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Abstract
1. Georeferenced biological data of species distributions, abundances or traits are 

critical for ecological and evolutionary research. However, the accuracy (true vs. 
false records) and biogeographical status (native vs. alien) of individual georef-
erenced records are often unclear, which limits their use in species distribution 
modelling, analyses of biodiversity change and other applications.

2. Here, we introduced bRacatus, a new method and R package to estimate a given 
georeferenced record's probability of being true or false and of corresponding to a 
native or an alien occurrence. Our framework avoided artificial thresholds of data 
filtering and instead implemented a probabilistic framework which allowed propa-
gating uncertainties in subsequent analyses. We trained and tested our method 
on 400 terrestrial species of amphibians, birds, terrestrial mammals and vascular 
plants from four continents.

3. bRacatus showed good predictive power (mean AUC higher than 0.9; mean RMSE 
lower than 0.3) for both the accuracy and biogeographical status. Model perfor-
mance was similar among continents, range sizes and taxa not used in the training. 
Tests were robust using either range maps or regional checklists of differing levels 
of data completeness as reference regions.

4. bRacatus was implemented as a user- friendly R package that enabled researchers 
to assess the accuracy and biogeographical status of species occurrences, popu-
lation abundances, community composition or any other type of georeferenced 
biodiversity records. We proposed this method as a routine step in addressing the 
inherent uncertainty of point observations to promote more accurate ecological 
inference and predictions.

www.wileyonlinelibrary.com/journal/mee3
mailto:
https://orcid.org/0000-0003-4776-6161
https://orcid.org/0000-0002-1680-9192
https://orcid.org/0000-0003-3017-1858
https://orcid.org/0000-0002-9593-7300
https://orcid.org/0000-0001-8253-2112
https://orcid.org/0000-0003-0318-1567
https://orcid.org/0000-0002-2485-3708
https://orcid.org/0000-0002-4543-2929
mailto:
https://orcid.org/0000-0003-3927-5856
http://creativecommons.org/licenses/by-nc/4.0/
mailto:eduardo.arle@idiv.de
mailto:carsten.meyer@idiv.de
http://crossmark.crossref.org/dialog/?doi=10.1111%2F2041-210X.13629&domain=pdf&date_stamp=2021-05-31


1610  |    Methods in Ecology and Evoluon ARLÉ et AL.

1  | INTRODUC TION

One of the fundamental questions in biological sciences is how 
species are distributed in space and what drives this distribution 
(Hortal et al., 2012). Understanding geographical patterns in spe-
cies occurrences, abundances or traits is critical to understanding 
the current state and trends in biodiversity and guiding biodiversity 
conservation decision- making (Jetz et al., 2019). Thanks to the mo-
bilisation of records from biological collections, scientific literature 
and citizen science (Chandler et al., 2017), georeferenced data com-
pilations have rapidly increased in the past two decades. Several 
databases and networks provide coordinate sets representing point 
and vegetation- plot records of occurrence, abundance, traits, move-
ment and other biological phenomena assigned to particular species 
(e.g. GBIF, www.gbif.org; SpeciesLink, splink.cria.org.br; OBIS, obis.
org; sPlot, Bruelheide et al., 2019; BioTIME, Dornelas et al., 2018; 
Movebank, Kranstauber et al., 2011; Open Traits Network, Gallagher 
et al., 2020; Atlas of Living Australia, www.ala.org.au).

Available georeferenced biological data are limited by data in-
accuracy and unclear biogeographical status (Meyer et al., 2016; 
Troudet et al., 2017). Data inaccuracy commonly occurs because of 
errors in georeferencing processes (Murphy et al., 2004) and spe-
cies misidentifications (Scott & Hallam, 2002). These data inaccu-
racies result in wrong geographical information in species records, 
and are common problems in GBIF and other biological databases 
(Maldonado et al., 2015; Zizka et al., 2019). If not addressed, such 
inaccuracies can distort results of analyses such as species distribu-
tion modelling (SDM; Sporbert et al., 2019) or richness assessments 
(Walther & Moore, 2005) and conservation assessments (Panter 
et al., 2020; Zizka et al., 2021).

