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ABSTRACT 

 

Species extinctions are occurring at unprecedented rates, threatening the long-term stability 

of ecosystems and the services they provide. Understanding the species-level determinants of 

extinction risk and the resulting spatial patterns of risk are two challenges for effective 

conservation prioritisation. Prioritising research actions is especially important for 

understudied taxa such as plants. In this thesis, I predict extinction risk and prioritise research 

actions for bulbous monocots, an ecologically and economically important plant group.  

I predict extinction risk using Machine Learning models trained with both extrinsic and 

intrinsic variables. I found 35% of unassessed species to be at risk of extinction, the main 

predictors being human impacts and range size. Geospatial analysis confirmed some known 

hotspots of threat but also revealed new hotspots which have previously been neglected by 

conservation efforts.  

Predicted risk levels can be used to strategically target the most vulnerable regions for further 

research. I prioritise regions based on cost-effectiveness; taking into account predicted 

extinction risk, likelihood of conservation success and cost of field-based assessments. I 

recommend California, Cape Provinces and Turkey as priority regions for research on 

bulbous monocots. Results are conditional on the best information available to date; hence 

improvements in data availability and quality will provide opportunities for further model 

development and research. My results have direct implications for plant conservation and 

provide a new approach to achieving ambitious plant conservation targets based on limited 

information and financial investment. 

 

 

 

 

 

Word count: 15,109
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1. INTRODUCTION 

 

1.1 THE GLOBAL CHALLENGE 

One of the biggest present and future challenges of our day is how we can prevent species 

being forced into untimely extinctions. Extinction and speciation are natural processes and 

are in themselves no reason for concern; around 99.9 percent of all species that have ever 

existed are now extinct. However, the current rate of extinctions is alarming, estimated to be 

100 to 1,000 times the baseline rate (Pimm et al., 2014). Unlike previous mass extinction 

events, these declines are largely due to human impacts, particularly the conversion of natural 

habitats to agricultural land. Spatial patterns of loss are not random, there are global hotspots 

in which vulnerability to extinction is heightened due to both intrinsic and extrinsic factors 

(Pimm et al., 2014). The ability to predict where and under what conditions extinctions are 

more likely allows conservationists to take a proactive approach to research and prevention, 

in particular building resilience into the most vulnerable systems. Plants are fundamental to 

ecosystem resilience, they provide the basis of life for all animals and even small declines in 

local diversity can disrupt ecosystem functioning and services (Loreau et al., 2001). In 

addition, they are an essential resource for human livelihoods, meeting direct food and 

medicinal needs. Successful conservation at this foundational level will undoubtedly create 

subsequent benefits for species further up the food chain and greater security for human 

livelihoods. 

 

1.2 PRIORITISING PLANTS 

Setting conservation priorities for plants is a fundamental yet logistically challenging task. 

The estimated 380,000 species of plant are by no means spared from rising rates of extinction 

(Kew, 2011), yet their sheer abundance and diversity present limitations to their research and 

conservation. Plants are underrepresented on the International Union for the Conservation of 

Nature (IUCN) Red List of Threatened Species, the most widely used criteria for assessing 

threat status. Summary statistics show that only ~5% of plants have had formal conservation 

assessments (IUCN, 2014). A representative ‘Barometer of Life’ would need to assess at least 

twice this number, costing an estimated 17 million US$ (Stuart et al., 2010). Information for 

plants that have not been assessed may exist, but much is not yet digitised and readily 
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available (Sousa-Baena et al., 2014). This dearth of knowledge highlights the necessity of a 

cost-effective and strategic framework for prioritisation of plant conservation. Efforts to date 

have lacked strategic direction at a global level (Wilson et al., 2007) with international 

organisations typically focusing on information rich species and regions with good research 

infrastructure (Moerman & Estabrook, 2006).  

One of the greatest barriers to decreasing rates of extinction is lack of financial resources 

(McCarthy et al., 2012). Organisations are being increasingly encouraged to provide evidence 

of tangible outputs and demonstrate the effectiveness of their conservation actions when 

measured against financial investment (Li & Pritchard, 2009). Macroecological analyses are 

proving a useful and cost-effective system for organisations to prioritise scarce resources in 

areas where intervention can be most effective. These large scale analyses also provide a way 

to begin prioritisation at a global level, informing the locations of global “hotspots” (Myers et 

al., 2000) and Important Plant Areas (Plantlife International, 2004). 

 

1.3 BULBOUS MONOCOTS  

I present the first global conservation prioritisation of ‘bulbous monocots’. Bulbous monocot 

is an informal term that refers to all monocotyledons in the orders Liliales and Asparagales 

with a geophytic life form and petaloid flowers (excluding Orchidaceae) (Trias Blasi, pers. 

comm.). There are approximately 7,000 bulbous monocot species in eight different plant 

families (Amaryllidaceae, Asparagaceae (subfamilies Scilloideae and Brodiaeoideae), 

Colchicaceae, Iridaceae, Ixioliriaceae, Liliaceae, Melanthiaceae, Tecophilaeaceae) (WCSP, 

2014). Many bulbous monocot taxa are economically important due to their horticultural 

(daffodils, snowdrops, lilies, tulips), medicinal (Colchicine, Galanthamine), or food source 

(garlic, onions, shallots) value. They are most diverse in Mediterranean-type ecosystems, 

recognised as part of the world’s 25 global biodiversity hotspots (Myers et al., 2000). They 

are also particularly diverse in areas rich in oil and other natural resources, such as the 

Middle-East and South Africa (Figure 1.1). Extractive activities, and habitat loss from 

agricultural development, grazing, urban expansion, road building and tourism in 

littoral/montane sites, greatly affect species survival across global ranges. 
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Figure 1.1 - Species richness of bulbous monocots by L3 TDWG region  

 

1.4 RESEARCH OBJECTIVES 

In May 2014, the Royal Botanic Gardens (RBG), Kew identified five priority questions for its 

science strategy, including ‘which species and habitats are at risk of extinction and how can 

they best be conserved?’ (Clubbe, pers. comm.). In this thesis, I develop a repeatable 

methodology to apply this question to bulbous monocots and other important plant groups. 

My aim is to devise a framework by which to systematically prioritise plant conservation 

assessments based on predictive modelling of extinction risk and cost-effectiveness of 

conservation actions, in order to maximise the number of species assessed within a limited 

budget. Due to the prevalence of data deficiency in bulbous monocots (particularly the 

availability of population level data, phylogenies, and life history characteristics), results of 

predictive modelling have a level of uncertainty and should thus be interpreted as a starting 

point by which to target individual species for more detailed assessments. Assessments 

should focus on geographic regions and species where extinction risk is predicted to be most 

pronounced. 

The outcomes of this research should further understanding of the drivers and spatial patterns 

of extinction risk in bulbous monocots and address the following research questions: 

i) What is the level of threat in bulbous monocot species that have not been assessed? 

ii) Can patterns in ecological, environmental and socio-economic variables predict 

extinction risk? 

iii) Where are the predicted centres of threatened species richness? 

iv) How can vulnerable regions be prioritised for further conservation research? 
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2. BACKGROUND 

 

2.1 AN OVERVIEW OF PLANT CONSERVATION 

2.1.1 Global Strategy for Plant Conservation 

The Global Strategy for Plant Conservation (GSPC) sits within the framework of the 

Convention on Biological Diversity (CBD, 2002). The current strategy was updated in 2010 

and includes 16 outcome-oriented targets to be achieved by 2020. GSPC Target 2 aims to 

achieve “an assessment of the conservation status of all known plant species, as far as 

possible, to guide conservation action” (CBD, 2010). This overly ambitious target is highly 

unlikely to be achieved by 2020 without significant advances in computer-based modelling 

and data collection. In addition, progress is limited by funding, the majority of which goes 

towards mammals; and human resources which are needed to conduct time consuming field 

assessments and data collection. This thesis seeks to provide the first step to improving the 

efficiency and targeting of conservation assessments, which in turn will guide targeting of 

species for in-situ and ex-situ conservation actions (GSPC T7 and T8). 

2.1.2 Plant conservation assessments 

The IUCN Categories and Criteria (IUCN, 2001) present the most universally adopted tool 

for assessing threat. These assessments provide an indicator of the state of global biodiversity 

and are thus used to inform conservation prioritisation. For plants, a lack of species 

assessments hinders the development of biodiversity indicators and prioritisation schemes. 

Data constraints are a commonly-used explanation for lack of research on plants compared to 

other taxa. However, there is often adequate data (increasingly in the form of Digital 

Accessible Knowledge) to complete species assessments. In Brazil, 40.9% of species listed as 

Data Deficient by the Ministry of Environment have sufficient data in herbarium databases 

by which to base a conservation assessment (Sousa-Baena et al., 2014). For these “knowledge 

deficient” species, computer-based approaches have great potential to rapidly document and 

analyse available data, making it accessible for conservation decisions.  

To date, the conservation status of only ~2% of bulbous monocots has been assessed against 

the IUCN Red List criteria (IUCN, 2014). The majority of species are therefore categorised 

as Not Evaluated (NE) (Figure 2.1) (IUCN, 2001).  
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Figure 2.1 - Number of bulbous monocot species assessed against IUCN Red List criteria by L3 TDWG region 

 

2.1.3 Royal Botanic Gardens, Kew 

RBG Kew has taken a lead in assessing the global status of plant species. Collectively, 

herbaria around the world contain a total of 142 million specimens and approximately one 

third of all flowering plants (BGCI, 2012). This abundance of information can be used to 

create models that predict the response of species to increased human pressures and 

environmental change. RBG Kew is currently driving the digitisation of this information 

which requires huge investment of time and expertise to ensure it is managed correctly and 

used effectively. One such example of advancement in information availability is the World 

Checklist of Selected Plant Families (WCSP, 2014). WCSP comprises a near complete list of 

accepted species names with corresponding synonyms and geographic locations for 

thousands of plants. Locations are documented as presence data using Taxonomic Databases 

Working Group (TDWG) codes. Level 3 codes (used here) include country and island level 

data, with larger countries subdivided into smaller regions (Brummitt et al., 2001). 

A total of 19,374 plant species have been assessed on the Red List. However, these 

assessments have been biased in both the species selected and the geographic regions targeted 

(Rodrigues et al., 2006). Assessments are more likely to focus on species known to be 

threatened or with an abundance of information, for example the use of sighting records to 

infer extinctions (Lee et al., 2014). In addition, many assessments are now out of date and 

need to be reassessed against the 2001 criteria (IUCN, 2001). In this dataset, 66% of assessed 

bulbous monocots are threatened. Clearly this is a reflection of sampling bias and not an 

indicator of true threat levels across the group. To gain insight into the status of plants as a 

whole, RBG Kew initiated the Sampled Red List Index for Plants (SRLI) (Kew, 2011). The 
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SRLI assessed random samples of 1,500 species from five major plant groups and results 

predict that one in five plants are threatened with extinction. For bulbous monocots, the SRLI 

predicted 18% of species to be threatened, highlighting both taxonomic groups and 

geographical regions at high risk. However, the estimate is based on a very small sample size 

(38 species) and the confidence level of data collected for some known bulbous monocot rich 

areas, such as the Middle-East, is low. Thus, we cannot rely on these predictions. 

 

2.2 PREDICTING EXTINCTION RISK 

The taxonomic and spatial bias in previous Red List assessments distorts our understanding 

of the magnitude, drivers and hotspots of extinction risk. For example, recent research has 

shown that poorly-known mammal species exhibit higher levels of risk than their better-

known counterparts (Bland et al., 2014). Predictive modelling has great potential as a low 

cost tool to navigate these knowledge gaps and to target future assessments on species most 

vulnerable to extinction. 

2.2.1 Drivers of extinction risk 

Determining drivers of extinction is essential for accurate predictions of future trends and 

patterns of extinction, thus enabling a proactive approach to conservation planning. Whilst 

global patterns of biodiversity have been shown to be robust to taxonomic group (McInnes et 

al., 2013), drivers of extinction risk affect species groups differently (Laurance et al., 2012). 

Therefore, care must be taken in assuming common drivers in vertebrates will apply to plants. 

For example, phylogenetic indicators have shown risk of extinction to be higher in young and 

fast-evolving plant lineages, yet the opposite pattern is seen in threatened vertebrates (Davies 

et al., 2011). 

Drivers of extinction risk broadly fall into intrinsic (life-history traits and phylogeny) and 

extrinsic (anthropogenic and geographic) factors. For mammals, studies often focus on trait-

based drivers such as body mass, fecundity and niche characteristics (Purvis et al., 2005). 

However for plants, simple trait-based models appear to be poor predictors of extinction risk 

unless combined with extrinsic variables (Fréville et al., 2007). In general, drivers of 

extinction remain largely understudied for plants, particularly intrinsic traits, which 

including: pollination syndrome, height, habit, sexual system, and dispersal mode. Existing 

studies either focus on small spatial scales or investigate the effects of intrinsic and extrinsic 
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factors separately (Feeley & Silman, 2009, Davies et al., 2006). As such, their ability to 

inform global patterns of risk in plants is limited.  

