America." Western North American 

Naturalist 67(1): 26-38. 

Anthos. (2011). "Information System of the Plants of Spain." Real Jardín Botánico, 

CSIC - Fundación Biodiversidad. From www.anthos.es, November 2011. 

Araújo, M. B., M. Cabeza, W. Thuiller, L. Hannah and P. H. Williams (2004). "Would 

climate change drive species out of reserves? An assessment of existing 

reserve-selection methods." Global Change Biology 10(9): 1618-1626. 

Araújo, M. B., J. M. Lobo and J. C. Moreno (2007a). "The effectiveness of Iberian 

protected areas in conserving terrestrial biodiversity." Conservation Biology 

21(6): 1423-1432. 

Araújo, M. B. and M. Luoto (2007b). "The importance of biotic interactions for modelling 

species distributions under climate change." Global Ecology and Biogeography 

16(6): 743-753. 

Araújo, M. B. and P. H. Williams (2000). "Selecting areas for species persistence using 

occurrence data." Biological Conservation 96(3): 331-345. 

Armsworth, P. (2004). "An introduction to biodiversity concepts for environmental 

economists." Resource and Energy Economics 26(2): 115-136. 

Atkinson, A. J., P. C. Trenham, R. N. Fisher, S. A. Hathaway, B. S. Johnson, S. G. 

Torres and Y. C. Moore (2004). Designing monitoring programs in an adaptive 

management context for regional multiple species conservation plans. U. S. 

Geological Survey General Technical Report. Western Ecological Research 

Center, California Department of Fish and Game, U. S. Fish and Wildlife 

Service, Sacramento, California, USA. 

Austin, M. P. (2002). "Spatial prediction of species distribution: an interface between 

ecological theory and statistical modelling." Ecological Modelling 157(2-3): 101-

118. 

http://www.anthos.es/


FCUP 

Using predictive models to improve the reporting on rare endangered species 

69 

 

 

Balmford, A., L. Bennun, B. t. Brink, D. Cooper, I. M. Côté, P. Crane, A. Dobson, N. 

Dudley, I. Dutton, R. E. Green, R. D. Gregory, J. Harrison, E. T. Kennedy, C. 

Kremen, N. Leader-Williams, T. E. Lovejoy, G. Mace, R. May, P. Mayaux and 

P. Morling (2005). "The Convention on Biological Diversity's 2010 Target." 

Science 307(5707): 212-213. 

Bañares, A., G. Blanca, J. Güemes, J. C. Moreno and S. Ortiz (2011). Atlas y Libro 

Rojo de la Flora Vascular Amenazada de España. Adenda 2010. Dirección 

General de Medio Natural y Política Forestal (Ministerio de Medio Ambiente, y 

Medio Rural y Marino) - Sociedad Española de Biología de la Conservación de 

Plantas, Madrid. 

Barbet-Massin, M., F. Jiguet, C. H. Albert and W. Thuiller (2012). "Selecting pseudo-

absences for species distribution models: how, where and how many?" 

Methods in Ecology and Evolution 3(2): 327-338. 

Barry, S. and J. Elith (2006). "Error and uncertainty in habitat models." Journal of 

Applied Ecology 43(3): 413-423. 

Bini, L. M., J. A. F. Diniz-Filho, T. F. L. V. B. Rangel, R. P. Bastos and M. P. Pinto 

(2006). "Challenging Wallacean and Linnean shortfalls: knowledge gradients 

and conservation planning in a biodiversity hotspot." Diversity and Distributions 

12(5): 475-482. 

Börger, L., N. Franconi, G. De Michele, A. Gantz, F. Meschi, A. Manica, S. Lovari and 

T. I. M. Coulson (2006). "Effects of sampling regime on the mean and variance 

of home range size estimates." Journal of Animal Ecology 75(6): 1393-1405. 

Braunisch, V. and R. Suchant (2010). "Predicting species distributions based on 

incomplete survey data: the trade-off between precision and scale." Ecography 

33(5): 826-840. 

Broennimann, O., U. A. Treier, H. Müller-Schärer, W. Thuiller, A. T. Peterson and A. 

Guisan (2007). "Evidence of climatic niche shift during biological invasion." 

Ecology Letters 10(8): 701-709. 

Broennimann, O., P. Vittoz, D. Moser and A. Guisan (2005). "Rarity types among plant 

species with high conservation priority in Switzerland." Botanica Helvetica 

115(2): 95-108. 

Brooks, T. M., R. A. Mittermeier, G. A. da Fonseca, J. Gerlach, M. Hoffmann, J. F. 

Lamoreux, C. G. Mittermeier, J. D. Pilgrim and A. S. Rodrigues (2006). "Global 

biodiversity conservation priorities." Science 313(5783): 58-61. 



70 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Burgman, M. A. and J. C. Fox (2003). "Bias in species range estimates from minimum 

convex polygons: implications for conservation and options for improved 

planning." Animal Conservation 6(01): 19-28. 

Butchart, S. H., M. Walpole, B. Collen, A. van Strien, J. P. Scharlemann, R. E. Almond, 

J. E. Baillie, B. Bomhard, C. Brown, J. Bruno, K. E. Carpenter, G. M. Carr, J. 

Chanson, A. M. Chenery, J. Csirke, N. C. Davidson, F. Dentener, M. Foster, A. 

Galli, J. N. Galloway, P. Genovesi, R. D. Gregory, M. Hockings, V. Kapos, J. F. 

Lamarque, F. Leverington, J. Loh, M. A. McGeoch, L. McRae, A. Minasyan, M. 

Hernandez Morcillo, T. E. Oldfield, D. Pauly, S. Quader, C. Revenga, J. R. 

Sauer, B. Skolnik, D. Spear, D. Stanwell-Smith, S. N. Stuart, A. Symes, M. 

Tierney, T. D. Tyrrell, J. C. Vie and R. Watson (2010). "Global biodiversity: 

indicators of recent declines." Science 328(5982): 1164-1168. 

Caetano, M., V. Nunes and A. Nunes (2009). CORINE Land Cover 2006 for 

Continental Portugal, Technical Report. Instituto Geográfico Português. 

Carnaval, A. C. and C. Moritz (2008). "Historical climate modelling predicts patterns of 

current biodiversity in the Brazilian Atlantic forest." Journal of Biogeography 

35(7): 1187-1201. 

Chefaoui, R. M. and J. M. Lobo (2008). "Assessing the effects of pseudo-absences on 

predictive distribution model performance." Ecological Modelling 210(4): 478-

486. 

Cianfrani, C., G. Le Lay, A. H. Hirzel and A. Loy (2010). "Do habitat suitability models 

reliably predict the recovery areas of threatened species?" Journal of Applied 

Ecology 47(2): 421-430. 

CIBIO (2010). Relatório Metodológico de Progresso. Conservação, gestão activa e 

valorização das populações de Veronica micrantha no concelho de Vila Pouca 

de Aguiar. Universidade do Porto, Porto. 14. 

COM (2004). Report from the Commission on the Implementation of the Directive 

92/43/EEC on the Conservation of Natural Habitats and of Wild Fauna and 

Flora - Composite Report on Overall Progress Achieved. European Comission, 

Brussels. 32. 

COM (2010). Communication from the comission to the European Parliament, The 

Council, The European Economic and Social Comittee and the Comittee of the 

Regions - Options for an EU vision and target for biodiversity beyond 2010. 

European Comission, Brussels. 11. 

Comes, H. P. (2004). "The Mediterranean region – a hotspot for plant biogeographic 

research." New Phytologist 164(1): 11-14. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

71 

 

 

Commission of the European Communities (2009). Composite Report on the 

Conservation Status of Habitat Types and Species as required under Article 17 

of the Habitats Directive. Report from the Commission to the Council and the 

European Parliament, Brussels. 

Connolly, M., K. Ferguson, S. Pinkus and F. Moola (2010). On the Edge: British 

Columbia’s Unprotected Transboundary Species. 

Davies, T. J., G. F. Smith, D. U. Bellstedt, J. S. Boatwright, B. Bytebier, R. M. Cowling, 

F. Forest, L. J. Harmon, A. M. Muasya, B. D. Schrire, Y. Steenkamp, M. van der 

Bank and V. Savolainen (2011). "Extinction Risk and Diversification Are Linked 

in a Plant Biodiversity Hotspot." PLoS Biol 9(5): e1000620. 

Diaz, C. L. (2001). "The EC Habitats Directive Approaches its Tenth Anniversary: An 

Overview." Review of European Community & International Environmental Law 

10(3): 287-295. 

Díaz, S., J. Fargione, F. S. Chapin, III and D. Tilman (2006). "Biodiversity Loss 

Threatens Human Well-Being." PLoS Biol 4(8): e277. 

Domínguez-Lozano, F., D. Galicia-Herbada, L. M. Rivero, J. M. M. Saiz and H. S. 

Ollero (2000). "Areas of high floristic endemism in Iberia and the Balearic 

islands: an approach to biodiversity conservation using narrow endemics." 

Belgian Journal of Entomology 2: 171–185. 

Domínguez Lozano, F., D. Galicia Herbada, L. Moreno Rivero, J. C. Moreno Saiz and 

H. Sainz Ollero (1996). "Threatened plants in peninsular and balearic spain: A 

report based on the Eu habitats directive." Biological Conservation 76(2): 123-

133. 

EEA (2010a). Assessing biodiversity in Europe - the 2010 report. European 

Environment Agency, Copenhagen. 58. 

EEA (2010b). EU 2010 Biodiversity baseline. European Environment Agency, 

Copenhagen. 121. 

Eionet, E. E. I. a. O. N. (2008). "Veronica micrantha." Reportnet deliveries. European 

Environment Agency. Retrieved January 7, 2012, from 

http://eunis.eea.europa.eu/species/183320/general. 