Understanding biogeographical status— whether a record is a na-
tive or alien occurrence— is important information for many research 
questions. For example, information on biogeographical status is 
necessary for biological invasion science. Knowing their distribution 
is vital for a dynamic conservation management and policy decisions, 
given that alien species numbers are increasing world- wide (Seebens 
et al., 2017) and are one of the main drivers of biodiversity change 
(Essl et al., 2018; Pagad et al., 2018). Information about biogeograph-
ical status is also necessary for many questions focused on native 
species. For instance, research focused on native biodiversity will 
overestimate the ranges and environmental niches of species if alien 
records are erroneously included in analyses (Meyer et al., 2016). 
Despite its importance, information on the biogeographical status 
of biological records is largely unavailable. For example, the estab-
lishmentMeans field in GBIF, meant to provide such information, is 
filled for only circa 1% of the c. 1.4 billion GBIF- facilitated records 
(accessed via GBIF.org on 01 April 2020; Table S1).

Researchers often clean datasets manually, which requires 
taxon- specific expertise. This task is time- consuming (Pérez 
et al., 2015), unfeasible for large datasets and highly subjective and 
prone to human error (Zizka et al., 2019). Despite the urgent need 
to address the aforementioned data limitations efficiently, reliable 
methods and tools to validate the accuracy and to estimate the bio-
geographical status of records are still lacking. The available alterna-
tives to manual data management rely on threshold- based methods, 
such as outlier detection or gazetteer- based flagging (e.g. Robertson 
et al., 2016; Maitner et al., 2018; Zizka et al., 2019, 2021), and miss 
many important sources of inaccuracies. Moreover, such approaches 
lead to binary classification of records, keeping remaining uncer-
tainty invisible to subsequent analyses.

Overcoming these limitations can be achieved by harnessing the 
complementary strengths and weaknesses of different data types. In 
contrast to occurrence records, species checklists and expert- based 
range maps provide geographically coarser but usually more com-
plete global coverage of species' ranges. These reference regions are 
fairly reliable at informing that a species occurs somewhere within 
those imprecise areas (Hurlbert & Jetz, 2007; König et al., 2019). 
Moreover, while occurrence records usually lack information on bio-
geographical status, range maps and checklists often provide this 
information (Weigelt et al., 2020). The taxonomic coverage of data-
bases providing range maps and checklists is expanding (e.g. IUCN, 
www.iucn.org; GloNAF, van Kleunen et al., 2019; GIFT, Weigelt 
et al., 2020; GRIIS, Pagad et al., 2018; GABI, Guénard et al., 2017). 
Combining and integrating information derived from different data 
types, such as checklists and range maps with point occurrences and 
community data, has great potential to improve the knowledge on 
species biogeography and can help overcome data limitations (Isaac 
et al., 2020; Jetz et al., 2012; Keil & Chase, 2019; König et al., 2019), 
but has not yet been developed for detecting and quantifying un-
certainties in the accuracy and biogeographical status of biological 
records.

Here, we address this gap by providing a novel methodological 
framework (bRacatus) for reliably estimating the geographical and 
taxonomic accuracy and the biogeographical status of biological 
point records. ‘bracatus’ is a Latin word used as an epithet for foreign 
or barbarian. bRacatus validates georeferenced species records by 
considering their position relative to reference regions (e.g. derived 
from range maps or checklists, Figure 1a) in a probabilistic frame-
work. bRacatus is implemented as an R package, including function-
alities for data downloaded from GBIF, but also allowing users to 
provide their own data. By estimating records' probabilities of being 
accurate and of being native (Figure 1b), bRacatus avoids subjective 
thresholds of data filtering and instead allows propagating uncer-
tainties in subsequent analyses.

K E Y W O R D S

checklists, data quality, data uncertainty, GBIF, invasion biology, range maps, vegetation plot 
data

http://www.gbif.org
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2  | WHO C AN BENEFIT FROM BR AC ATUS?

