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of sampling (i.e. via records of a target group; Anderson 
2003), and integrated into model calibration to correct 
for associated biases in environmental space (Phillips et al. 
2009). However, such information is frequently unavail-
able, leaving researchers with a quandary: how to reduce 
the effects of biased sampling without reducing the signal 
of the species’ niche (Anderson 2012). Viable solutions in 
such cases include thinning (also known as ‘filtering’) occur-
rence records either in environmental space or geographic 
space. Thinning in environmental space directly addresses 
the problem that proximally affects model calibration (de 
Oliveira et al. 2014, Varela et al. 2014). In contrast, thinning 
in geographic space, or spatial thinning, acts in the dimen-
sions in which the original bias occurred – e.g. the collection 
of occurrence records (Reddy and Dávalos 2003, Kadmon 
et al. 2004, Anderson 2012).

Here we consider spatial thinning (i.e. in geographical 
space), which has been applied frequently and can result in 
species occurrence data that yield better performing ENMs 
(Pearson et al. 2007, Veloz 2009, Kramer-Schadt et al. 2013, 
Syfert et al. 2013, Verbruggen et al. 2013, Boria et al. 2014, 
Fourcade et al. 2014). Current spatial thinning methods 
generally fall into one of two categories, either employing 
stratified random sampling or thinning based on nearest 
neighbor distance. One method in the first category entails 
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Correlative techniques for modeling species niches and their 
associated geographic distributions (often termed ecological 
niche modeling, ENM; or species distribution modeling, 
SDM) are an important component of many biogeographic, 
evolutionary, and conservation-related studies (Elith and 
Leathwick 2009, Peterson et al. 2011, Araújo and Peterson 
2012, Warren 2012). However, addressing the effects of 
sampling bias remains an important outstanding issue. For 
many datasets of occurrence records (especially from muse-
ums and herbaria), geographic sampling bias is pervasive 
(Hijmans et al. 2000, Reddy and Dávalos 2003, Graham 
et al. 2004, Kadmon et al. 2004, Hijmans 2012). Such 
biases can lead to environmental bias as well, resulting in 
an over-representation of environmental conditions associ-
ated with regions of higher sampling (Williams et al. 2002, 
Kadmon et al. 2004, Anderson and Gonzalez 2011). ENMs 
constructed with such data may fit the environmental sig-
nal of the bias, in addition to that of the niche, hindering 
model interpretation and application (Araújo and Guisan 
2006, Wintle and Bardos 2006). Furthermore, environmen-
tal biases lead to inflated estimates of model performance 
(Veloz 2009, Hijmans 2012).

Several approaches can ameliorate the effects of sampling 
bias. Ideally, sampling effort across geography is quanti-
fied either directly or via indices derived from the results 
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overlaying a grid on the study region and randomly sampling 
a set number of occurrence records (e.g. one) from each grid 
cell (Hijmans and Elith 2011), where grid cells should have 
equal area. Other methods involve stratifying based on the 
density of occurrence records, randomly selecting records for 
inclusion based on the density of sampling in geographic 
space (Verbruggen et al. 2013).

The second category involves removing occurrence records 
so that no two are closer than a linear distance x (Pearson 
et al. 2007), resulting in a minimum nearest neighbor dis-
tance (NND) greater than or equal to x. To retain the great-
est amount of useful information (i.e. niche signal), records 
should be thinned such that the largest possible number of 
records is retained (Anderson and Raza 2010, Radosavljevic 
and Anderson 2014). This method presents several chal-
lenges. Like all thinning approaches (both geographic and 
environmental), the optimal degree of thinning remains 
subject to empirical determination. Specifically, the optimal 
NND (x) likely varies across species and study regions. Some 
methods for estimating this distance have been developed 
(Veloz 2009), but further research is needed.

Additionally, this category presents serious computa-
tional challenges. Determining the optimal (i.e. maximum) 
number of occurrence records that meet the NND con-
straint can be viewed as the classic set-packing problem in 
computational complexity theory, which is considered non-
deterministic polynomial-time (NP) hard (Johnson 1982). 
While solutions to such problems can be checked quickly, 
it remains unclear whether a solution can be found quickly 
(Garey and Johnson 1979). Furthermore, it is possible but 
seldom feasible to manually thin records. Such thinning 
requires human inspection of a network of distances for 
each cluster of records violating the NND constraint. This is 
time consuming and prohibitive for species with more than 
a small number of records (Shcheglovitova and Anderson 
2013). To address these shortcomings, we developed an 
automated randomization approach implemented as an R 
package that should facilitate: 1) spatial thinning for a user-
specified NND; and 2) empirical experiments that vary that 
distance in order to determine the best balance between bias 
removal and signal weakening (e.g. the distance that maxi-
mizes performance in spatially independent evaluations).

