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Abstract 
English: Although invertebrate species are a major component of global biodiversity, they remain much less 

studied when compared to vertebrate species and plants. This research aims to increase the knowledge on 

patterns in the global spatial distribution of terrestrial invertebrate species by deriving species-area 

relationships (SARs; which denote the relationship between species richness and area) on a global scale. 

Terrestrial Ecoregions of the World (TEOW) is used for geospatial data on the distribution and classification of 

global terrestrial ecosystems. Georeferenced species occurrence records are collected from the Global 

Biodiversity Information Facility (GBIF) database and are used to calculate the invertebrate species richness per 

ecoregion. SARs and corresponding coefficients are derived by using invertebrate species richness and area per 

ecoregion as input variables; this was done for the global SAR as well as for the individual biomes from TEOW. 

Different SAR models are tested with the dataset and compared using Information Criterion (IC) weights, with 

the log-transformed power model showing the best fit. The slope (z-values) and intercept (c-values) of the SARs 

were calculated using linear regression in log-log space. The same analysis is subsequently performed for 

subsets of the dataset: separate analyses were performed for only insects and for all records excluding insects, 

in order to compare the differences between taxonomic groups; and for subsets containing only island-based 

and only continental mainland records, in order to compare differences between geographic features. For the 

global SAR, the value for z was calculated at 0.281 and the value for log(c) at 1.107. In general, the SARs for 

biomes presented slopes that were steeper than for the global SAR. The biome with the highest ecoregional 

mean species richness was Temperate Broadleaf and Mixed Forests. The biome with the highest statistically 

significant observed z-value (slope) was Flooded Grasslands and Savannas, although this biome also displayed 

the lowest ecoregional mean species richness. The biome with the lowest statistically significant z-value was 

Tropical and Subtropical Dry Broadleaf Forests. Observed z-values were higher for exclusively insects and for 

island-based records, but lower for invertebrates other than insects and for continental mainland based 

records when compared with the SAR for the complete dataset. The obtained SARs can be used to predict 

changes in invertebrate species richness with changes in surface area of natural habitat and thus as a baseline 

in ecological modelling and conservation management.  

Keywords: biome; ecological modelling; GBIF; global biodiversity; invertebrate species; SAR; species-area 
relationship; species richness; TEOW; terrestrial ecoregion 

Nederlands: Ongewervelde diersoorten vormen een hoofdcomponent van de wereldwijde biodiversiteit, maar 

zijn veel minder vaak het onderwerp van wetenschappelijk onderzoek in vergelijking met gewervelde soorten 

en planten. Dit onderzoek heeft als doel de kennis op het gebied van ruimtelijke verspreidingspatronen van op 

het land levende ongewervelde soorten te vergroten door het opstellen van soort-oppervlakte krommen (SARs; 

die de relatie weergeven tussen soortenrijkdom en oppervlakte) op wereldwijde schaal. Terrestrial Ecoregions 

of the World (TEOW) is gebruikt voor data over de ruimtelijke verspreiding en classificatie van landgebonden 

ecosystemen wereldwijd. Geografische informatie omtrent soortwaarnemingen zijn verkregen via de Global 

Biodiversity Information Facility (GBIF) en gebruikt om de soortenrijkdom voor ongewervelden per ecoregio te 

berekenen. SARs en de bijbehorende coëfficiënten zijn berekend op basis van de soortenrijkdom en het 

oppervlak per ecoregio; dit is gedaan voor zowel de wereldwijde SAR als voor de individuele biomen uit TEOW. 

Verschillende SAR modellen zijn getest tegen de dataset en vergeleken op basis van Information Criterion (IC) 

weights, waarbij de log-getransformeerde machtsvergelijking het beste overeenkwam met de dataset. De 

waarde van de z-coëfficient (de helling) en c-coëfficient (het snijpunt met de y-as) zijn berekend door middel 

van lineaire regressie van de log-getransformeerde vergelijking. Eenzelfde analyse is vervolgens toegepast voor 

een selectie van de dataset: aparte analyses zijn uitgevoerd voor enkel insecten en voor alle waarnemingen 
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behalve die van insecten, om verschillen tussen de taxonomische groepen weer te geven; en ook voor enkel 

eilandgebonden waarnemingen en enkel waarnemingen van het continentale vasteland, om de verschillende 

geografische kenmerken te vergelijken. Voor de wereldwijde SAR is de waarde van de z-coëfficient berekend 

als 0.281 en de waarde van de log-(c) als 1.107. De wereldwijde SAR vertoont een minder steile helling dan de 

SARs voor de individuele biomen. Het bioom met de hoogste gemiddelde soortenrijkdom per ecoregio was 

Temperate Broadleaf and Mixed Forests. Het bioom met de hoogste z-waarde (en dus de steilste helling) was 

Flooded Grasslands and Savannas, hoewel dit ook het bioom betrof met de laagste gemiddelde soortenrijkdom 

per ecoregio. Het bioom met de laagste z-waarde was Tropical and Subtropical Dry Broadleaf Forests. 

Vergeleken met de SAR voor de volledige dataset waren de geobserveerde waardes voor de parameter z hoger 

voor uitsluitend insecten en voor soortobservaties afkomstig van eilanden, maar lager voor ongewervelden niet 

behorend tot de klasse Insecta en voor observaties afkomstig van het continentale vasteland. De verkregen 

krommen kunnen worden gebruikt om de verandering van soortenrijkdom van ongewervelden te voorspellen 

bij veranderingen in de oppervlakte van een natuurlijk habitat en kunnen daarmee als een basis dienen voor 

ecologische modellen en natuurbeheer. 

Sleutelwoorden: bioom; ecologisch model; GBIF, landgebonden ecoregio; ongewervelde soort; SAR; soort-

oppervlakte kromme; soortenrijkdom; TEOW; wereldwijde biodiversiteit 
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1. Introduction

1.1 Problem definition and background
Terrestrial biodiversity is declining worldwide due to multiple and increasing anthropogenic 

pressures such as climate change, habitat loss and degradation, nutrient loading and pollution, 

habitat change, overexploitation, and invasive alien species (CBD, 2020; WWF, 2020). Habitat loss in 

particular is widely considered the biggest contemporary threat to biodiversity, accounting for over 

50% of the variance in species richness (Fattorini, Ulrich, & Matthews, 2021). Trends and patterns in 

biodiversity are mostly studied for vertebrate species while invertebrate species are much less 

studied yet also decreasing in many regions worldwide; biodiversity forecasts predict that the highest 

risk of extinction and therefore biodiversity loss is expected among invertebrate species (Clausnitzer 

et al., 2009; Hafernik, 1992; Lydeard et al., 2004; Sánchez-Bayo & Wyckhuys, 2019). Invertebrates are 

an important component of biodiversity and play vital roles in processes such as pollination, soil 

formation and fertility, plant productivity, organic decomposition, and the regulation of populations 

of other organisms through predation and parasitism. In addition to being the major component of 

biodiversity worldwide, invertebrates are also the principal food-source of many vertebrates (Ward 

& Larivière, 2004). 

A complete biodiversity assessment for invertebrates brings additional challenges when compared to 

vertebrates; such as the larger diversity of families and species even with limited sampling, a large 

number of unidentified species, issues with identification and taxonomical issues (taxonomic 

impediment), a high level of difficulty in environmental monitoring, the lack of knowledge on species 

distribution and ecological roles, and an overall low conservation priority (Ward & Larivière, 2004). 

For these reasons a comprehensive and integrated biodiversity assessment on species richness and 

distribution, such as the ones provided by the International Union for Conservation of Nature (IUCN), 

remains lacking for invertebrates (IUCN, 2017; 2021) and the majority of invertebrate species remain 

unevaluated (Donaldson et al., 2016). A preliminary assessment of global distribution data of 1500 

(26.5%) of the described species of the order Odonata revealed that up to 15% of species may be 

threatened with extinction based on the IUCN’s Red List  criteria (IUCN, 2012), with potentially a 

larger proportion at risk for invertebrate species with less dispersal capabilities or smaller 

distribution ranges (Clausnitzer et al., 2009). 

For conservation science and policy to be truly representative of global biodiversity, invertebrate 

species need to be included in biodiversity assessments (Clausnitzer et al., 2009). The conservation of 

terrestrial invertebrates goes beyond the traditional species-centred approach, but instead requires 

protection and management of communities, landscapes, and ecosystems. Assessing current 

biodiversity patterns for invertebrates globally would therefore provide an important baseline for 

defining management and conservation practices and aid in reducing further biodiversity loss and 

species extinction (Ward & Larivière, 2004).  

An important concept in predicting biodiversity trends and species loss with changes in land use and 

habitat loss is the species-area relationship (SAR), which denotes the relationship between the size of 

an ecosystem and the number of distinct species. The SAR expresses species richness as a function of 

the surface area of the sampling units (Gerstner et al., 2014; Kehoe et al., 2017; Storch, Keil, & Jetz, 

2012) (see figure 1). The pattern described by the SAR has been empirically recorded so often and so 

universally for a wide variety of taxa and ecosystems that it is considered to be the closest thing to a  
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Figure 1: Examples of the species-area relationship (SAR) for a contiguous habitat. The bottom graph displays 

the same plot as the top one but with both axes log-transformed, which allows for linear regression. Image 

source: Wikimedia Commons. 

mathematical rule in ecology (Lomolino, 2000). The SAR has been reported for decades in thousands 

of studies, and has been fundamental to the development of the equilibrium theory of island 

biogeography. The generality of this ‘canonical’ relationship is so widely accepted that it is one of the 

most commonly used tools for conservation biologists attempting to design nature reserves or to 

predict extinctions during biotic collapse (Ohyama et al., 2021; Yu et al., 2020). As of yet though no 

SARs have been derived for worldwide invertebrate species-area accumulations. This research aims 

to close this research gap by deriving SARs for terrestrial invertebrates globally, as well as on a more 

regional scale based on biogeographic features. 
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1.2  Conceptual framework 

1.2.1 The Species-Area Relationship 

There are two main types of SARs: those arising from true isolates (ISARs, or island species–area 

relationships, in which the sampled areas are geographically isolated areas and the function fitted is 

based on how many species are found in each sampled area), and those arising from the progressive 

aggregation of smaller, nested sampling areas into larger areas (SACs, or species accumulation 

curves, which present cumulative counts of increased species number with sampling area) (Moradi, 

Fattorini, & Oldeland, 2020). Three determinants might explain the slope for species richness versus 

area: first, larger areas harbour more individuals, leading to more species being recorded; second, 

larger areas cover more types of habitat and land cover (habitat diversity); and finally, larger areas 

contain more geographically isolated areas that over time favour evolutionary adaptations and 

speciation (Gerstner et al., 2014; Sayre et al., 2019).  

The most commonly used and universally applicable SAR model describes the relationship between 

the area and the number of species as a power function (Matthews et al., 2019b), as denoted by the 

following equation (Gerstner et al., 2014; Ohyama et al., 2021; Rosenzweig, 1995): 

     (1) 

where S is the number of species, A is the surface area, and c and z are constants that depend on the 

taxonomic group and geographic location. The parameter c denotes the number of species per area 

unit. The parameter z denotes the species accumulation rate, the value of which can be determined 

empirically through regression analysis (Kier et al, 2005). The value of z typically ranges from 0.10 to 

0.50, whereas the value of c can vary by an order of magnitude (Lomolino, 2000).  

Several hypotheses have been proposed to interpret the biological meaning of the parameter z and 

to explain its variation among organisms and geographic systems. It has been suggested that z should 

increase with the degree of isolation, species trophic ranks, nestedness, and spatial aggregation of 

the individuals; and should decrease with species dispersal ability, abundance of common species, 

human impact, latitude, and elevation (Fattorini et al., 2017; Moradi, Fattorini, & Oldeland, 2020; 

Tjørve et al., 2021). Differences in c-values may be related to the diverse ecological space required by 

species of different taxa, with higher values expected for more diverse taxa (Fattorini et al., 2017). 

The power model is the most widely used SAR model and has been found in previous meta-analysis 

to provide the best fit in 75% of datasets (Gerstner et al., 2014; Kehoe et al., 2017, Matthews et al., 

2019a; 2021). Other models explaining the relationship between species richness and habitat area 

exist as well, with some displaying a convex shape similar to the power-model while others display a 

sigmoid (see figure 2) or linear shape (Matthews et al., 2021; Tjørve, 2003; 2009). The best fitting 

model is highly dependent on the dataset, requiring therefore the testing and comparison of multiple 

different SAR models against the dataset (Fattorini, 2021).  

The curve typically displayed by a power SAR can be linearized by log-transforming the axes (see 

figure 1), which creates the following equation (Fattorini et al., 2017; Gerstner et al., 2014; Kehoe et 

al., 2017; Ohyama et al., 2021): 

(2)
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The slope of the line from this equation now equals the parameter z, which can be interpreted as a 

scaling factor describing how fast the response of species richness to area changes along the SAR 

curve. The intercept c represents the number of species per unit area (i.e. area = 1 and log(area) = 0) 

(Fattorini et al., 2017). By deriving the z-values and log(c)-values one can model patterns of species 

richness and calculate the estimated change in species richness related to change in area (Gerstner et 

al., 2014; Kehoe et al., 2017; Storch, Keil, & Jetz, 2012). A higher z-value indicates a steeper 

regression line in double logarithmic space, but translates to a more depressed or less curvilinear SAR 

curve in arithmetic space (Tjørve et al., 2021) (see figure 3). 

The SAR-based approach also allows for an estimation of species richness for habitats where this 

value is unknown through extrapolation, using the following equation (Kier et al., 2005): 

       
  

  
 
 
  (3) 

where Se is the estimated number of species in the habitat, Sr the species number in geographical 

unit of reference, Ae the surface area of the habitat, Ar the surface area of the geographical unit of 

reference, and the parameter z the species accumulation rate for the specific type of ecosystems 

under which both habitats are classified. In extension of this equation, the loss of species following a 

reduction in area can be calculated using the following function (Fattorini, Ulrich, & Matthews, 2021): 

         
 

  
    (4) 

With S0 and A0 denoting the species richness and area of the original habitat respectively and Sloss and 

A denoting the species richness and area of the reduced habitat. We can see here that species loss as 

a function of area loss is independent of the parameter c from the SAR. The fraction of lost species is 

then given by the following function (Fattorini, Ulrich, & Matthews, 2021): 

          
 

  
    (5) 

Figure 2: Example of a sigmoidal ISAR. Image source: Lomolino, 2000. 
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Figure 3: Examples of two different SARs. The two panels show the same two SARs; panel (A) on log-

transformed axes and panel (B) on arithmetic axes. The dashed line illustrates a SAR with a lower z-value and 

thus a shallow slope in log-log-space, which translates to a sharper curve in arithmetic space. The solid line 

illustrates a SAR with a higher z-value and thus a steeper slope in log-log-space, which translates to a more 

depressed curve / less curvilinear curve in arithmetic space. The vertical dotted line indicates the point where 

with increasing area size, the species accumulation rate (the derivative of the SAR in arithmetic space) 

transitions from being higher for the SAR with the lower z-value, to being higher for the SAR with the higher z-

value. This example illustrates that the actual increase in species richness with area depends not only on the 

value for the parameter z but also on the value for area, with species accumulation rate decreasing as area 

increases. Image source: Tjørve et al., 2021. 

 

 
Deriving SARs for invertebrates helps quantify the expected species loss with changes in habitat loss, 

and can be used in improving the fidelity of biodiversity models and assessments. Identifying 

patterns in the global spatial distribution of invertebrates and comparing the SARs of different types 

of ecosystems will also provide important insights in regional differences of species richness and 

spatial distribution of invertebrate species. This information is useful in determining what specific 

regions are most vulnerable to biodiversity loss and what areas require special consideration and 

prioritization when developing conservation strategies. Additionally, it can help in the evaluation of 

current and previous efforts in priority-setting related to conservation and help identify areas for 

prioritization in future surveys and data collection projects (Kier et al., 2005). Fattorini (2021) has also 
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suggested that the SAR can be used to identify biodiversity hotspots by calculating residuals. 

Individual habitats that display a very high residual value (and therefore appear above the SAR curve) 

have a larger value for species richness per area than the SAR would predict and are therefore 

theorized to have a relatively large number of (endemic) species per area. This method can be used 

to identify areas of particular interest and concern for conservation. Invertebrate SARs can also be 

used to update effect factors (EF) used in life cycle impact assessment (LCIA) by including the effect 

of habitat loss on invertebrate species richness (Gade, Hauschild, & Laurent, 2021). 

 

1.2.2 Ecoregions 

An ecoregion, or ecological region/zone, is an ecologically and geographically defined geospatial unit 

of a smaller spatial scale than that of biomes/bioregions, which in turn are smaller than geographic 

realms (the largest biogeographic units of Earth’s surface). An ecoregion is described a recurring 

pattern of ecosystems within which there is spatial coincidence in characteristics of geographical 

phenomena associated with differences in the quality, health, and integrity of ecosystems. These 

factors include geology, physiography, vegetation, land use, climate, hydrology, terrestrial and 

aquatic fauna, and soils (Brunckhorst, 2000; Omernik, 2004). Ecoregions were developed as a 

biogeographic mapping tool to divide a natural area into several different regions that are uniquely 

distinct from one another and that represent the patterns of environmental and ecological variables 

known to influence the distribution of biodiversity features at broad scales (Abell et al., 2008). 

One of the most important and influential efforts in this type of global biogeographic classification 

has been the development of global ecoregions by ecologists from the World Wide Fund for Nature 

(WWF), whose delineation is primarily based on species distribution and on ecological and 

environmental patterns. The WWF classification defines an ecoregion as “a large unit of land or 

water containing a geographically distinct assemblage of species, natural communities, and 

environmental conditions". The WWF has identified 867 terrestrial ecoregions (see figure 4) (Olson et 

al., 2001; WWF, 2012), 232 marine ecoregions (Spalding et al., 2007; WWF, 2007), and 426 

freshwater ecoregions (Abell et al., 2008; WWF, 2019).  

Although conservation action typically takes place at the country level, patterns of biodiversity and 

ecological processes (e.g., migration) do not conform to political boundaries, which is why ecoregion-

based conservation strategies are deemed essential (Olson & Dinerstein, 1998). Ecoregions function 

effectively as coarse-scale conservation units because they encompass similar biological 

communities, and their extent roughly coincides with the area over which key ecological processes 

interact most strongly (Olson & Dinerstein, 2002). Attempts to identify ecoregions of particular 

conservation concern have resulted in the development of the Global 200; a list of global ecoregions 

with assigned conservation status and priority based on the representation approach. Selection of 

the ecoregions was based on analyses of species richness, species endemism, taxonomic uniqueness, 

unusual ecological or evolutionary phenomena, and global rarity of major habitat type (Olson & 

Dinerstein, 1998). The Global 200 lists 238 ecoregions (142 terrestrial, 53, freshwater, and 43 marine 

ecoregions) as the most crucial to the conservation of global biodiversity (Olson & Dinerstein, 2002).  