Elith, J., C. H. Graham, R. P. Anderson, M. Dudík, S. Ferrier, A. Guisan, R. J. Hijmans, 

F. Huettmann, J. R. Leathwick, A. Lehmann, J. Li, L. G. Lohmann, B. A. 

Loiselle, G. Manion, C. Moritz, M. Nakamura, Y. Nakazawa, J. M. M. Overton, 

A. T. Peterson, S. J. Phillips, K. Richardson, R. Scachetti-Pereira, R. E. 

Schapire, J. Soberón, S. Williams, M. S. Wisz and N. E. Zimmermann (2006). 

http://eunis.eea.europa.eu/species/183320/general


72 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

"Novel methods improve prediction of species' distributions from occurrence 

data." Ecography 29(2): 129-151. 

Elith, J., M. Kearney and S. Phillips (2010). "The art of modelling range-shifting 

species." Methods in Ecology and Evolution 1(4): 330-342. 

Elith, J. and J. Leathwick (2007). "Predicting species distributions from museum and 

herbarium records using multiresponse models fitted with multivariate adaptive 

regression splines." Diversity and Distributions 13(3): 265-275. 

Elith, J. and J. R. Leathwick (2009). "Species Distribution Models: Ecological 

Explanation and Prediction Across Space and Time." Annual Review of 

Ecology, Evolution, and Systematics 40(1): 677-697. 

Engler, R., A. Guisan and L. Rechsteiner (2004). "An improved approach for predicting 

the distribution of rare and endangered species from occurrence and pseudo-

absence data." Journal of Applied Ecology 41(2): 263-274. 

ESRI. (2011). ArcMap 10. Environmental Systems Research Institute Inc. 

European Comission (2006a). Assessment, monitoring and reporting under Article 17 

of the Habitats Directive: Explanatory Notes & Guidelines. Directorate-General 

for the Environment, European Environment Agency (EEA), Brussels. 

European Comission (2006b). The Convention on Biological Diversity : Implementation 

in the European Union, Luxembourg: Office for Official Publications of the 

European Communities. 

European Comission (2009). Report from the Commission to the Council and the 

European Parliament Composite - Report on the Conservation Status of Habitat 

Types and Species as required under Article 17 of the Habitats Directive. 

Directorate-General for the Environment, European Environment Agency 

(EEA), Brussels. 

European Comission (2011a). Assessment and reporting under Article 17 of the 

Habitats Directive: Explanatory Notes & Guidelines for the period 2007-2012. 

European Topic Centre on Biological Diversity, 123. 

European Comission (2011b). Assessment and reporting under Article 17 of the 

Habitats Directive: Reporting formats for the period 2007-2012. Directorate-

General for the Environment, European Environment Agency (EEA) 19. 

European Union (2011). The EU Biodiversity Strategy for 2020. Luxembourg, 

Publications Office of the European Union. 

Farnsworth, E. J. and D. E. Ogurcak (2006). "Biogeography and Decline of Rare Plants 

in New England: Historical Evidence and Contemporary Monitoring." Ecological 

Applications 16(4): 1327-1337. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

73 

 

 

Ferrier, S., G. Watson, J. Pearce and M. Drielsma (2002). "Extended statistical 

approaches to modelling spatial pattern in biodiversity in northeast New South 

Wales. I. Species-level modelling " Biodiversity and Conservation 11(12): 2275-

2307. 

Fielding, A. H. and J. F. Bell (1997). "A review of methods for the assessment of 

prediction errors in conservation presence/absence models." Environmental 

Conservation 24(1): 38-49. 

Fontaine, B., P. Bouchet, K. Vanachterberg, M. Alonsozarazaga, R. Araujo, M. Asche, 

U. Aspock, P. Audisio, B. Aukema and N. Bailly (2007). "The European union’s 

2010 target: Putting rare species in focus." Biological Conservation 139(1-2): 

167-185. 

Franklin, J., K. E. Wejnert, S. A. Hathaway, C. J. Rochester and R. N. Fisher (2009). 

"Effect of species rarity on the accuracy of species distribution models for 

reptiles and amphibians in southern California." Diversity and Distributions 

15(1): 167-177. 

Friedlaender, A. S., D. W. Johnston, W. R. Fraser, J. Burns, H. Patrick N and D. P. 

Costa (2011). "Ecological niche modeling of sympatric krill predators around 

Marguerite Bay, Western Antarctic Peninsula." Deep Sea Research Part II: 

Topical Studies in Oceanography 58(13–16): 1729-1740. 

Gaston, K. J. (1994). Rarity. Chapman & Hall, New York. 

Gaston, K. J. and R. A. Fuller (2009). "The sizes of species’ geographic ranges." 

Journal of Applied Ecology 46(1): 1-9. 

Getz, W. M. and C. C. Wilmers (2004). "A local nearest-neighbor convex-hull 

construction of home ranges and utilization distributions." Ecography 27(4): 

489-505. 

Gibson, L., B. Barrett and A. Burbidge (2007). "Dealing with uncertain absences in 

habitat modelling: a case study of a rare ground-dwelling parrot." Diversity and 

Distributions 13(6): 704-713. 

Gogol-Prokurat, M. (2011). "Predicting habitat suitability for rare plants at local spatial 

scales using a species distribution model." Ecological Applications 21(1): 33-47. 

Gómez, A. and D. H. Lunt (2007). Refugia within refugia: patterns of phylogeographic 

concordance in the Iberian Peninsula. Phylogeography of Southern European 

Refugia. S. Weiss and N. Ferrand. Netherlands, Springer: 155-188. 

Graham, C. H., J. Elith, R. J. Hijmans, A. Guisan, A. Towsend Peterson, B. A. Loiselle 

and T. N. P. S. D. W. Group (2008). "The influence of spatial errors in species 



74 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

occurrence data used in distribution models." Journal of Applied Ecology 45: 

239-247. 

Guisan, A., O. Broennimann, R. Engler, N. G. Yoccoz, M. Vust, N. E. Zimmermann and 

A. Lehmann (2006). "Using Niche-Based Models to Improve the Sampling of 

Rare Species." Conservation Biology 20(2): 501-511. 

Guisan, A., C. H. Graham, J. Elith, F. Huettmann and N. S. D. M. G. the (2007a). 

"Sensitivity of predictive species distribution models to change in grain size." 

Diversity and Distributions 13(3): 332-340. 

Guisan, A. and W. Thuiller (2005). "Predicting species distribution: offering more than 

simple habitat models." Ecology Letters 8: 993-1009. 

Guisan, A. and N. E. Zimmermann (2000). "Predictive habitat distribution models in 

ecology." Ecological Modelling 135(2-3): 147-186. 

Guisan, A., N. E. Zimmermann, J. Elith, C. H. Graham, S. Phillips and A. T. Peterson 

(2007b). "What matters for predicting the occurrences of trees: Techniques, 

data, or species' characteristics?" Ecological Monographs 77(4): 615-630. 

Hannah, L., G. Midgley, S. Andelman, M. Araújo, G. Hughes, E. Martinez-Meyer, R. 

Pearson and P. Williams (2007). "Protected area needs in a changing climate." 

Frontiers in Ecology and the Environment 5(3): 131-138. 

Hanski, I. (2005). "Landscape fragmentation, biodiversity loss and the societal 

response." EMBO Rep 6(5): 388-392. 

Harrell, F. E. (2001). Regression Modeling Strategies: With Applications to Linear 

Models, Logistic Regression, and Survival Analysis. Springer Series in 

Statistics. Springer, New York. 

Harrop, S. R. (2011). "‘Living In Harmony With Nature’? Outcomes of the 2010 Nagoya 

Conference of the Convention on Biological Diversity." Journal of Environmental 

Law 23(1): 117-128. 

He, F. (2012). Area-based assessment of extinction risk. Ecology. Ecological Society of 

America 93: 974-980. 

Hebblewhite, M., D. G. Miquelle, A. A. Murzin, V. V. Aramilev and D. G. Pikunov 

(2011). "Predicting potential habitat and population size for reintroduction of the 

Far Eastern leopards in the Russian Far East." Biological Conservation 144(10): 

2403-2413. 

Hernandez, P. A., C. H. Graham, L. L. Master and D. L. Albert (2006). "The effect of 

sample size and species characteristics on performance of different species 

distribution modeling methods." Ecography 29(5): 773-785. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

75 

 

 

Hijmans, R. J., S. E. Cameron, J. L. Parra, P. G. Jones and A. Jarvis (2005). "Very 

High Resolution Interpolated Climate Surfaces for Global Land Areas." 

International Journal of Climatology 25: 1965-1978. 

Hirzel, A. H., V. Helfer and F. Metral (2001). "Assessing habitat-suitability models with 

a virtual species." Ecological Modelling 145(2-3): 111-121. 

Honrado, J. (2011). A avaliação dos habitats e da paisagem no apoio à monoitorização 

da biodiversidade - o modelo SIMBioN. I. C. d. F. Selvagem. Vila Real, UTAD. 

Huggett, A. J. (2005). "The concept and utility of ‘ecological thresholds’ in biodiversity 

conservation." Biological Conservation 124(3): 301-310. 

ICN (2006). Fichas de caracterização ecológica e de gestão/Flora/Veronica micrantha. 

Plano Sectorial da Rede Natura 2000. ICN, Instituto da Conservação da 

Natureza. 

ICNB (2007). Report on the main results of the surveillance under article 11 for annex 

II, IV and V species (Annex B). Relatório Nacional de Implementação da 

Directiva Habitats (2001-2006). ICNB, Instituto da Conservação da Natureza e 

da Biodiversidade. 

Irfan-Ullah, M., G. Amarnath, M. Murthy and A. Peterson (2007). "Mapping the 

geographic distribution of Aglaia bourdillonii Gamble (Meliaceae), an endemic 

and threatened plant, using ecological niche modeling." Biodiversity and 

Conservation 16(6): 1917-1925. 