The SRLI found human impacts to be the greatest drivers of threat in plants, particularly the 

conversion of natural habitats to agricultural land (Kew, 2011). Approximately 50% of land 

has been modified for human use; this degradation is likely to increase in the future as 

increasing amounts of global productivity are diverted to human consumption (Hooke et al., 

2012). However, the effects of human impacts do not appear consistent at all geographic and 

taxonomic levels. Davies et al. (2011) found that high levels of threat in plants from the 

Cape, South Africa, appear to be independent of human impacts. Similarly, Feeley and 

Silman (2009) found habitat loss in the Amazon has lower impacts on plants than previously 

thought. Therefore, we cannot expect human impacts to be the dominant threat across all 

geographic regions and for all plant taxa. 

Range size is a driver that does appear applicable across taxonomic groups. It is often 

significantly correlated with threat status as it plays a fundamental role in the IUCN 

assessment criteria. Species can be assessed as threatened based purely on small Area of 

Occupancy (AOO) and Extent of Occurrence (EOO), assuming sub-criteria are also met 

(IUCN, 2001). However, even range size is not without debate as a predictor of extinction 

risk. Contrary to previous belief, Feeley and Silman (2009) identified location and not range 

size as the primary determinant of extinction risk in Amazonian plants. 

In the last 15 years, predictive modelling of extinction risk has gained momentum as a tool to 

target and prioritise research on Data Deficient (DD) species (Di Marco et al., 2014, Bland et 

al., 2014). Previous studies have focused on mammals (Di Marco et al., 2014, Lee & Jetz, 

2011, Cardillo et al., 2008), birds (Owens & Bennett, 2000), amphibians (Cooper et al., 2008) 

and recently some invertebrates (Bland et al., 2012). These studies have specifically looked at 

species assessed as DD on the IUCN Red List. Models consistently show DD species to be 

more at risk than “data sufficient” species. Proportions of mammal species predicted to be 

threatened range from 8.2% (Davidson et al., 2009) to 69% (Jetz & Freckleton, in review). 

Models at the lower end of the range have been criticised on methodological grounds. For 

example, Davidson et al. (2009) use only ecological predictors of extinction risk, ignoring 

phylogeny and human impacts, resulting in poor model sensitivity. 

The potential to apply these models to plants has not yet been explored due to limitations in 

availability and accessibility of data. However, recent advances, including WCSP have made 
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preliminary macroecological modelling feasible. I investigate the relative roles of 

anthropogenic impact, previous conservation action and surrogates of life-history in 

determining extinction risk in bulbous monocots. A combination of variables is used as 

species are expected to respond differently due to interactions between extrinsic threats and 

intrinsic characteristics. 

2.2.2 Machine Learning as a tool 

Extinction risk can be modelled with Generalised Linear Models (GLMs) (Jetz & Freckleton, 

in review) and Machine Learning approaches, such as random forests and classification trees 

(Di Marco et al., 2014, Bland et al., 2014). Machine Learning is a statistical pattern 

recognition tool which is particularly good at finding patterns in large complex datasets. 

Models typically show good predictive power and flexibility, and rely on fewer assumptions 

than statistical models. They are therefore becoming increasingly common in the field of 

Ecology (Prasad et al., 2006). Random forests is chosen as the most appropriate model for 

this analysis as it has been demonstrated to have smaller predictor variance than other types 

of Machine Learning models, such as classification trees, and therefore usually perform better 

(Bland et al., 2014). Breiman (2001) demonstrates random forests to have lower 

misclassification error when compared to classification trees in a number of studies. The 

model is applied here to predict the probability of extinction in not evaluated species.  

 

2.3 CONSERVATION TRIAGE 

Conservation triage can be defined as “the process of prioritising the allocation of limited 

resources to maximise conservation returns, relative to the conservation goals, under a 

constrained budget” (Bottrill et al., 2008). Conservation managers are continually making 

decisions over which regions and species to invest financial and human capital. These 

decisions often do not follow transparent and systematic procedures to ensure each decision 

is equally considered by analysing costs and benefits. 

Values used in the prioritisation of plants, specifically Crop Wild Relatives (CWR), include: 

current conservation status, socio-economic use, threat of genetic erosion, genetic 

distinctiveness, ecogeographic distribution; biological importance; cost; feasibility and 

sustainability; legislation; ethical and aesthetic considerations; and the priorities of the 

conservation agency (Maxted et al., 1997). However, at the preliminary level of this study, a 
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simple prioritisation based on the probability of extinction, likelihood of success and 

economic cost is more appropriate. 

I will prioritise bulbous monocots for further research, adapting the Project Prioritisation 

Protocol (Figure 2.2) developed by Joseph et al. (2009) to the conservation goals of RBG 

Kew. In particular I will adapt it to a multi-species context that prioritises geographic regions 

instead of single species. Single species approaches have previously been criticised as being 

ineffective at maximising the benefits to other species in the wider area (Nicholson & 

Possingham, 2006).  

 

Figure 2.2 - A framework for conservation triage, based on parameters of conservation value, likelihood of success and 
cost (Bottrill et al., 2008, Possingham et al., 2001) 

I will prioritise geographic regions using a cost-effective ranking system. Cost-effectiveness 

does not refer to the lowest cost action but to the highest conservation returns for a given 

investment. A recent protected area analysis found that increasing protected area coverage for 

threatened mammals, birds and amphibians on the cheapest land only increases species 

protection by 6%. Conversely, if protected areas are strategically extended into land costing 

1.5 times the cost of the cheapest option, 30% more vertebrates could be protected (Venter et 

al., 2014). For this analysis, costs reflect the fieldwork costs to conduct full conservation 

assessments and seed collection, a step towards securing species but not the final goal of 
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conserving populations in-situ. The goals of individual organisations will differ depending on 

specific areas of interest and the amount of financial and human resources available to them. 

To ensure transparency in conservation prioritisation, any subjective values should be 

explicitly stated.   
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3. METHODS 

 

I use background research, along with consultations with supervisors and experts in the field, 

to develop and apply a prioritisation framework, based on predictive modelling of extinction 

risk. Models are based on methods developed by Bland et al. (2014) and Di Marco et al. 

(2014) to predict extinction risk in Data Deficient mammals. I apply these methods for the 

first time to plants to predict extinction risk in not evaluated species. I then apply results to a 

prioritisation framework to target geographic regions most at risk to guide future assessments 

and conservation action. 

 

3.1 PREDICTIVE MODELLING OF EXTINCTION RISK 

I used predictive models to assign probabilities of threat to individual species, identify 

potential drivers of extinction risk in bulbous monocots, and give an indication of the 

percentage of species likely to be threatened. I based predictions on current levels of threat 

and therefore do not attempt to predict how threat levels will change under different future 

scenarios. For this reason, variables that are likely to be a major threat in the future but do not 

reflect current drivers (e.g. climate change) were not included in the analysis. 

I obtained data from a number of freely downloadable sources (Table 3.3). Data compilation 

and pre-processing was conducted in QGIS 2.2.0, ESRI ArcGIS.10, Microsoft Access 2010 

and Microsoft Excel 2010. 

3.1.1 Species data 

I obtained a list of all bulbous monocot species from the World Checklist of Selected Plant 

Families (WCSP) in April 2014. The list includes all species from the families 

Amaryllidaceae, Colchicaceae, Iridaceae, Ixioliriaceae, Liliaceae, Melanthiaceae, 

Tecophilaeaceae, and all species from subfamilies Scilloideae and Brodiaeoideae (previously 

Hyacinthaceae and Themidaceae) of the family Asparagaceae. Data comprises of accepted 

species names along with a list of TDWG level 3 regions where each species is known to be 

present. 

I split the species list into two groups: assessed and not evaluated. I obtained a list of 

assessed species, i.e. those that have undergone IUCN assessments, from the IUCN Red List 
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and the Sampled Red List Index (SRLI). I included only species assessed as Critically 

Endangered (CR), Endangered (EN), Vulnerable (VU), Near Threatened (NT), and Least 

Concern (LC) in the assessed group. I excluded species classified as Extinct (EX) or Extinct 

in the Wild (EW) from the analysis and regrouped Data Deficient (DD) species with the 

remaining Not Evaluated (NE) species (Table 3.1) to form the not evaluated group. NE refers 

to all species that have not been assessed against IUCN criteria. 

Table 3.1 - Number of species used in the analysis by IUCN threat category 

IUCN category Number of species 

Critically Endangered 7 
Endangered 24 
Vulnerable 28 
Near Threatened 6 
Least Concern 83 

Total assessed 148 

Data Deficient 56 
Not Evaluated 6383 

Total not evaluated 6439 

TOTAL SPECIES 6587 
 

I removed species with missing TDWG location data (Appendix I:Table S1) and families 

with either no assessed species (Ixioliriaceae and Tecophilaeaceae), or too few assessed 

species (Melanthiaceae). Table 3.2 shows the number of species used by family. 

Table 3.2 - Number of species used in the analysis by family 

Family Number of species  Number assessed 

Amaryllidaceae 2221 68 
Asparagaceae 1101 21 
Colchicaceae 282 8 
Iridaceae 2265 32 
Liliaceae 718 19 

TOTAL SPECIES 6587 148 
 

3.1.2 Predictor variables 

I selected predictor variables based on expected drivers of extinction and data availability. I 

used these variables to predict extinction risk for not evaluated species based on modelled 

relationships with assessed species. I used seven predictor variables that can be grouped into 

geographic distribution (range size and isolation), life history characteristics (taxonomic 
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family) and global spatial variables, in the form of human impacts (Human Footprint Index, 

human population density, forest loss) and previous conservation action (area protected) 

(Table 3.3). 

 Geographic distribution 

IUCN range maps were only available for 48 species, and SRLI point data for 35 species. As 

true range sizes were not available for all species, range size cannot be used to predict threat 

in not evaluated species. Instead, I used count of TDWG regions that each species is present 

in as an indicator of range size. The spread of range sizes in the dataset is from 1-184 TDWG 

regions, with a score of 1 representing endemic species. I included Isolation as an indicator of 

island species, measured as percentage of TDWG regions in a species range that are islands, a 

score of 100% indicates species found only on islands. 

 Life-history characteristics 

Ideally this analysis should have included variables for species life-history traits. For the 

majority of plants the only data consistently available is growth form, and as all bulbous 

monocots are geophytic this could not be used to distinguish among species or genera. 

Instead, I included plant family as a surrogate categorical variable, indicating differences in 

evolutionary traits responsible for resilience to threatening processes. 

 Global spatial variables 

I used TDWG boundaries to extract average values for human impacts and conservation 

action. I tabulated average values for human impacts using the Zonal Statistics tool in 

ArcMap.10, variables included: Human Footprint Index (WCS, 2005), human population 

density (CIESIN & CIAT, 2005) and forest loss (Hansen et al., 2013). I measured 

conservation action as the percentage area formally protected within each TDWG region and 

calculated it by intersecting TDWG ranges with protected areas (IUCN & UNEP-WCMC, 

2014). I then calculated percentage area in an Equal Area Cylindrical projection.  

I weighted all spatial variables by corresponding TDWG areas (also calculated in an Equal 

Area Cylindrical projection) before averaging across the total area of each species range to 

account for size differences between TDWG regions.
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Table 3.3 - Summary of data sources used for modelling of extinction risk 

Variable group Variable Description Data source Reference 

Extinction risk 

Threat status  
– Red List assessed 

Database of accepted species names and associated IUCN threat 
category: CR, EN, VN, LC, NT, DD.  
Assessment dates range from 2003-2013. 

IUCN Red List 

IUCN (2014) 
 

Threat status  
– SRLI assessed 

List of bulbous monocot species assessed in SRLI project (2010) 
obtained from Kew and matched with IUCN database. 

Kew (2011) 
 

Taxonomy Family 
Family included as a factor to indicate plants with similar life 
history characteristics. 

World Checklist of Selected Plant 
Families 

WCSP (2014)  

Geographic distribution  

Range size Count of Level 3 TDWG regions each species occurs in. 

Isolation Percentage TDWG regions in species range that are islands. 

Human impacts 

Human Footprint 
Index (1995-2004) 

Raster - 1km grid cells. Created from nine global data layers 
covering human population pressure (population density), 
human land use and infrastructure (built-up areas, night time 
lights, land use/land cover), and human access (coastlines, roads, 
railroads, navigable rivers).  

Socioeconomic Data and 
Applications Centre (SEDAC) 
Last of the Wild v2 

WCS (2005) 
 

Human population 
density (2000) 

Raster – 2.5 arc minute grid cells, or ~5km at the equator. 
Represents population density per grid cell. 

Socioeconomic Data and 
Applications Centre (SEDAC) 
Gridded Population of the World 
(GPW) v3 

CIESIN & CIAT (2005) 

Global forest loss 
(2000-2012) 

Raster - 30m grid cells.Forest loss during the period 2000–2012, 
defined as stand-replacement disturbance, or change from forest 
to non-forest state. Encoded as 1 (loss) or 0 (no loss). 

University of Maryland 
 

Hansen et al. (2013) 
  

Conservation action % Area protected 

WDPA shapefile overlayed then intersected with TDWG regions 
to calculate percentage area under protection within each TDWG 
region. All areas calculated using Equal Area Cylindrical 
projection. 