 



Page 12 of 95 

 

1.3 Research objectives 
The aim of this research is to derive species-area relationships on a global scale by analyzing the 

geospatial distribution of terrestrial invertebrate species richness at ecoregional level. This is done 

globally as well as for terrestrial biomes separately. In doing so this research aims to increase the 

knowledge of spatial distribution patterns for terrestrial invertebrate species, in support of large-

scale biodiversity assessments and ecological modelling. The results can be used as a basis for 

recommendations towards conservation strategies and policies based on expected decrease in 

invertebrate species richness with area loss.  

Figure 4: Overview of terrestrial biogeographic units. (A) Global distribution of the 14 different distinguished 

terrestrial biomes across eight biogeographic realms. (B) Global distribution of 867 terrestrial ecoregions. 

Image source: Olson et al. (2001). 

 

 

(A) 

 

 

 

 

 

 

 

 

 

(B) 
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1.4 Research questions 
The following research questions are addressed in this study: 

Main research question: How does species richness for terrestrial invertebrates accumulate over 

ecoregional area on a global scale?  

Sub-question 1: How do the slope and intercept (z-values and c-values) of invertebrate species-area 

relationships differ between terrestrial biomes? 

Sub-question 2: How do the in- and exclusion of certain taxonomic groups (insects) affect the slope 

and intercept (z-values and c-values) of the global terrestrial invertebrate species-area relationship? 

Sub-question 3: How do the in- and exclusion of island-based records affect the slope and intercept 

(z-values and c-values) of the global terrestrial invertebrate species-area relationship? 

 

 

1.5 Definitions of concepts 
Biomes: coarse classifications of ecosystem types based largely on dominant vegetation, climate, 

geological history, and physiography; 14 different biomes are distinguished globally (see figure 4A) 

(Olson et al., 2001; Abell et al., 2008). 

Ecoregions: relatively large units of land or water containing a distinct assemblage of natural 

communities sharing a large majority of species, dynamics, and environmental conditions; with 

boundaries that approximate the original extent of natural communities prior to major land-use 

change. 867 different terrestrial ecoregions are distinguished globally (see figure 4B) (Olson et al., 

2001). 

Global: encompassing the earth’s entire surface. 

Invertebrate: a paraphyletic group describing animals that neither posses nor develop a vertebral 

column; this includes all animal species apart from those belonging to the subphylum Vertebrata. 

SAR: the species-area relationship; curve displaying the relationship between the size of a habitat 

and the species richness (see figures 1 and 2). 

Species richness: the number of distinct species; this includes endemic species and species with a 

wider distribution range, as well as (anthropogenically) introduced and invasive/exotic species. 

Terrestrial: relating to land-based ecoregions as distinct from freshwater and marine ecoregions, and 

relating to land-based species as distinct from species living exclusively in water. 
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2. Materials & Methods 

2.1 Methodological overview 
In this research the species-area relationship (SAR) at a global scale was derived by calculating the 

invertebrate species richness per ecoregion (main research question). In this way, SARs were derived 

based on isolated areas (ISARs) as opposed to nested SARs (SACs). This was done for data from both 

Terrestrial Ecoregions of the World (TEOW) and Ecoregions 2017, and the two datasets were 

compared to determine if the updated ecoregions would influence the SARs and improve SAR model 

accuracy. The GBIF database was used for the extraction of geospatial data on invertebrate species 

occurrence records. Different SAR models were fitted to the dataset and compared based on 

Information Criterion (IC) weights, with the best fitting model selected for use in the downstream 

analysis. The values of the global SAR parameters were derived by using linear regression after log-

transforming the variables (using log10). SARs were subsequently derived for each biome and the 

values of the parameters z and c were used to compare the SARs (sub-question 1).  

Variables that exist between different taxonomic groups, such as different dispersal capabilities and 

habitat requirements, can result in different z-values and c-values based on their in- or exclusion in 

the GBIF dataset used in the analysis. By analyzing a subset of the dataset the extent of this effect on 

the global SAR was further assessed; SARs were also plotted for only the taxonomic group Insecta as 

well as for all invertebrate species excluding this taxonomic group. The resulting parameters were 

then compared with each other and with those derived from the complete dataset (sub-question 2). 

A similar approach was taken in assessing the effect that areas with different geographic features 

might have on the SAR, by running a separate analysis using only islands-based records in the GBIF 

dataset and another excluding islands-based records (sub-question 3). Geospatial data from the 

Global Island Explorer (GIE) was used here to distinguish between the two. 

 

 

2.2 Data sources 

2.2.1 Global Biodiversity Information Facility 

The Global Biodiversity Information Facility (GBIF) is an international bioinformatics network and 

open-source infrastructure that provides data on global biodiversity using web services. The GBIF 

database is the largest publicly accessible point of primary biodiversity data and as such can provide 

valuable information for use in biodiversity research; including studies in ecology, biogeography, 

systematics, and conservation biology (Zizka et al., 2020b). Data are collected from many scientific 

institutions and universities around the world, including archived records from musea and data 

gathered from citizen science projects such as iNaturalist and eBird. It currently holds over 1.7 billion 

occurrence records across more than 6.7 million different species collected from datasets published 

by over 2,000 institution worldwide, with new records being added continuously (GBIF, 2021). 

The GBIF database is the single largest source for geospatial biodiversity data in the world (Beck et 

al., 2013; Yesson et al., 2007, Zizka et al., 2020a). Through an online search portal data are accessible 

on the geographic distribution of species from all taxa of life. Single entries are geotagged, thereby 

containing coordinates to the geographic location of the observation that can be used in spatial 
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analysis. Through the digitalization of biological data, GBIF and similar resources have increased the 

public availability of species geographical distribution records and have greatly facilitated our 

collective understanding of biodiversity patterns and processes (Zizka et al., 2019). 

GBIF records may hold data that is incomplete or simply erroneous, and its quality and coverage has 

often been criticized (Beck et al., 2014; Yesson et al., 2007). Up to half of the records might be 

unsuitable for downstream biodiversity analyses, depending on the selected taxa; with most 

problems originating from the aggregation of records collected with different methodologies in 

different places or at different times, often without centralized curation (Zizka et al., 2020b). 

Inaccuracies are mostly taxonomical or locational in nature; temporal inaccuracies have also been 

found, but these are less relevant within the scope of this research (Anderson et al., 2016). The most 

commonly encountered issues include: occurrence records assigned to country or province centroids 

due to automated geo-referencing; records with switched latitude and longitude, zero coordinates 

due to data entry errors; records from zoos, botanical gardens or musea; records based on rasterized 

collections; and records that have been subject to strong decimal rounding (Zizka et al., 2019; Zizka 

et al., 2020a). Inaccuracies and knowledge gaps require that GBIF data be cleaned prior to analysis as 

a form of quality control. In recent years the GBIF database has allowed indicators of precision, 

quality, and uncertainty to be included as meta-data in the entries which facilitates this step. These 

indicators are used in this research to clean the data by applying filters that exclude records that 

display a large margin of uncertainty or an absence of essential environmental data fields (such as 

entries with missing or invalid coordinates).  

 

2.2.2 Terrestrial Ecoregions of the World 

Terrestrial Ecoregions of the World (TEOW) divides the earth into distinct biogeographic units called 

ecoregions, which are defined as “relatively large units of land containing a distinct assemblage of 

natural communities sharing a large majority of species, dynamics, and environmental conditions; 

with boundaries that approximate the original extent of natural communities prior to major land-use 

change” rather than political boundaries or grid cells (Olson et al., 2001). There are 867 terrestrial 

ecoregions worldwide (mean size = 150,000 km2; median size = 56,300 km2), nested within 14 

different biomes (coarse classifications of ecosystem types based largely on dominant vegetation, 

climate, geological history, and physiography), that represent the original distribution of distinct 

assemblages of species and communities (see figure 4) (Olson et al., 2001; Abell et al., 2008). 

TEOW provides a map of global terrestrial biodiversity which acts as a biogeographic framework to 

be used in ecological analysis, that allows for the identification of areas for conservation priority at 

global and regional level and for subsequent conservation strategies to be developed. Ecoregions in 

TEOW have been created following extensive collaboration with over 1,000 biogeographers, 

taxonomists, conservation biologists, and ecologists from around the world; and have been used in 

assessments of global biodiversity by the Worldwide Fund for Nature (WWF), The Nature 

Conservancy, and Conservation International, among others (Kier et al., 2005; Olson et al., 2001). The 

2001 map of the terrestrial ecoregions of the world has facilitated the design of representative 

networks of protected areas and has also been used to depict species distributions, to model the 

ecological impacts of climate change, to develop landscape-scale conservation plans, and to report 

on progress toward international targets (Dinerstein et al., 2017). 
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2.2.3 Ecoregions 2017 

Data for TEOW has been updated in 2017 by Dinerstein et al. (2017) (see figure 5). The revised 

dataset, named Ecoregions 2017, displays the TEOW data at a finer spatial resolution and has been 

updated to exclude globally significant patterns of human land use and populations in non-forested 

ecoregions. The largest changes from the original are concentrated in four regions: the Arabian 

Peninsula, some of the desert and drier ecoregions of the African continent, Antarctica, and the 

south-eastern United States. An interactive map and visualization tool is available online at: 

https://ecoregions2017.appspot.com. 

 

2.2.4 Global Island Explorer 

The Global Island Explorer (GIE) is a collaborative work by the United States Geological Survey 

(USGS), Esri, the Group on Earth Observations (GEO), and the American Association of Geographers 

(AAG) that has mapped all islands globally based on satellite imagery (see figure 6). Geospatial data 

on over 340,000 islands has been made available in high spatial resolution (30m) polygons, with 

islands ranging in size from large continental mainlands to islands as small as half a soccer field (Sayre 

et al., 2019; USGS, 2021). A web-based application and exploration tool on GIE data is available 

online at: https://rmgsc.cr.usgs.gov/gie/. 

 

 

2.3 Research design 

2.3.1 Step 1: Collecting GBIF data and cleaning the dataset 

The primary biodiversity data in the GBIF database was accessed and downloaded through the GBIF 

web portal. This procedure follows the methodology reported by Cornwell et al. (2019), Gade, 

Hauschild, & Laurent (2021), and Rocha-Ortega, Rodriguez, & Córdoba-Aguilar (2021) on geographic 

data acquisition. All records from the kingdom Animalia were included in the dataset, minus the 

phylum Chordata. Within this phylum the subphyla other than Vertebrata 

(Cephalochordata/Acraniata and Tunicata/Urochordata) are technically still considered 

invertebrates, but these only include marine species so this entire phylum can be excluded from the 

dataset. This leaves a dataset consisting of the species occurrence records from 32 different phyla, 

with approximately 180 million entries (GBIF, 2021). The selection was then filtered to include only 

records that contain valid location coordinates in latitude/longitude format. Additional filters were 

applied as well to exclude records that have been flagged for certain data quality problems (Buitrago, 

2020). These include (filter settings based on Zizka et al., 2020b): 

- Exclude records with coordinate uncertainty > 100 km (approximately 1 degree) 

- Exclude records with date of observation before 1945 

- Exclude fossil-based records, or with an invalid basis of record 

- Exclude records that cannot be matched to the taxonomic backbone 

- Exclude records where the coordinates mismatch with the country the occurrence is listed in 

- Exclude records with coordinates that have zero value (0), are outside of the range for 

decimal notation in latitude/longitude format, or are otherwise invalid 

https://ecoregions2017.appspot.com/
https://rmgsc.cr.usgs.gov/gie/
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Figure 5: Ecoregions 2017. Image source: Dinerstein et al. (2017). 

 

Figure 6: Overview of global islands as defined by the GIE. A total of 340,691 islands are distinguished and classified based 

on their size: 21,818 big islands (>1 km
2
) with a combined area of 9,938,964 km

2 
(compared to a total area of 125,129,046 

km
2
 for the continental mainlands), and 318,868 small islands (≤ 1 km

2
) with a combined area of 20,589 km

2
 (Sayre et al., 

2019). Big islands (>1 km
2
) are displayed in green, small islands (≤ 1 km

2
; ≥ 0.0036 km

2
) are displayed in red, and very 

small islands (< 0.0036 km
2
) are displayed in purple. Image source: USGS (2021). 
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The resulting search query is displayed in figure 7. These filters provided the basis for the raw dataset 

that was downloaded from GBIF. After applying the initial search filters, the complete dataset from 

GBIF encompassed a total of 108,129,075 occurrence records (GBIF, 2022a). The uncompressed file 

size of the dataset measured 53.3 GB.  

The dataset was subsequently cleaned of common geospatial errors in order to improve the quality 

and reliability following the methodology described by Zizka et al. (2019; 2020a). During the cleaning 

process a total of 83,475,306 records (77.2%) were flagged and removed from the dataset as per the 

following criteria:  

- 11,747 records were flagged for having an individual count of 0 (no occurrences were 

observed in the record);  

- 9,960,530 records were flagged for not having a taxonomic match (the recorded species 

name could not be linked to the taxonomic database);  

- 245 records were flagged for having equal latitude and longitude coordinate values;  

- 1,117,237 records were flagged for having coordinates in country capitals;  

- 11,558 records were flagged for having coordinates in country centroids;  

- 659,002 records were flagged for having sea-based coordinates;  

- 16,745,126 records were flagged for having coordinates in urban areas;  

- 12,703,301 records were flagged for having coordinates that mismatch the country assigned 

to the record in the metadata;  

- 940,158 records were flagged for being outliers in geographic space (records that are a 

minimum distance away from all other records of this species or records that are outside a 

multiple of the interquartile range of minimum distances to the next neighbour of this 

species; Zizka et al., 2020a);  

- 105 records were flagged for having coordinates at the location of the GBIF headquarters in 

Copenhagen;  

- 96,047 records were flagged for having coordinates at the location of a known biodiversity 

institution; 

- 62,069,955 records were flagged for being duplicate records with an exact match of species 

name and coordinates.  

 

 

Figure 7: Overview of applied filter settings for the GBIF download. Image source: GBIF (2022a). 
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An overview of the geographic distribution of flagged records is displayed in figure 8. The majority 

(74.4%) of the removed records were flagged as duplicates, indicating identical occurrence records 

whose in- or exclusion from the dataset would not change the calculated species richness. After the 

cleaning process 24,653,769 records remained in the dataset (22.8% of the original dataset). The 

taxonomic composition of these records is displayed in table 1, which shows that arthropods are by 

far the largest taxonomic group in the dataset (94.3%).  

 

2.3.2 Step 2: Plotting species occurrence records per ecoregion 

The shapefile for all terrestrial ecoregions (WWF, 2012; Dinerstein, 2017) was used to determine 

whether the geographic location of a GBIF data point falls within the boundaries of the polygon of an 

ecoregion. In doing so it can be determined if and how often a species has been observed within a 

specific ecoregion. In order to accomplish this global intersection the datasets were converted to 

WGS 84 - World Geodetic System projection (EPSG: 4326), the same projection as the shapefile for 

ecoregions. The number of distinct species is tallied per ecoregion, after which the global distribution 

of invertebrate species richness was plotted, displaying the species richness at ecoregional level. 

These methods are similar to those from studies on global patterns in plant biodiversity performed 

by Gade, Hauschild, & Laurent (2021) and Kier et al. (2005). 

Occurrences may sometimes fall just outside of the boundaries of an ecoregion’s spatial polygon. 

This is especially true for coastal areas, where polygon boundaries may not always accurately follow 

the coastline. In order to still include these records a spatial buffer of 1 km was created around each 

ecoregion. This buffer was created in Mollweide Equal Distance Projection (EPSG: 54009), after which 

the spatial file was converted to WGS 84 to allow for intersection with the dataset. Occurrences that 

were previously not assigned to an ecoregion but that did intersect with this buffer area were still 

assigned to the corresponding ecoregion and used to calculate the species richness per ecoregion. 

This procedure follows methodology reported by Di Marco et al., 2019.  

Of the 24,653,769 records in the dataset, 23,992,923 records remained after initial intersection with 

786 ecoregions; with 660,846 records not matching any ecoregions. After applying the spatial buffer 

537,027 records were still matched to ecoregions, leaving 24,529,950 records to be used to calculate 

the species richness per ecoregion and construct the SAR curves. Figure 9 displays the geographic 

distribution of these occurrence records following intersection with the ecoregions. 

 

Table 1: taxonomic composition of the cleaned dataset. 

Phylum No. of records Phylum No. of records Phylum No. of records 

Arthropoda 23,136,280 Rotifera 4,429 Acanthocephala 141 

Mollusca 1,182,693 Nemertea 1,432 Tardigrada 133 

Annelida 177,387 Sipuncula 969 Kamptozoa 96 

Cnidaria 53,579 Brachiopoda 614 Nematomorpha 87 

Echinodermata 46,391 Ctenophora 529 Gastrotricha 47 

Platyhelminthes 16,883 Phoronida 398 Hemichordata 20 

Porifera 14,734 Onychophora 260 Xenacoelomorpha 18 

Bryozoa 11,026 Chaetognatha 209 Gnathostomulida 11 

Nematoda 5,204 Priapulida 198 Kinorhyncha 1 



Page 20 of 95 

 

Figure 8: Global distribution of records from the original dataset that were flagged using the CoordinateCleaner R package. 
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Figure 9: Global distribution of occurrence records from the GBIF database that were used in downstream analysis. 
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A digital and interactive map showing all individual occurrence records from the dataset overlayed 

with the spatial data for ecoregions is available on the university server; records are aggregated at 

larger spatial scales but when zooming in the map displays the location of each individual occurrence 

record. Records here are color coded by species name, which will appear when a record is clicked.  

 

2.3.3 Step 3: Fitting species-area relationships 

Different SAR models were evaluated for fit with the derived dataset in order to validate whether the 

power relationship described in equation (1) was indeed the best fit (Tjørve, 2003; 2009). Models 

were tested for the normality of residuals and homogeneity of variance. Model fitness was 

statistically assessed by calculating the coefficient of determination using the R-squared and adjusted 

R-squared tests, and relative model quality was compared using the Akaike Information Criterion 

(AIC; calculated using log-likelihood) and Bayesian Information Criterion (BIC) as a measure for 

prediction error and information loss. This approach follows the methods described by Matthews et 

al. (2019b) and Guilhaumon, Mouillot & Gimenez (2010). A model’s AIC is defined as: 

                     (6) 

Where Li, the maximum likelihood for the candidate model i, is determined by adjusting the Vi free 

parameters in such a way as to maximize the probability that the candidate model has generated the 

observed data. The BIC for model i is defined as: 

                          (7) 

where n is the number of observations that enter into the likelihood calculation (Burnham & 

Anderson, 2004; Wagenmakers & Farrell, 2004). Models were ranked based on their IC weights, as 

derived from their IC values. For a fitted model i, its weight wi is given by:  

   
       

        
 

   

 (8) 

Where M is  the  number  of  models  in  the  set  and Δi is defined as Δi = ICi – ICmin with ICmin the IC 

value for the best fitting model (Burnham & Anderson, 2004; Guilhaumon, Mouillot & Gimenez, 2010; 

Wagenmakers & Farrell, 2004). The SAR for the most accurate model (the highest IC weight, or 

lowest IC value) was subsequently plotted using the area and calculated number of species for each 

of the ecoregions as single data points. A universal (global) SAR was derived from the species 

richness of all ecoregions combined, and SARs for individual biomes were derived based on the 

species richness of their assigned ecoregions.  