Scientists working with any type of spatially detailed biological data 
of uncertain accuracy or biogeographical status can benefit from 
bRacatus. Our implementation focuses on fine- grain data such as 
point records of species occurrence, abundance, traits or movement. 
bRacatus provides support for researchers or resource managers to 
prepare data for spatial applications, including SDMs, biodiversity 
change assessments, analysis of community structure, conservation 
planning and invasive alien species management. bRacatus specifi-
cally allows users to automatically assess which records are geo-
graphically reliable, and which ones are likely to represent native or 
alien occurrences. The statistics emerging from bRacatus are record 
specific; hence, the method can be applied to both single records 
and larger datasets. bRacatus provides probabilistic values of both 
accuracy and biogeographical status ranging from 0 to 1 as outputs, 
allowing users to carry uncertainty to subsequent analyses, for in-
stance, by weighting the contribution of individual records in SDMs 
(Fletcher et al., 2019) or by using the uncertainty to determine prior 
probabilities in Bayesian approaches (Winkler, 1967). Alternatively, 
users can define probability thresholds for record exclusion or dis-
crimination between native and alien occurrences.

3  | METHOD

bRacatus uses binomial GLMs to estimate the accuracy (acc) and 
biogeographical status (bgs) of biological records based on their 
geographical position relative to trusted reference regions, that is, 
all regions known to form part of the respective species' native or 
alien distribution. The theoretical foundation of these models is 
geographical distance decay of similarity (Tobler, 1970). Even with-
out biological assumptions, the expectation is that species' records 

collected closer to their respective known native or alien ranges are 
more likely to be accurate and have the same biogeographical status. 
This is reflected in models considering the distance- decaying signals 
sent from all cells within reference regions to each grid cell in which a 
georeferenced record may be located. To estimate the default model 
parameters implemented in the associated bRacatus R package, we 
trained and validated the GLMs for predictive performance with a 
combination of real and simulated species occurrence information. 
In the following sections, we provide an overview of the data prepa-
ration for building these models, and a detailed account of the mod-
els' construction, evaluation and validation steps.

3.1 | Method development using empirical and 
simulated data

We developed bRacatus with occurrence data for 400 species, rep-
resenting amphibians, birds, terrestrial mammals and vascular plants 
with 100 species each. We selected the species based on the fol-
lowing three criteria to ensure broad generality and applicability for 
the models: (a) availability of species range maps for both native and 
alien ranges (the latter applied for 148 out of the 400 species known 
to occur outside their native ranges), (b) availability of ≥5 unique 
GBIF records per species and (c) the species' representation of 14 
different terrestrial biomes (Olson et al., 2001), four continents and 
four range size classes (Table S2). All calculations were performed 
in R (R Core Team, 2019). We chose 0.5°- grid cell resolution (cor-
responding to ~25 x 25 km at the equator) as the minimal spatial 
grain for distinguishing accuracy and biogeographical status, both 
because we deemed native versus alien status distinctions over 
shorter distances biologically dubious for most taxa, and to enable 
fast computation times using the bRacatus R package even for large 
datasets.

F I G U R E  1   Schematic overview showing (a) exemplary types of georeferenced biological data (here: occurrence records) and reference 
data (here: range maps and checklists) that can be used together by the bRacatus method to probabilistically estimate the accuracy and 
biogeographical status of the georeferenced records and (b) output values as continuous likelihood measures
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3.1.1 | Georeferenced biological records

We obtained species point- occurrence records from www.gbif.org 
(GBIF) (GBIF Occurrence Download, 2020). Afterwards, to avoid 

carrying spatial sampling bias into the models (Anderson, 2012), 
we thinned the points to a maximum of one record per 0.5°- grid 
cell (Figure 2a). Subsequently, we classified the points by accuracy 
for further model validation. Specifically, we classified a species' 

F I G U R E  2   Steps in developing the bRacatus methodology a– h: (a) Selection of occurrence data for 400 species distributed across 
four taxa. (b) Classification of point- occurrence records as likely true or likely false according to intersection with ecoregions overlapping 
the species range map. (c) Simulation of additional records as easy- to- detect- false records (EDF) distributed in non- range- overlapping 
ecoregions, pseudo- true records (PT) and hard- to- detect- false records (HDF) within species ranges in pixels with higher and lower habitat 
suitability respectively. (d) Classification of point records as native, alien or unknown according to species range maps. (e) Transformation 
of range maps into collections of 2°- grid- cell reference regions. (f) Reference regions gridded to a 0.5°- resolution, a priori confidence of 
occurrence assessed to each cell and calculation of joint a priori confidence for cells part of multiple overlapping reference regions (see 
Supporting Information 3 for details). (g) Signals of presence, nativeness and alienness sent from reference regions to each occurrence 
record. (h) Model selection by AUC and RMSE values