IUCN (1994). IUCN Red List Categories and Criteria: Version 2.3, Gland, Switzerland. 

IUCN (2001). IUCN Red List Categories and Criteria: Version 3.1, Gland, Switzerland 

and Cambridge, UK. 

IUCN (2011a). Guidelines for Using the IUCN Red List Categories and Criteria. 

Prepared by the Standards and Petitions Subcommittee of the IUCN Species 

Survival Commission 87. 

IUCN. (2011b). "Veronica micrantha." IUCN Red List of Threatened Species (ver. 

2011.2).  Retrieved January 10, 2012, from www.iucnredlist.org. 

Jiménez-Alfaro, B., D. Draper and D. Nogués-Bravo (2012). "Modeling the potential 

area of occupancy at fine resolution may reduce uncertainty in species range 

estimates." Biological Conservation 147(1): 190-196. 

Jiménez-Valverde, A. and J. M. Lobo (2007). "Threshold criteria for conversion of 

probability of species presence to either–or presence–absence." Acta 

Oecologica 31(3): 361-369. 

Kareiva, P. and M. Marvier (2003). "Conserving Biodiversity Coldspots." American 

Scientist 91(4): 344-351. 

http://www.iucnredlist.org/


76 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Kharouba, H. M., J. L. Nadeau, E. Young and J. T. Kerr (2008). "Using species 

distribution models to effectively conserve biodiversity into the future." 

Biodiversity 9(3-4): 39-46. 

Knapp, S. (2011). "Rarity, Species Richness, and the Threat of Extinction—Are Plants 

the Same as Animals?" PLoS Biol 9(5): e1001067. 

Knote, C., G. Bonafe and F. Di Giuseppe (2009). "Leaf Area Index Specification for 

Use in Mesoscale Weather Prediction Systems." Monthly Weather Review 

137(10): 3535-3550. 

Lavergne, S., W. Thuiller, J. Molina and M. Debussche (2005). "Environmental and 

human factors influencing rare plant local occurrence, extinction and 

persistence: a 115-year study in the Mediterranean region." Journal of 

Biogeography 32(5): 799-811. 

Le Lay, G., R. Engler, E. Franc and A. Guisan (2010). "Prospective sampling based on 

model ensembles improves the detection of rare species." Ecography 33(6): 

1015-1027. 

Leadley, P. and S. o. t. C. o. B. Diversity (2010). Biodiversity scenarios: projections of 

21st century change in biodiversity, and associated ecosystem services : a 

technical report for the Global Biodiversity Outlook 3. Secretariat of the 

Convention on Biological Diversity. 

Lindenmayer, D. B. and G. Luck (2005). "Synthesis: Thresholds in conservation and 

management." Biological Conservation 124(3): 351-354. 

Liu, C., P. M. Berry, T. P. Dawson and R. G. Pearson (2005). "Selecting thresholds of 

occurrence in the prediction of species distributions." Ecography 28(3): 385-

393. 

Lomba, A., F. Moreira and J. Honrado (2011). Forecasting the long-term impacts of 

meadow abandonment on plant diversity in mountain rural landscapes of 

Northern Portugal, Submitted to Acta Oecologica. 

Lomba, A., L. Pellissier, C. Randin, J. Vicente, F. Moreira, J. Honrado and A. Guisan 

(2010). "Overcoming the rare species modelling paradox: A novel hierarchical 

framework applied to an Iberian endemic plant." Biological Conservation 

143(11): 2647-2657. 

López-Hoffman, L., R. G. Varady, K. W. Flessa and P. Balvanera (2009). "Ecosystem 

services across borders: a framework for transboundary conservation policy." 

Frontiers in Ecology and the Environment 8(2): 84-91. 

Luiselli, L. (2006). "Testing hypotheses on the ecological patterns of rarity using a 

novel model of study: snake communities worldwide." Web Ecology 6: 44-58. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

77 

 

 

Luoto, M. (2000). "Modelling of rare plant species richness by landscape variables in 

an agriculture area in Finland." Plant Ecology 149(2): 157-168. 

Mace, G. M., N. J. Collar, K. J. Gaston, C. Hilton-Taylor, H. R. AkÇAkaya, N. Leader-

Williams, E. J. Milner-Gulland and S. N. Stuart (2008). "Quantification of 

Extinction Risk: IUCN's System for Classifying Threatened Species 

Cuantificación del Riesgo de Extinción: Sistema de la UICN para la Clasificación de 

Especies Amenazadas." Conservation Biology 22(6): 1424-1442. 

Mace, G. M., W. Cramer, S. Díaz, D. P. Faith, A. Larigauderie, P. Le Prestre, M. 

Palmer, C. Perrings, R. J. Scholes, M. Walpole, B. A. Walther, J. E. M. Watson 

and H. A. Mooney (2010). "Biodiversity targets after 2010." Current Opinion in 

Environmental Sustainability 2(1-2): 3-8. 

MacKenzie, D. I., J. D. Nichols, N. /Sutton, K. Kawanishi and L. L. Bailey (2005). 

"Improving inferences in popoulation studies of rare species that are detected 

imperfectly." Ecology 86(5): 1101-1113. 

Martin, C. M. (1995). "Recovering endangered species and restoring ecosystems: 

conservation planning for the twenty-first century in the United States." Ibis 137: 

S198-S203. 

Matern, A., C. Drees, M. Kleinwächter and T. Assmann (2007). "Habitat modelling for 

the conservation of the rare ground beetle species Carabus variolosus 

(Coleoptera, Carabidae) in the riparian zones of headwaters." Biological 

Conservation 136(4): 618-627. 

McPherson, J. M. and W. Jetz (2007). "Effects of species’ ecology on the accuracy of 

distribution models." Ecography 30(1): 135-151. 

Médail, F. and K. Diadema (2009). "Glacial refugia influence plant diversity patterns in 

the Mediterranean Basin." Journal of Biogeography 36(7): 1333-1345. 

Médail, F. and P. Quézel (1999). "Biodiversity Hotspots in the Mediterranean Basin: 

Setting Global Conservation Priorities." Conservation Biology 13(6): 1510-1513. 

Milbau, A., J. C. Stout, B. J. Graae and I. Nijs (2008). "A hierarchical framework for 

integrating invasibility experiments incorporating different factors and spatial 

scales." Biological Invasions 11(4): 941-950. 

Millennium Ecosystem Assessment (2005). Ecosystems and Human Well-being: 

Biodiversity Synthesis. World Resources Institute, Washington, DC. 

Miller, B. P., N. J. Enright and B. B. Lamont (2007). "Record error and range 

contraction, real and imagined, in the restricted shrub Banksia hookeriana in 

south-western Australia." Diversity and Distributions 13(4): 406-417. 



78 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Monterroso, P., J. C. Brito, P. Ferreras and P. C. Alves (2009). "Spatial ecology of the 

European wildcat in a Mediterranean ecosystem: dealing with small radio-

tracking datasets in species conservation." Journal of Zoology 279(1): 27-35. 

Moreno Saiz, J. C. (2008). Lista Roja 2008 de la Flora Vascular Española. Madrid, 

Dirección General de Medio Natural y Política Forestal (Ministerio de Medio 

Ambiente, y Medio Rural y Marino) - Sociedad Española de Biología de la 

Conservación de Plantas): 61. 

Myers, N., R. A. Mittermeier, C. G. Mittermeier, G. A. B. da Fonseca and J. Kent 

(2000). "Biodiversity hotspots for conservation priorities." Nature 403(6772): 

853-858. 

Nazeri, M., K. Jusoff, A. R. Bahaman and N. Madani (2010). "Modelling the potential 

distribution of wildlife species in the tropics." World J. Zool. 5: 225-231. 

Nilsen, E., S. Pedersen and J. Linnell (2008). "Can minimum convex polygon home 

ranges be used to draw biologically meaningful conclusions?" Ecological 

Research 23(3): 635-639. 

Nogués-Bravo, D. (2009). "Predicting the past distribution of species climatic niches." 

Global Ecology and Biogeography 18(5): 521-531. 

Orme, C. D. L., R. G. Davies, M. Burgess, F. Eigenbrod, N. Pickup, V. A. Olson, A. J. 

Webster, T.-S. Ding, P. C. Rasmussen, R. S. Ridgely, A. J. Stattersfield, P. M. 

Bennett, T. M. Blackburn, K. J. Gaston and I. P. F. Owens (2005). "Global 

hotspots of species richness are not congruent with endemism or threat." 

Nature 436(7053): 1016-1019. 

Ortiz, M. J. (2011). "Legislation and Policy: Aichi Biodiversity Targets on Direct and 

Indirect Drivers of Biodiversity Loss." Environmental Law Review 13(2): 100-

106. 

Osborne, P. and S. Suárez-Seoane (2007). “Identifying core areas in a species' range 

using temporal suitability analysis: an example using little bustards Tetrax tetrax 

L. in Spain." Biodiversity and Conservation 16(12): 3505-3518. 

Papeş, M. and P. Gaubert (2007). "Modelling ecological niches from low numbers of 

occurrences: assessment of the conservation status of poorly known viverrids 

(Mammalia, Carnivora) across two continents." Diversity and Distributions 

13(6): 890-902. 

Parolo, G., G. Rossi and A. Ferrarini (2008). "Toward improved species niche 

modelling: Arnica montana in the Alps as a case study." Journal of Applied 

Ecology 45(5): 1410-1418. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

79 

 

 

Pascual, L.-L., M. Luigi, F. Alessandra, B. Emilio and B. Luigi (2011). "Hotspots of 

species richness, threat and endemism for terrestrial vertebrates in SW 

Europe." Acta Oecologica 37(5): 399-412. 