 

2.3.4 Step 4: Analysis and comparison of results 

After log-transformation, log(ecoregion species richness) was plotted against log(ecoregion area) for 

both the global SAR as well as for the SARs for each individual biome (using log10 for both 

parameters). Linear regression analysis was then used to derive the values of the parameters in 

equation (2). p-values were calculated to determine if these parameters were statistically significant. 

The global SAR and the SARs of different biomes were compared based on the values of the 
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parameters z and c. This approach is similar to the methodology reported by Gerstner et al. (2014) 

and Kehoe et al. (2017), who have constructed SARs for biomes in the analysis of global species 

richness of plants and mammals respectively.  

Separate analyses were performed for subsets of the GBIF dataset. For a taxonomic subset, separate 

analyses for exclusively the taxonomic group Insecta as well as for the entire dataset excluding this 

taxonomic group were performed. For a geographic subset, separate analyses were performed for 

exclusively island-based occurrence records as well as for the entire dataset excluding island-based 

occurrence records. Here the combined area of the individual islands belonging to an ecoregion is 

used as the area value rather than the original size of the ecoregion, in order to more accurately 

reflect the species richness per area unit in the SAR model. Island-based records from the GBIF 

dataset are identified by performing a second intersection with the data from the GIE. A spatial 

buffer of 150 meters (5 times the spatial resolution) was used here to include coastal records in a 

similar way as performed during step 2. 

It should be noted that the number of occurrence records in the complete dataset is higher than the 

number of island-based and mainland-based records combined. This is because the spatial resolution 

of the data from the GIE used to identify these records is much higher than for the TEOW data. 

Therefore some records, even though they lie within the boundaries of an ecoregion, are still 

excluded from the subset when they fall outside of the boundaries of an island or continent following 

intersection with the GIE data. The geographic distribution of occurrence records in the two 

geographic subsets is compared in figure 10. 

The SAR parameters of the taxonomic and geographic subsets were tested for significant differences 

between these datasets and their regular, non-subsetted counterparts using analyses of covariance 

(ANCOVA); following the methodology reported by Fattorini et al., 2017 and using the steps 

described by Field (2016). The entire process of data collection and analysis is presented 

schematically in figure 11. 

 
 

2.4 Software 
In order to analyse a dataset of this magnitude, scripts for automated data processing were created 

in the programming  language R (build 4.0.4; R Core Team, 2021) by using the associated open-source 

IDE RStudio (version 1.4.1106; Rstudio Team, 2021), both of which are available under General Public 

Licence. The following R packages were used for data collection and processing: 

- rgbif (version 3.6.0): This package allows for the automation of the process of data 

acquisition as new data becomes available in GBIF. This also allows for easy adjustment of 

the filters applied to the occurrence search and subsequent download query (Chamberlain et 

al., 2021). rgbif was used to create and update the download link for the dataset, and to 

automatically download and save the dataset once the download request has been 

processed and the download became available in GBIF. 

- CoordinateCleaner (version 2.0-18): this R package can be used to automatically flag and 

exclude common spatial errors in the GBIF data, thereby improving its accuracy. 

CoordinateCleaner has the ability to automatically exclude entries with coordinates that are 
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Figure 10: Global spatial distribution of occurrence records from the geographic subsets. (A) All island-based 

records. (B) All records based on the continental mainlands.  

 

deemed suspicious based on certain geographical gazetteers; such as non-terrestrial records 

or coordinates matching country centroids, urban areas, or the location of biodiversity 

institutions (Zizka et al., 2019; 2020a). 

- sars (version 1.3.4): for modelling species-area relationships. This package provides functions 

to fit up to 21 different SAR models using non-linear and linear regression, calculate multi-

model averaged curves using various information criteria, and generate confidence intervals 

using bootstrapping (Matthews et al., 2019b; Matthews, Guilhaumon, & Cazelles, 2021). 

- mmSAR: a different package used to fit and compare different SAR models to the dataset. 

This package was used in combination with the sars package to further compare different 

SAR models based on slightly different methods to calculate IC values (Guilhaumon, Mouillot 

& Gimenez, 2010). 

- ggplot2 (version 3.3.5): for data visualization using graphical plots (Wickham et al., 2021a). 

- sf (version 1.0.3): for processing spatial vector data in R (Pebesma et al., 2021). 

(A) 

 

 

 

 

 

 

 

 
(B) 
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Figure 11: schematic overview of the research design 

 
- dplyr (version 1.0.7): for manipulation and merging of data frames (Wickham et al., 2021b). 

- countrycode (version 1.3.0): for converting ISO 3166-1 country codes (required for testing for 

country-coordinate mismatch with the CoordinateCleaner package) (Arel-Bundock, Yetman, 

& Enevoldsen, 2018; 2021). 

- installr (version 0.23.2): for automatic updating of R software libraries (Galili et al., 2021). 

- scales (version 1.2.1): graphical scaling data used to map aesthetics to labels, axes, and 

legends in plots and graphs (Wickham & Seidel, 2022). 

- leaflet (version 2.1.1): for creating interactive maps that display the spatial distribution of the 

dataset using HTML (Cheng et al., 2022a). 

- htmltools (version 0.5.3): for saving maps as widgets in HTML (Cheng et al., 2022b). 

Step 1: Collecting GBIF data 

Cleaning dataset 

Step 2: Plotting species occurrence records per ecoregion 

Step 3: Fitting species-area relationships 

Subset GBIF data 

Taxonomic subset 

Global SAR 

Geographic subset 

Only 

islands 

Excluding 

islands 

SARs for each biome 

Only 

insects 

Invertebrates 

excluding insects 

Compare TEOW and 

Ecoregions 2017 

results 

Step 4: Analysis & comparison of results 

How does species richness for terrestrial invertebrates 

accumulate over area globally? 

How do the SAR parameters differ between biomes? 

How does the in- and exclusion of taxonomic groups in 

the dataset affect the parameters of the global SAR? 

How do the in- and exclusion of island-based records in 

the dataset affect the parameters of the global SAR? 

 

Multimodel SAR fitting 
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To accommodate the rather significant hardware requirements associated with the analysis of a 

dataset of this size, more specifically processing power and memory size, the finished scripts were 

executed through the hardware server of the department of Environmental Science of the Radboud 

University; managed by the department of C&CZ. Access to the cluster allowed for use of the 

computational power of the UNIX-based workstation for running the scripts and processing of the 

dataset. Management and storage of raw and processed data was done in accordance with the 

IWWR policy on Research Data Management (see Annex I). The entire data collection obtained 

during this research is stored on the server of the department of Environmental Science and is 

available to anyone with access rights to the cluster.  

A transcript of the R scripts created to acquire and analyze the data is presented in Annex II, along 

with the contents of the Readme.txt file that explains their functions and use. The code from these 

scripts has also been made available through a public repository on GitHub, accessible via: 

https://github.com/TechnicalThomas/Master-Thesis. Other software used in this research include: 

MobaXterm personal edition (version 22.1 build 4888; Mobatek, 2022), for executing scripts and 

commands to the cluster; Sublime Script (version 3.2.2 build 3211; Sublime HQ, 2019), for creating 

bash files; ESRI ArcGIS ArcMap (version 10.7.1 build 11595; Esri, 2019), for importing data from the 

GIE and exporting shapefiles; and JASP (version 0.16.4; JASP Team, 2022), for statistical analysis of 

the data.  

 

https://github.com/TechnicalThomas/Master-Thesis
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2 Results 

3.1 Complete dataset 

3.1.1 Analysis of global SAR model fitness 

Global species richness was calculated at 214,208; the global distribution of ecoregional species 

richness is presented in figure 12. The results of the fitting of multiple SAR models to the global 

dataset are presented in table 2. Models are ranked based on increasing IC value. The log-

transformed power model was calculated to have by far the lowest IC value; the difference between 

this model and all other models was so large that the IC weight was calculated at 1 for the log-

transformed power model and 0 for all other models, leaving little room for discussion regarding the 

best fitting model. The parameter values for the different SAR models are displayed in table 3 and 

the multi-model SAR plots constructed using these values are displayed in figure 13. 

All of the tested models failed the normality of residuals test, which indicates that for no models did 

the residuals show a normal distribution. This can be attributed to the global SAR not taking into 

consideration the underlying variables introduced by the different biomes; the global SAR fails to 

accurately describe the changes in species richness with the changes in area alone, as the factor for 

different biomes is not accounted for. For this reason the variation between ecoregions are very 

large and as a result residuals are not normally distributed when the species richness of all biomes is 

combined. Most models also failed the homogeneity of variance test, indicating a significant 

correlation between the residuals and the fitted values. Only very poorly fitting models were able to 

pass the homogeneity of variance test, indicating that for these models the variance between 

ecoregions was homogenized as a result of the model’s inability to accurately represent the dataset. 

The exception to this is the log-transformed power model; this model also displays homogeneity in 

the variability of ecoregional species richness from the mean, most likely because of the log-

transformation of the axes. 

 

 

 

 

 

 

 

 

 

Figure 12: Global distribution of terrestrial invertebrate species richness based on occurrence records from the 

GBIF database, displayed as species richness per ecoregion.  
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Table 2: Overview of multimodel global SAR analysis using the sars and mmSAR R packages, with models sorted in order of best to worst fit (increasing IC value). 

Model Equation 
No. of 

parameters 
Shape Asymptote 

Normality of 
residuals test1 

Homogeneity of 
variance test2 

AIC 
value3 

AIC 
weight 

BIC 
value3 

BIC 
weight 

R-
squared 

Adjusted  
R-squared 

Log-power Log(c) + z*log(A) 2 Linear False Fail Pass 1868.87 1 1882.87 1 0.071 0.069 

Kobayashi c*log(1 + A/z) 2 Convex False Fail Fail 14369.56 0 14383.56 0 0.040 0.038 

Monod d/(1+c*A^(-1)) 2 Convex True Fail Fail 
14369.98 
12139.41 

0 
14383.98 
12153.41 

0 0.040 0.037 

Exponential / 
logarithmic 

c+z*log(A) 2 Convex False Fail Fail 
14370.19 
12139.62 

0 
14384.19 
12153.62 

0 0.040 0.037 

Power c*A^z 2 Convex False Fail Fail 
14371.78 
12141.21 

0 
14385.78 
12155.21 

0 0.038 0.035 

Negative 
exponential 

d*(1-exp(-z*A)) 2 Convex True Fail Fail 
14371.90 
12141.33 

0 
14385.90 
12155.33 

0 0.037 0.035 

Logistic 
(He_Legendre) 

c/(f + A^(-z)) 3 Convex/Sigmoid False Fail Fail 14371.27 0 14389.94 0 0.041 0.037 

Extended power 1 c*A^(z*A^-d) 3 Convex/Sigmoid False Fail Fail 14371.30 0 14389.97 0 0.041 0.037 

Lomolino c/(1 + z*log(f/A)) 3 Sigmoid True Fail Fail 12140.70 0 12159.37 0 0.041 N/A 

Weibull_3 d*(1 - exp(-c*A^z)) 3 Sigmoid False Fail Fail 
14371.39 
12140.82 

0 
14390.06 
12159.49 

0 0.041 0.037 

Rational (c + z*A)/(1+d*A) 3 Convex True Fail Fail 
14371.51 
12141.41 

0 
14390.18 
12160.08 

0 0.040 0.037 

Extended power 2 c*A^(z-(d/A)) 3 Sigmoid False Fail Fail 14371.78 0 14390.45 0 0.040 0.036 

Persistence 
function 2 

c*A^z * exp(-d/A) 3 Sigmoid False Fail Fail 14371.92 0 14390.59 0 0.040 0.036 

Logistic (standard) d/(1 + exp(-z*A + c)) 3 Sigmoid True Fail Fail 
14373.76 
12143.19 

0 
14392.43 
12161.86 

0 0.038 0.034 

Power Rosenzweig f + c*A^z 3 Convex False Fail Fail 14376.25 0 14393.24 0 0.035 0.031 

Weibull_4 d * (1 - exp(-c*A^z))^f 4 Sigmoid False Fail Fail 14373.50 0 14396.84 0 0.040 0.035 

Linear c + z*A 2 Linear False Fail Fail 14392.06 0 14406.06 0 0.012 0.010 

Gompertz d*exp(-exp(-z*(A-c))) 3 Sigmoid True Fail Pass 14401.39 0 14420.06 0 0.003 -0.001 

Chapman-Richards d * (1 - exp(-z*A))^c 3 Sigmoid True Fail Pass 14403.92 0 14422.59 0 0.000 -0.004 

Asymptotic d - c*z^A 3 Convex/Sigmoid True Fail Pass 14403.92 0 14422.59 0 0.000 -0.004 

Beta-P d*(1-(1+(A/c)^z)^-f) 4 Sigmoid True Fail Pass 14404.05 0 14427.38 0 0.002 -0.003 

Persistence 
function 1 

c*A^z * exp(-d*A) 3 Convex/Sigmoid False Fail Pass 14558.76 0 14577.43 0 -0.218 -0.222 
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1: Three different normality tests were used: the Kolmogorov-Smirnov test, the Lilliefors extension of the 
Kolmogorov-Smirnov test, and the Shapiro-Wilk test; with α = 0.05. 
2: Test for the correlation of the squared residuals with the model fitted values using three different 
tests: the Spearman rank-order correlation test, the Pearson’s correlation test, and the Bartlett-Kendall 
test; with α = 0.05; models were required to pass at least one of these tests to be marked as passing 
3: First number derived using the sars R package, second number derived using the mmSAR R package 
(not available for all models). 

 
Table 3: Parameters and corresponding p-values for the different SAR models, calculated using the sars 
and mmSAR R packages. * indicates a statistically significant p-value at α = 0.05. 

 

 

3.1.2 Global SAR 

The log-transformed SAR for the complete dataset shows a positive correlation between species 

richness over area accumulations, with z calculated at 0.281 and log(c) at calculated at 1.107 

following linear regression. Both parameters showed a statistically significant relationship with 

the response variable in the multiple linear regression model (p << 0.05; see table 3). Following 

equation (2), this creates the log-transformed (using log10) power SAR: 

                           (9) 

  

                 Parameter 
 

     Model 

c z d f 

Calculated 
value 

p- 
value 

Calculated 
value 

p- 
value 

Calculated 
value 

p- 
value 

Calculated 
value 

p- 
value 

Log-power 
1.107  

(= log10(c)) 
3.74 e-10* 0.281 3.67 e-14* - - - - 

Kobayashi 290.63 2.262 e-05* 1,480.9 0.324 - - - - 

Monod 26,991 0.024* - - 1,692.7 1.288 e-19* - - 

Exponential / 
logarithmic 

-1,709.7 5.955 e-04* 255.79 1.866 e-08* - - - - 

Power 77.779 0.093* 0.235 1.933 e-06* - - - - 

Negative exponential - - 2.866 e-05 1.739 e-03* 1,505.1 1.671 e-28* - - 

Logistic (He_Legendre) 1.841 0.756 0.654 0.049* - - 9.132 e-04 0.736 

Extended power 1 9.754 e-03 0.902 2.190 0.235 0.066 2.228 e-06* - - 

Lomolino 2,011.414 1.512 e-03* 1.928 2.777 e-03* - - 44,127.550 0.389 

Weibull_3 3.113 e-03 0.602 0.521 9.095 e-03* 1,778.9 2.083 e-06* - - 

Rational 190.48 0.450 0.044 0.105 2.489 e-05 0.159 - - 

Extended power 2 237.134 0.351 0.149 0.078 514.574 0.297 - - 

Persistence function 2 204.32 0.312 0.160 0.042* 4,092.8 0.323 - - 

Logistic (standard) 1.049 0.043* 3.667 e-05 0.033* 1,518.9 3.588 e-27* - - 

Power Rosenzweig 12.700 0.704 0.356 0.049* - - 347.72 0.382 

Weibull_4 1.841 e-05 0.976 0.923 0.722 1,698.1 5.948 e-07* 0.457 0.788 

Linear 943.47 1.120 e-23* 7.483 e-04 1.715 e-03* - - - - 

Gompertz 594.579 N/A 45.962 N/A 1,087.291 N/A - - 

Chapman-Richards -275.343 N/A 233.814 N/A 1,071.291 N/A - - 

Asymptotic -326.561 N/A 0.522 N/A 1,071.067 N/A - - 

Beta-P 492.657 N/A 144.569 N/A 1083.208 N/A 380.975 N/A 

Persistence function 1 207.129 N/A 25.347 N/A 90.991 N/A - - 
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Figure 13: Plot of 20 different SAR models, calculated using the global dataset of 786 ecoregions 

(displayed as single dots). Note that not all models are visible in this plot as some models show a very 

similar curve whose lines cannot be distinguished at this scale. The exponential/logarithmic model was 

found to have negative fitted values (see table 3) that would predict negative species richness and thus 

would be plotted on the negative vertical axis, which is not displayed here. The plot in (A) has been 

cropped at the vertical axis, but not on the horizontal axis, in order to better distinguish the different SAR 

models. The plot in (B) has been cropped at both the vertical axis (more so than in A) and the horizontal 

axis, in order to zoom in and better display the bulk of the data points / ecoregions as well as the 

individual models before they start to diverge (when Area > approximately 500,000 km
2
).  

(A) 

 

 

 

 

 

 

 

 

 

 
(B) 
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The global log-transformed power SAR is plotted in figure 14. Changing the spatial data for 

ecoregions from TEOW (Olson et al., 2001) to Ecoregions 2017 (Dinerstein et al., 2017) resulted 

in 24,334,657 occurrence records remaining following intersection with 797 ecoregions, with a 

global species richness of 213,833. This change was found to not influence the best fitting SAR 

model, and calculated parameter values changed only slightly (z = 0.286; log(c) = 1.086; p << 

0.05 for both coefficients; R2 = 0.08). Because processing times using the Ecoregions 2017 data 

were considerably longer, subsequent analyses were performed using the data from TEOW.  

Following equation (1), the global power SAR for terrestrial invertebrates is: 

                (10) 

The log–log version of the power model SAR in equation (9) is not equivalent to its non-linear 

counterpart in equation (10) because of non-equivalence in the study of the variation in a 

variable and in its transformation, and bias of back-transformed results obtained on a 

logarithmic scale (Matthews et al., 2019b).  

 

3.1.3 SARs for all biomes 

The calculated parameters for the global SAR and for each of the 14 biomes are presented in 

table 4. The calculated parameters were tested for a statistically significant (p ≤ 0.05) 

relationship with the response variable in the multiple linear regression model, which was 

found to not be true for all biomes. The parameter z was deemed to be a statistically significant 

predictor of species richness for the following biomes: Boreal Forests / Taiga; Flooded 

Grasslands and Savannas; Temperate Broadleaf and Mixed Forests; Temperate Coniferous 

  

Figure 14: Log-transformed (using log10) power SAR for the global dataset. 
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Table 4: Overview of number of occurrence records, species richness, and calculated coefficients globally and per biome. 

Coefficients that show a statistically significant relationship with the response variable in the model at α = 0.05 are highlighted 

in green. Coefficients that do not show a statistically significant relationship with the response variable in the model at α = 0.05 

are highlighted in red. 

