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Abstract. Open access data has made it easy to model the suitability of habitats and potential distributions of 
different species of plants and animals. However, such data need to be handled with care as it can include erroneous 
records (e.g. bad georeferencing, misidentification) and a considerable spatial bias. Building a model with open 
access data thus requires extensive data cleaning. Here, we present a modelling approach for open access data and 
provide an example of a habitat suitability model for a widespread European centipede, Lithobius erythrocephalus 
Koch, 1847, based exclusively on open access data. 
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Introduction

The amount of data on the distribution of species available in publicly accessible databases is 
steadily increasing. One of the largest databases is the Global Biodiversity Information Facility 
(GBIF 2018) with nearly a billion occurrence records. It offers an invaluable insight into the 
patterns of species distribution. But one should bear in mind that (1) this data could include 
erroneous records (misidentification, faulty georeferencing) and that (2) the spatial bias in the 
records can be substantial, as countries and institutions invest different amounts of resources 
into digitizing and publishing their collections online (Beck et al. 2013, Maldonado et al. 2015, 
Anderson et al. 2016).

Another type of data that has recently become available, consists of numerous gridded layers 
of interpolated environmental conditions based on temperature, precipitation and solar radiation. 
Some of the most frequently utilized environmental datasets are the Worldclim (Fick & Hijmans 
2017) and two Worldclim derived sets, Bioclim (Fick &  Hijmans 2017) and Envirem (Title 
& Bemmels 2016). These datasets often include layers with current environmental conditions as 
well as those of past (e.g. LGM) and projected future conditions.

Species distribution modelling (SDM) is a  fast-growing field at the intersection of species 
occurrence and environmental data (Guisan & Thuiller 2005, Elith & Leathwick 2009). It takes 
both types of information and attempts to determine the environmental preferences of species, their 
so-called environmental niches or envelopes, and then locates areas with matching conditions. 
One of the most commonly used approaches in SDM is Maxent (Steven et al. 2017), although 
other algorithms are also used (e.g. DOMAIN, ENFA, GARP etc.). Species distribution modelling 
enables researchers to infer a species’ distribution from known occurrences, thus discovering areas 
where a species could reside (Elith & Leathwick 2009, Elith et al. 2011). It has also been used to 
define possible locations of refuges for species during the Pleistocene (Waltari et al. 2007, Sven-
ning et al. 2008, Vega et al. 2010) and even for predicting the effect of a change in climate on the 
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distribution of species (Jeschke & Strayer 2008, Loarie et al. 2008, Elith et al. 2010, Milanovich 
et al. 2010; Khanumet al. Kumar 2013, Krehenwinkel et al. 2016, Theodoridis et al. 2018). SDM 
has already been used to define the possible distributions of 20 species of centipedes in Norway 
(Georgopoulou et al. 2016).

Lithobius erythrocephalus Koch, 1847 is a centipede with a wide European distribution (Zappa-
roli 2003, Bonato et al. 2016) and as a consequence of its polymorphism a number of subspecies 
of uncertain taxonomic identity are described (Zapparoli 2003). Despite being widely distributed, 
there are only a few records for localities in Slovenia, which are all at high altitudes, in frost 
hollows and cave entrances (Ravnjak and Kos 2015). Its psychrophilic preferences indicate it is 
a Dinaric glacial relict. The Dinaric Arc served as a pleistocene refuge for a number of different 
animals (Hewitt 2000, Miracle et al. 2010) and plants (Brus 2010). While Alpine and Dinaric 
populations seem to be adapted to cold conditions (Stöckli 2009, Leśniewska et al. 2015) collected 
it in thermophilous thickets in eastern Poland.

We retrieved L. erythrocephalus occurrence data from GBIF and performed a systematic data 
cleaning and spatial thinning of the dataset. We then selected environmental layers based on this 
species biology and further tested them for multicollinearity using the variance inflation factor 
(VIF). The aforementioned Maxent algorithm was employed in building a species distribution 
model. We used the known occurrences of the species in Slovenia that were not used in model 
training, to validate the model’s prediction. This prediction will enable a more efficient collection 
of specimens of L. erythrocephalus.

Methods

We used R in all steps of the modelling procedure. The script used is also available at rpubs.com/zkuralt/litho_eryth-
ro_sdm.