Pearman, P. B., C. F. Randin, O. Broennimann, P. Vittoz, W. O. v. d. Knaap, R. Engler, 

G. L. Lay, N. E. Zimmermann and A. Guisan (2008). "Prediction of plant species 

distributions across six millennia." Ecology Letters 11(4): 357-369. 

Pearson, R. G. (2007) "Species' distribution modeling for conservation educators and 

practitioners. Synthesis." American Museum of Natural History.  Available at: 

http://ncep.amnh.org. 

Pearson, R. G., T. P. Dawson and C. Liu (2004). "Modelling Species Distributions in 

Britain: a Hierarchical Integration of Climate and Land-Cover Data." Ecography 

27(3): 285-298. 

Pearson, R. G., C. J. Raxworthy, M. Nakamura and A. Townsend Peterson (2007). 

"Predicting species distributions from small numbers of occurrence records: a 

test case using cryptic geckos in Madagascar." Journal of Biogeography 34(1): 

102-117. 

Pereira, H. M. and H. D. Cooper (2006). "Towards the global monitoring of biodiversity 

change." Trends in Ecology AND Evolution 21(3): 123-129. 

Pereira, H. M., P. W. Leadley, V. Proenca, R. Alkemade, J. P. Scharlemann, J. F. 

Fernandez-Manjarres, M. B. Araujo, P. Balvanera, R. Biggs, W. W. Cheung, L. 

Chini, H. D. Cooper, E. L. Gilman, S. Guenette, G. C. Hurtt, H. P. Huntington, 

G. M. Mace, T. Oberdorff, C. Revenga, P. Rodrigues, R. J. Scholes, U. R. 

Sumaila and M. Walpole (2010). "Scenarios for global biodiversity in the 21st 

century." Science 330(6010): 1496-1501. 

Peterson, A. T. and Y. Nakazawa (2008). "Environmental data sets matter in ecological 

niche modelling: an example with Solenopsis invicta and Solenopsis richteri." 

Global Ecology and Biogeography 17(1): 135-144. 

Phillips, S., R. Anderson and R. Schapire (2006). "Maximum entropy modeling of 

species geographic distributions." Ecological Modelling 190(3-4): 231-259. 

Phillips, S. J. and M. Dudík (2008). "Modeling of species distributions with Maxent: new 

extensions and a comprehensive evaluation." Ecography 31(2): 161-175. 

Phillips, S. J., M. Dudík and R. E. Schapire (2004). A maximum entropy approach to 

species distribution modeling. 

Possingham, H. P., H. Grantham and C. Rondinini (2007). "How can you conserve 

species that haven't been found?" Journal of Biogeography 34(5): 758-759. 

http://ncep.amnh.org/


80 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Pöyry, J., M. Luoto, R. K. Heikkinen and K. Saarinen (2008). "Species traits are 

associated with the quality of bioclimatic models." Global Ecology and 

Biogeography 17(3): 403-414. 

Preatoni, D., A. Mustoni, A. Martinoli, E. Carlini, B. Chiarenzi, S. Chiozzini, S. Van 

Dongen, L. A. Wauters and G. Tosi (2005). "Conservation of brown bear in the 

Alps: space use and settlement behavior of reintroduced bears." Acta 

Oecologica 28(3): 189-197. 

Prendergast, J. R., R. M. Quinn, J. H. Lawton, B. C. Eversham and D. W. Gibbons 

(1993). "Rare species, the coincidence of diversity hotspots and conservation 

strategies." Nature 365(6444): 335-337. 

Purvis, A., J. L. Gittleman, G. Cowlishaw and G. M. Mace (2000). "Predicting extinction 

risk in declining species." Proceedings of the Royal Society of London. Series 

B: Biological Sciences 267(1456): 1947-1952. 

Rabinowitz, D. (1981). Seven Forms of Rarity. The Biological Aspects of Rare Plant 

Conservation. H. Synge. New York, John Wiley & Sons: 586. 

Reid, W. V. (1998). "Biodiversity hotspots." Trends in Ecology &amp; Evolution 13(7): 

275-280. 

Rodrigues, A. S. L. and K. J. Gaston (2002). "Rarity and Conservation Planning across 

Geopolitical Units." Conservation Biology 16(3): 674-682. 

Roura-Pascual, N., L. Brotons, A. Peterson and W. Thuiller (2009). "Consensual 

predictions of potential distributional areas for invasive species: a case study of 

Argentine ants in the Iberian Peninsula." Biological Invasions 11(4): 1017-1031. 

Rushton, S. P., S. J. Ormerod and G. Kerby (2004). "New paradigms for modelling 

species distributions?" Journal of Applied Ecology 41(2): 193-200. 

Sandwith, T., C. Shine, L. Hamilton and D. Sheppard (2001). Transboundary Protected 

Areas for Peace and Co-operation. IUCN, Gland, Switzerland and Cambridge, 

UK. xi + 111 pp. 

Schaminée, J. H. J., M. Chytrý, S. M. Hennekens and J. S. Rodwell (2008). Vegetation 

plot data and databases in Europe: an overview. Book of Abstracts of the 18th 

International Workshop of European Vegetation Survey, Thermophilous 

vegatation, Roma, Italy, 25-28 March 2009, Roma. 

Secretariat of the Convention on Biological Diversity (2000). Sustaining life on Earth. 

How the Convention on Biological Diversity promotes nature and human well-

being, Secretariat of the Convention on Biological Diversity. 

Secretariat of the Convention on Biological Diversity (2010). Global Biodiversity 

Outlook 3. Montréal. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

81 

 

 

Seo, C., J. H. Thorne, L. Hannah and W. Thuiller (2009). "Scale effects in species 

distribution models: implications for conservation planning under climate 

change." Biology Letters 5(1): 39-43. 

Sérgio, C., R. Figueira, D. Draper, R. Menezes and A. J. Sousa (2007). "Modelling 

bryophyte distribution based on ecological information for extent of occurrence 

assessment." Biological Conservation 135(3): 341-351. 

Sheth, S. N., L. G. Lohmann, T. Consiglio and I. Jiménez (2008). "Effects of 

Detectability on Estimates of Geographic Range Size in Bignonieae." 

Conservation Biology 22(1): 200-211. 

Singh, N., N. Yoccoz, Y. Bhatnagar and J. Fox (2009). "Using habitat suitability models 

to sample rare species in high-altitude ecosystems: a case study with Tibetan 

argali." Biodiversity and Conservation 18(11): 2893-2908. 

Smolik, M. G., S. Dullinger, F. Essl, I. Kleinbauer, M. Leitner, J. Peterseil, L. M. Stadler 

and G. Vogl (2010). "Integrating species distribution models and interacting 

particle systems to predict the spread of an invasive alien plant." Journal of 

Biogeography 37(3): 411-422. 

Smulders, M., T. A. Nelson, D. E. Jelinski, S. E. Nielsen and G. B. Stenhouse (2010). 

"A spatially explicit method for evaluating accuracy of species distribution 

models." Diversity and Distributions 16(6): 996-1008. 

Solano, E. and T. Feria (2007). Ecological niche modeling and geographic distribution 

of the genus Polianthes L. (Agavaceae) in Mexico: using niche modeling to 

improve assessments of risk status. Plant Conservation and Biodiversity. D. L. 

Hawksworth and A. T. Bull, Springer Netherlands: 311-326. 

StatSoft, I. (2011). Statistica 10. 

Stockwell, D. (1999). "The GARP modelling system: problems and solutions to 

automated spatial prediction." International Journal of Geographical Information 

Science 13(2): 143-158. 

Stockwell, D. R. B. and A. T. Peterson (2002). "Effects of sample size on accuracy of 

species distribution models." Ecological Modelling 148(1): 1-13. 

Swets, J. (1988). "Measuring the accuracy of diagnostic systems." Science 240(4857): 

1285-1293. 

The Council of the European Communities (1992). Council Directive 92/43/EEC of 21 

May 1992 on the conservation of natural habitats and of wild fauna and flora, 

1992L0043. Office for Official Publications of the European Communities. 

Thomas, C. D., A. Cameron, R. E. Green, M. Bakkenes, L. J. Beaumont, Y. C. 

Collingham, B. F. N. Erasmus, M. F. de Siqueira, A. Grainger, L. Hannah, L. 



82 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Hughes, B. Huntley, A. S. van Jaarsveld, G. F. Midgley, L. Miles, M. A. Ortega-

Huerta, A. Townsend Peterson, O. L. Phillips and S. E. Williams (2004). 

"Extinction risk from climate change." Nature 427(6970): 145-148. 

Thorn, J. S., V. Nijman, D. Smith and K. A. I. Nekaris (2009). "Ecological niche 

modelling as a technique for assessing threats and setting conservation 

priorities for Asian slow lorises (Primates: Nycticebus)." Diversity and 

Distributions 15(2): 289-298. 

Thuiller, W. (2004). "Patterns and uncertainties of species' range shifts under climate 

change." Global Change Biology 10(12): 2020-2027. 

Thuiller, W., M. B. Araújo and S. Lavorel (2003). "Generalized models vs. classification 

tree analysis: Predicting spatial distributions of plant species at different scales." 

Journal of Vegetation Science 14: 669-680. 

Thuiller, W., L. Brotons, M. B. Araújo and S. Lavorel (2004). "Effects of restricting 

environmental range of data to project current and future species distributions." 

Ecography 27(2): 165-172. 

Thuiller, W., S. Lavorel, M. B. Araújo, M. T. Sykes and I. C. Prentice (2005). "Climate 

change threats to plant diversity in Europe." Proceedings of the National 

Academy of Sciences 102(23): 8245-8250. 

Thuiller, W., D. M. Richardson, P. PyŠEk, G. F. Midgley, G. O. Hughes and M. Rouget 

(2005b). "Niche-based modelling as a tool for predicting the risk of alien plant 

invasions at a global scale." Global Change Biology 11(12): 2234-2250. 