 

 

Biome 
Coefficients Species richness 

Log(c) 
± std. error 

p-
value 

z 
± std. error 

p-
value 

Total 
Ecoregion 

mean 
Ecoregion 
minimum 

Ecoregion 
maximum 

Global 
1.408 

± 0.163 
2 

e -16 
0.189 

± 0.029 
2.38 
e -10 

214,208 1,071 1 22,250 

Boreal Forests / Taiga 
0.281 

± 0.646 
0.667 

0.351 
± 0.108 

0.003 26,784 1,193 5 22,243 

Deserts and Xeric 
Shrublands 

0.513 
± 0.682 

0.455 
0.296 

± 0.122 
0.017 28,221 588 1 7,279 

Flooded Grasslands and 
Savannas 

-0.423 
± 1.046 

0.691 
0.408 

± 0.211 
0.068 3,222 176 1 1,268 

Mangroves 
1.022 

± 0.979 
0.311 

0.204 
± 0.166 

0.235 5,045 344 22 2,025 

Mediterranean Forests, 
Woodlands, and Scrub 

2.842 
± 0.377 

5.52 
e -09 

0.057 
± 0.070 

0.425 39,800 2,093 220 16,181 

Montane Grasslands and 
Shrublands 

1.714 
± 0.693 

0.017 
0.022 

± 0.129 
0.864 7,420 208 1 1,628 

Temperate Broadleaf and 
Mixed Forests 

1.033 
± 0.427 

0.018 
0.372 

± 0.077 
6.24 
e -06 

90,460 3,420 16 22,250 

Temperate Coniferous 
Forests 

0.719 
± 0.822 

0.386 
0.364 

± 0.152 
0.020 42,758 1,616 1 13,065 

Temperate Grasslands, 
Savannas, and Shrublands 

1.313 
± 0.922 

0.162 
0.255 

± 0.169 
0.139 24,903 1,304 13 8,672 

Tropical and Subtropical 
Coniferous Forests 

0.272 
± 0.490 

0.586 
0.436 

± 0.091 
0.000 13,349 1,207 15 5,869 

Tropical and Subtropical 
Dry Broadleaf Forests 

1.259 
± 0.515 

0.018 
0.247 

± 0.104 
0.022 17,337 631 1 2,608 

Tropical and Subtropical 
Grasslands, Savannas, and 

Shrublands 

-0.243 
± 0.529 

0.648 
0.459 

± 0.088 
4.76 
e -06 

20,301 746 1 3,769 

Tropical and Subtropical 
Moist Broadleaf Forests 

1.466 
± 0.257 

3.89 
e -08 

0.177 
± 0.048 

0.000 53,049 599 2 5,234 

Tundra 
2.168 

± 0.848 
0.016 

-0.056 
± 0.128 

0.665 13,849 498 2 11,336 

 Table 2: Overview of calculated coefficients and species richness globally and per biome. Coefficients that show a statistically 

significant relationship with the response variable in the model at α = 0.05 are highlighted in green. Coefficients that do not 

show a statistically significant relationship with the response variable in the model at α = 0.05 are highlighted in green. 

 

 

 
Forests; Temperate Grasslands, Savannas, and Shrublands; Tropical and Subtropical Coniferous 

Forests; Tropical and Subtropical Dry Broadleaf Forests; Tropical and Subtropical Grasslands, 

Savannas, and Shrublands; and Tropical and Subtropical Moist Broadleaf Forests. The parameter 

log(c) was deemed to be a statistically significant predictor of species richness for the following 

biomes: Deserts and Xeric Shrublands; Mediterranean Forests, Woodlands, and Scrub; Montane 

Grasslands and Shrublands; Tropical and Subtropical Dry Broadleaf Forests; Tropical and 

Subtropical Moist Broadleaf Forests; and Tundra. Species richness per biome is plotted in figure 

15, which shows the highest total and mean ecoregional species richness for the biome 

Temperate Broadleaf and Mixed Forests and the lowest total and mean ecoregional species 

richness for the biome Flooded Grasslands and Savannas. The log-transformed power SARs for 

each of the biomes are plotted collectively in figure 16.  

Biome 
No. of 

occurrences 

Species richness Coefficients 

Total 
Ecoregion 

mean 
Ecoregion 
minimum 

Ecoregion 
maximum 

Log(c) ±  
std. error 

p-
value 

z ±  
std. error 

p-
value 

Global 24,529,950 214,208 1,071 1 22,250 
1.107 

± 0.174 
3.74 
e-10 

0.281 
± 0.036 

3.67 
e-14 

Boreal Forests / Taiga 2,953,095 26,784 1,193 5 22,243 
-0.135 
± 0.865 

0.878 
0.471 

± 0.162 
0.007 

Deserts and Xeric 
Shrublands 

328,130 28,221 588 1 7,279 
1.459 

± 0.674 
0.033 

0.138 
± 0.131 

0.297 

Flooded Grasslands and 
Savannas 

17,939 3,222 176 1 1,268 
-1.706 
± 1.291 

0.202 
0.763 

± 0.298 
0.019 

Mangroves 18,990 5,045 344 22 2,025 
1.840 

± 1.441 
0.219 

0.091 
± 0.346 

0.796 

Mediterranean Forests, 
Woodlands, and Scrub 

1,080,467 39,800 2,093 220 16,181 
2.583 

± 0.540 
2.72 
e-05 

0.120 
± 0.115 

0.304 

Montane Grasslands and 
Shrublands 

28,308 7,420 208 1 1,628 
1.537 

± 0.752 
0.047 

0.064 
± 0.161 

0.693 

Temperate Broadleaf and 
Mixed Forests 

16,549,454 90,460 3,420 16 22,250 
0.911 

± 0.522 
0.085 

0.447 
± 0.107 

7.38 
e-05 

Temperate Coniferous 
Forests 

1,694,661 42,758 1,616 1 13,065 
0.251 

± 1.086 
0.818 

0.519 
± 0.231 

0.029 

Temperate Grasslands, 
Savannas, and Shrublands 

669,345 24,903 1,304 13 8,672 
0.277 

± 1.017 
0.787 

0.470 
± 0.196 

0.022 

Tropical and Subtropical 
Coniferous Forests 

100,327 13,349 1,207 15 5,869 
-0.155 
± 0.622 

0.806 
0.660 

± 0.149 
4.87 
e-04 

Tropical and Subtropical 
Dry Broadleaf Forests 

142,226 17,337 631 1 2,608 
1.053 

± 0.510 
0.044 

0.324 
± 0.116 

0.007 

Tropical and Subtropical 
Grasslands, Savannas, and 

Shrublands 
198,431 20,301 746 1 3,769 

-0.048 
± 0.649 

0.942 
0.483 

± 0.122 
2.93  
e-04 

Tropical and Subtropical 
Moist Broadleaf Forests 

497,520 53,049 599 2 5,234 
0.831 

± 0.248 
9.42 
e-04 

0.349 
± 0.054 

9.52  
e-10 

Tundra 251,057 13,849 498 2 11,336 
2.213 

± 1.055 
0.044 

-0.080 
± 0.202 

0.697 
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Figure 16: SARs for each biome plotted on log-transformed (using log10) axes. SARs were constructed based on 

the parameters displayed in table 4. 

 

Figure 15: Bar chart showing the total species richness per biome; error bars denote the minimum and 

maximum for species richness per ecoregion. 
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Annex III displays the log-transformed power SARs for each of the biomes individually. The 

information here is the same as in figure 16, but also displays the ecoregions that make up the 

data for each biome in the plots. Additionally, the spatial distribution of the occurrence records 

that make up each biome are displayed in density plots. Looking at the SARs for some biomes 

we can see that the log-transformed power model shows a much better fit at biome level than 

at global level; all of the biomes for which a statistically significant z-value was calculated show 

an R2-value that is larger than for the global SAR. The largest R2-value was calculated for 

Tropical and Subtropical Coniferous Forests (0.57), although relatively few ecoregions are 

assigned to this biome. 

 

3.2 Subsetted dataset 

3.2.1 Taxonomic subsets 

The GBIF download containing only occurrences from the class Insecta (GBIF, 2022b) contained 

91,156,944 occurrence records, which is 84.3% of the full dataset (GBIF, 2022a). Following the 

cleaning process 21,192,004 occurrence records remained in the subset with a global species 

richness of 155,090. The value for z was calculated at 0.323, which is slightly higher than for the 

global SAR (0.281), and the value for log(c) was calculated at 0.791, which is lower than for the 

global SAR (1.107). Both coefficients were calculated to be statistically highly significant (p << 

0.05).  

The occurrence download where all species from the class Insecta have been excluded (GBIF, 

2022c) contained 16,391,374 occurrence records, making up the remaining 15.2% of the full 

dataset (0.5% of records did not list the taxon at class rank and were thus not included in either 

taxonomic subset). Following the cleaning process 452,889 occurrence records remained in the 

subset with a global species richness of 25,731. The value for z was calculated at 0.062 and the 

value for log(c) was calculated at 0.940, both of which are lower than in the global SAR. The 

log(c) coefficient was statistically highly significant (p << 0.05) but the z-coefficient did not show 

a statistically significant relationship with the response variable in the log-transformed power 

model, although it did so in the regular power model. SARs for the different taxonomic subsets 

are displayed in figure 17 and compared against the complete dataset. 

 

3.2.2 Geographic subsets 

The cleaned global dataset contained 7,020,085 (28.6%) island-based occurrences records with 

a global species richness of 72,476. The value for z was calculated at 0.320 which is higher than 

its counterpart for the full dataset (0.281), and the value for log(c) was calculated at 0.816 

which is lower than for the global SAR (1.107). Both parameters showed a high level of 

statistical significance (p << 0.05) in the SAR model. 17,085,417 (69.7%) occurrence records in 

the global dataset were identified as located on the continental mainland, creating a global 

species richness of 180,052. Here, the value for z was calculated at 0.261 which is lower than its 

counterpart for the full dataset, and the value for log(c) was calculated at 1.186 which is slightly 

higher than for the global SAR. Both parameters were calculated to be statistically highly 
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significant (p << 0.05). SARs for the different geographic subsets are also displayed in figure 17 

and compared against the complete dataset.  

Table 5 presents the results of the analysis of covariance (ANCOVA) tests, where the variance in 

species richness per ecoregion (variability from the mean species richness in the subset) with 

ecoregion area as a covariate was found to have a significant difference between the two 

taxonomic subsets and between the two geographic subsets. The results show that the variance 

in mean species richness between complementary subsets was not homogenous, as indicated 

by a value < 0.05 for Levene’s test and overall high F-values. We find the highest F-value for the 

taxonomic subsets, which is indicative of the large difference in mean species richness between 

these two subsets. The variability in species richness is higher for insects compared to other 

invertebrates and higher for continental mainlands compared to islands irregardless of the area 

of an ecoregion, as indicated by the statistically significant F-tests. For the taxonomic subsets, 

the null-hypothesis assuming homogeneity of regression in the ANCOVA model is rejected as 

indicated by the statistically significant effect of the interaction between the covariate (area) 

and the dependent variable (ecoregional species richness). Therefore even though the z-

coefficient in the SAR was calculated not to be statistically significant for the subset excluding 

insects, species richness does in fact scale at a different rate for insects compared to other 

invertebrate species. For the geographic subsets, the results of the homogeneity of regression 

test indicate that the difference in the regression coefficients (z-values) between the two 

subsets is not statistically significant. This was also expected based on the results presented in 

figure 17. 

The figures 12 to 16 and the contents of tables 2 to 4 have also been constructed for each of the 

four subsets as well as for the analysis of the full dataset using spatial data from Ecoregions 

2017 instead, but for the sake of brevity these have not been included in this report. They are 

however available on the university server as well as on the GitHub repository. 
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Figure 17: Plot showing the log-transformed (using log10) SAR curves for the complete dataset as well as 

for the different subsets. 
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Table 5: Analysis of Covariance (ANCOVA) results for the different subsets. The analysis shows the 

differences in variances (variability from the mean) of species richness per ecoregion between the two 

taxonomic subsets and between the two geographic subsets, when accounting for area as a covariate 

(using type II Sum of Squares). * indicates the SAR coefficient was calculated to be statistically significant 

(p ≤ 0.05). N is the number of ecoregions containing occurrence records from the subset, with the mean 

and standard deviation of species richness indicated in the subsequent columns. The Coefficient of 

Variation is defined as the standard deviation divided by the mean of the subset. Levene’s Test for 

Equality of Variances was used to test for homogeneity of variances; at p > 0.05 the variances between 

the two subsets were assumed to be homogenous and at p ≤ 0.05 subset variances are assumed not 

equal / heterogeneous. F is defined as the between-subset variability divided by the within-subset 

variability, and thus a factor by which the variability in mean species richness in one subset scales 

compared to the complementary subset when the effect of area is removed. The p-value determines 

whether this observed difference in variability between the two subsets is statistically significant (true 

when p ≤ 0.05) using the homogeneity of covariance test, which tests for an equal covariance matrix 

between the two subsets. The estimate of between-subject effect size (Ƞ
2
) shows the percentage of 

variability in ecoregional species richness in the dataset that is accounted for by the factor of the two 

subsets. The last column indicates the significance of the homogeneity of regression hypothesis, which 

assumes an equal relationship coefficient between the covariate and the independent variable (a similar 

regression slope when regressing species richness onto area) associated with both subsets. This was 

tested using a custom factor highlighting the interaction between the covariate and the independent 

variable (area * subset); a value > 0.05 indicates that the assumption is tenable and the regression slopes 

are homogenous between subsets, whereas a value ≤ 0.05 indicates a statistically significant difference 

between the regression coefficients of the two subsets.  

 

  

Subset z-value 
Log(c)-
value 

N Mean 
Standard 
deviation 

Coefficient 
of variation 

Levene’s 
test 

F-test p-value Ƞ
2 Assum-

ption 

Complete 
dataset 

0.281* 1.107* 786 1071.205 2297.118 2.144 - - - - - 

Only Insecta 0.323* 0.791* 778 869.433 1895.844 2.181 

< 0.001 65.305 < 0.001 0.044 0.005 Excluding 
Insecta 

0.062 0.94* 614 77.941 207.204 2.658 

Only islands 0.320* 0.816* 322 540.450 1596.845 2.955 

< 0.001 10.897 < 0.001 0.012 0.787 Excluding 
islands 

0.261* 1.186* 612 1155.131 2337.276 2.023 
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4. Discussion 

4.1 Observed results 

4.1.1 Species richness 

The dataset displays an underrepresentation of the estimated global species richness of 

terrestrial invertebrates. Stork et al. (2015) estimate the global species richness of arthropods 

to be 6.8 million species. Of course not all of these species have been described yet; currently 

the Catalogue of Life lists 1,388,688 species of invertebrates (COL, 2022), which would mean 

that roughly only 15.4% of all described invertebrate species have been included in the dataset. 

It should however be noted that this number also includes marine invertebrates; and it has 

been suggested that 82% of these species are synonyms which have already been excluded 

from the dataset, meaning that the underrepresentation of invertebrate species in the dataset 

might actually be less severe (Stork, 2018). This underrepresentation is most likely a result of 

the taxonomical bias that is present in the GBIF data: certain species that are more easily 

observed, that inhabit more easily accessible areas of the world, or that are of a higher cultural 

salience or scientific interest are overrepresented; relating to the heterogeneous and 

opportunistic process associated with data collection (Hortal et al., 2015; Phaka et al., 2022). 

Consequently other species are underrepresented or might not be present in the data at all, 

which would lead to a lower value for ecoregional species richness than is accurate. In addition, 

table 1 also shows that phyla with exclusively aquatic or marine species, such as Cnidaria, 

Echinodermata, and Porifera are still included in the cleaned dataset. Despite efforts to clean 

the dataset of non-terrestrial occurrence records, some of these have remained in the dataset 

and were thus included in the analysis, albeit in relatively small numbers. 

The patterns on spatial distribution of global species richness (see figure 12) do not match those 

described in similar research for other taxa. Following research such as the one performed by 

Gerstner et al., (2014) (see figure 18), one would expect to find a higher level of species richness 

in the tropic and subtropic ecoregions, with levels generally decreasing as latitude increases and 

towards more temperate ecoregions (Hawkins & Diniz-Filho, 2004). Stork (2018) furthermore 

suggests that less than 15% of insect species are north temperate and that 85% of species are 

found in the tropics and south temperate regions. Instead, the results show a relative 

overrepresentation of data for the European continent and an underrepresentation for other 

parts of the world. This is likely a result of the spatial bias that is present in the GBIF data. 

Indeed, the spatial patterns displayed in figure 12 seem to be more congruent with those 

displayed by spatial distribution patterns of GBIF data in general (see figure 19), which shows 

that far more data is available for the European and North American continents than for other 

regions in the world (Anderson et al., 2016). This would indicate that the bias and 

heterogeneous distribution of data availability in GBIF is the most dominant factor in 

determining species richness.  

A comparison between the predicted spatial distribution of global species richness for 

terrestrial arthropods made by Stork (2018) and the observed spatial distribution of species 

richness for terrestrial invertebrates from the results of this research is displayed in table 6. 

Here, the calculated species richness is about ten times higher than expected in the Nearctic 
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Figure 19: Density map / heat map displaying the geographic spatial distribution of all occurrence records in 

the GBIF database with a non-fossil base of record and recorded in the last 100 years. Image source: 

GBIF.org 

 

 

realm. By contrast, the calculated species richness was expected to be about twice as high for 

the Neotropic realm and the Indo-Malay realm, thrice as high for the Oceania realm, and four 

times higher for the Afrotropic realm. At regional level we find that the species richness is lower 

than expected for certain parts of the North American continent, Central America, South Africa, 

and the islands in the Asian and Oceanic continents (in particular Japan and New Zealand). By 

contrast, species richness is much higher for the most Western parts of Russia. A gradient in 

species richness can be observed for the Australian continent that can be characterized as more 

longitudinal rather than latitudinal, which is in line with previous studies on global species 

richness distribution patterns (Gaston, 1991; Hawkins & Diniz-Filho, 2004). 

 

Figure 18: Map displaying the global spatial distribution of species richness for vascular plants at biome 

level. Image source: Gerstner et al., 2014. 

 

Figure 3: Species area relationships at biome level. a) SAR curves at biome level. b) Map displaying the 

global distribution of species richness at biome level. Image source: Gerstner et al., 2014. 



Page 39 of 95  

Table 6: comparison of the global distribution of invertebrate species richness from this research with the 

literature. Values for invertebrate species richness across the realms are compared to the values for the 

predicted number of arthropod species as reported by Stork (2018), whose numbers in turn are based on 

the distribution of the world’s plant species across the different biogeographical regions. The numbers for 

the Neotropic realm from Stork (2018) were derived by combining the Neotropics and Central America 

region. Not included is the Antarctic realm for its lack of available data and low values for predicted and 

observed species richness.  