World Database on Protected Areas 
(WDPA)  

IUCN & UNEP-WCMC (2014) 
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3.1.3 Random forests 

I trained random forest models with assessed species and associated predictor variables and 

then applied them to predict the threat class of not evaluated species. The random forest 

algorithm runs successive classification trees, choosing a random selection of variables at 

each node to determine the split. Each classification tree repeatedly splits data into 

increasingly homogenous groups based on associated relationships with predictor variables. 

The final forest prediction is the class that gets the majority vote. Introduction of a random 

element improves variance reduction by reducing the correlation between trees (Hastie et al., 

2009). Variable importance is measured using internal estimates and ranked using mean 

decrease in Gini Index – a measure of statistical dispersion (Breiman et al., 1984). 

I predicted extinction risk in not evaluated species using a 2-class random forest model in the 

caret package (Kuhn, 2008) in R version 3.0.2 (R Development Core Team, 2014). I log 

transformed predictor variables and partition data to create a training set of assessed species 

and a prediction set of not evaluated species. Within the training set, I categorised threat 

status as “threatened” (CR, EN, VU) and “non-threatened” (NT, LC) due to difficulty in 

discriminating between highly imbalanced classes (e.g. 83 LC and 7 CR species in training 

set, Table 3.1) (Webb, 2003).  

I set model parameters to run 500 trees to prevent overfitting, and assessed predictive 

accuracy using a repeated 10-fold cross validation on the training set (results in Appendix 

II:Table S2). 10-fold cross validation partitions the data, using nine tenths as a training set 

which predicts the class of the remaining tenth. Repeating this process with different 

combinations of training and test sets enables identification of species misclassifications and 

is used as a measure of model accuracy. The proportion of threatened species correctly 

identified is referred to as model sensitivity, or true positive rate. Similarly, the proportion of 

non-threatened species correctly identified is referred to as model specificity, or false positive 

rate.  

I used the Receiver Operating Characteristic (ROC) as the most appropriate measure of 

model performance as it gives equal weight to both sensitivity and specificity, accounting for 

the remaining class imbalance (59 threatened and 89 non-threatened species in training set, 

Table 3.1). The ROC curve plots sensitivity against 1-specificity, or the cumulative 

distribution of threatened against non-threatened species, for a range of threshold 

probabilities (Fawcett, 2006). The model seeks to maximise both the area under the ROC 
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curve (AUC) and the Youden Index (sensitivity + specificity - 1). AUC varies between 0.5, 

the value expected by chance alone, and 1, the value expected for perfect accuracy (Pearce & 

Ferrier, 2000). The optimal threshold probability was selected by maximising the Youden 

Index (Perkins & Schisterman, 2006).  

3.1.4 Running the models 

As IUCN Red list species show a higher proportion of threat compared to randomly selected 

SRLI species, I first ran the model separately for Red List and SRLI species to test for 

differences in model results due to sampling bias. I then regrouped all assessed species for the 

main model. I ran fourteen models and tested the effect of removing variables with least 

contribution to the model. I chose the best model based on highest AUC and Youden Index 

and used it to predict the probability of extinction for all not evaluated species.  

Finally, I ran a separate model using just assessed species that had true range size data 

available, instead of TDWG count. This model was used to explore the effect of range size on 

variable importance but cannot be used to predict extinction risk in not evaluated species 

without range size data for all species. I used range maps from IUCN and predicted range 

maps from SRLI point data to measure range area in km² and extracted predictor variables 

from across the ranges as before. I predicted SRLI ranges using convex hulls on ten km 

buffered points as an estimate of the likely range over which a population is expected to 

experience either direct or indirect human actions – threats and protected areas. Isolation was 

not included in this analysis. 
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3.2 PRIORITISATION FRAMEWORK 

3.2.1 Prioritising geographic regions 

Many approaches can be taken to prioritise species for conservation, each with their own 

merits and pitfalls. Due to the number of species involved in this analysis, it is a more 

efficient use of resources to focus on geographic regions, i.e. a multi-species approach. As the 

scale of analysis is coarse, I focused on simple measures of species conservation and ignored 

potential interactions between different species outcomes. 

I used predictions from the random forest model to prioritise geographic regions for further 

conservation assessments. I ranked regions based on the following algorithm for cost-

effectiveness (Joseph et al., 2009): 

(2*Extinction risk) * Likelihood of success 
Cost of conservation action 

 

3.2.2 Indicators of risk, success and cost 

Measures used for extinction risk, likelihood of success, and cost are all inferred through a 

combination of different indicators as no true values exist (Table 3.4).  

Table 3.4 - Summary of data used in prioritisation analysis. Data is grouped into indicators of extinction risk, likelihood 
of success and cost. 

Measure Indicator Description Source 

Extinction risk 

Number of predicted 
threatened species 

Random forest model predictions. This analysis Number of predicted 
threatened endemic 
species 

Likelihood of success 

Number of Kew 
overseas field projects  

Overseas Fieldwork Database - Number 
of research trips by TDWG from 2003 – 
2013. Indicates level of research capacity 
and partnerships. 

Kew (2003 – 2013) 
©Copyright Board of 
Trustees of the Royal 
Botanic Gardens, Kew 

Number of botanic 
gardens  

Georeferenced list of botanic gardens 
worldwide, converted to number of 
gardens by TDWG region in QGIS. 

BGCI (2014) 

Corruption Perceptions 
Index (CPI) 

Measures perceived levels of corruption 
in the public sector around that world. 
Used as an indicator of national capacity. 

Transparency 
International (2013) 

Cost 
Average cost of an 
overseas research trip 

Cost of staff time + flights + in-country 
transport + field surveys + 
accommodation and sustenance. All in-
country costs were adjusted by 
Purchasing Power Parity (PPP) for each 
TDWG. Costs are based on an average 10 
day trip from Kew. 

MSBP (2014) 
©Copyright Board of 
Trustees of the Royal 
Botanic Gardens, Kew 
 
skyscanner.net (2014) 
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I scaled all indicators between 0 and 1 and combined them either synergistically or additively 

(according to the value placed on each indicator) to calculate indices of risk, success and cost 

(Nicholson & Possingham, 2006). Indices were calculated as follows: 

Extinction risk =    1*(Number of threatened non-endemics) + 2*(Number of threatened endemics) 

Likelihood of success =    (Number of overseas projects + Number of Botanic Gardens) * CPI 

I assumed all threatened species to have equal risk of extinction and so added the number of 

non-endemics predicted to be threatened to the number of endemics predicted to be 

threatened. Endemism is valued twice as highly as the likelihood of global extinctions 

increases if a highly threatened region has lots of endemics. I combined them additively 

instead of synergistically as regions with high threat should still be ranked highly even if they 

contain few endemics. As extinction risk is the value of most interest to RBG Kew, I assign it 

double weighting to likelihood of success and cost. A similar approach was taken by Dr Nigel 

Maxted when prioritising Crop Wild Relatives (Maxted & Guarino, 2003). 

To indicate likelihood of success, I developed a combined score of capacity due to in country 

botanical expertise, partnerships and national capacity. I combined the number of overseas 

field projects from Kew and number of Botanic Gardens in each TDWG region additively as 

they both indicate the same value: capacity of Kew to collaborate with partners in the field. 

The absence of one of these measures, therefore, does not necessarily inhibit overall partner 

capacity. I then combined this score synergistically with the Corruption Perceptions Index 

(CPI) (Transparency International, 2013), an indicator of national capacity to implement field 

projects. CPI was used as it is open access and produces similar country rankings to more 

comprehensive scores e.g. Euromoney Country Risk 

(http://www.euromoneycountryrisk.com/). I combined sores synergistically as high scores for 

both indicators (partner capacity and national capacity) are essential to success. For example, 

if there are good in-country partner connections but high political instability, likelihood of 

success will still be low. Here both indicators are valued as equally important and work in 

conjunction to produce larger returns if both indicators are high.  

Average costs for field-based species assessments were obtained from the Millennium Seed 

Bank (MSB) and reflect average fieldwork costs for Kew projects adjusted by differences due 

to distance travelled from Kew and Purchasing Power Parity (PPP) in the target country. 
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4. RESULTS 

 

4.1 RANDOM FOREST MODEL RESULTS 

4.1.1 Red List and SRLI data 

Running separate models on IUCN Red List and SRLI species resulted in low overall model 

performance (Appendix II:Table 2), this is likely an outcome of decreased sample sizes (110 

for Red List and 38 for SRLI). Results did not show significant differences in variable 

importance, so I grouped all assessed species together for the main model. 

4.1.2 Model results 

I selected the best model based on highest AUC and Youden Index. Sequential removal of 

variables with the lowest contribution to the model (Isolation and Family) reduced overall 

model performance so the final model contains all seven predictors of extinction risk. 

Applying the best model to predict not evaluated species revealed that 35% (2237 of 6439) of 

bulbous monocots are predicted to be threatened (Table 4.1). 

 

 

Table 4.1 - Performance statistics of random forest model for assessed bulbous monocots 

 

  

Parameter Value 

No. species 148 
No. variables 7 
Accuracy 0.912 
95% CI 0.855, 0.952 
Sensitivity 0.881 
Specificity 0.933 
AUC 0.978 
Threshold probability 0.458 
Youden Index, J 0.820 
Kappa, K 0.816 
% Predicted threatened 35 



28 

 

Model performance 

High AUC (0.978) indicates very good fit of the model to the data (Pearce & Ferrier, 2000). 

Sensitivity and specificity values show 88% of threatened species were accurately predicted, 

whilst 93% of non-threatened species were accurately predicted (Figure 4.1:D). Overall, 91% 

(135 of 148) of species were correctly classified. 

There is good discrimination between the threatened and non-threatened classes, with high 

frequencies of species found at the threatened (1) and non-threatened (0) ends of the 

probability scale and low frequencies at intermediate probabilities (Figure 4.1:A). Optimal 

threshold probability between the two classes was 0.458. The confusion matrix (Appendix 

II:Table S3) showed that only six non-threatened species were assigned a threat probability of 

more than 0.458 (Figure 4.1:B), and only seven threatened species were assigned a threat 

probability of less than 0.458 (Figure 4.1:C).  

 

Figure 4.1 - Random forest predictions for validation set (n=148). A: Histogram of threat probabilities of all assessed 
species. B: Predictive probability distribution of non-threatened species. C: Predictive probability distribution of 

threatened species. Green dotted line indicates threshold probability of 0.458. D: Receiver Operator Characteristic (ROC) 
curve. 

A 

D C 

B 



29 

 

 

Figure 4.2 - Predicted threat probability for assessed species (n=148) by IUCN Red List category 

 

Table 4.2 - Proportion of assessed species correctly classified by model grouped by IUCN threat category, TDWG range 
size, and IUCN threat types 

Assessed species Proportion correctly  
classified 

Number of  
species 

IUCN threat category 
CR 1 7 
EN 0.96 24 
VN 0.79 28 
NT 0.67 6 
LC 0.96 83 
Range size 
1 0.86 84 
2 0.96 23 
>2 1 41 
All threat types for threatened species 
Habitat degradation 0.88 50 

- Agriculture and grazing 0.86 29 
- Urbanisation 0.92 26 
- Deforestation 0.83 6 

Trade and Use 0.93 15 
Climate 1 13 
Invasive species 1 1 
Unknown 1 2 

TOTAL  0.91 148 
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There is particularly strong discrimination between CR species and non-threatened species 

(LC and NT) (Figure 4.2). All CR species were correctly predicted (Table 4.2), indicating 

strong predictive capacity for species with high extinction risk. NT species had the lowest 

proportion correctly classified which is likely a result of small sample size; of six assessed 

species, two were misclassified as threatened. In addition, these two misclassified species, 

Allium melananthum and Tulipa hungarica, had probabilities of 0.500 and 0.526 respectively, 

which are close to the 0.458 threshold value and therefore arguably fitting of NT species 

classification criteria. 

Identification of individual species misclassified, revealed that some species (almost all of 

which are endemics) were consistently misclassified across models (Appendix II:Table S8). 

Of particular note is the high misclassification rate of species endemic to Cape Provinces 

(CPP). 5 of 26 CPP endemics were misclassified, resulting in an accuracy of 81% compared 

to overall model accuracy of 91%. Figure 4.2 shows two obvious species misclassifications, 

both endemic to CPP, identified as: 

1) Crinum variabile (LC) – Predicted as threatened with a high probability of 0.70. No 

known major threats (Snijman & Victor, 2010).  

2) Romulea aquatica (EN) - Predicted as non-threatened with a low probability of 0.26. Lives 

in vernal pools which are severely threatened by wheat farming and trampling of livestock 

(Manning & Raimondo, 2010). 
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Variable Importance 

Variable importance is shown as mean decrease in Gini Index (Figure 4.3) and displayed in 

more detail in partial dependence plots (Figure 4.4 and Figure 4.5).  

 

Figure 4.3 - Relative importance of predictor variables ranked according to mean decrease in Gini Index. A large decrease 
indicates high levels of statistical dispersion in the frequency distribution of the data.  

 

 

Figure 4.4 - Partial dependence plot for family. Indicates likelihood of being classed as threatened against family group.  
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Figure 4.5 - Partial dependence plots showing likelihood of being classed as threatened for A: Range, B: Isolation, 
C: Human Footprint Index, D: Forest Loss, E: Population Density, F: Area Protected. Markers along horizontal axis 

indicate spread of data points. 