Torres, J., J. C. Brito, M. J. Vasconcelos, L. Catarino, J. Gonçalves and J. Honrado 

(2010). "Ensemble models of habitat suitability relate chimpanzee (Pan 

troglodytes) conservation to forest and landscape dynamics in Western Africa." 

Biological Conservation 143(2): 416-425. 

Trani, M. K. (2002). The Influence of Spatial Scale on Landscape Pattern Description 

and Wildlife Habitat Assessment. Predicting Species Occurrences: Issues of 

Accuracy and Scale. J. M. Scott, P. Heglund and M. Morrison. Washington, 

D.C., Island Press: 141-155. 

UNEP (2010). Decisions adopted by the conference of the parties to the convention on 

biological diversity at its tenth meeting. The Strategic Plan for Biodiversity 2011-

2020 and the Aichi Biodiversity Targets (UNEP/CBD/COP/DEC/X/2), Decision 

X/2 (COP, 2010), Nagoya, Japan, 2010 October 18-29. 

VanDerWal, J., L. P. Shoo, C. Graham and S. E. Williams (2009). "Selecting pseudo-

absence data for presence-only distribution modeling: How far should you stray 

from what you know?" Ecological Modelling 220(4): 589-594. 



FCUP 

Using predictive models to improve the reporting on rare endangered species 

83 

 

 

Vicente, J., C. F. Randin, J. Gonçalves, M. J. Metzger, Â. Lomba, J. Honrado and A. 

Guisan (2011). "Where will conflicts between alien and rare species occur after 

climate and land-use change? A test with a novel combined modelling 

approach." Biological Invasions 13(5): 1209-1227. 

Williams-Tripp, M., F. J. N. D'Amico, C. Pagé, A. Bertrand, M. Némoz and J. A. Brown 

(2012). "Modeling Rare Species Distribution at the Edge: The Case for the 

Vulnerable Endemic Pyrenean Desman in France." The Scientific World Journal 

2012: 6. 

Williams, J. N., C. Seo, J. Thorne, J. K. Nelson, S. Erwin, J. M. O’Brien and M. W. 

Schwartz (2009a). "Using species distribution models to predict new 

occurrences for rare plants." Diversity and Distributions 15(4): 565-576. 

Williams, P., D. Gibbons, C. Margules, A. Rebelo, C. Humphries and R. Pressey 

(1996). "A Comparison of Richness Hotspots, Rarity Hotspots, and 

Complementary Areas for Conserving Diversity of British Birds." Conservation 

Biology 10(1): 155-174. 

Williams, S. E., Y. M. Williams, J. VanDerWal, J. L. Isaac, L. P. Shoo and C. N. 

Johnson (2009b). "Ecological specialization and population size in a biodiversity 

hotspot: How rare species avoid extinction." Proceedings of the National 

Academy of Sciences 106(Supplement 2): 19737-19741. 

Willis, K. J. and R. J. Whittaker (2002). "Species diversity — scale matters." Science 

295(5558): 1245-1248. 

Wilson, K. A., M. I. Westphal, H. P. Possingham and J. Elith (2005). "Sensitivity of 

conservation planning to different approaches to using predicted species 

distribution data." Biological Conservation 122(1): 99-112. 

Wiser, S. K., R. K. Peet and P. S. White (1998). "Prediction of rare-plant occurrence: a 

southern Appalachian example." Ecological Applications 8(4): 909-920. 

Wisz, M. and A. Guisan (2009). "Do pseudo-absence selection strategies influence 

species distribution models and their predictions? An information-theoretic 

approach based on simulated data." BMC Ecology 9(1): 8. 

Wisz, M. S., R. J. Hijmans, J. Li, A. T. Peterson, C. H. Graham, A. Guisan and N. P. S. 

D. W. Group (2008). "Effects of sample size on the performance of species 

distribution models." Diversity and Distributions 14(5): 763-773. 

Wu, X. B. and F. E. Smeins (2000). "Multiple-scale habitat modeling approach for rare 

plant conservation." Landscape and Urban Planning 51(1): 11-28. 



84 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

Zaniewski, A. E., A. Lehmann and J. M. Overton (2002). "Predicting species spatial 

distributions using presence-only data: a case study of native New Zealand 

ferns." Ecological Modelling 157(2-3): 261-280.  



FCUP 

Using predictive models to improve the reporting on rare endangered species 

85 

 

 

Appendices 

Appendix I. Reporting format on the conservation status of a 

species (17th Article 92/43/EEC) 

 

Reporting format on the conservation status of a species under the Article 17 of the 

Habitats Directive 92/43/EEC (European Comission 2011b). 

Field name Brief explanations 

0.1 Member State 
The MS for which the reported data apply. Use 2 digit code according 

to list on the Reference Portal 

0.2 Species  

0.2.1 Species code  
As in the checklist in the reference 

portal 

0.2.2 Species scientific 

name 

As in the checklist in the reference 

portal 

0.2.3 Alternative species 

scientific name 

Optional 

Scientific name used at national level if 

different to 0.2.2 

0.2.4 Common name 

Optional 
In national language 

 

1 National Level  

1.1 Maps Distribution and range within the MS concerned 

1.1.1 Distribution map 

Submit a map as a GIS file – together with relevant 

metadata. Standard for submission is 10x10km 

ETRS grid cells, projection ETRS LAEA 5210 

Indicate if 

species is 

considered to 

be sensitive  

1.1.2 Method used - map 

3  = Complete survey  

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 
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1.1.3 Year or period Year or period when distribution data was collected 

1.1.4 Additional 

distribution map 

Optional 

This is for cases where a MS wishes to submit an additional map 

deviating from standard submission map under 1.1.1 

1.1.5 Range map  
Submit the map that was used for range evaluation following the 

same standard as under 1.1.1 or 1.1.4 

 

2 Biogeographical level 

Complete for each biogeographical region or marine region concerned 

2.1 Biogeographical region 

& marine regions 

Choose one of the following: Alpine (ALP), Atlantic (ATL), Black Sea 

(BLS), Boreal (BOR), Continental (CON), Mediterranean (MED), 

Macaronesian (MAC),  Pannonian (PAN), Steppic (STE), Marine 

Atlantic (MATL), Marine Mediterranean (MMED), Marine Black Sea 

(MBLS), Marine Macaronesian (MMAC) and Marine Baltic Sea 

(MBAL) 

2.2 Published sources 

If data given below is from published sources give bibliographic 

references or link to Internet site(s). Give author, year, title of 

publication, source, volume, number of pages, web address 

2.3 Range  Range within the biogeographical region concerned 

2.3.1 Surface area of 

Range 

Total surface area of the range within biogeographical region 

concerned in km² 

2.3.2 Method used 

Surface area of Range 

3 = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

2.3.3 Short-term trend  

Period 

2001-2012 (rolling 12-year time window) or period as close as 

possible to it. Indicate the period used here. The short-term trend 

should be used for the assessment 

2.3.4 Short term trend  

Trend direction 

0  = stable 

+  =  increase 

-   = decrease 

x  = unknown 
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2.3.5 Short-term trend 

Magnitude 

 Optional 

a) Minimum 

Percentage change over the period indicated in 

the field 2.3.3 - if a precise figure, to give same 

value under ‘minimum’ and ‘maximum’ 

b) Maximum  As for a) 

2.3.6 Long-term trend  

Period 

Optional 

A trend calculated over 24 years. For 2013 reports it is optional 

(fields 2.3.6 - 2.3.8). Indicate the period used here 

2.3.7 Long-term trend 

Trend direction 

Optional 

0  = stable 

+ =  increase 

-  = decrease 

x  = unknown  

2.3.8 Long-term trend 

Magnitude  

Optional 

a) Minimum 

Percentage change over the period indicated in 

the field 2.3.6 - if a precise figure, to give same 

value under ‘minimum’ and ‘maximum’ 

b) Maximum As for a) 

2.3.9 Favourable reference 

range  

a) In km². Submit a map as a GIS file if available 

b) Indicate if operators were used (use these symbols ≈, >, >>) 

c) If favourable reference range is unknown indicate by using “x” 

d) Indicate method used to set reference value if other than operators 

(free text) 

2.3.10 Reason for change  

Is the difference between 

the reported value in 2.3.1 

and the previous reporting 

round mainly due to 

a) genuine change? YES/NO 

b) improved knowledge/more accurate data? YES/NO 

c) use of different method (e.g. “Range tool”)? YES/NO 

2.4 Population 

2.4.1 Population size 

estimation 

(using individuals or agreed 

exceptions where possible) 

a) Unit  
individual or agreed exception (see 

reference portal) 

b) Minimum 

where a precise value is known 

report the same figure for both 

minimum and maximum 

c) Maximum  
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2.4.2 Population size 

estimation  

(using population unit other 

than individuals)  

Optional (if 2.4.1 filled in) 

a) Unit  

b) Minimum  

c) Maximum  

2.4.3 Additional 

information on population 

estimates / conversion  

Optional 

a) Definition of "locality" 
If "locality" is used as a population 

unit, this term must be defined 

b) Method to convert data 
Please explain how data was 

converted to number of individuals 

c) Problems encountered to 

provide population size 

estimation 

This information will aid the future 

development of the use of 

population units 

2.4.4 Year or period Year or period when data for population size was recorded 

2.4.5  Method used  

Population size 

3  = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

2.4.6 Short-term trend  

Period  

2001-2012 (rolling 12-year time window) or period as close as 

possible to it. Indicate the period used here. The short-term trend is 

to be used for the assessment 

2.4.7 Short-term trend 

Trend direction 

0  = stable 

+  = increase 

  = decrease 

x  = unknown  

2.4.8 Short-term trend 

Magnitude  

Optional 

a) Minimum 

Percentage change over the period indicated 

in the field 2.4.6 - if a precise figure, to give 

same value under ‘minimum’ and ‘maximum’ 

b) Maximum As for a) 

c) Confidence 

interval 

Indicate confidence interval if a statistically 

reliable sampling scheme is used (field 2.4.5) 
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2.4.9 Short-term trend  