Realm 

Stork, 2018 This research 
Deviation 

factor 
Predicted number of 

arthropod species 
In 

percentages 
Number of 

invertebrate species 
In 

percentages 

Australasia 890,799 13.10 35,058 15.60 1.19 

Afrotropic 1,205,639 17.73 11,174 4.97 0.28 

Indo-Malay 908,479 13.36 15,424 6.86 0.51 

Nearctic 142,800 2.10 49,571 22.06 10.50 

Neotropic 2,763,519 40.64 39,929 17.77 0,44 

Oceania 240,720 3.54 2,467 1.10 0.31 

Palearctic 648,040 9.53 71,108 31.64 3.32 

Total 6,799,996 100 214,208 100 1 

 

 

4.1.2 Global SAR 

The derived SARs are still accurate to the dataset regardless of the underrepresentation of the 

species richness, provided that this remain consistent across ecoregions and scales equally with 

area across ecoregions; if both larger and smaller ecoregions undervalue the species richness to 

the same extent relative to scale, then calculated parameters (z-values) still accurately reflect 

the scaling of species richness with area and the SAR model can still be used to predict changes 

in species richness with changes in area. However, the values for log(c) are expected to be more 

influenced by the underrepresentation of species and biases in the dataset. One caveat to this 

that skews the SAR curves quite significantly are certain highly influential data points: some 

ecoregions were calculated to have a very high species richness over a very small surface area 

(for example Atlantic Mixed Forests, Scandinavian and Russian Taiga, and Sarmatic Mixed 

Forests; these data points have been cropped from the vertical axis of figure 13A), whereas the 

surface areas of other ecoregions (for example Sahara Desert, East Siberian Taiga, and Sahelian 

Acacia Savanna) are an order of magnitude larger than most yet a very low species richness was 

observed here (bottom right of figure 13A). This figure also shows that the spread of data points 

appears to be quite random and that none of the fitted models accurately describe the dataset, 

as is also shown by overall low values for R2 and adjusted R2 (see table 2). Even though the log-

transformed power model shows the best fit out of the different SAR models it still fits the 

dataset rather poorly (see figure 14). The regression residuals, defined as the difference 

between the observed value and the value predicted by the SAR model, remains consistently 

high across all spatial scales. 

 

4.1.3 SARs for biomes  

Observed z-values for biomes for which a statistically significant relationship with species 

richness was found in the SAR model were consistently higher than the z-value for the global  
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SAR (see table 4), indicating that for these biomes log(species richness) scales with log(area) at 

a higher rate than for all biomes globally combined. Values for z that were calculated to be 

lower than for the global SAR were calculated not to be statistically significant. It appears that 

when all biomes are combined, the SAR is flattened in log-log space and the curvature of the 

SAR is increased in arithmetic space (see figure 3). Most likely this is an artefact resulting from 

the biomes for which the z-coefficient was not deemed statistically significant dragging down 

the value for z at a global scale. Values for log(c) were also generally higher for biomes than for 

the global SAR (see table 4). 

The observed SAR parameters were compared with those reported in other research for 

different taxa in table 7. For biomes with a statistically significant z-value this was observed to 

be consistently higher for invertebrates than for other taxa. The parameter z in this research 

shows similar calculated values to those described in the literature for the global SAR as well as 

for the biomes Tropical and Subtropical Coniferous Forests; Tropical and subtropical Dry 

Broadleaf Forests; and Tropical and Subtropical Moist Broadleaf Forests. This means that for 

tropical and subtropical ecosystems the SAR for invertebrates scales on similar levels as those 

for plants and mammals. Observed z-values also match the results from Gerstner et al. (2014) in 

that the highest values have been reported for the biomes Flooded Grasslands and Savannas; 

and Tropical and Subtropical Coniferous Forests. The value for log(c) that were calculated to be 

statistically significant were generally higher than those reported by Kehoe et al. (2017) but 

generally lower than the values reported by Gerstner et al. (2014); although the values 

observed here are more in line with the latter. 

 

4.1.4 SARs for subsets 

The SARs for the different taxonomic subsets (only insects; excluding insects) and geographic 

subsets (only islands; excluding islands) presented in figure 17 appear to match the SAR for the 

complete dataset, with the exception of the subset that excludes occurrence records for the 

class Insecta. This suggests that the taxonomic composition of the dataset is a more important 

factor in defining the slope of the SAR than the in- and exclusion of occurrence records based 

on geographic features. The derived value for z in the subset excluding insects is much lower 

than for the full dataset, indicating that log(species richness) scales with log(area) at a higher 

rate for insects than for other invertebrates; and that the SAR for insects will have a more 

depressed / less curvilinear curve in arithmetic space than for other invertebrates (see figure 3). 

For smaller ecoregions this translates to insects having a higher species accumulation rate. This 

was expected as insects are the largest group in the dataset (non-insects are generally 

composed of smaller taxa with a lower species richness, thus leading to a lower value for z). z-

values are higher for the subset containing only insects and only island-based occurrence 

records than for the global SAR, yet lower for the subset where these records were excluded. 

The z-value for the subset with only-island based records is higher than for records on the 

continental mainland, which is in line with observations from previous studies on ISARs and a 

result of a combination of stochastic, evolutionary, ecological, and environmental processes 

(Tjørve et al., 2021). The subset excluding islands showed the highest value for log(c) out of all 

the subsets including the complete dataset, which would mean that the species richness per 

unit area at the smallest spatial scales is higher on the continental mainland than on islands. 
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Table 7: Comparison of z-values and c-values from the SARs for different taxa at global and biome level. 
For this research, * indicates the marked value was calculated to be statistically significant (p ≤ 0.05). 

 

 

4.2 Practical applications 
When looking at the practical use of the derived coefficients for SAR parameters in conservation 

management, following equations (4) and (5) it is clear that the parameter z is most important 

in predicting species loss for terrestrial invertebrates with changes in natural habitat. Since 

most of this happens at spatial scales smaller than entire ecoregions, a high value of z for the 

log-power model SAR translates to a high species accumulation rate (see figure 3) and thus a 

larger rate of species loss with area loss. Biomes and subsets that have been identified as having 

a high z-value will therefore be more vulnerable to habitat loss and should therefore be 

prioritized in conservation efforts. The analysis of the most comprehensive dataset currently 

available in this research suggests that the biome Flooded Grasslands and Savannahs is the 

most vulnerable to terrestrial invertebrate species loss. The mean ecoregional species richness 

for this biome is however actually quite low (see table 4) which suggests that although species 

loss in this biome may scale relatively high with area loss, the absolute decrease in species 

richness with area loss may be less severe. The subsets including only insects and only island- 

Biome 

This research 
(invertebrates) 

Kier et al., 2005 
(vascular plants) 

Gerstner et al., 2014 
(vascular plants) 

Kehoe et al., 2017 
(mammals) 

z Log(c) z z Log(c) z Log(c) 

Global 0.281* 1.107* - 0.179 2.296 0.22 0.75 

Boreal Forests / Taiga 0.471* -0.135 0.16 0.078 2.562 0.14 1.07 

Deserts and Xeric 
Shrublands 

0.138 1.459* 0.11 0.205 1.926 0.21 0.71 

Flooded Grasslands and 
Savannas 

0.763* -1.706 0.12 0.370 1.287 0.23 0.76 

Mangroves 0.091 1.840 - - - 0.23 0.65 

Mediterranean Forests, 
Woodlands, and Scrub 

0.120 2.583* 0.20 0.280 2.080 0.26 0.65 

Montane Grasslands and 
Shrublands 

0.064 1.537* 0.17 0.215 2.260 0.27 0.42 

Temperate Broadleaf and 
Mixed Forests 

0.447* 0.911 0.17 0.161 2.468 0.20 0.83 

Temperate Coniferous 
Forests 

0.519* 0.251 0.14 0.127 2.562 0.20 0.88 

Temperate Grasslands, 
Savannas, and Shrublands 

0.470* 0.277 0.12 0.144 2.475 0.20 0.91 

Tropical and Subtropical 
Coniferous Forests 

0.660* -0.155 0.19 0.454 1.537 0.49 0.00 

Tropical and Subtropical 
Dry Broadleaf Forests 

0.324* 1.053* 0.21 0.126 2.562 0.26 0.60 

Tropical and Subtropical 
Grasslands, Savannas, and 

Shrublands 
0.483* -0.048 0.18 0.310 1.765 0.21 0.90 

Tropical and Subtropical 
Moist Broadleaf Forests 

0.349* 0.831* 0.24-0.33 0.212 2.522 0.17 1.12 

Tundra -0.080 2.213* 0.13 0.250 1.634 0.21 0.70 
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based records also show equally high z-values, which are both also higher than for the global 

SAR; it is therefore suggested that area loss will have a larger effect on terrestrial invertebrate 

species richness for insects than for other taxa, and that this effect is also larger for habitats on 

islands and archipelagos compared to mainland habitats. 

 

 

4.3 Limitations 

4.3.1 Methodological 

One of the largest limitations in this research is the large spatial bias that is present in the 

dataset. GBIF data is susceptible to an overrepresentation of more densely populated or more 

easily accessible regions of the world (Ivanova & Shashkov, 2021; Rocha-Ortega, Rodriguez, & 

Córdoba-Aguilar, 2021). The resulting spatial bias is further exacerbated by vast differences in 

research funding and data sharing between nations (Beck et al., 2014). The spatial bias creates a 

large variability in the ecoregional species richness, which in turn results in poorly fitting SAR 

models (see table 2 and figure 13). Additionally, GBIF data also display the same margins of 

uncertainty and knowledge gaps that are present in our collective understanding of biodiversity 

data. These are: the Linnean shortfall (incomplete knowledge resulting from a discrepancy 

between the number of formally described species and the number of species that actually 

exist), the Wallacean shortfall (a lack of knowledge on the geographical distribution of species), 

and the Prestonian shortfall (a lack of knowledge on the abundance of species and their 

population dynamics in space and time) (Hortal et al., 2015).  

Research by Beck et al. (2013) has concluded that for certain invertebrate taxa, the GBIF 

database provides more individual distribution records but less information on range filling, 

range extent, and climatic niches of species when compared to independent distributional data 

from natural history collections and other sources. However by performing the analysis of this 

research on a global scale and by including all invertebrate taxa this knowledge gap is reduced. 

Further research has shown that spatial clustering of distribution records for certain 

invertebrate taxa in GBIF leads to decreasing quality in the modelling of species’ geographical 

distribution range. Here it has been shown that the use of more accurate and less biased spatial 

input data at the expense of the size of the dataset produces species distribution models of 

better quality, thereby demonstrating that for occurrence records quality is more important 

than quantity (Beck et al., 2014). For this reason it is important to apply strict search filters 

when collecting data from the GBIF database; however a large-scale analysis such as the one 

performed in this research inherently reduces the amount of care that can be applied in 

selecting data, ultimately resulting in quality issues to be present in the dataset. 

There are several caveats to be noted in the ecoregion-based approach. Firstly, no single bio-

geographic framework is optimal for all taxa and ecoregions reflect the best compromise for as 

many taxa as possible. Secondly, ecoregion boundaries are usually displayed as lines whereas in 

reality ecoregions gradually transition into one another (Omernik, 2004). Thirdly, ecoregions are 

not distributed uniformly or homogenously and most ecoregions contain habitats that differ 
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from their assigned ecoregion and/or biome (Abell et al., 2008). Finally, the boundaries of 

ecoregions may shift depending on the specific criteria and features being used to construct 

and/or evaluate them, the characteristics of which are also dynamic. The quality and quantity of 

environmental resources that make up ecosystems, and the way they are interrelated, vary 

constantly both spatially and temporally. Ecoregions, as well as ecosystems, are an integration 

of many biotic and abiotic variables and therefore fail to completely characterize individual 

components; their delimitation is inevitable a process of accommodation and pragmatism and 

will vary depending on the goal of particular studies (Omernik, 2004; Spalding et al., 2007).  

Lomolino (2000) has raised two shortcomings of the power relationship typically associated 

with the SAR: firstly, the lack of an asymptote for larger ecosystems which would approach a 

maximum value for species richness; and secondly, lack of attention for the ‘small island effect’ 

which states that richness may be independent of area for collections of relatively small islands. 

To take these phenomena into consideration, a sigmoidal SAR (see figure 2) has been suggested 

to be a better fit. Given the global scale of this analysis it is unlikely for the small island effect to 

be of concern here, but several of the better fitting models based on IC value ranking (see table 

2) approximate a horizontal asymptote which suggests that an upper limit for species richness 

does start to become important at this spatial scale. Tjørve (2003; 2009) argues that for ISARs a 

sigmoid model is generally more appropriate, but also suggests that a convex model may be 

sufficient at scales above a possible inflection point or if the inflection point is so close to the 

lower end of the curve that the convex downward part becomes very small compared to the 

rest of the curve; which is the case here as the minimum area requirements for the studied taxa 

are very small compared to the global scale of the analysis, even when considering the ISAR 

constructed using the subset with exclusively island-based occurrence records. 

 

4.3.2 Practical 

There are several limitations in using the SAR to predict species loss. Firstly, by definition only 

the species endemic to a focal area that is lost can actually become extinct from habitat loss. 

The use of the SAR in predicting extinctions therefore needs to take into consideration the 

fraction of endemic species as part of the total number of species, resulting in an Endemic-Area 

Relationship (EAR). The SAR and EAR however are not mirror images and the parameters for 

one cannot be inferred from the other. Constructing EARs therefore requires a separate analysis 

using only records from species endemic to the study area (Fattorini, Ulrich, & Matthews, 2021). 

Research by Storch, Keil, & Jetz (2012) has also suggested that the linear relationship between 

species richness and area observed in log-log space only hold true for endemic species, and that 

the rate of increase of log(species richness) actually accelerates upward with log(area) at both 

small and large spatial scales when non-endemic species are included in the analysis. These 

triphasic SARs have been observed on both continental and global scales, and their occurrence 

has been attributed to the aggregation of the spatial position of species’ natural ranges. This 

pattern however has only been described for amphibians, birds, and mammals; and not yet for 

invertebrates. 

Habitat loss may also not always proceed in a nested manner, whereby each smaller area is a 

perfect subsample of the next larger area. Depending on the geometry (the spatial position,  



Page 44 of 95  

spread, and aggregation of lost area within a larger habitat), habitat loss and habitat 

fragmentation may actually infer a larger loss of functional habitat area than when lost areas 

are aggregated, leading to higher extinction rates than would be predicted by the SAR. This 

approach also assumes that the exponent z remains constant with area loss whereas in practice 

habitat loss often results in certain breaking points in the process of species loss as a result of 

habitat loss not matching with patterns of species spatial distribution, beyond which an 

accelerating or even decelerating trend may occur which would cause the z-value to change as 

well (this is partly explained by the increasing steepness of the SAR curve as area decreases). 

Other factors that are not taken into consideration by the SAR and therefore may limit its 

fidelity in predicting species loss are: species moving into new habitats, species adapting to 

changes in habitat over time, different levels of tolerance of species to changes in habitat (e.g. 

generalist species are generally more tolerant to disturbances than specialist species), habitat 

being only partially lost, other factors that contribute to species loss (e.g. pollution), the 

interactions between species within a habitat, and the time it takes for species loss to take 

effect and an ecosystem to reach a new dynamic equilibrium following disturbance (Fattorini, 

Ulrich, & Matthews, 2021). These are however not limitations that are specific to the SAR, but 

rather shortcomings of general models that predict species loss over short time frames or for a 

large number of taxa and species; these cannot necessarily be extrapolated across different 

temporal scales or taxonomic groups. 
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5. Conclusions  

5.1 Summary of results 
24,529,950 occurrence records of terrestrial invertebrates from the GBIF database, with a 

global species richness of 214,208, were used to construct the relationship between species 

richness and area by determining species richness across 786 ecoregions. The global-scale SAR 

best follows the log-transformed power-model, for which the z-value was calculated at 0.281 

and the log(c)-value at 1.107 (main research question). The biome with the highest total and 

ecoregional mean species richness was found to be Temperate Broadleaf and Mixed Forests, 

and the biome with the lowest total and ecoregional mean species richness was found to be 

Flooded Grasslands and Savannahs. For the biomes for which a statistically significant 

relationship between the coefficients and the response variable in the SAR model was found 

following linear regression (p ≤ 0.05), the biome with the highest z-value was Flooded 

Grasslands and Savannas, calculated at 0.763; the biome with the lowest z-value was Tropical 

and Subtropical Dry Broadleaf Forests, calculated at 0.324; the biome with the highest value for 

log(c) was Mediterranean Forests, Woodlands, and Scrub, calculated at 2.583; the biome with 

the lowest value for log(c) was Tropical and Subtropical Moist Broadleaf Forests, calculated at 

0.831 (sub-question 1). Observed z-values were higher for exclusively insects, but lower for 

invertebrates other than insects when compared with the SAR for the complete dataset. The 

observed values for log(c) were lower in both these taxonomic subsets than in the SAR for the 

entire dataset (sub-question 2). Observed z-values were also higher for island-based records, 

but lower for continental mainland based records when compared with the SAR for the 

complete dataset. The observed value for log(c) was higher for the subset excluding island-

based records, but lower for the subset with only island-based records when compared with the 

SAR for the complete dataset (sub-question 3). Overall, SARs for each of these subsets resemble 

the SAR for the complete dataset with the exception of the subset excluding insects whose 

value for z was considerably lower.  

 

5.2 Recommendations 
It is recommend that the methods described in this research are repeated for different datasets 

other than GBIF, in order to compare the data from different sources and to establish to what 

extent the taxonomical and spatial bias in the GBIF dataset influence the SAR. When executed 

on a more regional scale and for datasets that show a more homogenous spatial distribution of 

data availability, SAR curves can be constructed that reflect the relationship between area and 

species richness more accurately. 

The scope of this research can be expanded to include other taxa, such as plants. Alternatively, 

an opposite approach can be taken where the analysis is repeated for an invertebrate species 

subgroup for which more comprehensive data is available; thereby reducing the spatial bias in 

the dataset. Another method to reduce this bias is by incorporating the factors that influence 

this (e.g. human population density) in the SAR models. Additionally, the level of detail of the 

analysis can be increased by examining the differences in geographic distributions and SARs 

between different taxa of invertebrates (similar to how this has been done here for insects  
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versus other, non-insect invertebrates). This could help in identifying taxa that are more prone 

to anthropogenic disturbance and thus should be prioritized in conservation efforts. In addition 

to biomes, SARs can also be derived for geographic variation in land cover and land-use 

intensity; which have been shown to perform equally well as metrics in predicting species 

richness (Kehoe et al., 2017). Further research could include a wide set of analyses relating 

biodiversity patterns to anthropogenic threats or to abiotic drivers of species richness (Kier et 

al., 2005). 

 

5.3 Final notes 
Terrestrial biodiversity is declining worldwide. Within this context, much remains unknown 

about the biogeographic patterns of invertebrate species and how these respond to habitat 

loss. This research has attempted to increase the knowledge on invertebrate spatial distribution 

on a global scale by deriving SARs based on ecoregional species richness, thereby providing the 

first global assessment on how invertebrate species richness changes with area. The derived 

SAR curves have identified biomes that are particularly sensitive to species loss at different 

spatial scales, and these results can be applied in conservation management and efforts to 

decrease the global decline in terrestrial biodiversity. This research has also highlighted the 

spatial bias presented by the GBIF database, and the need for a better representation of 

scientific data on invertebrate species in the more sparsely populated areas of the world. 
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ANNEX I: IWWR policy on Research Data Management 

The Institute for Water and Wetland Research highly values clear and accurate 
data management, which refers to processes that 

 

 guard and maintain the consistency and accuracy of collected data, 

 guarantee the reproducibility of analyses and results, 

 and facilitate the re-use of data. 
 