http://www.gbif.org
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records falling within the terrestrial ecoregions (Olson et al., 2001) 
overlapping their respective ranges as ‘likely true’, and as ‘likely 
false’ when falling outside those limits (Figure 2b). In addition to 
these range- validated GBIF data, we simulated three categories of 
records (‘easy- to- detect false’ (EDF), ‘hard- to- detect false’ (HDF) 
and ‘pseudo- true’ (PT) occurrences), to compensate for remaining 
sampling bias while mimicking common data errors. To simulate 
likely locations of EDF and HDF records, we considered species- 
specific habitat suitability, considering species' expert- based habi-
tat preferences and elevational limits (Figure 2c; see Supporting 
Information 1 for details).

In order to evaluate the performance of the biogeographical 
models, we classified the combined GBIF and simulated records 
according to their presumed biogeographical status, that is, those 
falling within their 1°- buffered native ranges as ‘likely native’, those 
within their 1°- buffered alien ranges as ‘likely alien’ and those falling 
outside of both buffers as ‘unknown status’ (Figure 2d).

The selection and simulation of point- occurrence records re-
sulted in 377,796 unique point occurrences for all species com-
bined (Supporting Information 1, Table S2). Note that the records' 
binary classifications of both accuracy and biogeographical sta-
tus according to the above protocol had the sole aim of assessing 
model performance, and are independent of the general bRacatus 
method.

3.1.2 | Reference regions

The definition of species reference regions may be based on expert- 
drawn range maps or on regional checklists. We derived the refer-
ence regions used for training and validating our models from range 
map data for birds (BirdLife International, 2019), amphibians, terres-
trial mammals and vascular plants (IUCN, 2019). Since range maps are 
not available for most taxonomic groups, less precise and potentially 
more incomplete regional checklists are often the only option for 
reference regions. Therefore, we additionally validated our models 
with such checklist- based reference regions. To control the checklist 
regions' degrees of imprecision and incompleteness, we simulated 
regional checklists of different realistic levels of geographical preci-
sion and completeness, by overlaying the range maps with checklist- 
region boundaries stored in the GIFT database (a comprehensive 
resource of regional vascular plant species distributions based on 
checklists and floras; Weigelt et al., 2020; see Section 3.2.2).

We estimated the model parameters from records' positions 
relative to all available reference regions, with each region sending 
an independent distance- decaying signal to all records. The bRa-
catus method accommodates for the large heterogeneity in sizes 
and shapes of reference regions and the spatial grain (resolution) at 
which species occupancy can be reliably inferred from these data 
types, by distributing this signal over the region's entire area.

Specifically, range maps only delimit the outer range boundaries 
within which species are expected to be present (Jetz et al., 2012), 
but do not indicate which precise areas are occupied. However, it has 

been shown that they can estimate species occupancies at coarse 
grains of circa 2° (Hurlbert & Jetz, 2007). Hence, each 2°- grid cell 
overlaying a range map is considered an independent reference re-
gion that sends its own signal (Figure 2e). Unlike in expert- based range 
maps, the sizes and shapes of the politically defined sampling units 
of regional checklists are not indicative of the extents of occurrence 
of the listed species, but merely confirm that those species were re-
corded at least once somewhere within those regions. Without fur-
ther information, a priori confidence that a species was recorded in 
any particular subregion within those regional boundaries (or, in the 
case of range maps, within a 2°- grid cell) is thus inversely proportional 
to the share of the larger region represented by the subregion.

bRacatus represents location uncertainty for three categories: 
presence (pres), nativeness (nat) and alienness (al). To do this, it calcu-
lates an area weighting of confidence for each uncertainty category 
by rasterising reference regions to 0.5°- resolution and assigning 
each raster cell overlapping the region a value calculated by

where apch is the a priori confidence that the species in category 
h ∈ {pres, nat, al} has been detected in each cell and nh is the number 
of cells covering the region of that category (Figure 2f).

All reference regions used for model training during our testing 
and default parametrisation of bRacatus were 2°- grid cells artificially 
derived from range maps (Figure 2e), having exactly the same num-
ber of cells and no overlap. For each species, we generated three ras-
ter layers from the checklists, carrying the information on presence, 
nativeness and alienness. Due to this area weighting of confidence, 
the bRacatus framework can probabilistically validate fine- scale bi-
ological records without needing to assume that reference regions 
can indicate species occupancy at fine scales. It does assume, how-
ever, that the broad- scale evidence on species' native or alien pres-
ences provided by range maps and checklists is credible (for tests of 
the method's sensitivity to violating this assumption, see Supporting 
Information 3).