Retrieving and cleaning species occurrence data
We retrieved 1163 occurrence records from GBIF using the “rgbif” package (Chamberlain 2017) and then followed the 
data cleaning procedure proposed by Hijmans & Elith (2017). The first step consisted of removing duplicate records and 
those with erroneous coordinates (when plotted on a map, these records were near the equator). We also removed records 
anchored to country centroids, which is probably a consequence of replacing the missing coordinates with coordinates of 
a country’s centroid. In order to deal with the spatial bias, we applied spatial thinning to the dataset. We used “spThin” 
package (Aiello-Lammens et al. 2015) with thinning parameter set to 70 km. The final dataset consisted of 68 occurrence 
records.

We retrieved occurrences for model validation from the ChiloBio database of Slovenian centipedes (Ravnjak & Kos 
2015). These occurrences were not used in the building of the model.

Obtaining and preparing the environmental data
We downloaded 37 different environmental layers (19 Worldclim bioclimatic environmental layers using “raster” R 
package (Hijmans 2017) and 18 ENVIREM layers directly from the ENVIREM website) with a resolution of 2.5 arc 
minutes (~5 km). Six environmental layers were then selected, based on the biology and physiology of L. erythrocephalus 

Table 1. Description and variance inflation factor (VIF) of the different environmental variables

variable	 variable description	 VIF

bio10	 mean temperature in warmest quarter	 2.512623
bio17	 precipitation in driest quarter	 1.704614
bio3	 isothermality (mean diurnal range / temperature annual range)	 4.718597
PETDriestQuarter	 mean monthly PET in driest quarter	 3.016144
continentality	 average temp. in warmest month – average temp. in coldest month	 3.393825
tri	 terrain roughness index	 1.507418
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(see Table 1). Selected rasters were aligned and cropped to the extent of the occurrence records. We used “HH” package 
(Heiberger 2017) to test layers for multicollinearity using the variance inflation factor (VIF) and discarded those with 
a VIF>10 (Table 1).

Building, evaluation and validation of Maxent model
Using the ENMeval package (Robert Muscarella et al. 2014), we built 56 different Maxent models with a range of settings 
(see Table 2). 

Table 2. Settings used for building the models using the ENMeval package. Letters denote feature classes allowed (L = 
linear, Q = quadratic, P = product, T = threshold, H = hinge) 	

feature classes allowed	 regularization multiplier values	 data partitioning method

L	 from 1 to 4 in 0.5 steps	 block
LQ	 from 1 to 4 in 0.5 steps	 block
LT	 from 1 to 4 in 0.5 steps	 block
LQH	 from 1 to 4 in 0.5 steps	 block
LPQ	 from 1 to 4 in 0.5 steps	 block
LQHP	 from 1 to 4 in 0.5 steps	 block
LTQH	 from 1 to 4 in 0.5 steps	 block
LTPHQ	 from 1 to 4 in 0.5 steps	 block

Fig. 1. Map showing the sites where Lithobius erythrocephalus was collected in Slovenia with altitudinal zones displayed 
in the background. Letters at each locality indicate the following: A – alpine, C – cave, F – frost hollow and D – con-
struction waste dump site.
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ENMeval package calculates a variety of evaluation statistics. Our optimal model was selected based on a combination 
of dAICc and mean AUC values. According to Muscarella et al. (2014), models with dAICc<2 generally have substantial 
support. We thus omitted models with a dAICc>2.

Results

Occurrence data from Slovenia
Data on L. erythrocephalus in Slovenia is quite scarce with only 15 known localities. Specimens 
were collected at high altitudes (Julian Alps, Pohorje, Mt. Snežnik, Smrekovec, Pokljuka), in the 
frost hollow Unška Koliševka and in caves (Planinska jama, Podpeška jama, Hrencova jama). 

Fig. 2. The optimal model’s prediction of the potential distribution of Lithobius erythrocephalus. Dashed line depicts 
the area studied.



93

Lithobius erythrocephalus was also collected at a rather unusual locality (Fig. 1, D), a construction 
waste dumpsite near Velenje lake (370 m a. s. l.).