 

Human Footprint Index (HFI) has the greatest contribution to the predictive ability of the 

model with a mean decrease in Gini Index of 11.95 (Figure 4.3). The partial dependence plot 

(Figure 4.5:C) shows what seems to be a two-step positive relationship between HFI and the 

likelihood of being classed as threatened: one step increase when HFI>2.2, and again when 

HFI>3.0. As expected, human population density is also a key predictor (Gini 9.72) due to its 

correlation with HFI. There is a positive relationship between population density and 

extinction risk but interestingly notable increases are only seen at sparse population densities 

(1.2-1.7) (Figure 4.5:E). 
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Range is the second most important contributor to the model (Gini 10.19). TDWG count, 

although not a true measure of range size, appears to demonstrate the expected relationship. 

The partial dependence plot (Figure 4.5:A) shows a negative relationship between range and 

extinction risk. Endemics have a higher likelihood of being classed as threatened but 

accuracy is lower, only 86% of species were correctly classified compared to 100% of 

species found in more than two TDWG regions (Table 4.2). It also demonstrates as range 

increases above 20 TDWG regions there is little difference in the likelihood of extinction.  

Previous conservation action, often not accounted for in predictive models, interestingly 

makes important contributions to the model results (Gini 9.11). A general negative 

relationship shows that at higher percentage area protected, species are less likely to be 

threatened (Figure 4.5:F). However, this relationship shows two unexpected troughs which 

are difficult to interpret at the coarse level of this analysis. 

The partial dependence plot for forest loss (Figure 4.5:D) (Gini 8.56) shows an expected 

increase in likelihood of extinction as forest loss increases above 1.78, but an unexpected loss 

below 1.78 with species experiencing low forest loss more likely to be threatened. Risk also 

decreases when forest loss is high which may indicate that vulnerable species have already 

been extirpated from these areas. Species recorded as threatened by agriculture by IUCN 

have one of the lowest percentage of species correctly classified (86%) by the model (Table 

4.2).  

Plant family is not an important predictor of threat (Gini 7.59) but still contributed to overall 

model performance, predicting Amaryllidaceae and Liliaceae to be more likely to be 

threatened (Figure 4.4). Both families showed elevated percentages of threatened species 

compared to bulbous monocots as a whole. 49% of Amaryllidaceae and 38% of Liliaceae 

species were predicted as threatened (Appendix II:Table S4 shows other family predictions). 

Isolation is found to be the variable with least contribution to the model (Gini 2.17). The 

partial dependence plot (Figure 4.5:B) partly demonstrates the expected relationship; species 

with > 20% of their range on islands are increasingly likely to be classed as threatened. 

However, an unexpected negative relationship from 0-20% suggests that species occurring 

only on mainland are also more at risk. 
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4.1.3 Exploring model accuracy with range maps 

Repeating the model with actual range data showed ‘perfect’ model performance, AUC and 

Youden Index of 1 (Table 4.3), and very good discrimination between threatened and non-

threatened classes (Figure 4.6). Model accuracy was 0.988, with all but one species correctly 

classified. However, the model must be interpreted with caution due to decreased sample size 

(81 species). 

Table 4.3 - Performance statistics for range map model 

Parameter Value 

No. species 81 
No. variables 6 
Accuracy 0.988 
95% CI 0.933, 1.000 
Sensitivity 0.966 
Specificity 1.000 
AUC 1.000 
Threshold probability 0.64 
Youden Index, J 1.000 
Kappa, K 0.973 

 

  

The model higlights differences in variable importance when actual range data is used 

(Figure 4.7), particularly the importance of range size as a predictor of extinction risk (Gini 

17.0). All other variables are similar in their contributions to model predictions, with HFI, 

population density, and protected areas providing greater contributions than forest loss and 

family. 

Figure 4.6 - Predicted probability of threat for assessed 
species with range maps (n=81) by IUCN category 

Figure 4.7 - Relative importance of predictor variables 
ranked according to mean decrease in Gini Index 
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4.2 PRIORITISATION ANALYSIS 

4.2.1 Geospatial analysis 

I analysed model predictions by geographic region, revealing a strong spatial element in 

predicted extinction risk. “Hotspots” of global threat include: Turkey and Cape Provinces, 

both >153 species predicted to be threatened; and Iran, Chile Central, Greece, Spain, 

Lebanon-Syria, Northern Provinces and Transcaucasus, all > 76 threatened species (Figure 

4.6:C). Spatial analysis, through comparison of assessed and predicted threatened species, 

confirmed some known hotspots e.g. Greece, Spain and Cape Provinces. It also predicted 

some regions with high numbers of species assessed as threatened (e.g. Ecuador, Figure 

4.6:B) to be of less importance globally, again confirming spatial bias in assessments. In 

addition, the model predicted some new hotspots, e.g. Chile Central (72% of species 

predicted to be threatened), where no bulbous monocots have yet been assessed (Figure 2.1); 

and Iran, Lebanon and Syria where no species have yet been assessed as threatened (Figure 

4.6:B).  

The proportion of species predicted to be threatened (Figure 4.6:D) highlighted some regions 

that do not have particularly high species richness but high proportions of threatened species. 

India has only 50 species, yet 52% of these species are predicted to be threatened, all but one 

of which are endemic to India. Similarly, Western Australia has only 59 species, 56% of 

which are threatened endemics. Conversely, some species rich areas are predicted to have 

few threatened species, e.g. Namibia has 204 species, none of which are predicted to be 

threatened, and Italy has 228 species, 9 predicted to be threatened.  
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Figure 4.6 – A: Species richness of bulbous monocots B: Number of assessed threatened species on IUCN Red List 
C: Predicted number of threatened species D: Proportion of species predicted to be threatened, by TDWG L3 region 
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4.2.2 Ranking by cost-effectiveness 

The top 30 priority regions according to the combined index of extinction risk, likelihood of 

success and cost are ranked according to cost-effectiveness (Table 4.4) (Appendix II: Table 

S11 shows a complete list of results). This list was compared to the top 30 regions by species 

richness and predicted number of threatened species (Appendix II: Tables S9-10); regions 

that are also found on these lists are highlighted grey and bold, respectively. The results table 

shows that nine of the top ten regions by cost-effectiveness are also included in the top 30 

regions by species richness and predicted number of threatened species. The exception is 

Brazil Southeast which, with 142 species, ranks just below the top 30 regions for species 

richness. 

Results suggest California, Cape Provinces and Turkey are the most cost-effective regions to 

target future assessments, each for slightly different reasons. Whist California does not have 

the highest levels of predicted extinction risk (75 threatened species, 71 endemics), 

conservation actions are likely to succeed due to strong partner relations (72 botanic gardens 

and 26 previous fieldwork trips) and low levels of corruption (CPI 0.73), all indicating good 

national capacity. The cost of working in California is high but it is outweighed by the other 

scores. Cape Provinces on the other hand has 153 species predicted to be threatened, 89% of 

which are endemics, but the likelihood of conservation success is lower due to the level of 

corruption (CPI 0.42). The cost of fieldwork is low indicating good returns for financial 

investment. Turkey has the highest levels of extinction risk and lowest cost yet does not rank 

at the top due to low likelihood of success, a result of poor partnerships and high corruption. 

Adjusting measures of extinction risk to account for likelihood of success and average cost 

resulted in some significant changes to the ranking of priority regions. For example, Iran is 

the third most important region in terms of species richness and the number of species 

predicted to be threatened; however, a low score for likelihood of conservation success 

pushes it down to rank 25. Likewise, regions less extinction prone may rank higher due to 

high likelihood of success and/or low costs. 
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Table 4.4 – Top 30 priority regions for future conservation research, ranked in order of cost-effectiveness. Regions highlighted grey are amongst the top 30 regions for species richness. 
Regions formatted bold are amongst the top 30 regions for predicted number of threatened species. 

Rank TDWG Name TDWG 
Code 

Species 
Richness 

Number 
threatened 

species 

Number 
threatened 

endemics 

Extinction 
risk 

Number 
Botanic 

Gardens 

Number 
overseas 

field trips 

Corruption 
Perceptions 
Index (CPI)  

Likelihood 
of Success 

Cost 
Index 

Final Score 

1 California CAL 277 75 71 0.56 72 26 0.73 0.32 0.43 0.1265 

2 Cape Provinces CPP 1934 153 136 1.10 11 33 0.42 0.14 0.21 0.1261 

3 Turkey TUR 699 316 221 2.00 9 6 0.50 0.04 0.10 0.0728 

4 Northern Provinces TVL 332 86 62 0.55 11 33 0.42 0.14 0.15 0.0667 

5 Brazil Southeast BZL 142 69 66 0.52 18 32 0.42 0.14 0.36 0.0546 

6 Brazil South BZS 169 73 68 0.54 6 32 0.42 0.13 0.36 0.0512 

7 Spain SPA 270 99 65 0.61 23 11 0.59 0.10 0.20 0.0494 

8 Chile Central CLC 172 124 123 0.95 10 8 0.71 0.07 0.38 0.0493 

9 KwaZulu-Natal NAT 328 51 37 0.33 3 33 0.42 0.13 0.21 0.0351 

10 Japan JAP 119 53 30 0.30 61 4 0.74 0.16 0.45 0.0326 

11 India IND 50 26 25 0.20 108 2 0.36 0.12 0.03 0.0224 

12 Western Australia WAU 59 33 33 0.25 9 17 0.81 0.15 0.72 0.0215 

13 France FRA 182 30 8 0.13 89 1 0.71 0.19 0.29 0.0190 

14 Brazil Northeast BZE 64 23 20 0.16 8 32 0.42 0.13 0.36 0.0158 

15 Bolivia BOL 123 54 54 0.42 5 13 0.34 0.05 0.28 0.0146 

16 Palestine PAL 191 57 25 0.29 14 8 0.61 0.07 0.45 0.0140 

17 Transcaucasus TCS 283 76 37 0.41 12 7 0.36 0.04 0.05 0.0138 

18 Mexico Southwest MXS 142 53 49 0.39 12 10 0.34 0.04 0.31 0.0127 

19 Texas TEX 68 12 8 0.07 35 26 0.73 0.25 0.47 0.0124 

20 Argentina Northeast AGE 165 54 41 0.36 30 0 0.34 0.03 0.33 0.0078 

21 China Southeast CHS 93 11 11 0.08 56 15 0.40 0.12 0.33 0.0075 

22 Greece GRC 316 101 71 0.64 9 1 0.40 0.01 0.20 0.0074 

23 Lebanon-Syria LBS 251 90 37 0.45 0 9 0.23 0.02 0.14 0.0073 

24 Italy ITA 228 9 3 0.04 97 12 0.43 0.17 0.25 0.0056 

25 Iran IRN 387 128 106 0.88 3 2 0.25 0.01 0.09 0.0054 

26 Yugoslavia YUG 283 24 15 0.14 28 0 0.46 0.04 0.03 0.0051 

27 Mexico Central MXC 85 12 12 0.09 31 10 0.34 0.06 0.28 0.0044 

28 Free State OFS 165 11 1 0.04 2 33 0.42 0.13 0.15 0.0044 

29 Germany GER 58 3 2 0.02 106 1 0.78 0.24 0.25 0.0036 

30 Florida FLA 54 3 2 0.02 48 26 0.73 0.27 0.43 0.0035 
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5. DISCUSSION 

 

5.1 ADDRESSING RESEARCH OBJECTIVES 

5.1.1 Level of threat in bulbous monocots 

The model predicted that 35% of not evaluated bulbous monocots are currently at risk of 

extinction. This estimate is considerably larger than the 20% predicted by the SRLI project 

for all plants. It is not yet clear whether this predicted increase applies solely to bulbous 

monocots or to broader groups of plants. Model performance, particularly the high sensitivity 

is better than previous models e.g. Machado and Loyola (2013) and Davidson et al. (2009). 

High sensitivity is particularly beneficial for conservation problems as it is less risky to 

predict species as threatened when they are not (false positives) than to predict species as not 

threatened when they are (false negatives). 

Results show good accuracy, however, it is imperative to investigate misclassified species to 

avoid such misclassifications in future modelling. In the case of the two anomalies (Figure 

4.2), both species were Cape Provinces (CPP) endemics, therefore classifications are based 

on the same spatial variables: HFI 14.5, population density 18.4/~5km², 5.9% area protected 

and 0.26% forest loss. Subsequently, the only explanatory variable accounting for the 

difference in classification between the two species is family. Crinum variabile is in the 

family Amaryllidaceae, species of which are generally more likely to be threatened due to 

narrow ranges (Kubitzki et al., 1990), and Romulea aquatic is in the family Iridaceae, species 

of which are predicted to be less threatened (Figure 4.4). Four of six CPP species 

misclassified are threatened by agricultural degradation. These misclassifications likely occur 

as specific agricultural threats are not accounted for by the model unless they are 

accompanied by forest loss (discussed further below). In South Africa, approximately 79.4% 

of land is under agricultural use, yet only 7.6% of land is forested (World Bank, 2011). 