Description of the spatial thinning algorithm 
underlying spThin

We developed a spatial thinning method that takes a set of 
occurrence records and identifies multiple new subsets that 
meet the minimum NND constraint. From these new data-
sets, one (or more) retaining the largest number of records 
can be selected and used to construct an ENM. At the core of 
this method is an algorithm implemented in the R program-
ming environment (R Core Team) that randomly removes 
records violating the minimum NND constraint.

Algorithm steps (for a single repetition of the function 
‘thin’): 1) a thinning distance (i.e. minimum NND) x is  
specified by the user. 2) Pair-wise distances between all records 
are calculated. 3) For each record, the number of occurrence 
records within distance x is identified. 4) The record(s) with 
the greatest number of neighboring occurrences within the 

NND is determined. 5) One of the records identified in step 
4 is removed at random. 6) Steps 3 to 5 are repeated until no 
record in the dataset has a nearest neighbor closer than x.

Pair-wise distances between records are calculated using 
the function ‘rdist.earth’ in the fields package (Furrer et al. 
2012), which calculates distances (in km) between geographic 
locations, correcting for the decreasing length of units of lati-
tude toward the poles. R code for both our algorithm, ‘thin.
algorithm’, and the wrapper function, ‘thin’, were compiled 
as a package named spThin. The ‘thin’ function provides var-
ious options described below to facilitate spatial thinning for 
ecological modeling. This package is provided as source code 
in the Supplementary material Appendix 1 and is available 
on Comprehensive R Archive Network (CRAN).

A single repetition of the algorithm returns one spatially 
thinned dataset, however for all but the smallest datasets, 
multiple sets of records will meet the minimum NND 
constraint. The user specifies the number of independent 
algorithm repetitions (n), resulting in multiple thinned 
datasets, which can vary in the number of records retained. 
The default setting of ‘thin’ is to save up to five datasets that 
yield the maximum number of records retained (compared 
across all repetitions). These datasets are saved as comma 
separated values (csv) files containing the columns: species 
name, latitude, and longitude. Other important arguments 
include options to save information for all of the datasets 
constructed (within an R session, not as files written to disk), 
to change the maximum number of csv files saved, to change 
the name of the log file created upon execution of ‘thin’, and 
to turn off log file creation.

Example application of spThin

As an empirical case to test the algorithm’s ability to pro-
duce thinned datasets comparable to a hand-thinned dataset, 
we applied the spThin ‘thin’ function to a set of occurrence 
records for the Caribbean spiny pocket mouse, Heteromys 
anomalus. This dataset contains 201 verified, georeferenced 
occurrence records that were spatially thinned manually 
in a previous study, using a thinning distance of 10 km  
(Radosavljevic and Anderson 2014). We used this same  
distance in applying ‘thin’ to the dataset. The occurrences lie 
along the coastal mainland (hereafter, mainland) of northern 
South America (174) and on three nearby Caribbean islands: 
Trinidad (21), Tobago (4), and Margarita (2).

Because the algorithm includes a random element, the 
maximum number of records retained from any repetition of 
a given run may not match the optimal number of records. 
To investigate how many repetitions, n, are necessary to 
achieve the optimal number, we applied ‘thin’ to each of the 
four regions independently. Then, to compare with an even 
larger dataset (and explore the relative efficacy of splitting 
a complex problem into simpler independent constituent 
problems), we ran the algorithm on the four regions com-
bined. Spatial thinning by hand (Radosavljevic and Anderson 
2014) yielded 110 occurrence records for the mainland, and 
12, 1, and 1 for Trinidad, Tobago, and Margarita, respec-
tively (total  124). We examined the number of repetitions 
required to achieve at least one thinned dataset with the opti-
mal number of records. For the mainland, we ran ‘thin’ with 
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n equal to 10 and 100. We ran it with 10 repetitions each for 
Trinidad, Tobago, and Margarita. For the combined dataset, 
we ran ‘thin’ with n equal to 10 and 100.

The ‘thin’ function returned datasets with occurrences 
that clearly mitigated the effects of clustered sampling  
(Fig. 1). This was particularly noticeable in areas that we 
expect to present biased sampling, such as in reserves and 
near roads and research centers, illustrating issues char-
acteristic of the kinds of sampling that lead to biases in 
biodiversity datasets (Fig. 1B). In this illustrated region of 
north-central Venezuela, the 11 easternmost records follow 
the path of a road (from El Limón to Ocumare de la Costa) 
that traverses the Parque Nacional Henri Pittier; this flag-
ship reserve lies near major research centers (Museo de la 
Estación Biológica de Rancho Grande; and Museo del Inst. 
de Zoología Agrícola, Univ. Central de Venezuela).