Method used 

3 = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

2.4.10 Long-term trend – 

Period 

Optional 

A trend calculated over 24 years. For 2013 reports it is optional (fields 

2.4.10-2.4.13). Indicate the period used here 

2.4.11 Long-term trend 

Trend direction  

Optional 

0  = stable 

+  = increase 

  = decrease 

x  = unknown  

2.4.12 Long-term trend 

Magnitude 

Optional 

a) Minimum 

Percentage change over the period indicated 

in the field 2.4.10 - if a precise figure, to give 

same value under ‘minimum’ and ‘maximum’ 

b) Maximum As for a) 

c) Confidence 

interval 

Indicate confidence interval when the method 

used is number 3 (field 2.4.9) 

2.4.13 Long term trend 

Method used 

Optional 

3  = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

2.4.14 Favourable 

reference population 

a) Number of individuals/agreed exceptions/other units 

b) Indicate if operators were used (using symbols ≈, >, >>, <) 

c) If favourable reference population is unknown indicate by using “x” 

d) Indicate method used to set reference value if other than operators 

(free text) 

2.4.15 Reason for change  

Is the difference between 

the value reported at 2.4.1 

or 2.4.2 and the previous 

reporting round mainly due 

to 

a) genuine change? YES/NO 

b) improved knowledge/more accurate data? YES/NO 

c) use of different method (e.g. “Range tool”)? YES/NO 
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2.5 Habitat for the species 

2.5.1 Area estimation Estimate of area in km² 

2.5.2 Year or period Year or period when data for habitat area surface was recorded. 

2.5.3 Method used 

Habitat for the species 

3 = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

2.5.4 Quality of the habitat  
a) To be indicated as good / moderate / bad / unknown 

b) Explain how the quality was assessed (free text) 

2.5.5 Short-term trend 

Period 

2001-2012 (rolling 12-year time window) or period as close as 

possible to it. Indicate the period used here. The short-term trend is 

to be used for the assessment 

2.5.6 Short-term trend 

Trend direction 

0 = stable 

+ = increase 

 = decrease 

x = unknown  

2.5.7 Long-term trend 

Period  

Optional  

A trend calculated over 24 years. For 2013 reports it is optional 

(fields 2.5.7-2.5.8). Further guidance is given in the guidelines 

2.5.8 Long-term trend 

Trend direction 

Optional 

0 = stable 

+ = increase 

 = decrease 

x = unknown  

2.5.9 Area of suitable habitat 

for the species 

a) Give area of suitable habitat in km² if appropriate. Area thought to 

be suitable but from which species may be absent 

b) Absence of data can be indicated as ‘0’ 

2.5.10 Reason for change  

Is the difference between the 

value reported at 2.5.1 and the 

previous reporting round mainly 

due to 

a) genuine change? YES/NO 

b) improved knowledge/more accurate data? YES/NO 

c) use of different method (e.g. “Range tool”)? YES/NO 
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2.6 Main pressures  

a) Pressure b) Ranking c) Pollution qualifier 

List max 20 pressures. 

Use codes from the list of 

threats and pressures to at 

least the 2nd level 

H = high importance (max 5 

entries) 

M = medium importance 

L = low importance 

optional 

2.6.1 Method used – 

Pressures  

3 = based exclusively or to a larger extent on real data from 

sites/occurrences or other data sources 

2 = mainly based on expert judgement and other data 

1 = based only on expert judgements 

2.7 Threats 

a) Threat b) Ranking c) Pollution qualifier 

As for pressures As for pressures optional 

2.7.1 Method used – Threats  
2 = modelling 

1 = expert opinion 

 

2.8 Complementary information 

2.8.1 Justification of % 

thresholds for trends 

In case a MS is not using the value of 1% per year as indicated in 

the assessment matrix when assessing trends, this should be 

duly justified in this free text field 

2.8.2 Other relevant 

information 
Free text 

2.8.3 Trans-boundary 

assessment 

Where 2 or more MS have made a joint conservation status 

assessment for a trans-boundary population of a (usually wide-

ranging) species, this should be explained here. Note clearly the 

Member States involved, how the assessment was carried out 

and any joint initiatives taken to ensure a common management 

of the species (e.g. population management plan) 
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2.9 Conclusions 

Assessment of conservation status at end of reporting period 

2.9.1 Range 
a) Favourable (FV) / Inadequate (U1) / Bad (U2) / Unknown (XX) 

b) If CS is U1 or U2, use of qualifiers is recommended 

2.9.2 Population 
a) Favourable (FV) / Inadequate (U1) / Bad (U2) / Unknown (XX)  

b) If CS is U1 or U2, use of qualifiers is recommended 

2.9.3 Habitat for the species 
a) Favourable (FV) / Inadequate (U1) / Bad (U2) / Unknown (XX)  

b) If CS is U1 or U2, use of qualifiers is recommended 

2.9.4 Future prospects 
a) Favourable (FV) / Inadequate (U1)/ Bad (U2) / Unknown (XX)  

b) If CS is U1 or U2, use of qualifiers is recommended 

2.9.5 Overall assessment of 

Conservation Status 
Favourable (FV) / Inadequate (U1) / Bad (U2) / Unknown (XX) 

2.9.6 Overall trend in 

Conservation Status 

If overall CS is U1 or U2, use of qualifier '+' (improving), '-' 

(declining), '=' (stable) or 'x' (unknown) is obligatory 

 

3 Natura 2000 coverage & conservation measures - Annex II species 

on biogeographical level 

3.1 Population 

3.1.1 Population size 

Estimation of population size 

included in the network (of the 

same biogeographical region) 

a) Unit Use same unit as in 2.4 

b) Minimum   

c) Maximum  

3.1.2 Method used 

3 = Complete survey or a statistically robust estimate 

2 = Estimate based on partial data with some extrapolation and/or 

modelling 

1 = Estimate based on expert opinion with no or minimal sampling 

0 = Absent data 

3.1.3 Trend of population 

size within the network 

(short-term trend) 

Optional 

0 = stable 

+ = increase 

- = decrease 

x = unknown 
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3.2 Conservation measures 

List up to 20 conservation measures taken (i.e. already being implemented) within the reporting 

period and provided information about their importance, location and evaluation.  

Fields 3.2.2-3.2.5 to be filled in for each reported measure. 

3.2.1 

Measure 

 

3.2.2 

Type 

 
Tick the relevant 

case(s) 

3.2.3  

Ranking 

3.2.4  

Location 

 
Tick the 

relevant 

case 

concerning 

where the 

measure is 

PRIMARILY 

applied 

3.2.5  

Broad evaluation of the 

measure 

 
Tick the relevant case 
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Use codes 

from the 

checklist on 

conservation 

measures 

     

Highlight –  

using a 

capital 'H' – 

up to 5 of the 

most 

important 

measures 
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Appendix II. Portuguese reporting on Veronica micrantha (17th 

Article 92/43/EEC) 

 

Report on the main results of the surveillance under Article 11 of the Habitats Directive 

92/43/EEC (Annex B) for the species Veronica micrantha Hoffmanns. & Link from 

Portugal (ICNB 2007). 

 

1 National Level  

Distribution map Image no longer available. 

Range map  Image no longer available. 

 

2 Biogeographical level 

2.1 Biogeographical region Atlantic (ATL) 

2.2 Published sources 

ICETA/CIBIO (2004). Distribuição Geográfica de Plantas 

Vasculares com Interesse para a Conservação no PNPG, 

Relatório Técnico (protocolo ICN-PNPG/ICETA-UP). 

ICN (2006). Veronica micrantha in: ICN (2006) Proposta de 

Plano Sectorial da Rede Natura 2000 Vol. II Valores Naturais. 

Fichas de caracterização ecológica e de gestão: habitats 

naturais e espécies da flora e fauna. Parte II. Flora. Relatório 

não publicado. Instituto da Conservação da Natureza. Lisboa. 

Menezes de Sequeira M. (coord.) (1996). Distribuição 

Geográfica e Estatuto de Ameaça das Espécies da Flora a 

Proteger. Relatório Final. Universidade de Trás-os-Montes e 

Alto Douro. Vila Real. 
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2.3 Range 

2.3.1 Surface area of range 426km2 

2.3.2 Date of range 

determination 
2004 

2.3.3 Quality of data 

concerning range 
Moderate e.g. based on partial data with some extrapolation 

2.3.4 Range trend Decreasing (-) 

2.3.5 Range trend 

magnitude 
1618km2 

2.3.6 Range trend period 1901-1996 

2.3.7 Favourable reference 

range 
N/A 

2.3.8 Reasons for reported 

trend change 
Direct human influence (restoration, deterioration, destruction) 

2.4 Population 

2.4.1 Population size 

estimation 

a) Unit N/A 

b) Minimum N/A 

c) Maximum N/A 

2.4.2 Date of population 

estimation 
N/A 

2.4.3  Methods used for 

population estimation 
N/A 

2.4.4 Quality of population 

data  
N/A 

2.4.5 Population trend Decreasing (-)  

2.4.6 Population trend 

magnitude 
N/A 

2.4.7 Population trend period 1901-1996 

2.4.8 Favourable reference 

population 
N/A 

2.4.9 Reasons for reported 

trend change 
Direct human influence (restoration, deterioration, destruction) 
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2.5 Habitat for the species 

2.5.1 Habitats for the 

species 

Occurs in open spaces of deciduous forest and herbaceous 

communities of forest fringes preferring shaded stands with 

humid soils. It is found in oak woods within the Holco mollis-

Quercetum pyrenaicae (Querco-Fagetea), in humid facies, from 

500 to 1070 m altitude, in herbaceous communities of Trifolio-

Geranietea of these forests, in areas with moderate inclinations 

(15º). 