3.1.3 | Signals sent from reference regions to points

Each record receives distance- decaying signals from three raster 
 layers, presence, nativeness and alienness respectively (Figure 2g). 
To calculate the strength of the signals reaching each record, 
 bRacatus first uses pre- computed pairwise geographical distances 
between all 0.5°- cells globally (di,j). It then normalises di,j to obtain a 
proximity index (tdi,j) between all pairs of cells as

where max(d) is the maximum value of all di,j. While developing bRaca-
tus, we identified the distance- decay function that would lead to the 

(1)apch =
1

nh
,

(2)tdi,j = 1 −
di,j

max(d)
,
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best predictive power by comparing 13 alternative exponential decays 
given by

where ddi,j represents the decayed proximity indices and m ranges from 
0 to 12. bRacatus calculates the index for all species by computing the 
signals sent from all cells within every independent reference region to 
each individual record according to the formula

where Vpth,i is the value assigned to a record that will further be used 
in the model, apch,j is the a priori confidence of each cell within the spe-
cies range, ddi,j is the distance- decayed proximity index between the 
cell i  under consideration and the cell j sending the signal and max(Vpt) 
is the maximum value obtained in the signal calculation. The denom-
inator ranges from 0 to 1, making these values comparable among 
species. The rationale behind this transformation is that the individ-
ual record receiving the highest signal has the highest probability of 
being accurate, or the highest probability of representing the correct 
biogeographical status among all the species' records. During bRaca-
tus development, we repeated this process for the aforementioned 12 
exponential decay functions and a linear decay function (m = 0), thus 
producing 13 alternative versions per records of each index: pres, nat 
and al.

3.2 | Model construction, evaluation and 
validation steps

We developed our models based on binomial GLMs for both the 
accuracy and the biogeographical status analyses (Supporting 
Information 2). Accuracy models use the pres index as the only pre-
dictor. Biogeographical status models use both nat and al indices as 
predictors, with species having only native range reference regions 
receiving an al score of 0 for all points. The model output is con-
tinuous probabilities, ranging from ‘most- likely false’ (0) to ‘most- 
likely true’ (1) for the accuracy analysis and from ‘most- likely alien’ 
(0) to ‘most- likely native’ (1) for the biogeographical status analysis 
(Figure 1b).

We conducted in- sample and out- of- sample predictive tests to 
verify the models' performance and ensure their broad applicabil-
ity, testing for potential biases in model performance towards cer-
tain taxa, range sizes or continents, and whether our models can 
be extrapolated to other taxa, range size bins and continents than 
those that were used for model training (Supporting Information 
2). The model selection relied on two metrics— the area under the 
receiver operating characteristic curve (AUC) and the root mean 
squared error (RMSE; Figure 2h). The AUC ranges from 0 to 1 and 
informs about the model's ability to separate classes in a prediction 
(Swets, 1988). For the biogeographical status analyses, we applied a 

variation of AUC calculation, the multiclass receiver operating char-
acteristic (ROC), which allows analysing multiclass data (Wandishin 
& Mullen, 2009). The RMSE indicates how close the predictions are 
to the actual values (Chai & Draxler, 2014). High AUC and low RMSE 
values indicate better performing models. To evaluate the models 
considering both the metrics simultaneously, we calculated the 
Euclidean distance from the AUC and RMSE obtained in each model 
to the ideal values (1 and 0 respectively) of these metrics (Draisma 
et al., 2014).

3.2.1 | Model selection

Initially, we tested 260,000 models (see Supporting Information 2 
for details) to identify the best- performing distance- decay function, 
not considering other parameters. Subsequently, we combined three 
variations of the signal calculations (Vpt), four link functions and two 
other covariates (average distance to other occurrence points and 
background sampling effort), resulting in 460,000 different mod-
els. We trained and tested all models with all combinations among 
the aforementioned variables. We deliberately avoided variables 
based on biological grounded relationships, such as environmental 
distances, to ensure greatest- possible applicability in downstream 
analyses without risks of circularities (see Supporting Information 2 
for further details).