Additionally, previous findings suggested human impacts do not correlate with threatened 

species in the Cape and that extinctions are instead driven by recent diversification of plant 

lineages (Davies et al., 2011). The method of assessment may also result in 

misclassifications, if species are assessed as threatened based on small AOO and EOO, the 

model is likely to miss ‘restricted range’ as the main predictor of extinction as TDWG count 

is used instead of range area. 
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5.1.2 Patterns and drivers of extinction risk 

Model results highlight common patterns in the socioeconomic and ecological variables used 

to predict extinction risk. Human impacts were key in distinguishing between threatened and 

non-threatened species. HFI had the largest contribution to the model, which was expected 

considering it closely correlates with habitat degradation through urbanisation. Urbanisation 

is the second most commonly stated threat for bulbous monocots on the IUCN Red List, after 

agriculture (IUCN, 2014). I used forest loss as an indicator of general habitat loss, as it has 

been shown to have adverse effects on a diverse range of habitats e.g. grassland and 

savannahs (Boakes et al., 2010). However, the suitability of forest loss in this analysis as an 

indicator of habitat loss, particularly as a result of agriculture, is questionable. The ability of 

the model to capture agricultural threats may also be hindered by the timescale of the forest 

loss dataset which records loss from 2000-2012 (Hansen et al., 2013). Countries that have 

converted large amounts of land to agriculture pre-2000 may experience high levels of habitat 

degradation that are no longer associated with forest loss. Similarly, regions with naturally 

low forest cover but high agriculture are not captured by this indicator. Extinction rates may 

therefore be high even when forest loss is low, e.g. Cape Provinces (0.26% forest loss) and 

Turkey (0.18% forest loss). Nevertheless, forest loss remains an important variable in 

predicting threat in this analysis. Human population density is also an important predictor of 

extinction risk; however, it strongly correlates with HFI as it makes up part of the HFI score. 

Therefore, it is difficult to disentangle its effects through this type of modelling. The 

importance of human impacts supports the findings of the SRLI project and other taxon wide 

studies (Cardillo et al., 2008), yet contradict previous studies which suggest extinction risk is 

predicted more strongly by species biology than exposure to human impacts (Cardillo et al., 

2004). 

The importance of range size is also supported by previous studies and reflects the inherent 

role of range size in IUCN criteria (Di Marco et al. 2014, IUCN, 2001). A strong effect was 

seen in species with narrow range sizes (particularly < 3 TDWG regions, Figure 4.5:A). 

Davies et al. (2011) suggest a role for phylogeny in driving extinctions as small ranges are 

correlated with recently diversified lineages due to the mode of speciation, e.g. new species 

often establish as small, isolated populations through long-distance dispersal or hybridisation. 

However, other studies show that location and not range size itself is the important factor in 

predicting extinctions (Feeley & Silman, 2009).  
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The relationship between percentage area protected and likelihood of extinction is less 

transparent than human impacts and range size, likely reflecting the quality of data used. Area 

protected uses a crude measure of presence and size of registered protected areas; it does not 

indicate the value of biodiversity enclosed in the area or the effectiveness of management 

regimes. Notable fluctuations in the partial dependence plot (Figure 4.5:F) may therefore 

reflect that many protected areas are essentially ‘paper parks’ with poor management regimes 

and little contribution to the conservation of biodiversity (Leverington, Hockings & Costa, 

2008).  

Consistent with previous studies, closely related lineages do not appear more likely to contain 

similar proportions of threatened species (Fréville et al., 2007) as plant family was not a 

major contributor to the predictive power of the model. Whilst there are only few consistent 

differences between bulbous monocot families, the findings that Amaryllidaceae and 

Liliaceae are more likely to be classed as threatened fit with the limited literature. 

Amaryllidaceae typically have restricted ranges, with range shown in this model and other 

studies to be an important predictor of extinction risk. Liliaceae contain several genera found 

only on forest floors, indicating increased vulnerability to forest loss as a variable (Kubitzki 

et al., 1990).  

Isolation shows an ambiguous relationship with extinction risk, this may be for a number of 

reasons, each of which would need to be tested independently to identify the cause. The most 

likely reason is that the measure for isolation (percentage of islands in species range) is not a 

sufficient indicator of true isolation of the populations e.g. distance from mainland. 

Alternatively, the unusual trend in the partial dependence plot (Figure 4.5:B) may suggest 

interactions other variables either within or external to the variables included in the model. 

Lack of clarity may be amplified by the fact that only 4% of bulbous monocots occur 

exclusively on islands, hence the right-hand side of the graph is supported by very few data 

points. 

5.1.3 Prioritising geographic regions vulnerable to extinction risk 

The prioritisation analysis revealed geographic regions with high levels of predicted threat 

and suggested priority regions to maximise conservation returns. It also revealed substantial 

overlap between the top 30 regions by cost-effectiveness and ranking based solely on species 

richness and predicted number of threatened species. There is therefore an argument in 

support of setting priority regions based solely on species richness and threat, as is the case in 
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conservation hotspots (Myers et al., 2000). However, this approach has recently been 

discredited as ineffective in regards to conservation returns as it neglects economic costs 

(Joseph et al., 2009). Indeed, our analysis produced noticeable changes in the ranked order of 

priority regions, as is the case with Iran, demonstrating the merit of including likelihood of 

success and cost along with extinction risk. Ranking highlighted that some species rich 

regions are likely to receive limited attention due to impracticality of research in politically 

unstable countries (Table 4.4). This constraint is not within the bounds of conservation 

science to overcome; conservationists should instead focus on areas where high returns for 

investment are expected.  

Results also give insight into the dominant drivers of threat in each region. For example, in 

Turkey 45% of species are predicted to be threatened, yet Turkey only has mid-range human 

impact scores (33.4 HFI, 80.3 people/~5km² and 0.18% forest loss). The expected reason for 

higher proportions of threat is that only 0.74% of land area is under protection. Therefore, in 

Turkey it may be worth investing in protected are coverage and improving effectiveness of 

protected area management. Conversely, Spain has 33.3% of land protected but high levels of 

threat due to human impacts. 

 

5.2 IMPLICATIONS FOR CONSERVATION PLANNING 

This thesis aimed to increase understanding of the drivers and extent of extinction risk in 

bulbous monocots. Next steps will require validation of results with observations in the field, 

which can then be used to systematically conserve the most vulnerable species. It is important 

to note that the prioritisation scheme presented here is a framework and not a final product. In 

practice, the precise nature of prioritisation will differ depending on the specific goals of 

organisations. Organisations may choose to place greater weight on species of known socio-

economic value or genetic distinctiveness, instead of focusing on extinction risk.  

5.2.1 Implications for bulbous monocots 

Bulbous monocots are significantly under-researched as a plant group which restricts the 

conclusions drawn from the results. Nonetheless, these results present an important start to 

bulbous monocot conservation as they provide insight into predicted threat levels and drivers 

of extinction risk in the group. The model highlighted potential flaws in the use of IUCN 

assessments as an indicator of extinction risk. Looking solely at Red List species 
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overestimates predicted threat levels by 31%, whereas SRLI assessments cannot be used to 

reliably inferred threat levels as so few bulbous monocots were assessed as part of the 

project.  

Bulbous monocots are an important plant group, both for local livelihoods in the form of 

nutritional and medicinal value, and in international horticultural markets. Successful 

conservation of the most valued and threatened species will therefore provide benefits at 

different societal levels. It is worth noting that for international horticultural trade, a 

proportion of conservation investment is returned to big businesses. However, at the local 

level financial, investment can be seen as a means to poverty alleviation through greater food 

and health security. Hotspots of bulbous monocots generally overlap with known important 

Centres of Plant Diversity (Appendix I: Figure S1), however, there are some discrepancies, 

e.g. Iran. At a species level, a quick analysis shows that only 21 (14%) assessed bulbous 

monocots are in the Millennium Seed Bank (MSB), eight of which are threatened, and of 

these only three are adequately secured (>10,000 seeds). Meanwhile, a look at the global 

botanic garden community shows that 100 (68%) assessed species are found in at least one 

botanic garden worldwide (BGCI, 2014). A look at not evaluated species reveals that 9% of 

species predicted as threatened are found in the MSB, only 12% of which are adequately 

secured, and 36% of predicted threatened species are found in at least one botanic garden. 

Moving forward from this will require good collaboration between botanic gardens to ensure 

the most vulnerable and valuable species are secured. 

5.2.2 Implications for global plant conservation 

Achieving GSPC target 2 “an assessment of the conservation status of all known plant 

species, as far as possible, to guide conservation action” by 2020 will require rapid advances 

in the speed and cost of species assessments.  Both Aichi and GSPC targets, and the 

conservation policies that they inform, are based on Red List assessments and indices. 

Therefore, improving knowledge of the state of biodiversity within different plant groups and 

plants in general should be a priority for conservation organisations like RBG Kew. If 

predicted levels of threat from this analysis prove accurate in the field, and if similar 

increases are found when this methodology is applied to other plant groups, there could be 

significant implications for policy decisions and management plans. Current IUCN guidelines 

state that if a species falls into the Not Evaluated category it should “not be treated as if it 

were not threatened” and in some instances it would be better to treat a species as threatened 

even before a full assessment has been conducted (IUCN, 2001). However, without indices of 
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threat, there is little information with which to encourage funding bodies and national 

governments to invest in conservation. 

I demonstrate the ability of predictive modelling to accurately discriminate between 

threatened and non-threatened species, providing a low cost tool for rapid preliminary 

assessments. However as outputs are based on a relatively small number of species 

assessments that are spatially and taxonomically biased (Moerman & Estabrook, 2006), 

results should not be used as a final measure of threat for individual species but as a decision 

tool for targeting further field-based assessments. If model results prove accurate in the field 

there is potential to use a double sampling approach, combining desk-based modelling with 

field assessments, to provide further cost-effectiveness to conservation managers. Double 

sampling has been shown to reduce costs by up to 69% (Bland, 2014). 

A finding of particular value is that whilst range maps are important for capturing the effects 

of true range size, the use of TDWG regions as an indicator of range and associated spatial 

variables does not hugely alter results. TDWG regions are the most widely available and 

comprehensively compiled distribution data for plants (WCSP, 2014), therefore the validity 

of their use has significant implications for preliminary modelling of threat in other plant 

groups. 

Prioritising plant conservation based on model results will be a task for individual 

organisations. However, decisions should start at a global level, as demonstrated here, in 

order to identify species that are likely to be threatened across their entire geographic range. 

Although conservation of nationally declining species is important in terms of maintaining 

unique genetic diversity, if populations elsewhere are either increasing or stable it is arguably 

not a global priority. Priorities should instead focus on threatened endemic species or species 

at risk of extinction across their entire geographic range. Clarity of such decisions is 

becoming increasingly demanded and preliminary global level analyses can add an important 

dimension in demonstrating value for money. 
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5.3 STUDY LIMITATIONS 

5.3.1 Data Limitations 

Results are largely limited by data availability for bulbous monocots. Species assessments are 

far from complete; results from this study are based on a sample of 148 assessed species 

which are used to predict probabilities of extinction risk for 6439 not evaluated species. As 

previously mentioned, the sample set also presents bias in sampling method; Red List vs 

SRLI, and individual sample sizes were too small to adequately test the effects of this bias in 

the test model (Results 4.1.1). 

Whilst there are comprehensive global datasets for a wide range of environmental and 

socioeconomic variables, accuracy of values inferred for individual species is limited by 

geographic range data. Only indicators of distribution and range size were available for all 

species and only around half of assessed species were accompanied by range maps. 

Subsequently, I overestimated range sizes by assuming that if a species is present in a TDWG 

it is found in all locations and biome types across that region. I attempted to address this 

limitation by running the model on buffered point data from SRLI records and GBIF (Global 

Biodiversity Information Facility); however, this approach underestimates species locations 

as it assumes species are only found at sample sites. In addition, GBIF records were biased 

towards countries with greater scientific capacity e.g. U.S. The herbarium records used to 

develop TDWG occurrence data are also prone to bias as collections were not randomly 

sampled, creating a ‘Wallacean shortfall’, whereby knowledge surrounding species 

distributions may not be complete (Lomolino, 2004). Accurate values for geographic 

predictor variables could only be captured by the range map model (Results 4.1.3). The use of 

range maps is particularly important for species with narrow distributions that are closely 

associated with specific habitat types. For example, if a species is found in a single isolated 

location, average values extracted accros the entire TDWG region are extremely unlikely to 

reflect real values across the species range. I expect this limitation to be less pronounced for 

wide ranging or nationally abundant species, as average values should be similar when using 

range maps and TDWG regions. Range maps are also important in providing a measure of 

Area of Occupancy (AOO), whilst TDWG data only indicates Extent of Occurrence (EOO). 

In some instances, spatial variables themselves may not have been the most appropriate 

indicators of threats. Using the Global Forest Loss (2000-2012) dataset (Hansen et al., 2013) 

to indicate habitat degradation does not indicate current levels of habitat degradation in 
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sparsely forested and previously transformed land, particularly evident in Cape Provinces. 