For each project, IWWR researchers are therefore expected to follow these three 
data management steps: 

 
 Before: have a Data Management Plan 
 During: store Raw & Processed data and metadata on a backed-up C&CZ server 

 After: archive data upon publication in a FAIR* way 

 

Data Management Plan (DMP) and Paragraph (DM¶) 
Before data collection starts an IWWR project† should have a DMP. If you are 
following the protocol described here, this document can be your DMP. If you 
deviate for good reasons, you should write your own DMP. Also, funding 
agencies may require specific DMP formats. The people of RDM Support‡ can 
provide advice and feedback, and have developed an online tool that helps you 
writing a project-tailored DMP§. 
 
Grant proposals often include a data management paragraph (DM¶). RDM 
Support offers help to write these**. Also, proposal writers could contact the 
IWWR data steward†† to see examples of paragraphs composed by colleagues. 

 
 
 
 
 
 

 

* FAIR stands for ‘Findable-Accessible-Interoperable-Reusable’ and means that 
your database should be registered and formatted in a way that enables potential 
reuse. Please note that FAIR does not necessarily imply open access. 
† An IWWR project is defined is any project of which the lead investigator is 
affiliated with the IWWR. The size of a project may vary, but more or less 
coincides with what will eventually be published as a database and/or paper. 
‡    www.ru.nl/rdm; rdmsupport@ubn.ru.nl; 024-3612863 
§ https://www.ru.nl/research-information-services/manuals/step-step-writing- 
data-management-plan/ This platform is useful because it creates a shared 
document that can be edited by all people involved. 
** https://www.ru.nl/rdm/planning-research/data-management-paragraph/ 
†† Currently: Eelke.Jongejans@ru.nl 

http://www.ru.nl/rdm%3B
http://www.ru.nl/research-information-services/manuals/step-step-writing-
http://www.ru.nl/research-information-services/manuals/step-step-writing-
http://www.ru.nl/rdm/planning-research/data-management-paragraph/
http://www.ru.nl/rdm/planning-research/data-management-paragraph/
mailto:Eelke.Jongejans@ru.nl
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C&CZ File Servers 
To ensure data integrity and prevent data loss, all research data, metadata, final 
analysis scripts and info about software and operating system should be stored 
on a backed-up server managed by FNWI’s C&CZ as soon as data collection starts 
and until at least 10 years after publication*. A project’s file folder should be 
shared with all researchers involved, for instance supervisors†. As is commonly 
recognized as good data management practice, a project’s file folder should at 
least contain the following, clearly labeled subfolders: 
- ‘Data Management Plan’, containing either this document or a more specific, 

tailor-made DMP. 
- ‘Raw Data’, which should contain the unprocessed research data that are 

collected electronically or digitized from written lab and field journals‡. 
- ‘Metadata’, explaining how the data were collected, what column headings and 

factor levels mean, and what the units are of all variables. 
- ‘Analyses’, containing the final analysis scripts and info about software and 

operating system. 
- ‘Publication’: if the research data associated with the final publication are 

deposited (via RIS) in an internationally recognized data repository like DANS-
EASY, this folder could just contain a small .txt note explaining where the data 
are archived. Alternatively, if researchers have good reasons not to archive their 
data in a data repository, this folder must include intelligible files containing the 
research data as they are used for the analyses, tables, figures and conclusions 
in the final publication. This folder must then also contain proper metadata files 
and clearly annotated analysis code. Whenever possible the files in this folder 
should be in non-proprietary formats§. 

 
 
 
 
 
 
 
 
 
 
 
 

* C&CZ file folders are organized at the department level, and can be requested via 
the department chair or appointed data manager: Michela Busana for 
Environmental Science, Mike Jetten for Microbiology, Leon Lamers for Aquatic 
Ecology & Environmental Biology, Hans de Kroon for Plant Ecology & Physiology, 
Eelke Jongejans and Wim Atsma for Animal Ecology & Physiology. 
† Research data collected by RU employees officially belong to the RU. The role of 
overseeing RU’s research data has been delegated to the director of IWWR. See 
tinyurl.com/rubeleidrdm for RU policy on data management. 
‡ Lab and field journals should of course be stored in a secure place and digitized 
as soon as possible. 
§ Ideal are file formats with extensions like .csv, .txt, .R, .por as these do not 
require licensed software like SPSS, Microsoft Excel or Word to be opened. 
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Data Repository DANS-EASY 
The preferred option for archiving (and making available for reuse) research data 
upon publication is the Dutch data repository DANS-EASY. Radboud University’s 
Research Information Services (RIS*) has developed an easy-to-use portal† for 
submitting your data to DANS-EASY. The RIS service desk can assist with advice on 
how to prepare data and metadata files. 

While the main idea of ‘FAIR’ data archiving is that research data are 
properly described and findable in research engines, FAIR does not necessarily 
mean that data are openly available. IWWR’s policy is that research data are 
published open-access whenever possible, potentially after an embargo period or 
upon request. 

While data archiving through the RIS-portal to DANS-EASY is the preferred 
option for IWWR research data, in some cases other data repositories can be used as 
well‡. Such datasets still need to be registered in RIS afterwards§. Research data 
should not be published as online appendices to journal articles, as that reduces the 
FAIR-ness of the data. 

 

Roles and Responsibilities 
Each individual researcher is responsible for properly managing and archiving 
research data of his/her projects, adhering to RU and IWWR policy. The principal 
investigator makes sure that no data are lost when temporary employees are leaving. 
IWWR’s director is ultimately responsible for data storage by IWWR researchers, but 
department chairs are also responsible for adequate data management at their 
department. The data steward is responsible for informing IWWR researchers about 
data management requirements, infrastructures and opportunities. 
Researchers can contact the data steward or RDM Support with questions 
concerning for instance privacy-sensitive data or secondary** data, more 
information about FAIR, RU policy and open access, or how to write data 
management paragraphs, or with interesting ideas to improve IWWR’s data 
management. More information about good practices in research data 
management can be found on www.ru.nl/rdm. 

 
 
 
 

* ris@ubn.ru.nl; 024-3611878. Data can be archived and made available for reuse in the 
Royal Dutch Academy of Science’s data repository DANS-EASY. Make sure to use the RIS 
interface (www.ris.ru.nl) and the assistance of the RIS service desk to archive the data. 
DANS-EASY assumes that databases are open access immediately, after an embargo 
period or upon request. 
† www.ru.nl/research-information-services/manuals/step-archiving-dataset/ 
‡ For instance https://zenodo.org which also allows closed datasets. 
§ www.ru.nl/research-information-services/manuals/step-registering-dataset/ 
** Primary data are collected by researchers themselves, while secondary data  are 
collected by others and generally available in (public) archives. 

  

http://www.ru.nl/rdm
http://www.ru.nl/research-information-services/manuals/step-archiving-dataset/
http://www.ru.nl/research-information-services/manuals/step-registering-dataset/
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ANNEX II: Scripts 
Scripts presented in order of execution 
 
 
1 - Updates.R 
This script will install the required package libraries into the specified library path. It can also be used to update 
the software libraries as well as the R source code itself. Additionally the script contains functions to setup 
version control with Git for the work project and to connect it to a GitHub repository. 
 
Required input:  
N/A 
 
Output:  
N/A 
 
 
# Set Working Directory 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
 
 
# Update R 
#install.packages("installr", repos = "https://cran.r-project.org", dependencies = TRUE) 
#update.packages("installr") 
#library(installr) 
#updateR() 
 
 
# Install and Update Required Packages 
install.packages(c("rgbif", 
                   "dplyr", 
                   "countrycode", 
                   "CoordinateCleaner", 
                   "sars", 
                   "sf", 
                   "ggplot2", 
                   "scales", 
                   "leaflet", 
                   "htmltools",), 
                 repos = "https://cran.r-project.org", 
                 dependencies = TRUE) 
 
install.packages("mmSAR", repos = "http://R-Forge.R-project.org") 
 
#update.packages(c("rgbif", 
#                  "dplyr", 
#                  "countrycode", 
#                  "CoordinateCleaner", 
#                  "sars", 
#                  "mmSAR", 
#                  "sf", 
#                  "ggplot2", 
#                  "scales", 
#                  "leaflet", 
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#                  "htmltools")) 
 
 
# Github 
#install.packages(c("usethis", "gitcreds")) 
#update.packages(c("usethis", "gitcreds")) 
#library(usethis) 
#library(gitcreds) 
 
#use_git_config(user.name = "TechnicalThomas", user.email = "technicalthomas90@gmail.com") 
#create_github_token() 
#gitcreds_set() 
#PAT = "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" 
#use_git_remote(url = "https://github.com/TechnicalThomas/Master-Thesis.git", overwrite = TRUE) 
#git_default_branch() 
 
#use_git() 
#use_github() 
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2 - Ecoregions.R 
This script will import the original shapefiles for the ecoregions, using either data from Olson et al. (2001) or 
Dinerstein et al. (2017) depending on user preference; and the shapefile for global islands as presented by the 
USGS Global Island Explorer. The shapefiles are cleaned to only include columns with data relevant for the 
analysis in order to reduce file size and processing times. Surface areas and frequencies are aggregated and 
listed at both ecoregion and biome level.  
 
Required input:  
- wwf_terr_ecos.shp (optional) 
- Ecoregions2017.shp (optional)  
- Big_Islands.shp (optional) 
- Small_Islands.shp (optional) 
- Very_Small_Islands.shp (optional) 
- Export_Output.shp (optional) 
 
Output:  
- Ecoregions.csv: selected columns of the ecoregions shapefile in .csv format 
- ecoregions_cleaned.rds: spatial file containing the geometry for the ecoregions 
- islands.rds: spatial file containing the geometry for all three shapefiles from the GIE 
- ecoregions_number.rds: contains the number of ecoregions counted in the shapefile 
- ecoregions_table.rds: data frame containing an aggregate of surface areas and frequencies at 

ecoregion level 
- biomes_number.rds: contains the number of biomes counted in the shapefile 
- biomes_table: data frame containing an aggregate of surface areas and frequencies at biome level 
- continents.rds: spatial file containing the geometry for the continental mainlands from the GIE 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(sf) 
 
sf_use_s2(FALSE) 
 
# Import Ecoregions 
ecoregions <-st_read("Raw_data/Ecoregions/Olson/wwf_terr_ecos.shp") #Olson et al. (2001) 
#ecoregions <- st_read("Raw_data/Ecoregions/Dinerstein/Ecoregions2017.shp") #Dinerstein et al. (2017) 
st_crs(ecoregions) 
 
 
# Remove Unwanted Biomes and Columns 
ecoregions_cleaned <- 
    ecoregions[ecoregions$BIOME != 99 & ecoregions$BIOME != 98, c(5, 6, 18, 4, 7, 17)] 
 
#ecoregions_cleaned <- 
#  ecoregions[ecoregions$BIOME_NUM != 99 & ecoregions$BIOME_NUM != 98, c(5, 4, 8, 2, 6, 10)] 
#ecoregions_cleaned$ECO_ID <- 
#  paste(ecoregions_cleaned$ECO_BIOME_, ecoregions_cleaned$ECO_ID, sep = "") 
 
colnames(ecoregions_cleaned) <- c("Realm", 
                                  "Biome", 
                                  "Ecoregion_Code", 
                                  "Ecoregion_Name", 
                                  "Ecoregion_Number", 
                                  "Area", 
                                  "geometry") 
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ecoregions_cleaned[ecoregions_cleaned$Biome == 1, 2] <- 
    "Tropical and Subtropical Moist Broadleaf Forests" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 2, 2] <- 
    "Tropical and Subtropical Dry Broadleaf Forests" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 3, 2] <- 
    "Tropical and Subtropical Coniferous Forests" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 4, 2] <- 
    "Temperate Broadleaf and Mixed Forests" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 5, 2] <- 
    "Temperate Coniferous Forests" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 6, 2] <- 
    "Boreal Forests / Taiga" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 7, 2] <- 
    "Tropical and Subtropical Grasslands, Savannas, and Shrublands" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 8, 2] <- 
    "Temperate Grasslands, Savannas, and Shrublands" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 9, 2] <- 
    "Flooded Grasslands and Savannas" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 10, 2] <- 
    "Montane Grasslands and Shrublands" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 11, 2] <- 
    "Tundra" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 12, 2] <- 
    "Mediterranean Forests, Woodlands, and Scrub" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 13, 2] <- 
    "Deserts and Xeric Shrublands" 
ecoregions_cleaned[ecoregions_cleaned$Biome == 14, 2] <- 
    "Mangroves" 
 
#ecoregions_cleaned$Area <- as.numeric(st_area(ecoregions_cleaned) / 1000000) 
 
 
# Save File 
write.csv(ecoregions_cleaned, 
          file = "Derived_data/Ecoregions.csv", 
          sep = ",", 
          row.names = FALSE, 
          col.names = TRUE) 
 
 
# Import and Intersect Global Islands 
islands_big <- st_read("Raw_data/Global_Islands/Big_Islands/Big_Islands.shp") 
a <- nrow(islands_big) 
print(paste("Number of big islands before intersection:", a)) 
islands_big <- st_transform(islands_big, crs = 4326) 
islands_big <- st_intersection(st_make_valid(islands_big), ecoregions_cleaned) 
print(paste("Number of big islands after intersection:", nrow(islands_big))) 
 
islands_small <- st_read("Raw_data/Global_Islands/Small_Islands/Small_Islands.shp") 
b <- nrow(islands_small) 
print(paste("Number of small islands before intersection:", b)) 
islands_small <- st_transform(islands_small, crs = 4326) 
islands_small <- st_intersection(islands_small, ecoregions_cleaned) 
print(paste("Number of small islands after intersection:", nrow(islands_small))) 
 
islands_very_small <- st_read("Raw_data/Global_Islands/Very_Small_Islands/Very_Small_Islands.shp") 
c <- nrow(islands_small) 
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print(paste("Number of very small islands before intersection:", c)) 
islands_very_small <- st_transform(islands_very_small, crs = 4326) 
islands_very_small <- st_intersection(islands_very_small, ecoregions_cleaned) 
print(paste("Number of very small islands after intersection:", nrow(islands_very_small))) 
 
islands <- rbind(islands_big, islands_small, islands_very_small) 
print(paste("Total number of Islands before intersection:", a + b + c)) 
print(paste("Total number of Islands after intersection:", nrow(islands))) 
 
islands <- islands[, c(4, 2, 3, 18, 24:27, 30)] 
colnames(islands) <- c("USGS_ID", 
                       "Name", 
                       "Plate", 
                       "Island_Area", 
                       "Realm", 
                       "Biome", 
                       "Ecoregion_Code", 
                       "Ecoregion_Name", 
                       "geometry") 
 
 
# Dataset Count 
print(paste("Number of ecoregions:", length(unique(ecoregions_cleaned$Ecoregion_Code)))) 
print(paste("Number of biomes:", length(unique(ecoregions_cleaned$Biome)))) 
print(paste("Number of realms:", length(unique(ecoregions_cleaned$Realm)))) 
ecoregions_number <- length(unique(ecoregions_cleaned$Ecoregion_Code)) 
biomes_number <-length(unique(ecoregions_cleaned$Biome)) 
 
 
# Surface Areas and Frequencies for Ecoregions 
ecoregions_area <- aggregate(ecoregions_cleaned$`Area`, 
    list(ecoregions_cleaned$Biome, 
         ecoregions_cleaned$Ecoregion_Code, 
         ecoregions_cleaned$Ecoregion_Name), unique) 
 
ecoregions_table <- data.frame(table(ecoregions_cleaned$Ecoregion_Name)) 
ecoregions_table <- cbind(ecoregions_area, ecoregions_table$Freq) 
colnames(ecoregions_table) <- c("Biome", 
                                "Ecoregion_Code", 
                                "Ecoregion_Name", 
                                "Total_Area(km^2)", 
                                "Frequency") 
 
 
# Surface Areas and Frequencies for Biomes 
biomes_area <- aggregate(ecoregions_table$`Total_Area(km^2)`, list(ecoregions_table$Biome), sum) 
 
biomes_table <- data.frame(table(ecoregions_cleaned$Biome)) 
biomes_table <- cbind(biomes_area, biomes_table$Freq) 
colnames(biomes_table) <- c("Biome", 
                            "Total_Area(km^2)", 
                            "Frequency") 
 
 
# Count Islands per Biome 
for (i in 1:biomes_number) { 
  print(paste("Islands in biome ", biomes_table[i, 1], ":", sep = "")) 



Page 63 of 95  

  print(nrow(islands[which(islands$Biome == biomes_table[i, 1]), ])) 
} 
 
 
# Import Continental Mainlands 
continents <- st_read("Raw_data/Global_Islands/Continental_Mainlands/Export_Output.shp") 
continents <- st_transform(continents, crs = 4326) 
continents <- continents[, c(2, 5, 11)] 
print(paste("Number of continents:", nrow(continents))) 
 
 
# Save Objects 
saveRDS(ecoregions_cleaned, file = "Derived_data/ecoregions_cleaned.rds") 
saveRDS(islands, file = "Derived_data/islands.rds") 
saveRDS(ecoregions_number, file = "Derived_data/ecoregions_number.rds") 
saveRDS(ecoregions_table, file = "Derived_data/ecoregions_table.rds") 
saveRDS(biomes_table, file = "Derived_data/biomes_table.rds") 
saveRDS(biomes_number, file = "Derived_data/biomes_number.rds") 
saveRDS(continents, file = "Derived_data/continents.rds") 
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3 - Download.R 
This script allows the user to use the rgbif package to automatically create download queries and to download 
occurrences from GBIF. The user inputs the taxon keys for the desired taxa and the script will create a 
download link and subsequently download the file with occurrences, along with the provided metadata. 
Options for search filters are presented as well. 
 