The species is likely to occur in the following Habitats Directive 

listed habitats: 

9160 - sub-Atlantic and medio-European oak or oak-hornbeam 

forests of the Carpinion  

9230 - Galicio-Portuguese oak woods with Quercus robur and 

Quercus pyrenaica  

9260 - Castanea sativa woods 

2.5.2 Area estimation N/A 

2.5.3 Date of estimation N/A 

2.5.4 Quality of the data N/A 

2.5.5 Trend of the habitat  Decreasing (-) 

2.5.6 Trend period 1901-1996 

2.5.7 Area of suitable 

habitat for the species 
83km2 

2.5.8 Reasons for reported 

trend change 

Direct human influence (restoration, deterioration, destruction) 

Indirect anthropo(zoo)genic influence 

2.6 Main pressures  

162 - artificial planting 

165 - removal of forest under threat 

167 - forest exploitation without replanting 

400 - urbanised areas, human habitation 

502 - roads, motorways 

852 - modifying structures of inland water courses 

954 - invasion by a species 
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2.7 Threats 

162 - artificial planting 

165 - removal of forest under threat 

167 - forest exploitation without replanting 

400 - urbanised areas, human habitation 

502 - roads, motorways 

954 - invasion by a species 

 

2.8 Complementary information 

2.8.1 Justification of % 

thresholds for trends 
N/A 

2.8.2 Other relevant 

information Iberian endemism 

 

2.9 Conclusions 

2.9.1. Range N/A 

2.9.2. Population N/A 

2.9.3 Habitat for the species N/A 

2.9.4 Future prospects 
Poor prospects - species likely to struggle unless conditions 

change 

2.9.5 Overall assessment of 

Conservation Status 
N/A 

2.9.6 Overall trend in 

Conservation Status 
N/A 
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2 Biogeographical level 

2.1 Biogeographical region  Mediterranean (MED) 

2.2 Published sources 

ICN (2006). Veronica micrantha in: ICN (2006) Proposta de 

Plano Sectorial da Rede Natura 2000 Vol. II Valores Naturais. 

Fichas de caracterização ecológica e de gestão: habitats naturais 

e espécies da flora e fauna. Parte II. Flora. Relatório não 

publicado. Instituto da Conservação da Natureza. Lisboa. 

Menezes de Sequeira M. (coord.) (1996). Distribuição Geográfica 

e Estatuto de Ameaça das Espécies da Flora a Proteger. 

Relatório Final. Universidade de Trás-os-Montes e Alto Douro. 

Vila Real. 

Moreira F, Pinto MJ, Marques T & Henriques H (2004). 

Importância dos Sistemas Agrícolas Extensivos e da Gestão 

Florestal para Espécies da Flora, Fauna e Habitats da "Directiva 

Habitats" e da "Directiva Aves". Relatório não publicado. 

Ministério da Agricultura, Desenvolvimento Rural e Pescas. 

Ramos Lopes MH & Carvalho LS (1990). Lista de Espécies 

Botânicas a Proteger em Portugal Continental. Relatório interno. 

Serviço Nacional de Parques, Reservas e Conservação da 

Natureza, Lisboa. 

Silveira P (2001). Contribuição para o conhecimento da flora 

vascular da Serra do Açor e respectiva interpretação 

fitogeográfica. Dissertação apresentada para a obtenção do grau 

de doutor em Biologia (Especialidade de Ecologia) na 

Universidade de Coimbra. 
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2.3 Range  

2.3.1 Surface area of range 19634km2 

2.3.2 Date of range 

determination 
1994-2005 

2.3.3 Quality of data 

concerning range 
Moderate e.g. based on partial data with some extrapolation 

2.3.4 Range trend Decreasing (-) 

2.3.5 Range trend 

magnitude 
8151km2 

2.3.6 Range trend period 1901-1996 

2.3.7 Favourable reference 

range 
N/A 

2.3.8 Reasons for reported 

trend change 
Direct human influence (restoration, deterioration, destruction) 

2.4 Population 

2.4.1 Population size 

estimation 

a) Unit Number of individuals 

b) Minimum N/A 

c) Maximum 500 

2.4.2 Date of population 

estimation 
1996 

2.4.3  Methods used for 

population estimation 

Extrapolation from surveys of part of the population or from 

sampling 

2.4.4 Quality of population 

data  
Moderate e.g. based on partial data with some extrapolation 

2.4.5 Population trend Decreasing (-)  

2.4.6 Population trend 

magnitude 
N/A 

2.4.7 Population trend period 1901-1996 

2.4.8 Favourable reference 

population 
N/A 

2.4.9 Reasons for reported 

trend change 

Direct human influence (restoration, deterioration, destruction) 

Indirect anthropo(zoo)genic influence 
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2.5 Habitat for the species 

2.5.1 Habitats for the 

species 

Occurs in open spaces of deciduous forest and herbaceous 

communities of forest fringes preferring shaded stands with humid 

soils. It is found in oak woods within the Holco mollis-Quercetum 

pyrenaicae (Querco-Fagetea), in humid facies, from 500 to 1070 

m altitude, in herbaceous communities of Trifolio-Geranietea of 

these forests, in areas with moderate inclinations (15º). 

The species is likely to occur in the following Habitats Directive 

listed habitats: 

9160 - sub-Atlantic and medio-European oak or oak-hornbeam 

forests of the Carpinion  

9230 - Galicio-Portuguese oak woods with Quercus robur and 

Quercus pyrenaica  

9260 - Castanea sativa woods 

2.5.2 Area estimation N/A 

2.5.3 Date of estimation N/A 

2.5.4 Quality of the data N/A 

2.5.5 Trend of the habitat  Decreasing (-) 

2.5.6 Trend period 1901-1996 

2.5.7 Area of suitable 

habitat for the species 
652km2 

2.5.8 Reasons for 

reported trend change 

Direct human influence (restoration, deterioration, destruction) 

Indirect anthropo(zoo)genic influence 

2.6 Main pressures  

162 - artificial planting 

165 - removal of forest under threat 

167 - forest exploitation without replanting 

400 - urbanised areas, human habitation 

502 - roads, motorways 

954 - invasion by a species 
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2.7 Threats 

162 - artificial planting 

165 - removal of forest under threat 

167 - forest exploitation without replanting 

400 - urbanised areas, human habitation 

502 - roads, motorways 

954 - invasion by a species 

 

2.8 Complementary information 

2.8.1 Justification of % 

thresholds for trends 
N/A 

2.8.2 Other relevant 

information Iberian endemism 

 

2.9 Conclusions 

2.9.1. Range N/A 

2.9.2. Population N/A 

2.9.3 Habitat for the species N/A 

2.9.4 Future prospects 
Poor prospects - species likely to struggle unless conditions 

change 

2.9.5 Overall assessment of 

Conservation Status 
N/A 

2.9.6 Overall trend in 

Conservation Status 
N/A 
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Appendix III. Spanish reporting on Veronica micrantha (17th Article 

92/43/EEC)  

Report on the main results of the surveillance under Article 11 of the Habitats Directive 

92/43/EEC (Annex B) for the species Veronica micrantha Hoffmanns. & Link from 

Spain (Eionet 2008). 

1 National Level  

Distribution map 

 

2 Biogeographical level 

2.1 Biogeographical region Atlantic (ATL) 

2.2 Published sources N/A 

2.3 Range 

2.3.1 Surface area of 

range 
4290.85km2 

2.3.2 Date of range 

determination 
2007 

2.3.3 Quality of data 

concerning range 
Good e.g. based on extensive surveys 

2.3.4 Range trend Stable (=) 

2.3.5 Range trend 

magnitude 
N/A 

2.3.6 Range trend period 1995-2007 

2.3.7 Favourable 

reference range 
N/A 

2.3.8 Reasons for 

reported trend change 
N/A 
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2.4 Population 

2.4.1 Population size 

estimation 

a) Unit Number of localities 

b) Minimum 5 

c) Maximum N/A 

2.4.2 Date of population 

estimation 
2007 

2.4.3  Methods used for 

population estimation 
From comprehensive inventory 

2.4.4 Quality of population 

data  
Good e.g. based on extensive surveys 

2.4.5 Population trend Stable (=) 

2.4.6 Population trend 

magnitude 
N/A 

2.4.7 Population trend 

period 
1995-2007 

2.4.8 Favourable 

reference population 
N/A 

2.4.9 Reasons for 

reported trend change 
N/A 

2.5 Habitat for the species 

2.5.1 Habitats for the 

species 

Occurs in open spaces and fringe communities of deciduous oak 

woods. 

In terms of habitats of the Habitats Directive, the species is likely 

to occur in the following: 

4030 - European dry heaths 

9230 - Galicio-Portuguese oak woods with Quercus robur and 

Quercus pyrenaica 

2.5.2 Area estimation N/A 

2.5.3 Date of estimation N/A 

2.5.4 Quality of the data N/A 

2.5.5 Trend of the habitat  N/A 

2.5.6 Trend period N/A 
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2.5.7 Area of suitable 

habitat for the species 
N/A 

2.5.8 Reasons for 

reported trend change 
N/A 

2.6 Main pressures  

160 - general forestry management 

162 - artificial planting 

180 - burning 

2.7 Threats 

160 - general forestry management 

162 - artificial planting 

180 - burning 

 

2.8 Complementary information 

2.8.1 Justification of % 

thresholds for trends 
N/A 

2.8.2 Other relevant 

information 
N/A 

 

2.9 Conclusions 

2.9.1. Range N/A 

2.9.2. Population N/A 

2.9.3 Habitat for the species N/A 

2.9.4 Future prospects Good prospects - species expected to survive and prosper 

2.9.5 Overall assessment of 

Conservation Status 
N/A 

2.9.6 Overall trend in 

Conservation Status 
N/A 
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2 Biogeographical level 

2.1 Biogeographical region  Mediterranean (MED) 

2.2 Published sources 

Especies Protegidas de Extremadura: Flora. Consejería de 

Agricultura y Medio Ambiente, Dirección General de Medio 

Ambiente, D.L. 2004. 