For these situations it would have been beneficial to include additional datasets on 

agricultural land use or global land cover. Additionally, forest loss may be less appropriate to 

indicate habitat loss for bulbous monocots given their geophytic life form. If underground 

storage organs are deep, species may be less affected by forest loss itself and only experience 

increased threat if land is subsequently converted to intensive and frequent agricultural 

practices that impact the species life cycle, or alternatively to mining activities that damage or 

remove the storage organ completely (Trias Blasi, pers. comm.). 

Furthermore, the number and range of predictor variables is not optimal. I needed to ensure 

consistency and completeness to control for bias towards information rich species. I therefore 

did not include species-specific data, to highlight phylogeny, life-history traits, population 

trends and species-specific threats, as data is not consistently available for bulbous monocots. 

However, the inclusion of phylogeny and life-history traits may not have added to the 

predictive ability of the model as bulbous monocot families have diverged extensively 

according to their geographic distributions. For example, some African genera e.g. Amaryllis, 

are particularly adapted to fire ecology, yet these regional adaptations may not reflect 

adaptability and vulnerability to changing fire regimes across the whole family (Kubitzki et 

al., 1990). Life-history traits have been shown to play only a small role in driving extinction 

risk in plants (Fréville et al., 2007), converse to vertebrate studies in which traits such as 

body mass and age are key predictors (Di Marco et al., 2014). However, phylogenetic 

structure was shown to correlate with extinction risk in plants in the Cape, South Africa 

(Davies et al., 2011) and the Eastern Arc, Tanzania (Yessoufou et al., 2012). These variables 

remain understudied and it is important to continue testing their predictive ability as more 

data becomes available.  

Other known threats excluded due to data availability include: disease; invasive species; 

overexploitation for use and trade; and climate. Overexploitation is potentially one of the 

most important drivers of extinction for specific bulbous monocots due to their food, 

medicinal, and horticultural value at local to international levels. However, the only 

international data available from the Convention on International Trade in Endangered 

Species (CITES) is for the genera Galanthus and Sternbergia. Climatic variables such as 

aridification and increasing fire frequency and intensity pose significant threats to some 

assessed bulbous monocots e.g. Ledebouria insularis and Brimeura duvigneaudii, however, 

there was little value in including climatic variables due to limitations in range data. Lastly, 
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as probability of extinction is a future event, it would have been useful to include population 

level data to indicate trends in species numbers to know whether species are heading towards 

or away from extinction. 

5.3.2 Model limitations 

Whilst random forests have been shown to outperform other types of Machine Learning 

models, particularly when used for predicting extinction risk (Bland et al., 2014), optimum 

models and parameters depend on data types and study context. As this type of predictive 

modelling is new for plants it would have been advisable to run multiple types of models (e.g. 

classification trees, boosted trees, support vector machines and neural networks) to compare 

model performance. Alternatively, random forests could have been compared with 

Generalised Linear Models (GLM) to analyse relationships between variables in more detail. 

Random forests encounter an ‘Occam Dilemma’ (Breiman, 2001), in which their complexity 

increases accuracy at the expense of interpretability. This black box effect limits the ability to 

identify and interpret co-variance between the predictor variables. For example, in Results 

4.1.2 it was not possible to comprehensively interpret ambiguous trends in the partial 

dependence plots for isolation and forest loss without also testing for covariance with other 

variables (Figure 4.5:B&D). In addition, human impacts may interact with species traits such 

as range size; species with small ranges are likely to be more vulnerable to habitat 

degradation than species with extensive ranges (Machado & Loyola, 2013). 

A major model assumption is that relationships between predictor variables and assessed 

species in the training set are transferrable to not evaluated species. This assumption is 

substantial considering the bias in sampling techniques for assessed species. Nevertheless, the 

most important predictor variables are indicators of habitat degradation, a non-species 

specific threat, which the SRLI found to hold true across plant groups under non-biased, 

random sampling (Kew, 2011) Therefore, it is reasonable to assume that for the variables 

used, modelled relationships for assessed species are sufficient to represent the expected 

relationships in not evaluated species. On the other hand, if dominant threats had been 

species-specific extractive activities for use and trade, the applicability of model results 

would be questionable. Indeed, there will be a proportion of species that are threatened by 

these activities which were not captured by the model. Improving the predictability of these 

threats will require the inclusion of trade and value data, which is not yet comprehensively 

available. 
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A final comment on the limitations of inferences from the model is that whilst model 

performance and accuracy for the training set are good, these measures are likely to be lower 

when predicting not evaluated species. Model performance is expected to be somewhere 

between the AUC for cross-validation (0.76) (Appendix II:Table S2), which tests against 

unseen data, and the actual model AUC (0.98) (Table 4.1), which uses seen data (Hand, 

2012). 

Due to these limitations, I do not recommend use of this model as a replacement to full Red 

List assessments. A model capable of accurately predicting threat status of species requires a 

much larger training set and greater range and number of predictor variables than used here. 

Jetz and Freckleton (in review) consider predictions to be sufficiently reliable when 60% of 

species have been assessed and are used to train predictions for Not Evaluated and/or Data 

Deficient species.  

5.3.3 Prioritisation limitations 

Like all global level analyses, these results face a trade-off between tractability and 

meaningfulness. As previously mentioned, indices used in the prioritisation framework are 

somewhat arbitrary. Indices were devised according to data availability and therefore do not 

reflect true measures of extinction risk, likelihood of success or financial investment. 

Financial data represents average costs according to past RBG Kew projects; whilst useful as 

a means to prioritise based on financial returns, in practice these figures would need to be 

adjusted depending on specific project locality and time of year (affecting flight costs). 

Moreover, it represents the average cost for single species assessments, yet as geographic 

regions are prioritised, per-unit cost is expected to decrease as the number of species assessed 

increases. The approach taken also fails to account for species interactions, particularly the 

effect of successful conservation of umbrella species on threat probabilities of other species. 

Nevertheless, in accordance with the use of this prioritisation scheme as a decision support 

tool, these limitations are not seen as a major obstacle but as a foundation for future 

improvements as research surrounding global prioritisation schemes advances. 
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5.4 RECOMMENDATIONS FOR FUTURE RESEARCH 

Immediate next steps from this project should be to confirm model results in the field. 

Although model performance is promising, it should not be blindly trusted due to the model 

uncertainties and data limitations outlined above and by Nicholson and Possingham (2006). I 

recommend field assessments be prioritised by geographic region according to the framework 

provided and adjusted to fit the specific goals and criteria of organisations and funding 

bodies. Once a region has been approved for research, one good option is to prioritise 

endemic species in order of highest probability of extinction, in order to ensure maximum 

global conservation gains. Probabilities of extinction are available for individual species as a 

project output in the form of a database. Species can be filtered by geographic region, 

endemism and sorted according to predicted probability of extinction.  

Future research should continually seek to improve model performance, particularly through 

increasing the number of assessed species used in the training set and the number of predictor 

variables. Variables such as agricultural land use can be included immediately as data already 

exists and is accessible. There may be additional value in repeating this analysis at a national 

level, focusing on areas for which there is an abundance of plant information and 

assessments. For example, 1,987 bulbous monocots have been regionally assessed in South 

Africa by the South African National Biodiversity Institute (SANBI). As information 

increases and model outputs are independently verified through field assessments, there may 

be scope to apply this framework to other important plant groups and plants as a whole, as 

has been done for mammals and birds. However, with limited funding there will undoubtedly 

be trade-offs between increasing the number of plant assessments and keeping current 

assessments up to date. 

  



50 

 

5.5 CONCLUDING REMARKS 

In this thesis, I present the first global prioritisation of conservation research actions for 

bulbous monocots. Through predictive modelling I found 35% of not evaluated bulbous 

monocots to be at risk of extinction. My results suggest that human impacts and geographical 

range size are the most important predictors of threat. Geographical regions with the highest 

threat levels include Turkey, Cape Provinces and Iran; however regions with high threat 

levels do not always correlate with cost-effectiveness of research. Ranking by cost-

effectiveness highlighted California, Cape Provinces and Turkey as priority regions for future 

research. Although conclusions should be interpreted in light of current data availability, 

study limitations highlight opportunities for further model development and research, 

particularly in regard to advancements in digital and open-source data on plant ecology. 

In an era of budget cuts and seemingly insurmountable challenges to conservation science, 

this thesis delivers a rapid and low-cost assessment tool for preliminary targeting of 

understudied taxa. These results have immediate implications for bulbous monocot 

conservation and provide a new approach to achieving ambitious conservation targets based 

on limited information and financial investment. 

 

 

 

 

 “All models are wrong, but some are useful.” 

 

- George E. P. Box (1987) 
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APPENDIX I: DATA 

 

 

 

 

Figure S1 - Centres of Plant Diversity. Version 1.0. UNEP-WCMC 2013 

 

 

 

 

Table S1 - Species removed from the analysis due to missing TDWG location data 

Family Species 

Amaryllidaceae Griffinia cordata 

Amaryllidaceae Griffinia leucantha 

Amaryllidaceae Hymenocallis schizostephana 
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APPENDIX II: RESULTS 

 

MODEL RESULTS 

Table S2 - All model results including 10-fold cross-validation for Red List species, SRLI species, All species (main model), 
and species with range maps from the Red List and SRLI 

Parameter Red List species SRLI species Main model Range map model 

No. species 110 38 148 81 
No. variables 7 7 7 6 
10-fold cross-validation 
ROC 0.783 0.910 0.758 0.837 
Sensitivity 0.725 0.951 0.761 0.806 
Specificity 0.657 0.043 0.512 0.667 
mtry 6 3 6 6 
ROC statistics 
Accuracy 0.918 0.947 0.912 0.9877 
95% CI 0.850, 0.962 0.823, 0.994 0.855, 0.952 0.9331, 0.9997 
Sensitivity 0.942 0.714 0.881 0.9655 
Specificity 0.900 1.000 0.933 1 
AUC 0.986 0.954 0.978 1 
Threshold  0.538 0.556 0.458 0.64 
Youden Index 0.841 0.857 0.820 1 
Kappa 0.836 0.803 0.816 0.9729 

  

Table S3 - Confusion matrix for main model results 

Predicted Class True class 

Non-threatened Threatened 

Non-threatened 83 7 
Threatened 6 52 

 

Table S4 - Proportion of species predicted as threatened in main model by family 

Family Number  
Non-threatened 

Number  
threatened 

Total number Percentage 
threatened 

Amaryllidaceae 1098 1055 2153 0.49 
Asparagaceae 748 332 1080 0.31 
Colchicaceae 172 101 274 0.37 
Iridaceae 1747 486 2233 0.22 
Liliaceae 436 263 699 0.38 
TOTAL 4202 2237 6439 0.35 

 

Table S5 - Variable importance of predictor variables in main model 

Predictor Variable Mean Decrease in Gini Index 

Human Footprint Index 11.95 
Range size 10.19 
Population Density 9.72 
Area Protected 9.11 
Forest Loss 8.56 
Family 7.59 
Isolation 2.17 
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RANGE MAP MODEL RESULTS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table S6 - Confusion matrix for range map model 

Predicted Class True class 

Non-threatened Threatened 

Non-threatened 52 1 
Threatened 0 28 

 

Table S7 - Variable importance of predictor variables in range map model 

Predictor Variable Mean Decrease in Gini Index 

Range size 16.95 
Area Protected 5.04 
Population density 5.02 
Human Footprint Index 4.61 
Forest Loss 3.10 
Family 2.19 

A B 

C D 

Figure S2 - Random forest predictions for validation set for range map data model (n=81). A: Histogram of threat 
probabilities of all species. B: Predictive probability distribution of species assessed as non-threatened. C: Predictive 

probability distribution of species assessed as threatened. Green line indicates threshold probability of 0.458. D: 
Receiver Operator Characteristic (ROC) curve. 
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SPECIES MISCLASSIFICATIONS ACROSS MODELS 

Table S8 – Species misclassified, including the number of times they were misclassified by different models. Number of misclassifications formatted bold refer to species misclassified in 
the final model used. Species highlighted red were misclassified as non-threatened, all other species were misclassified as threatened.  

Species Number 
misclassified  

Probability 
of threat 

Predicted 
threat 

Observed 
threat 

Red List 
category 

TDWG Range 
size 

IUCN threats (IUCN, 2014) 

Allium exaltatum 3 0.372 notThr Thr VU CYP 1 Road improvements and recreational activities in Cyprus 

Allium schmitzii   6 0.358 notThr Thr VU SPA, POR 2 Construction of dams and stabilisation of riverbanks 

Dipcadi kuriensis 3 0.366 notThr Thr VU SOC 1 No info on threats, small restricted range 

Geissorhiza lithicola 6 0.29 notThr Thr VU CPP 1 Residential and commercial development, increasing fire frequency/intensity and 
invasive species. 

Ledebouria insularis 3 0.366 notThr Thr EN SOC 1 Lower rainfall and increasing aridification 

Moraea callista 4 0.422 notThr Thr VU TAN 1 Potato farming and accidental collection along with orchids. 

Moraea stagnalis 6 0.29 notThr Thr VU CPP 1 Habitat loss and degradation from rooibos tea farming. Threatened in all 7-10 of its 
locations. It has an extent of occurrence of 8,700 km², the area of occupancy is a 
very uncertain as the extent of the habitat is not known.  It has not been collected 
for 30 years and status needs to be checked.  