The overall performance of ‘thin’ depended on the total 
number of records in the dataset (Table 1). Datasets with 
larger numbers of records should require a greater number 
of repetitions to consistently achieve the optimal number of 
records. Similarly, the number of thinned datasets contain-
ing the maximum number of retained records also depended 
on the total number of unthinned records and the num-
ber of repetitions. Generally, more repetitions resulted in a 
greater number of such datasets. Applied to the mainland 
occurrence dataset, ‘thin’ produced thinned datasets with the 
optimal number of occurrence records (110) when n was set 
to as few as 10 repetitions (Table 1A). Similarly, it produced 

thinned datasets with the optimal number of occurrences on 
the islands of Trinidad (12), Tobago (1), and Margarita (1) 
with n set to 10 repetitions, requiring 0.06, 0.03, and 0.01 
s of computation time, respectively. Running ‘thin’ on the 
combined dataset (i.e. mainland and islands) with n equal to 
10 and 100 also produced thinned datasets with the optimal 
maximum occurrence records, 124 (Table 1B).

On a standard desktop computer (specifications in Table 1 
legend), run time depended on the size of the dataset and the 
number of repetitions, but was trivial in all cases. The opti-
mal number of occurrence records for the mainland dataset 
was achieved with both 10 and 100 repetitions, requiring less 
than 10 s of computation time. Running ‘thin’ on a dataset 
of the four regions combined, the optimal number of records 
also was achieved using 10 and 100 repetitions, requiring 
approximately 2 and 13 s of computation time, respectively 
(Table 1B). Combining the computation time required to 
thin the mainland dataset using 100 repetitions with that 
needed for the three individual island datasets using 10 rep-
etitions each yielded a total of 9.04 s, an improvement over 
the 12.73 s required to thin the combined dataset. These 
results demonstrate the utility of separating occurrence 
records into regional clusters, treated as independent data-
sets (i.e. where no records from one cluster lie within the 
NND of any records in any other cluster). However, given 
the relatively modest performance increase, this may only  
be important when working with very large datasets and car-
rying out many repetitions (e.g. tens of thousands) of the 
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Figure 1. Occurrence records of unthinned and spThin-derived datasets for Heteromys anomalus in coastal northern South America and 
nearby islands. (A) (full figure) full spatial extent of unthinned records (black circles). (B) (left figure) and (C) (right figure) sub-regions 
(indicated with black outlines in (A)) showing records removed by ‘thin’ (purple circles) and those retained by the function (red circles).
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an appropriate spatial thinning distance – i.e. examining 
semivariograms to determine the distance at which occur-
rence records are spatially independent. An alternative 
approach proposed recently is to determine the number of 
occurrences representing spatially independent information 
in a given dataset (de Oliveira et al. 2014). This is done by 
first fitting a simultaneous autoregressive model to the occur-
rence data. The autoregressive coefficient can then be used to 
calculate the effective number of degrees of freedom in the 
dataset, which is treated as the number of occurrences rep-
resenting spatially independent information. In that paper, 
de Oliveira and colleagues (2014) calculated the distances 
between occurrences (separately in both geographic and envi-
ronmental space), and then selected the most-distant points 
recursively until their dataset reached this value. We propose 
that this value can be used in conjunction with spThin, using 
the ‘thin’ function with multiple NND values to find the 
distance associated with that number of occurrences.

Even with the considerations outlined above, spatial thin-
ning of occurrence records provides an easy-to-implement 
and relatively straightforward method to alleviate the effects 
of sampling bias (Kramer-Schadt et al. 2013, Boria et al. 
2014, Radosavljevic and Anderson 2014). However, recent 
work has also demonstrated the utility of thinning occur-
rence records in environmental space, showing that under 
some circumstances it results in more accurate models than 
those produced with spatially thinned data (de Oliveira et al. 
2014, Varela et al. 2014). Determining the generality of these 
findings and establishing best practices for minimizing the 
effects of sampling bias require further research. The spThin 
package will facilitate part of this investigation. Additionally, 
the algorithm underlying the ‘thin’ function could be applied 
toward environmental filtering in the future.

In sum, the spThin package provides an easy-to-imple-
ment spatial thinning method, which can be used to process 
occurrence records for use in constructing and evaluating 
ENMs, as well as in other spatial analyses. It should facilitate 
spatial thinning and enable research into the optimal level of 
thinning for various species in varying environments.

To cite spThin or acknowledge its use, cite this Software 
note as follows, substituting the version of the application 
that you used for ‘version 0’:

Aiello-Lammens, M. A., Boria, R. A., Radosavljevic, A., Vilela, B. 
and Anderson, R. P. 2015. spThin: an R package for spatial 
thinning of species occurrence records for use in ecological 
niche models. – Ecography 38: 000–000 (ver. 0).   
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