Required input:  
N/A 
 
Output:  
- <downloadkey>.csv: original file containing the occurrences downloaded directly from GBIF based on 

the provided taxon keys in .csv format 
- raw_import.rds: occurrence file converted to rds format for easier processing 
- key.rds: contains the GBIF key for the download 
- citation.rds: contains the citation to be used when referencing the dataset 
- records.rds: contains the number of records counted in the downloaded occurrence data 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(rgbif) 
 
# Taxon Keys 
taxonkeys <- c(54, 52, 42, 43, 50, 105, 110, 53, 5967481, 108, 55, 63, 91, 74, 19, 75, 14, 67, 
    5963150, 51, 5959089, 64, 7190138, 62, 5963076, 22, 5967457, 77, 7663989, 5967456, 5967454, 76) 
 
 
# Create GBIF Download Link 
download <- occ_download( 
    pred('occurrenceStatus', "PRESENT"), 
    pred_in('taxonKey', taxonkeys), 
#    pred_in('taxonKey', 1494), #Sample dataset for testing purposes 
#    pred_in('taxonKey', 216), #Subset for class Insects 
    pred('hasCoordinate', TRUE), 
    pred('hasGeospatialIssue', FALSE), 
    pred_in('basisOfRecord', c("LIVING_SPECIMEN", 
                               "PRESERVED_SPECIMEN", 
                               "MATERIAL_SAMPLE", 
                               "HUMAN_OBSERVATION", 
                               "MACHINE_OBSERVATION", 
                               "OBSERVATION")), 
    pred_lte('coordinateUncertaintyInMeters', 100000), 
    pred_gt('year', 1945), 
    user = "technicalthomas", 
    email = "technicalthomas90@gmail.com", 
    pwd = "RU2021!", 
    format = "SIMPLE_CSV") 
 
 
# Check Metadata 
status <- occ_download_meta(download) 
 
 
# Check Download Status 
while (status$status != "SUCCEEDED") { 
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    print(paste("Download not yet ready at", Sys.time())) 
    Sys.sleep(60) 
    status <- occ_download_meta(download) 
} 
print(paste("download is ready at", Sys.time())) 
 
 
# List of Active Downloads 
#list <- occ_download_list(user = "technicalthomas", pwd = "RU2021!") 
 
 
# Cancel Downloads 
#occ_download_cancel_staged(user = "technicalthomas", pwd = "RU2021!") 
 
 
# Save Download 
data <- occ_download_get(status$key, path = "./Raw_data/", overwrite = TRUE) 
unzip(data, exdir = "./Raw_data") 
 
 
# Citation 
key <- status$key 
print(paste("Download Key:", key)) 
 
citation <- gbif_citation(status) 
citation <- citation$download 
print(paste("Citation:", citation)) 
 
records <- status$totalRecords 
print(paste("Total number of records:", records)) 
 
 
#Import Data 
raw_import <- occ_download_import(data) 
unlink(data) 
#raw_import <- read.delim(paste("Raw_data/", status$key, ".csv", sep = ""), header = TRUE) 
 
 
#Save Objects 
saveRDS(key, file = "Derived_data/key.rds") 
saveRDS(citation, file = "Derived_data/citation.rds") 
saveRDS(records, file = "Derived_data/records.rds") 
saveRDS(raw_import, file = "Derived_data/raw_import.rds")  
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4 - Cleaning.R 
This script cleans the downloaded dataset and uses the CoordinateCleaner R package to tests individual 
occurrences for geographic issues. Entries with issues in data quality or reliability are flagged as such and 
removed from the dataset.  Occurrences are also checked against the backbone taxonomy and for synonyms in 
order to avoid counting species multiple times under different names. The dataset is further cleaned to only 
include columns with data required for the analysis, in order to reduce file size and processing times.  
 
Required input: 
- raw_import.rds 
- key.rds 
 
Output: 
- flags.jpg: map displaying the coordinates of all occurrences that are flagged during the cleaning 

process 
- dataset <key>.csv: the cleaned dataset in .csv format 
- dataset.rds: the cleaned dataset containing the occurrences to be used in the analysis 
- species_count.rds:  data frame containing the number of occurrences per species counted in the 

dataset 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(dplyr) 
library(CoordinateCleaner) 
library(countrycode) 
library(rgbif) 
 
 
# Read Data 
raw_import <- readRDS("Derived_data/raw_import.rds") 
key <- readRDS("Derived_data/key.rds") 
 
 
# Check for Presence of Coordinates and Occurence 
dataset <- raw_import[!is.na(raw_import$decimalLatitude) & 
                      !is.na(raw_import$decimalLongitude) & 
                      raw_import$occurrenceStatus == "PRESENT", ] 
print(paste(nrow(dataset), "records remaining after checking for presence of Coordinates and Occurence")) 
 
 
# Exclude records where Individual Count = 0 
dataset <- dataset[dataset$individualCount > 0 | is.na(dataset$individualCount), ] 
print(paste(nrow(dataset), "records remaining after excluding records where Individual Count = 0")) 
 
 
# Exclude Records without Taxonomic Match 
dataset <- dataset[dataset$taxonRank == "SPECIES", ] 
print(paste(nrow(dataset), "records remaining after excluding records without Taxonomic Match")) 
 
 
# Clean Dataset 
dataset <- dataset[, c(34, 1, 4:10, 16, 19, 20, 22:23)] 
colnames(dataset) <- c("Taxon_Key", 
                       "GBIF_ID", 
                       "Kingdom", 
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                       "Phylum", 
                       "Class", 
                       "Order", 
                       "Family", 
                       "Genus", 
                       "Species", 
                       "Country_Code", 
                       "Occurence_Status", 
                       "Individual_Count", 
                       "Latitude", 
                       "Longitude") 
 
 
# Check Backbone Taxonomy 
species_count <- data.frame(table(dataset$Species)) 
 
name_check <- data.frame(0) 
for (i in 1:nrow(species_count)) { 
    name_check <-bind_rows(name_check, name_backbone(species_count[i, 1])) 
} 
 
name_check <- name_check[-1, -1] 
name_check <- as.data.frame(name_check[name_check$synonym == TRUE, ], stringsAsFactors = FALSE) 
 
 
#Replace Synonyms with Accepted Keys 
for (i in 1:nrow(name_check)) { 
    dataset[dataset$Taxon_Key == as.numeric(name_check[i, 1]), 9] <- name_check[i, 13] 
    dataset[dataset$Taxon_Key == as.numeric(name_check[i, 1]), 1] <- as.numeric(name_check[i, 24]) 
} 
 
 
# Convert Country Code in Dataset from ISO2c to ISO3c 
dataset$Country_Code <- countrycode(dataset$Country_Code, 
    origin =  'iso2c', 
    destination = 'iso3c', 
    warn = TRUE) 
 
 
# CoordinateCleaner 
rownames(dataset) <- 1:nrow(dataset) 
dataset[, 13] <- as.numeric(dataset[, 13]) 
dataset[, 14] <- as.numeric(dataset[, 14]) 
 
flags <- clean_coordinates(dataset, 
    lon = "Longitude", 
    lat = "Latitude", 
    countries = "Country_Code", 
    species = "Species", 
    tests = c("capitals", 
              "centroids", 
              "equal", 
              "gbif", 
              "institutions", 
              "seas", 
              "countries", 
              "duplicates", 
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              "urban", 
              "outliers"), 
    centroids_detail = "country", 
    seas_ref = buffland, 
    seas_scale = 50) 
 
colnames(flags)[c(15:25)] <- c(".Coordinate Validity", 
                               ".Equal Latitude/Longitude", 
                               ".Country Capitals", 
                               ".Country Centroids", 
                               ".Sea Coordinates", 
                               ".Urban Areas", 
                               ".Country Identity", 
                               ".Geographic Outliers", 
                               ".GBIF Headquarters", 
                               ".Biodiversity Institutions", 
                               ".Duplicates") 
 
jpeg(file = "Images/flags.jpeg", width = 1920, height = 1200, unit = "px", quality = 100) 
plot(flags, lon = "Longitude", lat = "Latitude", clean = FALSE, details = TRUE, pts_size = 0.1) 
dev.off() 
 
dataset <- dataset[flags$.summary, ] 
 
 
# Create Final List 
print(paste(nrow(dataset), "records remaining after cleaning")) 
print(count(dataset, Phylum)) 
 
species_count <- data.frame(table(dataset$Species)) 
colnames(species_count) <- c("Species", "Frequency") 
 
 
# Save File 
write.csv(dataset, 
    file = paste("Derived_data/Dataset ", key, ".csv", sep = ""), 
    sep = ",", 
    row.names = FALSE, 
    col.names = TRUE) 
 
 
# Save Objects 
saveRDS(dataset, file = "Derived_data/dataset.rds") 
saveRDS(species_count, file = "Derived_data/species_count.rds") 
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5 - Analysis.R 
This script analyzes the dataset by intersecting the occurrences with the spatial file for the ecoregions. In doing 
so occurrences are assigned to a certain ecoregion based on the coordinates present in the dataset. The result 
is a tally of the number of distinct species per ecoregion. The global species richness as well as the number of 
occurrences per biome are calculated. In addition, this script also includes records that were not assigned to an 
ecoregion during the initial intersection by creating a 1km buffer around the ecoregion polygons and 
intersecting this with occurrences that would otherwise fall just outside of these boundaries. Another 
intersection can be done if desired to distinguish between land-based and island-based occurrences based on 
the GIE spatial data. This script contains additional functionality to look up a specific species by its taxon key 
and see in which ecoregions occurrences are found. 
 
Required input: 
- dataset.rds 
- ecoregions_cleaned.rds 
- ecoregions_number.rds 
- biomes_number.rds 
- ecoregions_table.rds 
- biomes_table.rds 
- islands.rds (optional) 
- continents.rds (optional) 
 
Output: 
- dataset_intersect.rds: the dataset with ecoregions assigned to individual records based on the spatial 

intersection 
- species_total_ecoregions.rds: data frame with a count of the number of distinct species per ecoregion 
- species_total_biomes.rds: data frame with a count of the number of distinct species per biome 
- species_richness.jpg: barplot showing the species richness for each biome 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(sf) 
library(ggplot2) 
library(dplyr) 
#library(data.table) 
 
#slurm_arrayid <- Sys.getenv("SLURM_ARRAY_TASK_ID") 
#n_array <- as.numeric(slurm_arrayid) 
 
 
# Read Data 
dataset <- readRDS("Derived_data/dataset.rds") 
ecoregions_cleaned <- readRDS("Derived_data/ecoregions_cleaned.rds") 
ecoregions_number <- readRDS("Derived_data/ecoregions_number.rds") 
biomes_number <- readRDS("Derived_data/biomes_number.rds") 
ecoregions_table <- readRDS("Derived_data/ecoregions_table.rds") 
biomes_table <- readRDS("Derived_data/biomes_table.rds") 
#islands <- readRDS("Derived_data/islands.rds") 
#continents <- readRDS("Derived_data/continents.rds") 
 
 
# Slice data to run job in array 
#run_group <- split(dataset, c(1:100)) 
#dataset <- dataset[dataset$GBIF_ID %in% run_group[[n_array]]$GBIF_ID, ] 
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# Convert to SF 
sf_use_s2(FALSE) 
 
dataset_shapefile <- st_as_sf(dataset, 
    coords = c("Longitude", "Latitude"), 
    na.fail = FALSE, 
    dim = "XYZ") 
 
 
# Set Coordinates to EPSG 4326 Projection and Convert to the Same System 
dataset_shapefile <- st_set_crs(dataset_shapefile, st_crs(ecoregions_cleaned)) 
#islands <- st_transform(islands, crs = 4326) 
st_crs(dataset_shapefile) 
 
 
# Intersect Shapefiles 
dataset_intersect <- st_intersection(dataset_shapefile, ecoregions_cleaned) 
print(paste(nrow(dataset_intersect), "records remaining after initial instersection")) 
 
 
# Add 1 KM buffer to Include Records that Fall Just Outside of the Ecoregion Polygon Boundaries 
dataset_intersect_buffer <- st_join(dataset_shapefile, ecoregions_cleaned, left = TRUE) 
dataset_intersect_buffer <- dataset_intersect_buffer[which( 
    is.na(dataset_intersect_buffer$Ecoregion_Code)), ] 
dataset_intersect_buffer <- dataset_intersect_buffer[, c(1:13)] 
print(paste(nrow(dataset_intersect_buffer), "records not matching ecoregions")) 
 
shapefile_buffer <- st_buffer(st_transform(ecoregions_cleaned, crs = "ESRI:54009"), 1000) 
shapefile_buffer <- st_transform(shapefile_buffer, crs = 4326) 
 
dataset_intersect_buffer <- st_intersection(dataset_intersect_buffer, shapefile_buffer) 
print(paste(nrow(dataset_intersect_buffer), "records matched to ecoregions after applying buffer")) 
 
dataset_intersect_buffer <- dataset_intersect_buffer[, -13] 
colnames(dataset_intersect_buffer)[13] <- "Realm" 
dataset_intersect <- rbind(dataset_intersect, dataset_intersect_buffer) 
print(paste(nrow(dataset_intersect), "records remaining including buffer")) 
 
 
# Intersect with Islands 
#islands_buffer <- st_buffer(st_transform(islands, crs = "ESRI:54009"), 150) 
#islands_buffer <- st_transform(islands_buffer, crs = 4326) 
 
#dataset_intersect_islands <- st_intersection(dataset_intersect, islands) 
#dataset_intersect_islands <- dataset_intersect_islands[, c(1:22, 27)] 
 
#dataset_intersect_islands_buffer <- setdiff(dataset_intersect, dataset_intersect_islands[, c(1:18, 23)]) 
#dataset_intersect_islands_buffer <- st_intersection(dataset_intersect_islands_buffer, islands_buffer) 
#dataset_intersect_islands_buffer <- dataset_intersect_islands_buffer[, c(1:22, 27)] 
#dataset_intersect_islands <- rbind(dataset_intersect_islands, dataset_intersect_islands_buffer) 
 
#dataset_intersect <- dataset_intersect_islands #subset with island-based records 
 
#dataset_intersect_islands <- dataset_intersect_islands[, c(1:18, 23)] #subset w/o island-based records 
#dataset_intersect <- setdiff(dataset_intersect, dataset_intersect_islands) 
#dataset_intersect <- st_join(dataset_intersect, continents, left = FALSE) 



Page 71 of 95  

 
#print(paste("Island/mainland-based records:", nrow(dataset_intersect))) 
 
 
# Merge files 
#saveRDS(dataset_intersect, paste0("/vol/milkunJ/ES_students/tewes/Derived_data/dataset_intersect", 
#                                  "_","array","_",n_array,".rds"), compress = TRUE) 
#array_files <- paste0("/vol/milkunJ/ES_students/tewes/Derived_data/", 
#    list.files(path = "/vol/milkunJ/ES_students/tewes/Derived_data", 
#               pattern = "dataset_intersect_array_")) 
#dataset_intersect <- rbindlist(lapply(array_files, readRDS)) 
 
 
# Calculate Total Species Richness 
print(paste("Global Species Richness:", length(unique(dataset_intersect$Taxon_Key)))) 
 
 
# Calculate Occurrences per Biome 
for (i in 1:biomes_number) { 
    print(paste("Occurrences in biome ", biomes_table[i, 1], ":", sep = "")) 
    print(nrow(dataset_intersect[which(dataset_intersect$Biome == biomes_table[i, 1]), ])) 
} 
 
 
# Calculate Species Count per Ecoregion 
ecoregions_list <- unique(ecoregions_cleaned$Ecoregion_Code) 
species_total_ecoregions <- data.frame(Ecoregion_Code = ecoregions_list, 
                            Ecoregion_Name = unique(ecoregions_cleaned$Ecoregion_Name), 
                            Biome = 0, 
                            Species_Count = 0) 
 
for (i in 1:ecoregions_number) { 
    dataset2 <- dataset_intersect[ecoregions_cleaned[which( 
        ecoregions_cleaned$Ecoregion_Code == ecoregions_list[i]), ], ] 
#    dataset2 <- dataset_intersect[dataset_intersect$Ecoregion_Code == ecoregions_list[i], ] #Dinerstein 
 
    if (nrow(dataset2) > 0) { 
        species_total_ecoregions$Species_Count[i] <- length(unique(dataset2$Taxon_Key)) 
    } 
 
    species_total_ecoregions$Biome[i] <- ecoregions_table[ecoregions_table$Ecoregion_Code == 
                                                          species_total_ecoregions$Ecoregion_Code[i], 1] 
} 
 
species_total_ecoregions <- subset(species_total_ecoregions, Species_Count > 0) 
 
 
# Calculate Species Count per Biome 
biomes_list <- unique(ecoregions_cleaned$Biome) 
species_total_biomes <- data.frame(Biome = biomes_list, Species_Count = 0, Mean = 0, Min = 0, Max = 0) 
 
for (i in 1:biomes_number) { 
    dataset2 <- dataset_intersect[ecoregions_cleaned[which( 
        ecoregions_cleaned$Biome == biomes_list[i]), ], ] 
#    dataset2 <- dataset_intersect[dataset_intersect$Biome == biomes_list[i], ] #Dinerstein 
 
    if (nrow(dataset2) > 0) { 
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        species_total_biomes$Species_Count[i] <- length(unique(dataset2$Taxon_Key)) 
    } 
 
    species_total_biomes$Mean[i] <- mean(species_total_ecoregions[species_total_ecoregions$Biome == 
                                                                  biomes_list[i], 4]) 
    species_total_biomes$Min[i] <- min(species_total_ecoregions[species_total_ecoregions$Biome == 
                                                                biomes_list[i], 4]) 
    species_total_biomes$Max[i] <- max(species_total_ecoregions[species_total_ecoregions$Biome == 
                                                                biomes_list[i], 4]) 
} 
 
species_total_biomes <- subset(species_total_biomes, Species_Count > 0) 
 
 
# Plot Species Richness 
plot <- ggplot(species_total_biomes, aes(y = Species_Count, x = Biome)) + 
    geom_bar(position = 'dodge', stat = 'identity', fill = "lightblue") + 
    geom_errorbar(aes(ymin = Min, ymax = Max)) + 
    theme_bw() + 
    ylab("Species Richness") + 
    scale_y_continuous(expand = c(0, 0)) + 
    scale_x_discrete(limits = rev) + 
    theme(axis.text.y = element_text(hjust = 1, size = 6), plot.margin = margin(10, 20, 10, 10)) + 
    coord_flip() 
 
ggsave(filename = "species_richness.jpg", 
       plot = plot, 
       path = "Images", 
       width = 1920, 
       height = 1200, 
       units = "px") 
 
 
# See in Which Ecoregion a Specific Species Occurs 
#taxonkey <- 2436351 
#ss <- subset(dataset_intersect, Taxon_Key == taxonkey) 
 
#species_specific <- data.frame(Ecoregion_Code = ecoregions_list, 
#                               Ecoregion_Name = unique(ecoregions_cleaned$Ecoregion_Name), 
#                               Occurrences = 0) 
 
#for (i in 1:ecoregions_number) { 
#    ss2 <- ss[ecoregions_cleaned[which(ecoregions_cleaned$Ecoregion_Code == ecoregions_list[i]), ], ] 
 
#    if (nrow(ss2) > 0) { 
#        species_specific$Occurrences[i] <- nrow(ss2) 
#  } 
#} 
 
#species_specific <- subset(species_specific, Occurrences > 0) 
 
 
# Save Objects 
saveRDS(dataset_intersect, file = "Derived_data/dataset_intersect.rds") 
saveRDS(species_total_ecoregions, file = "Derived_data/species_total_ecoregions.rds") 
saveRDS(species_total_biomes, file = "Derived_data/species_total_biomes.rds") 
#saveRDS(species_specific, file = paste("Derived_data/species_specific_", taxonkey, ".rds", sep = "")) 
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6 - Sars.R 
This script uses the sars and mmSAR R packages to fit different SAR models to the dataset and compares the 
different models using IC values and weights. Statistical tests for the normality of the residuals and the 
homogeneity of variance are also performed on the different SAR models. Parameters are calculated for a 
global SAR as well as for SARs at biome level, based on species richness per ecoregion and the corresponding 
surface area. SAR curves are also plotted, both with normal and with log-transformed axes.  
 