Romulea aquatica 6 0.29 notThr Thr EN CPP 1 Found at <5 locations, all threatened by wheat farming and trampling of livestock. 
Remaining area of occupancy is <10 km² (extent of occurrence is 2,400 km²). 

Romulea multisulcata 6 0.29 notThr Thr VU CPP 1 Vernal pool habitat degraded by trampling and grazing of stock animals and 
agriculture. Extent of occurrence is 7,500 km² and area of occupancy < 10 km². 

Allium autumnale 3 0.424 Thr notThr LC CYP 1 Increase in fire frequency and intensity but widespread throughout Cyprus. Part of 
range is protected in situ. 

Allium melananthum 6 0.5 Thr notThr NT SPA 1 Restricted and fragmented distribution, rare throughout most of range. No known 
threats. 

Allium rouyi 6 0.5 Thr notThr LC SPA 1 Abundant throughout south of Iberian peninsula. No major threats. 

Allium willeanum 3 0.424 Thr notThr LC CYP 1 Fairly common and no known threats. 

Crinum variabile 6 0.562 Thr notThr LC CPP 1 Extent of occurrence > 20,000 km2 and no major threats. 

Crocus etruscus 1 0.406 Thr notThr NT ITA 1 Extent of occurrence of 1,892 km² and area of occupancy of 120 km². Occurs in 
isolated subpopulation nuclei but the populations are stable. However, the plant is 
potentially threatened by habitat degradation, predation by wild boar, and small-
scale wood plantations. 

Dipcadi guichardii 3 0.35 Thr notThr LC SOC 1 Common in several vegetation types and no known threats. 

Ledebouria grandifolia 3 0.35 Thr notThr LC SOC 1 Common in several vegetation types and no known threats. 

Moraea iringensis 2 0.43 Thr notThr LC TAN 1 Widespread and reasonably common. Habitat intact and no known threats. 

Tulipa hungarica 6 0.526 Thr notThr NT BUL 1 Just over 1,000 mature individuals in a small range. Potentially threatened by 
collecting for gardening but no available data. 
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PRIORITISATION ANALYSIS 

 

Table S9 - Top 30 TDWG regions by species richness  Table S10 - Top 30 TDWG regions by 
predicted number of threatened species 

Rank TDWG region TDWG  
Code 

Species 
richness 

  Rank TDWG Region TDWG 
Code 

Number of 
threatened 

species 

1 Cape Provinces CPP 1934   1 Turkey TUR 316 

2 Turkey TUR 699   2 Cape Provinces CPP 153 

3 Iran IRN 387   3 Iran IRN 128 

4 Northern Provinces TVL 332   4 Chile Central CLC 124 

5 KwaZulu-Natal NAT 328   5 Greece GRC 101 

6 Greece GRC 316   6 Spain SPA 99 

7 Transcaucasus TCS 283   7 Lebanon-Syria LBS 90 

8 California CAL 277   8 Northern Provinces TVL 86 

9 Spain SPA 270   9 Transcaucasus TCS 76 

10 Lebanon-Syria LBS 251   10 California CAL 75 

11 Kazakhstan KAZ 243   11 Brazil South BZS 73 

12 Uzbekistan UZB 235   12 Brazil Southeast BZL 69 

13 Tadzhikistan TZK 233   13 Palestine PAL 57 

14 Italy ITA 228   14 Bolivia BOL 54 

15 Yugoslavia YUG 228   15 Argentina Northeast AGE 54 

16 China South-Central CHC 215   16 Japan JAP 53 

17 Namibia NAM 204   17 Mexico Southwest MXS 53 

18 Kirgizistan KGZ 200   18 Uzbekistan UZB 52 

19 Peru PER 199   19 KwaZulu-Natal NAT 51 

20 Palestine PAL 191   20 Afghanistan AFG 46 

21 Free State OFS 183   21 Morocco MOR 41 

22 France FRA 182   22 Western Australia WAU 33 

23 Afghanistan AFG 181   23 Kriti KRI 33 

24 North Caucasus NCS 178   24 Uruguay URU 33 

25 Morocco MOR 175   25 Kazakhstan KAZ 31 

26 Chile Central CLC 172   26 France FRA 30 

27 Brazil South BZS 169   27 East Aegean Is. EAI 30 

28 Argentina Northeast AGE 165   28 India IND 26 

29 East Aegean Is. EAI 157   29 Tadzhikistan TZK 26 

30 Iraq IRQ 156   30 Iraq IRQ 25 
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Table S11 - Results from prioritisation analysis, including all TDWG regions analysed. Regions are ranked in order of cost-effectiveness  

Rank TDWG Name 
TDWG 
Code 

Species 
Richness 

Number 
Species 
Threatened 

Number 
Threatened 
Endemics 

Extinction 
risk score  

Number 
Botanic 
Gardens 

Number 
Overseas 
Field Trips 

Corruption 
Perceptions 
Index 

Likelihood 
Score 

Cost 
($) 

Final 
Score 

1 California CAL 277 75 71 0.56 72 26 0.73 0.32 0.43 0.1265 
2 Cape Provinces CPP 1934 153 136 1.10 11 33 0.42 0.14 0.21 0.1261 
3 Turkey TUR 699 316 221 2.00 9 6 0.50 0.04 0.10 0.0728 
4 Northern Provinces TVL 332 86 62 0.55 11 33 0.42 0.14 0.15 0.0667 
5 Brazil Southeast BZL 142 69 66 0.52 18 32 0.42 0.14 0.36 0.0546 
6 Brazil South BZS 169 73 68 0.54 6 32 0.42 0.13 0.36 0.0512 
7 Spain SPA 270 99 65 0.61 23 11 0.59 0.10 0.20 0.0494 
8 Chile Central CLC 172 124 123 0.95 10 8 0.71 0.07 0.38 0.0493 
9 KwaZulu-Natal NAT 328 51 37 0.33 3 33 0.42 0.13 0.21 0.0351 
10 Japan JAP 119 53 30 0.30 61 4 0.74 0.16 0.45 0.0326 
11 India IND 50 26 25 0.20 108 2 0.36 0.12 0.03 0.0224 
12 Western Australia WAU 59 33 33 0.25 9 17 0.81 0.15 0.72 0.0215 
13 France FRA 182 30 8 0.13 89 1 0.71 0.19 0.29 0.0190 
14 Brazil Northeast BZE 64 23 20 0.16 8 32 0.42 0.13 0.36 0.0158 
15 Bolivia BOL 123 54 54 0.42 5 13 0.34 0.05 0.28 0.0146 
16 Palestine PAL 191 57 25 0.29 14 8 0.61 0.07 0.45 0.0140 
17 Transcaucasus TCS 283 76 37 0.41 12 7 0.36 0.04 0.05 0.0138 
18 Mexico Southwest MXS 142 53 49 0.39 12 10 0.34 0.04 0.31 0.0127 
19 Texas TEX 68 12 8 0.07 35 26 0.73 0.25 0.47 0.0124 
20 Argentina Northeast AGE 165 54 41 0.36 30 0 0.34 0.03 0.33 0.0078 
21 China Southeast CHS 93 11 11 0.08 56 15 0.40 0.12 0.33 0.0075 
22 Greece GRC 316 101 71 0.64 9 1 0.40 0.01 0.20 0.0074 
23 Lebanon-Syria LBS 251 90 37 0.45 0 9 0.23 0.02 0.14 0.0073 
24 Italy ITA 228 9 3 0.04 97 12 0.43 0.17 0.25 0.0056 
25 Iran IRN 387 128 106 0.88 3 2 0.25 0.01 0.09 0.0054 
26 Yugoslavia YUG 228 24 15 0.14 28 0 0.46 0.04 0.03 0.0051 
27 Mexico Central MXC 85 12 12 0.09 31 10 0.34 0.06 0.28 0.0044 
28 Free State OFS 183 11 1 0.04 2 33 0.42 0.13 0.15 0.0044 
29 Germany GER 58 3 2 0.02 106 1 0.78 0.24 0.25 0.0036 
30 Florida FLA 54 3 2 0.02 48 26 0.73 0.27 0.43 0.0035 
31 Ethiopia ETH 80 11 10 0.08 7 12 0.33 0.04 0.07 0.0032 
32 Louisiana LOU 42 3 3 0.02 12 26 0.73 0.20 0.47 0.0031 
33 Manchuria CHM 88 6 6 0.05 21 15 0.40 0.08 0.20 0.0030 
34 Sicilia SIC 135 14 5 0.07 5 12 0.43 0.05 0.26 0.0028 
35 Sardegna SAR 96 15 4 0.07 3 12 0.43 0.05 0.24 0.0027 
36 Mexico Southeast MXT 50 10 8 0.07 11 10 0.34 0.04 0.31 0.0022 
37 North Caucasus NCS 178 24 12 0.13 19 2 0.28 0.02 0.24 0.0021 
38 Great Britain GRB 25 1 0 0.00 175 55 0.76 0.76 0.25 0.0019 
39 Colombia CLM 50 14 10 0.09 27 0 0.36 0.03 0.33 0.0019 
40 Chile North CLN 33 6 6 0.05 0 8 0.71 0.05 0.40 0.0017 
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41 Kazakhstan KAZ 243 31 19 0.18 13 0 0.26 0.01 0.15 0.0016 
42 Ukraine UKR 133 7 4 0.04 43 1 0.25 0.03 0.03 0.0013 
43 Kenya KEN 77 4 4 0.03 14 14 0.27 0.05 0.10 0.0013 
44 Malawi MLW 110 5 5 0.04 4 10 0.37 0.04 0.17 0.0012 
45 Oklahoma OKL 35 3 0 0.01 7 26 0.73 0.19 0.47 0.0012 
46 Washington WAS 74 1 1 0.01 20 26 0.73 0.21 0.47 0.0011 
47 Michigan MIC 35 1 1 0.01 19 26 0.73 0.21 0.47 0.0011 
48 West Himalaya WHM 100 10 10 0.08 8 2 0.36 0.01 0.04 0.0011 
49 Morocco MOR 175 41 28 0.26 4 0 0.37 0.00 0.01 0.0011 
50 Kentucky KTY 39 1 1 0.01 11 26 0.73 0.20 0.47 0.0010 
51 Turkey-in-Europe TUE 104 8 3 0.04 1 6 0.50 0.03 0.10 0.0010 
52 Kriti KRI 105 33 18 0.19 2 1 0.40 0.01 0.18 0.0009 
53 Baleares BAL 55 4 1 0.02 1 11 0.59 0.06 0.20 0.0009 
54 Brazil West-Central BZC 57 3 0 0.01 2 32 0.42 0.12 0.36 0.0009 
55 Queensland QLD 25 1 1 0.01 30 17 0.81 0.19 0.75 0.0009 
56 Kansas KAN 27 2 0 0.01 5 26 0.73 0.18 0.47 0.0008 
57 Austria AUT 73 2 2 0.02 21 4 0.69 0.07 0.31 0.0008 
58 Portugal POR 124 10 0 0.03 9 2 0.62 0.03 0.17 0.0007 
59 Mexico Gulf MXG 39 3 3 0.02 9 10 0.34 0.04 0.25 0.0007 
60 Korea KOR 92 2 2 0.02 55 2 0.32 0.06 0.30 0.0007 
61 Uruguay URU 93 33 24 0.21 2 0 0.73 0.00 0.42 0.0006 
62 Egypt EGY 63 7 4 0.04 8 3 0.32 0.02 0.09 0.0006 
63 Taiwan TAI 27 15 7 0.08 5 0 0.61 0.01 0.21 0.0006 
64 Guinea GUI 34 2 2 0.02 0 18 0.24 0.04 0.14 0.0005 
65 Cameroon CMN 55 2 2 0.02 3 16 0.25 0.04 0.12 0.0005 
66 East Himalaya EHM 62 5 2 0.02 9 2 0.50 0.02 0.04 0.0005 
67 North Carolina NCA 54 1 0 0.00 33 26 0.73 0.24 0.47 0.0005 
68 Bulgaria BUL 147 7 1 0.03 10 2 0.41 0.02 0.01 0.0005 
69 China South-Central CHC 215 1 1 0.01 25 15 0.40 0.08 0.32 0.0005 
70 Tadzhikistan TZK 233 26 19 0.17 5 0 0.22 0.00 0.10 0.0005 
71 Czechoslovakia CZE 75 3 0 0.01 37 1 0.48 0.06 0.12 0.0005 
72 Arizona ARI 49 1 0 0.00 16 26 0.73 0.21 0.49 0.0004 
73 South Carolina SCA 51 1 0 0.00 13 26 0.73 0.20 0.47 0.0004 
74 Hungary HUN 83 3 1 0.01 14 2 0.54 0.03 0.10 0.0004 
75 Mississippi MSI 42 1 0 0.00 4 26 0.73 0.18 0.47 0.0004 
76 Cyprus CYP 73 15 6 0.07 0 1 0.63 0.01 0.15 0.0004 
77 Sierra Leone SIE 30 2 2 0.02 2 10 0.30 0.03 0.24 0.0004 
78 Pakistan PAK 108 6 6 0.05 9 0 0.28 0.01 0.04 0.0003 
79 Uzbekistan UZB 235 52 38 0.34 2 0 0.17 0.00 0.05 0.0003 
80 Mexico Northwest MXN 64 3 0 0.01 11 10 0.34 0.04 0.29 0.0003 
81 Ecuador ECU 36 4 1 0.02 8 4 0.35 0.02 0.29 0.0003 
82 Romania ROM 135 3 1 0.01 16 0 0.43 0.02 0.04 0.0003 
83 Mexico Northeast MXE 135 2 0 0.01 21 10 0.34 0.05 0.31 0.0002 
84 Nigeria NGA 42 1 1 0.01 31 1 0.25 0.02 0.10 0.0002 
85 Mozambique MOZ 96 1 1 0.01 4 9 0.30 0.03 0.29 0.0002 
86 Tunisia TUN 90 10 3 0.05 3 0 0.41 0.00 0.01 0.0002 