Catálogo de la Flora Vascular Silvestre de Castilla y León. 

Consejería de Medio Ambiente de la Junta de Castilla y León. 

2002-2007. 

2.3 Range  

2.3.1 Surface area of 

range 
2729.49km2 

2.3.2 Date of range 

determination 
2004-2007 

2.3.3 Quality of data 

concerning range 
Good e.g. based on extensive surveys 

2.3.4 Range trend N/A 

2.3.5 Range trend 

magnitude 
N/A 

2.3.6 Range trend period 1995-2007 

2.3.7 Favourable 

reference range 
N/A 

2.3.8 Reasons for 

reported trend change 
N/A 

2.4 Population 

2.4.1 Population size 

estimation 

a) Unit Number of localities 

b) Minimum 34 

c) Maximum N/A 

2.4.2 Date of population 

estimation 
2007 

2.4.3  Methods used for 

population estimation 

From comprehensive inventory 

Based on expert opinion 

Extrapolation from surveys of part of the population or from 

sampling 



106 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

2.4.4 Quality of 

population data  
Good e.g. based on extensive surveys 

2.4.5 Population trend N/A 

2.4.6 Population trend 

magnitude 
N/A 

2.4.7 Population trend 

period 
1995-2007 

2.4.8 Favourable 

reference population 
N/A 

2.4.9 Reasons for 

reported trend change 
N/A 

2.5 Habitat for the species 

2.5.1 Habitats for the 

species 

Occurs in open spaces and fringe communities of deciduous oak 

woods. 

Clearings and fringe communities of deciduous or marcescent 

woods, on humid and shady hedgerows and sites, typical of 

Origanetalia. 

In terms of habitats of the Habitats Directive, the species is likely 

to occur in the following: 

4030 - European dry heaths 

9230 - Galicio-Portuguese oak woods with Quercus robur and 

Quercus pyrenaica  

2.5.2 Area estimation N/A 

2.5.3 Date of estimation N/A 

2.5.4 Quality of the data N/A 

2.5.5 Trend of the habitat  N/A 

2.5.6 Trend period N/A 

2.5.7 Area of suitable 

habitat for the species 
N/A 

2.5.8 Reasons for 

reported trend change 
N/A 
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2.6 Main pressures  

140 - grazing 

160 - general forestry management 

162 - artificial planting 

170 - animal breeding 

180 - burning 

290 - hunting, fishing or collecting activities not referred to above 

501 - paths, tracks, cycling tracks 

602 - skiing complex 

720 - trampling, overuse 

2.7 Threats 

140 - grazing 

160 - general forestry management 

162 - artificial planting 

170 - animal breeding 

180 - burning 

290 - hunting, fishing or collecting activities not referred to above 

501 - paths, tracks, cycling tracks 

602 - skiing complex 

720 - trampling, overuse 

900 - erosion 

948 - fire (natural) 

 

2.8 Complementary information 

2.8.1 Justification of % 

thresholds for trends 
N/A 

2.8.2 Other relevant 

information N/A 

 

 

 

 

 



108 FCUP 

Using predictive models to improve the reporting on rare endangered species 

 

 

2.9 Conclusions 

2.9.1. Range N/A 

2.9.2. Population N/A 

2.9.3 Habitat for the species N/A 

2.9.4 Future prospects N/A 

2.9.5 Overall assessment of 

Conservation Status 
N/A 

2.9.6 Overall trend in 

Conservation Status 
N/A 
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Appendix IV. Criteria for assessing the conservation status of a 

species (17th Article 92/43/EEC) 

Criteria for assessing the conservation status of a species according to Article 17 of the 

Habitats Directive 92/43/EEC (European Comission 2011b). 

Parameter Conservation Status 

 
Favourable 

('green') 

Unfavourable - 

Inadequate 

('amber') 

Unfavourable - Bad 
('red') 

Unknown 
(insufficient 

information to make 
an assessment) 

Range 

Stable (loss and 

expansion in balance) 

or increasing AND 

not smaller than the 

'favourable reference 

range' 

Any other 

combination 

Large decline: Equivalent 
to a loss of more than 1% 

per year within period 
specified by MS 

OR 
more than 10% below 
favourable reference 

range 

No or insufficient 

reliable information 

available 

Population 

 
Population(s) not 

lower than 

‘favourable reference 

population’ AND 

reproduction, 

mortality and age 

structure not 

deviating from normal 

(if data available) 

 

Any other 

combination 

Large decline: Equivalent 
to a loss of more than 1% 
per year (indicative value 
MS may deviate from if 

duly justified) within period 
specified by MS AND 

below 'favourable 
reference population' 

OR 
More than 25% below 
favourable reference 

population 
OR 

Reproduction, mortality 
and age structure strongly 
deviating from normal (if 

data available) 

No or insufficient 

reliable information 

available 

Habitat for 

the species 

Area of habitat is 

sufficiently large (and 

stable or increasing) 

AND habitat quality is 

suitable for the long 

term survival of the 

species 

Any other 

combination 

Area of habitat is clearly 
not sufficiently large to 
ensure the long term 

survival of the species 
OR 

Habitat quality is bad, 
clearly not allowing long 

term survival of the 
species 

No or insufficient 

reliable information 

available 

Future 
prospects  

(as regards to 
population, 
range and 

habitat 
availability) 

Main pressures and 

threats to the species 

not significant; 

species will remain 

viable on the long-

term 

Any other 

combination 

Severe influence of 

pressures and threats to 

the species; very bad 

prospects for its future, 

long-term viability at risk. 

No or insufficient 

reliable information 

available 

Overall 
assessment  

of CS 

All 'green' 
OR 

three 'green' and one 
'unknown' 

One or more 
'amber' but no 'red' 

One or more  'red' 

Two or more 
'unknown' combined 

with green or all 
‘unknown’ 
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Appendix V. IUCN criteria for the assessment of species threat 

levels 

 

Summary of the five criteria (A-E) used to evaluate if a taxon belongs in a threatened 

category (Critically Endangered, Endangered or Vulnerable) (IUCN 2011a). 

Use any of the criteria A–E 
Critically 

Endangered 
Endangered Vulnerable 

A. Population reduction 

A1 

A2, A3 & A4 

Declines measured over the longer of 10 years or 3 generations 

≥ 90% ≥ 70% ≥ 50% 

≥ 80% ≥ 50% ≥ 30% 

A1. Population reduction observed, estimated, inferred, or suspected in the past where the causes 

of the reduction are clearly reversible AND understood AND have ceased, based on and specifying 

any of the following: 

(a) direct observation 

(b) an index of abundance appropriate to the taxon 

(c) a decline in area of occupancy (AOO), extent of occurrence (EOO) and/or habitat quality 

(d) actual or potential levels of exploitation 

(e) effects of introduced taxa, hybridization, pathogens, pollutants, competitors or parasites. 

A2. Population reduction observed, estimated, inferred, or suspected in the past where the causes 

of reduction may not have ceased OR may not be understood OR may not be reversible, based on 

(a) to (e) under A1. 

A3. Population reduction projected or suspected to be met in the future (up to a maximum of 100 

years) based on (b) to (e) under A1. 

A4. An observed, estimated, inferred, projected or suspected population reduction (up to a 

maximum of 100 years) where the time period must include both the past and the future, and 

where the causes of reduction may not have ceased OR may not be understood OR may not be 

reversible, based on (a) to (e) under A1. 

B. Geographic range in the form of either B1 (extent of occurrence) AND/OR B2 (area of 

occupancy) 

B1. Extent of occurrence (EOO) < 100 km² < 5,000 km² < 20,000 km² 

B2. Area of occupancy (AOO) < 10 km² < 500 km² < 2,000 km² 
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AND at least 2 of the following: 

(a) Severely fragmented, OR  

Number of locations = 1 ≤ 5 ≤ 10 

(b) Continuing decline in any of: (i) extent of occurrence; (ii) area of occupancy; (iii) area, extent 

and/or quality of habitat; (iv) number of locations or subpopulations; (v) number of mature 

individuals. 

(c) Extreme fluctuations in any of: (i) extent of occurrence; (ii) area of occupancy; (iii) number of 

locations or subpopulations; (iv) number of mature individuals. 

C. Small population size and decline 

Number of mature individuals < 250 < 2,500 < 10,000 

AND either C1 or C2: 

C1. An estimated continuing 

decline of at least 

25% in 3 years or  

1 generation 

20% in 5 years or   

2 generations 

10% in 10 years or 

3 generations 

(up to a max. of 100 years in future) 

C2. A continuing decline AND (a) and/or (b): 

(a i) Number of mature individuals 

in each subpopulation 
< 50 < 250 < 1,000 

OR 

(a ii) % individuals in one 

subpopulation 
90–100% 95–100% 100% 

(b) Extreme fluctuations in the number of mature individuals. 

D. Very small or restricted population 

Either:  

Number of mature individuals < 50 < 250 D1. < 1,000 

 AND/OR 

VU D2. Restricted area of occupancy or number of locations with a plausible 

future threat that could drive the taxon to CR or EX in a very short time. 

D2. typically: 

AOO <20 km² or 

number of 

locations ≤ 5 

E. Quantitative Analysis 

Indicating the probability of 

extinction in the wild to be 

≥ 50% in 10 years 

or 3 generations 

(100 years max.) 

≥ 20% in 20 years 

or 5 generations 

 (100 years max.) 

≥ 10% in 100 

years 