Required input: 
- species_total_ecoregions.rds 
- ecoregions_table.rds 
- biomes_number.rds 
- biomes_table.rds 
-  dataset_intersect.rds (optional) 
 
Output: 
- SARs_multi.jpg: plot of the different SAR models for the entire dataset 
- SARs_weights.jpg: barplot showing the IC weights for the different SARs models 
- SAR_power.jpg: plot of the global SAR curve using the power model 
- SAR_logpower.jpg: plot of the global SAR curve using the power model with log-transformed axes 
- SARs_biomes.jpg: plot for the SAR curves of each biome based on the power model with log-

transformed axes 
- sar_multi.rds: file containing the calculated parameters for the different SAR models 
- sar_power.rds: file containing the calculated parameters for the global power SAR 
- sar_logpower.rds: file containing the calculated parameters for the log-transformed global power SAR 
- coefficients.rds: data frame containing the log(c)-values and z-values for the SAR curves for each 

biome based on the power model 
- sars_input.csv: exported file of the input values for the SAR, to be used in the statistical analysis 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(sars) 
library(ggplot2) 
library(scales) 
library(mmSAR) 
library(sf) 
library(ggpmisc) 
 
# Read Data 
species_total_ecoregions <- readRDS("Derived_data/species_total_ecoregions.rds") 
ecoregions_table <- readRDS("Derived_data/ecoregions_table.rds") 
biomes_number <- readRDS("Derived_data/biomes_number.rds") 
biomes_table <- readRDS("Derived_data/biomes_table.rds") 
#dataset_intersect <- readRDS("Derived_data/dataset_intersect.rds") #island occurrences 
 
 
# Link Species Richness with Ecoregion Area 
sars_input <- species_total_ecoregions 
#island_areas <- st_drop_geometry(dataset_intersect) 
 
for (i in 1:nrow(species_total_ecoregions)) { 
     sars_input[i, 5] <- ecoregions_table[which( 
         ecoregions_table$Ecoregion_Code == species_total_ecoregions[i, 1]), 4] 
#     sars_input[i, 5] <- sum(unique(island_areas[which(island_areas$Ecoregion_Code == 
#                         species_total_ecoregions[i, 1]), 22])) 
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} 
 
colnames(sars_input)[5] <- "Area" 
 
 
# Construct Multimodel SAR Curves and Calculate IC Values 
display_sars_models() 
 
sar_multi <- sar_average(data = data.frame(cbind(sars_input[, 5], sars_input[, 4])), 
#    normaTest = "kolmo", 
#    alpha_normtest = 0.05, 
#    homoTest = "cor.area", 
#    homoCor = "kendall", 
#    alpha_homotest = 0.05, 
#    neg_check = TRUE, 
#    confInt = TRUE, 
    crit = "Info") 
 
summary(sar_multi) 
 
 
# Check with mmSAR Package 
data(power) 
data(expo) 
data(negexpo) 
data(monod) 
data(ratio) 
data(logist) 
data(lomolino) 
data(weibull) 
 
sars_input2 <- data.frame(cbind(as.numeric(sars_input[, 5]), as.numeric(sars_input[, 4]))) 
colnames(sars_input2) <- c("a", "s") 
sars_input2 <- list(name = "dataset", data = sars_input2) 
 
rssoptim(power, sars_input2) 
rssoptim(expo, sars_input2) 
rssoptim(negexpo, sars_input2) 
rssoptim(monod, sars_input2) 
rssoptim(ratio, sars_input2) 
rssoptim(logist, sars_input2) 
rssoptim(lomolino, sars_input2) 
rssoptim(weibull, sars_input2) 
 
 
# Plot Multimodel SARs 
plot <- ggplot(sars_input, aes(Area, Species_Count)) + 
    geom_point(size = 0.6) + 
    xlab(expression(Area ~ (km ^ 2))) + 
    ylab("Species Richness") + 
    theme_bw() + 
    scale_x_continuous(labels = comma, expand = c(0, 0), limits = c(0, 4700000)) 
 
for (i in 1:sar_multi$details$n_mods) { 
    model <- sar_multi$details$fits[i][[1]] 
 
    if (model$model$name == 'Linear model') assign(paste("fun", i, sep = ""), "c + m*A") 
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    else assign(paste("fun", i, sep = ""), deparse(model$model$formula[[1]][[3]])) 
 
    assign(paste("fun",i, sep = ""), gsub("c", paste("c",i, sep = ""), get(paste("fun",i, sep = "")))) 
    assign(paste("fun",i, sep = ""), gsub("d", paste("d",i, sep = ""), get(paste("fun",i, sep = "")))) 
    assign(paste("fun",i, sep = ""), gsub("f", paste("f",i, sep = ""), get(paste("fun",i, sep = "")))) 
    assign(paste("fun",i, sep = ""), gsub("z", paste("z",i, sep = ""), get(paste("fun",i, sep = "")))) 
    assign(paste("fun",i, sep = ""), gsub("m", paste("m",i, sep = ""), get(paste("fun",i, sep = "")))) 
 
    par <- data.frame(model$par) 
 
    for (j in 1:length(rownames(par))) { 
        assign(paste(rownames(par)[j],i, sep = ""), par[j, 1]) 
    } 
 
    lapply(1:sar_multi$details$n_mods, function(i) 
        plot <<- plot + geom_function(fun = function(A) 
            eval(parse(text = get(paste("fun",i, sep = "")))), aes(colour = factor(i)), size = 0.65)) 
} 
 
plot <- plot + 
    scale_colour_manual(values = c('#e6194b', '#3cb44b', '#ffe119', '#4363d8', '#f58231', '#911eb4', 
                                   '#46f0f0', '#f032e6', '#bcf60c', '#fabebe', '#008080', '#e6beff', 
                                   '#9a6324', '#800000', '#aaffc3', '#808000', '#000075', '#ffd8b1', 
                                   '#fffac8', '#808080'), 
        labels = as.character(sar_multi$details$mod_names)) + 
    labs(colour = "SAR Model") + 
    guides(color = guide_legend(override.aes = list(size = 2))) + 
    theme(legend.key.size = unit(0.4, 'cm'), legend.text = element_text(size = 7)) + 
    scale_y_continuous(expand = c(0, 0), limits = c(0, 5000)) 
 
ggsave(filename = "SARs_multi.jpg", 
    plot = plot, 
    path = "Images", 
    width = 1920, 
    height = 1200, 
    units = "px") 
 
 
# Plot Multimodel IC Weights 
sar_multi2 <- sar_average(data = data.frame(cbind(sars_input[, 5], sars_input[, 4])), crit = "Bayes") 
 
weights <- data.frame(Model = 0, Weight = 0, IC = 0) 
for (i in 1: length(sar_multi$details$mod_names)) { 
    weights <- rbind(weights, data.frame("Model"=sar_multi$details$mod_names[i], 
                           "Weight"=sar_multi$details$weights_ics[i], 
                           "IC" = "AIC")) 
    weights <- rbind(weights, data.frame("Model"=sar_multi2$details$mod_names[i], 
                           "Weight"=sar_multi2$details$weights_ics[i], 
                           "IC" = "BIC")) 
} 
 
weights <- weights[-1, ] 
 
plot2 <- ggplot(weights, aes(fill = IC, y = Weight, x = Model)) + 
    geom_bar(width = 0.6, position = 'dodge', stat = 'identity') + 
    theme_bw() + 
    scale_y_continuous(expand = c(0, 0), limits = c(0, 0.3)) + 
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    theme(axis.text.x = element_text(angle = 90, hjust = 1, size = 7)) 
 
ggsave(filename = "SARs_weights.jpg", 
       plot = plot2, 
       path = "Images", 
       width = 1920, 
       height = 1200, 
       units = "px") 
 
 
# Construct Global Power SAR and Global log-Transformed Power SAR 
sar_power <- sar_power(data = data.frame(cbind(sars_input[, 5], sars_input[, 4])), 
    normaTest = "lillie", 
    homoTest = "cor.fitted", 
    homoCor = "spearman") 
 
sar_logpower <- lin_pow(data = data.frame(cbind(sars_input[, 5], sars_input[, 4])), 
    normaTest = "lillie", 
    homoTest = "cor.fitted", 
    homoCor = "spearman", 
    logT = log10) 
 
print("All Biomes:") 
summary(sar_power) 
summary(sar_logpower) 
 
 
# Plot Global Power SAR and Global log-Transformed Power SAR 
plot3 <- ggplot(sars_input, aes(Area, Species_Count)) + 
    geom_point(size = 0.4) + 
    geom_function(fun = function(A) as.numeric(sar_power$par[1]) * A ^ as.numeric(sar_power$par[2]), 
        colour = "blue") + 
    xlab(expression(Area ~ (km ^ 2))) + 
    ylab("Species Richness") + 
    theme_bw() + 
    scale_x_continuous(labels = comma, expand = c(0, 0)) + 
    scale_y_continuous(expand = c(0, 0), limits =c(0, 4000)) 
 
ggsave(filename = "SAR_power.jpg", 
    plot = plot3, 
    path = "Images", 
    width = 1920, 
    height = 1200, 
    units = "px") 
 
plot4 <- ggplot(sars_input, aes(log10(Area), log10(Species_Count))) + 
    geom_point(size = 0.4) + 
    geom_smooth(method = 'lm', se = FALSE) + 
    xlab("Log(Area)") + 
    ylab("log(Species Richness)") + 
    theme_bw() + 
    scale_x_continuous(labels = comma, expand = c(0, 0)) + 
    scale_y_continuous(expand = c(0, 0)) + 
    stat_poly_eq(aes(label = paste(after_stat(eq.label), after_stat(rr.label), sep = "*\", \"*")),  
                 eq.with.lhs = "Log(S)~'='~", eq.x.rhs = "~log(A)") 
 
ggsave(filename = "SAR_logpower.jpg", 
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    plot = plot4, 
    path = "Images", 
    width = 1920, 
    height = 1200, 
    units = "px") 
 
 
# Create Subset for each Biome 
for (i in 1:biomes_number) { 
    assign(paste("Biome",i, sep = ""), 
        sars_input[which(sars_input$Biome == biomes_table[i, 1]), c(1,2,4,5)]) 
} 
 
 
# Create SAR Curves for each Biome 
for (i in 1:biomes_number) { 
    object <- get(paste("Biome",i, sep = "")) 
    assign(paste("sar_logpower",i, sep = ""), 
        lin_pow(data = data.frame(cbind(object[, 4], object[, 3])), logT = log10)) 
 
    print(paste("Biome ", i, ": ", biomes_table[i, 1], sep = "")) 
    print(summary(get(paste("sar_logpower", i, sep = "")))) 
} 
 
 
# Coefficients 
coefficients <- data.frame(LogC = 0, z = 0) 
 
for (i in 1:biomes_number) { 
    object <- get(paste("sar_logpower", i, sep = "")) 
    coefficients <- rbind(coefficients, object$Model$coefficients[, 1]) 
} 
 
coefficients <- cbind(biomes_table[, 1], coefficients[-1, ]) 
colnames(coefficients)[1] <- "Biome" 
global <- data.frame(Biome = "Global", 
                     LogC = sar_logpower$Model$coefficients[1], 
                     z = sar_logpower$Model$coefficients[2]) 
coefficients <- rbind(global, coefficients) 
 
 
# Plot SARs for each Biome 
plot5 <- ggplot(coefficients) + 
    geom_abline(aes(intercept = LogC, slope = z, colour = factor(Biome, levels = Biome))) + 
    xlab("Log(Area)") + 
    ylab("log(Species Richness)") + 
    xlim(0, 8) + 
    ylim (0, 5) + 
    labs(colour = "Biome") + 
    theme_bw() + 
    theme(legend.text = element_text(size = 6)) + 
    scale_colour_manual(values = c('#000000', '#e6194b', '#3cb44b', '#ffe119', '#4363d8', '#f58231', 
                                   '#911eb4', '#46f0f0', '#f032e6', '#bcf60c', '#fabebe', '#008080', 
                                   '#e6beff', '#800000', '#aaffc3')) 
 
ggsave(filename = "SARs_biomes.jpg", 
    plot = plot5, 
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    path = "Images", 
    width = 1920, 
    height = 1200, 
    units = "px") 
 
 
# Save Objects 
saveRDS(sar_multi, file = "Derived_data/sar_multi.rds") 
saveRDS(sar_power, file = "Derived_data/sar_power.rds") 
saveRDS(sar_logpower, file = "Derived_data/sar_logpower.rds") 
saveRDS(coefficients, file = "Derived_data/coefficients.rds") 
 
 
# Save Results for Use in Statistical Analysis 
write.csv(sars_input, 
          file = "Derived_data/sars_input.csv", 
          sep = ",", 
          row.names = FALSE, 
          col.names = TRUE)  
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7 - Maps.R 
This script plots the cleaned dataset used in the analysis spatially on top of the ecoregions. This creates a map 
of the world that displays the occurrences from the dataset. Two different maps are created: firstly a static 
map that uses spatial heat / density mapping to display species richness for all ecoregions globally; secondly an 
interactive map is created as an HTML widget that plots all occurrences from the dataset on a zoomable map. 
Clustering is used here to aggregate records at larger spatial scales to keep the data presentable. At higher 
zoom levels individual records can be seen at the location derived from the corresponding coordinates from 
the dataset, with colour mapping used to visually distinguish different species/taxa. The HTML file for this 
second map can become quite large for larger datasets and therefore can require significant computing power 
memory to be viewed; it is best used for subsetted and smaller datasets. 
 
Required input: 
- dataset_intersect.rds 
- ecoregions_cleaned.rds 
- ecoregions_number.rds 
- species_total_ecoregions.rds 
 
Output: 
- species_richness_world.jpg: heat density map of the world showing species richness per ecoregion 
- occurrences_world.jpg: map plotting the spatial distribution of occurrences from the selected dataset 
- map.html: HTML widget presenting an interactive map that spatially displays the cleaned dataset. 
 
 
#setwd("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes") 
#.libPaths("//milkunJ-srv.science.ru.nl/milkunJ/ES_students/tewes/Library") 
setwd("/vol/milkunJ/ES_students/tewes") 
.libPaths("/vol/milkunJ/ES_students/tewes/Library") 
library(ggplot2) 
library(sf) 
library(leaflet) 
library(htmltools) 
library(dplyr) 
library(htmlwidgets) 
 
# Read Data 
dataset_intersect <- readRDS("Derived_data/dataset_intersect.rds") 
ecoregions_cleaned <- readRDS("Derived_data/ecoregions_cleaned.rds") 
ecoregions_number <- readRDS("Derived_data/ecoregions_number.rds") 
species_total_ecoregions <- readRDS("Derived_data/species_total_ecoregions.rds") 
 
#dataset_intersect <- st_as_sf(dataset_intersect) #Dinerstein 
 
 
# Plot global Species Richness with ggplot2 
sf_use_s2(FALSE) 
 
data <- left_join(ecoregions_cleaned, species_total_ecoregions) 
ifelse(sum(is.na(data$Species_Count)) > 0, data$Species_Count[is.na(data$Species_Count)] <- 0) 
 
world <- map_data("world") 
 
plot <- ggplot(world, aes(long, lat)) + 
    geom_polygon(aes(group = group), 
                 fill = "white", 
                 colour = "gray40", 
                 size = .2) + 
    scale_fill_viridis_c("Number of species") + 
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    coord_fixed() + 
    theme_bw() + 
    labs(x = "Longitude", y = "Latitude") + 
    scale_x_continuous(expand = c(0, 0), breaks = seq(-180, 180, 45)) + 
    scale_y_continuous(expand = c(0, 0), breaks = seq(-90, 90, 45)) + 
    geom_sf(data, 
            mapping = aes(fill = Species_Count), 
            colour = NA, 
            inherit.aes = FALSE) 
 
ggsave(filename = "species_richness_world.jpg", 
    plot = plot, 
    path = "Images", 
    width = 1920, 
    height = 1200, 
    units = "px") 
 
 
# Plot Occurrence Data with ggplot2 
plot2 <- ggplot(world, aes(long, lat)) + 
    geom_polygon(aes(group = group), 
                 fill = "white", 
                 colour = "gray40", 
                 size = .2) + 
    coord_fixed() + 
    theme_bw() + 
    labs(x = "Longitude", y = "Latitude") + 
    scale_x_continuous(expand = c(0, 0), breaks = seq(-180, 180, 45)) + 
    scale_y_continuous(expand = c(0, 0), breaks = seq(-90, 90, 45)) + 
    geom_point(as.data.frame(st_coordinates(dataset_intersect)), mapping = aes(x = X, y = Y, 
               colour = "Pink"), pch = 20, size = 0.1) + 
    theme(legend.position = "none") 
 
ggsave(filename = "occurrences_world.jpg", 
       plot = plot2, 
       path = "Images", 
       width = 1920, 
       height = 1200, 
       units = "px") 
 
 
# Plot Occurrence Data with Leaflet 
labels <- lapply(seq(nrow(ecoregions_cleaned)), function(i) { 
    paste('<b>', ecoregions_cleaned$Ecoregion_Name[i], '</b>', '<br>', 
        ecoregions_cleaned$Ecoregion_Code[i], sep = "") 
}) 
 
colours <- colorFactor(palette = rainbow(length(unique(dataset_intersect$Taxon_Key))), 
    dataset_intersect$Taxon_Key) 
 
map <- leaflet(dataset_intersect) %>% 
    addTiles() %>% 
    addMapPane(name = "polygons", zIndex = 410) %>% 
    addMapPane(name = "markers", zIndex = 420) %>% 
    addPolygons(data = ecoregions_cleaned, 
                weight = 0.75, 
                fillColor = topo.colors(ecoregions_number), 
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                label = lapply(labels, HTML), 
                stroke = TRUE, 
                options = leafletOptions(pane = "polygons"), 
                highlightOptions = highlightOptions(color = "red", 
                                                    weight = 2, 
                                                    bringToFront = TRUE)) %>% 
    addCircleMarkers(popup = dataset_intersect$Species, 
                     radius = 3, 
                     fillOpacity = 0.7, 
                     options = leafletOptions(pane = "markers"), 
                     color = ~colours(Taxon_Key), 
                     clusterOptions = markerClusterOptions(showCoverageOnHover = FALSE)) 
 
saveWidget(map, file = "Images/map.html", selfcontained = TRUE) 
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ANNEX III: Density plots of species occurrence records spatial 

distribution and log-transformed SAR plots for biomes 
 

Biome 1: Boreal Forests / Taiga 
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Biome 2: Deserts and Xeric Shrublands 
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Biome 3: Flooded Grasslands and Savannas 
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Biome 4: Mangroves 
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Biome 5: Meditteranean Forests, Woodlands, and Scrub 
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Biome 6: Montane Grasslands and Shrublands 
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Biome 7: Temperate Broadleaf and Mixed Forests 

 

 

  

  



Page 89 of 95  

Biome 8: Temperate Coniferous Forests 
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Biome 9: Temperate Grasslands, Savannas, and Shrublands 
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Biome 10: Tropical and Subtropical Coniferous Forests 
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Biome 11: Tropical and Subtropical Dry Broadleaf Forests 
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Biome 12: Tropical and Subtropical Grasslands, Savannas, and Shrublands 
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Biome 13: Tropical and Subtropical Moist Broadleaf Forests 
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Biome 14: Tundra 

 