63 

 

87 Switzerland SWI 56 1 0 0.00 25 0 0.85 0.06 0.47 0.0001 
88 Inner Mongolia CHI 72 2 2 0.02 9 0 0.40 0.01 0.23 0.0001 
89 Algeria ALG 139 10 2 0.04 3 0 0.36 0.00 0.04 0.0001 
90 Krym KRY 81 5 4 0.03 2 1 0.25 0.00 0.09 0.0001 
91 Zimbabwe ZIM 115 8 8 0.06 4 0 0.21 0.00 0.29 0.0001 
92 East Aegean Is. EAI 157 30 6 0.12 1 0 0.40 0.00 0.23 0.0001 
93 Altay ALT 90 8 8 0.06 3 0 0.28 0.00 0.30 0.0001 
94 Tanzania TAN 137 1 0 0.00 6 10 0.33 0.04 0.10 0.0001 
95 Corse COR 90 14 4 0.06 1 0 0.71 0.00 0.35 0.0001 
96 Lesotho LES 126 4 3 0.03 3 0 0.49 0.00 0.21 0.0001 
97 Canary Is. CNY 21 4 4 0.03 2 0 0.59 0.00 0.23 0.0001 
98 Assam ASS 28 1 1 0.01 5 2 0.36 0.01 0.08 0.0001 
99 Kirgizistan KGZ 200 13 0 0.04 3 0 0.26 0.00 0.15 0.0001 
100 Turkmenistan TKM 107 16 10 0.10 2 0 0.17 0.00 0.18 0.0001 
101 Senegal SEN 22 1 1 0.01 5 1 0.41 0.01 0.10 0.0001 
102 Sinai SIN 58 1 1 0.01 0 3 0.32 0.01 0.09 0.0001 
103 Guatemala GUA 43 6 4 0.04 2 0 0.29 0.00 0.18 0.0001 
104 Iraq IRQ 156 25 8 0.12 1 0 0.16 0.00 0.08 0.0000 
105 Nepal NEP 58 5 2 0.02 2 0 0.31 0.00 0.05 0.0000 
106 Albania ALB 130 11 3 0.05 1 0 0.31 0.00 0.04 0.0000 
107 Paraguay PAR 79 9 9 0.07 1 0 0.24 0.00 0.32 0.0000 
108 South European Russia RUS 70 1 0 0.00 9 2 0.28 0.01 0.12 0.0000 
109 Libya LBY 88 14 7 0.08 1 0 0.15 0.00 0.12 0.0000 
110 Argentina Northwest AGW 139 1 0 0.00 11 0 0.34 0.01 0.35 0.0000 
111 Panama PAN 24 2 1 0.01 2 0 0.35 0.00 0.22 0.0000 
112 Sakhalin SAK 33 1 0 0.00 2 2 0.28 0.01 0.21 0.0000 
113 Argentina South AGS 51 1 0 0.00 5 0 0.34 0.00 0.30 0.0000 
114 Myanmar MYA 67 1 1 0.01 3 0 0.21 0.00 0.22 0.0000 
115 Honduras HON 27 1 0 0.00 4 0 0.26 0.00 0.18 0.0000 
116 Togo TOG 23 1 0 0.00 3 0 0.29 0.00 0.16 0.0000 
117 Ivory Coast IVO 33 1 0 0.00 1 0 0.27 0.00 0.16 0.0000 
118 Afghanistan AFG 181 46 38 0.32 0 0 0.08 0.00 0.07 0.0000 
119 Swaziland SWZ 152 23 6 0.10 0 0 0.39 0.00 0.20 0.0000 
120 Central African Republic CAF 36 6 6 0.05 0 0 0.25 0.00 0.18 0.0000 
121 Kuril Is. KUR 32 2 0 0.01 0 0 0.28 0.00 0.25 0.0000 
122 Ontario ONT 34 0 0 0.00 40 26 0.81 0.28 0.56 0.0000 
123 New South Wales NSW 25 0 0 0.00 36 26 0.81 0.27 0.76 0.0000 
124 Pennsylvania PEN 35 0 0 0.00 44 26 0.73 0.26 0.47 0.0000 
125 New York NWY 37 0 0 0.00 40 26 0.73 0.26 0.47 0.0000 
126 Ohio OHI 37 0 0 0.00 36 26 0.73 0.25 0.47 0.0000 
127 Maryland MRY 34 0 0 0.00 19 26 0.81 0.24 0.72 0.0000 
128 Illinois ILL 33 0 0 0.00 29 26 0.73 0.23 0.47 0.0000 
129 Victoria VIC 24 0 0 0.00 46 17 0.81 0.23 0.70 0.0000 
130 Virginia VRG 46 0 0 0.00 20 26 0.73 0.21 0.47 0.0000 
131 New Jersey NWJ 27 0 0 0.00 19 26 0.73 0.21 0.47 0.0000 
132 Colorado COL 31 0 0 0.00 17 26 0.73 0.21 0.47 0.0000 
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133 Indiana INI 29 0 0 0.00 16 26 0.73 0.21 0.45 0.0000 
134 Massachusetts MAS 29 0 0 0.00 16 26 0.73 0.21 0.47 0.0000 
135 Missouri MSO 39 0 0 0.00 15 26 0.73 0.20 0.47 0.0000 
136 Wisconsin WIS 31 0 0 0.00 15 26 0.73 0.20 0.47 0.0000 
137 Alberta ABT 21 0 0 0.00 13 26 0.73 0.20 0.52 0.0000 
138 Iowa IOW 21 0 0 0.00 12 26 0.73 0.20 0.47 0.0000 
139 Tennessee TEN 49 0 0 0.00 12 26 0.73 0.20 0.47 0.0000 
140 Oregon ORE 138 0 0 0.00 10 26 0.73 0.19 0.47 0.0000 
141 Alabama ALA 59 0 0 0.00 9 26 0.73 0.19 0.45 0.0000 
142 Connecticut CNT 27 0 0 0.00 8 26 0.73 0.19 0.46 0.0000 
143 Maine MAI 28 0 0 0.00 6 26 0.73 0.19 0.47 0.0000 
144 Minnesota MIN 29 0 0 0.00 6 26 0.73 0.19 0.47 0.0000 
145 Nebraska NEB 23 0 0 0.00 6 26 0.73 0.19 0.47 0.0000 
146 New Mexico NWM 43 0 0 0.00 6 26 0.73 0.19 0.47 0.0000 
147 Arkansas ARK 38 0 0 0.00 5 26 0.73 0.18 0.47 0.0000 
148 Nevada NEV 50 0 0 0.00 5 26 0.73 0.18 0.47 0.0000 
149 Montana MNT 43 0 0 0.00 4 26 0.73 0.18 0.47 0.0000 
150 Utah UTA 47 0 0 0.00 4 26 0.73 0.18 0.47 0.0000 
151 West Virginia WVA 33 0 0 0.00 4 26 0.73 0.18 0.47 0.0000 
152 Vermont VER 26 0 0 0.00 3 26 0.73 0.18 0.45 0.0000 
153 Idaho IDA 59 0 0 0.00 3 26 0.73 0.18 0.47 0.0000 
154 New Hampshire NWH 28 0 0 0.00 3 26 0.73 0.18 0.47 0.0000 
155 Rhode I. RHO 24 0 0 0.00 3 26 0.73 0.18 0.47 0.0000 
156 South Dakota SDA 28 0 0 0.00 2 26 0.73 0.18 0.47 0.0000 
157 Wyoming WYO 31 0 0 0.00 1 26 0.73 0.17 0.47 0.0000 
158 South Australia SOA 25 0 0 0.00 11 17 0.81 0.15 0.72 0.0000 
159 Madagascar MDG 46 0 0 0.00 3 55 0.28 0.14 0.24 0.0000 
160 British Columbia BRC 51 0 0 0.00 18 8 0.81 0.10 0.60 0.0000 
161 Botswana BOT 94 0 0 0.00 1 16 0.64 0.09 0.23 0.0000 
162 Georgia GEO 61 0 0 0.00 22 7 0.73 0.09 0.49 0.0000 
163 China North-Central CHN 133 0 0 0.00 32 15 0.40 0.09 0.32 0.0000 
164 Belgium BGM 20 0 0 0.00 28 1 0.75 0.07 0.28 0.0000 
165 Nova Scotia NSC 20 0 0 0.00 3 8 0.81 0.07 0.54 0.0000 
166 Xinjiang CHX 132 0 0 0.00 3 15 0.40 0.06 0.22 0.0000 
167 Qinghai CHQ 48 0 0 0.00 1 15 0.40 0.06 0.38 0.0000 
168 Poland POL 44 0 0 0.00 32 0 0.60 0.05 0.07 0.0000 
169 Tibet CHT 96 0 0 0.00 0 15 0.40 0.05 0.24 0.0000 
170 Peru PER 199 0 0 0.00 10 11 0.38 0.05 0.30 0.0000 
171 Burkina BKN 20 0 0 0.00 3 10 0.38 0.04 0.14 0.0000 
172 Costa Rica COS 24 0 0 0.00 9 5 0.53 0.04 0.29 0.0000 
173 QuÚbec QUE 27 0 0 0.00 16 0 0.81 0.04 0.56 0.0000 
174 Central European Russia RUC 51 0 0 0.00 28 2 0.28 0.03 0.09 0.0000 
175 Namibia NAM 204 0 0 0.00 1 4 0.48 0.02 0.31 0.0000 
176 West Siberia WSB 51 0 0 0.00 15 2 0.28 0.02 0.15 0.0000 
177 Zambia ZAM 111 0 0 0.00 1 4 0.38 0.01 0.24 0.0000 
178 Saudi Arabia SAU 38 0 0 0.00 4 2 0.46 0.01 0.10 0.0000 
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179 East European Russia RUE 39 0 0 0.00 9 2 0.28 0.01 0.09 0.0000 
180 Angola ANG 115 0 0 0.00 1 5 0.23 0.01 0.35 0.0000 
181 Ghana GHA 29 0 0 0.00 5 1 0.46 0.01 0.11 0.0000 
182 Belarus BLR 25 0 0 0.00 10 0 0.29 0.01 0.00 0.0000 
183 Uganda UGA 56 0 0 0.00 4 2 0.26 0.01 0.09 0.0000 
184 Venezuela VEN 40 0 0 0.00 13 0 0.20 0.01 0.38 0.0000 
185 Primorye PRM 62 0 0 0.00 2 2 0.28 0.01 0.21 0.0000 
186 Khabarovsk KHA 42 0 0 0.00 1 2 0.28 0.01 0.20 0.0000 
187 Chita CTA 54 0 0 0.00 1 2 0.28 0.01 0.21 0.0000 
188 Irkutsk IRK 40 0 0 0.00 1 2 0.28 0.01 0.23 0.0000 
189 Amur AMU 42 0 0 0.00 1 2 0.28 0.01 0.24 0.0000 
190 Yakutskiya YAK 27 0 0 0.00 1 2 0.28 0.01 0.24 0.0000 
191 Benin BEN 25 0 0 0.00 5 0 0.36 0.01 0.12 0.0000 
192 Tuva TVA 52 0 0 0.00 0 2 0.28 0.01 0.20 0.0000 
193 Buryatiya BRY 56 0 0 0.00 0 2 0.28 0.01 0.23 0.0000 
194 Zaire ZAI 115 0 0 0.00 3 1 0.22 0.00 0.30 0.0000 
195 Rwanda RWA 27 0 0 0.00 2 0 0.53 0.00 0.14 0.0000 
196 Krasnoyarsk KRA 53 0 0 0.00 2 0 0.28 0.00 0.18 0.0000 
197 Burundi BUR 32 0 0 0.00 2 0 0.21 0.00 0.17 0.0000 
198 Mongolia MON 107 0 0 0.00 1 0 0.38 0.00 0.17 0.0000 
199 Sudan SUD 59 0 0 0.00 1 0 0.11 0.00 0.16 0.0000 
200 Chad CHA 25 0 0 0.00 0 0 0.19 0.00 0.15 0.0000 
201 Guinea-Bissau GNB 21 0 0 0.00 0 0 0.19 0.00 0.16 0.0000 
202 Somalia SOM 36 0 0 0.00 0 0 0.08 0.00 0.17 0.0000 
203 Eritrea ERI 26 0 0 0.00 0 0 0.20 0.00 0.26 0.0000 

 