The optimal model
Model selection procedure described in the previous section yielded a model based on a com-
bination of Linear, Threshold, Product, Hinge and Quadratic (LTPHQ) feature classes (FC) and 
a regularization multiplier (RM) of 2, as the one with the best support (see rpubs.com/zkuralt/li-
tho_erythro_sdm for more)

Discussion

Modelling approach
As demonstrated in this paper extensive systematic data cleaning is essential when working 
with data from public databases. The initial dataset should contain an abundance of records as 
many occurrences get discarded during the cleaning procedure. For example, we started with 
1,163 records, whereas the final dataset consisted of 68 records. This can be a limiting factor for 
distribution models of species with just a few publicly available records.

In addition, as already stated by Anderson et al. (2016), there are some potential drawbacks that 
one cannot address when using open access data. While it is possible to account for spatial bias 
and faulty georeferencing, species misidentification is a major concern. Furthermore, specimens 

Fig. 3. A closer look at the model’s prediction for Slovenia. Currently known collection sites are shown as white dots.
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from GBIF are (mostly) identified to species level, although several subspecies could exist. For 
example, there are nine accepted subspecies of Lithobius erythrocephalus, some of them with 
narrow and isolated distributions (Zapparoli 2003, Bonato et al. 2016). Model predictions based 
on such datasets can therefore result in wider potential distributions. 

Selection of environmental layers is another crucial step when modelling species distributions. 
As Fourcade et al. (2018) demonstrate, the model may seem well supported, whilst its biological 
value is questionable, due to the poor choice of environmental variables. Selecting biologically 
and physiologically relevant variables is therefore of great importance. Nevertheless, there is 
often little knowledge of the environmental factors most profoundly affecting organisms, which 
makes variable selection a bit of a hit or miss. In addition, environmental layers should be selec-
ted according to the size of the area studied and the species’ biology (Mackey & Lindenmayer 
2001). Spatial resolution of environmental layers also affects the model’s performance (Guisan 
et al. 2007). In some cases, rasters are unable to describe environmental variability due to coarse 
resolution. For example, a 5×5 km raster grid could fail to account for the microenvironment 
required by a species.

Not only environmental factors, but also biotic interactions, affect species distribution. This is 
especially the case with eurytopic organisms, such as L. erythrocephalus, that are able to tolerate 
a wide range of habitats and environmental conditions. Hence, the distributions of eurytopic species 
are probably highly affected by biotic interactions. Open access data on biotic interactions that 
one could incorporate into a model, have only recently been collected and published online by 
the Global Biotic Interactions project (Poelen et al. 2014). Building more comprehensive species 
distribution models, including both abiotic and biotic components, using solely open access data 
will unquestionably become feasible in the future.

Lithobius erythrocephalus collection sites throughout Europe and especially in the Balkans in-
dicate that this species is a glacial relict (Ravnjak & Kos 2015). Although further investigations are 
needed to test this hypothesis, its habitat requirements indicate adaptation to cold conditions. With 
this assumption in mind we selected the environmental variables limiting for L. erythrocephalus. 
Variables bio10, bio17 and PETDriestQuarter thus deal with the temperature, precipitation and PET 
(potential evapotranspiration) in the warmest and driest periods, whereas bio3 and continentality 
variables deal with the stability of temperatures (see Table 1). We additionally included a variable 
tri (terrain roughness index), as there are probably more different microhabitats present in areas 
with a high terrain roughness index.

About the prediction
The model’s prediction fits the training data and indicates that there are also areas of high proba-
bility of presence in the Western Alps, Dinaric Alps and Carpathian Mountains, for which there 
are no occurrence records (see Fig. 2). Data from these areas is either not publicly available or has 
not been collected. A closer look at the model’s prediction for Slovenia (see Fig. 3) reveals a good 
fit to known collection sites. It also uncovers some areas where Lithobius erythrocephalus could 
potentially reside. There is a high probability of this species being present in mountainous regions 
in Slovenia (Jelovica, Trnovo Forest Plateau, Nanos Plateau, Kočevski Rog, Kamnik-Savinja Alps 
and Gorjanci) where it has so far not been collected. This prediction will assist in the planning of 
fieldwork and enable a more efficient collection of specimens in the field.

Conclusions

As presented, it is possible to create a well supported ecological niche model (ENM) using so-
lely open access data. Provided enough data points are available and rigorous data cleaning is 



95

employed, species distribution modelling can provide informative insights and augment current 
knowledge.
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