The three variations of Vpt aimed to ensure that records within 
reference regions' boundaries are assessed with higher values than 
those in neighbouring areas. Thus, we performed an analysis on how 
the models would perform with stronger signals sent from the very 
cell where a point is located, computing two extra versions of the in-
dices by multiplying the signal sent from the cell where each point is 
located by 10 (sig10) and by 100 (sig100). For the accuracy analysis, 
only points assessed as ‘likely true’ underwent signal variation, as the 
HDF points seeded within the range would magnify the noise they 
represent. We trained all models with different link functions: logit, 
probit, cauchit and cloglog. The following equations depict the mod-
els using a cauchit link function, which generally performed best: 

 

 

 

For each record i, i ∈ 1: r, where r is the number of records; acci is es-
timated accuracy of each record; �0 is the intercept of Equation 5; �1 
is the slope associated with the covariate presi, which represents the 
presence index of each record; bgsi is estimated biogeographical status 
of each record; �0 is the intercept of Equation 6; �1 is the slope associ-
ated with the covariate nati, which represents the nativeness index of 

(3)ddi,j = td2
m

i,j
,

(4)Vpth,i =

∑

japch,jddi,j

max(Vpt)
,

(5 –  accuracy)accuratei ∼ Bernoulli(acci),

cauchit(acci) = �0 + �1presi;

(6 –  biogeographical status)nativei ∼ Bernoulli(bgsi),

cauchit(bgsi) = �0 + �1nati + �2ali.
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each record; and �2 is the slope associated with the covariate al, which 
represents the alienness index of each point.

We further included two other covariates in the models: (a) aver-
age distance to the closest five occurrence points, to account for the 
extent to which records are geographical outliers; and (b) density of 
records in the same taxonomic order of the focus species, to repre-
sent background sampling intensity (Supporting Information 3).

3.2.2 | Sensitivity tests with reference regions based 
on regional checklists

To simulate realistic data and evaluate our models' performance 
when working with checklists instead of range maps, we used re-
gions' shapefiles derived from the GIFT database. We created ar-
tificial checklists for each species, gridded and combined them to 
account for possible overlaps, according to

where p is the final a priori confidence in the cell and pni is the confi-
dence of no occurrence informed by each checklist, i, represented in 
the cell (Figure 2f). We then applied the accuracy and the biogeograph-
ical models using the reference regions derived from the simulated 
checklists and calculated the evaluation metrics (Figure 2h). Checklist 
data are not necessarily complete and differ in geographical precision. 
Thus, we ran additional sensitivity tests to evaluate the models' per-
formance under different levels of checklist data incompleteness and 
different region sizes (Supporting Information 3).

4  | RESULTS

4.1 | Model construction, evaluation and validation 
steps

We found a strong difference in the performance of the 13 different 
distance- decay functions. Models using predictors calculated with 
m = 5 in Equation 3 performed best in 31.2% of the tests for the 
accuracy and in 70.2% of the tests for the biogeographical status 
analysis (measured by AUC and RMSE -  Table S3).

The tests including other variables indicated that the signal varia-
tion sig10 performed best in terms of AUC and RMSE. A cauchit link 
function consistently yielded the best models. Including the two co-
variates representing the extent to which records are geographical 
outliers and background sampling intensity in the accuracy models 
did not show consistent improvements, so we excluded both from 
the final algorithm (Supporting Information 2).

Our tests showed high predictive power both for models trained 
and tested with the whole dataset, and when testing for different 
taxa, range size bins and continents, and both for in- sample and for 
out- of- sample tests. The biogeographical status analysis produced 
overall better results (mean AUC ≈ 0.98, mean RMSE ≈ 0.15) than the 

accuracy analysis (mean AUC ≈ 0.91, mean RMSE ≈ 0.32; Figure 3). 
Our tests also point to marginal difference in model performance for 
different taxa, continents or species range size quartiles (Figure S3).

4.2 | Tests with checklists

The tests performed with the simulated checklist data indicated that 
the bRacatus method had good predictive power even when no range 
maps but only checklists were available as sources of reference re-
gions. As with range maps, the biogeographical status analysis pro-
duced overall better results (mean AUC ≈ 0.96, mean RMSE ≈ 0.18) 
than the accuracy analysis (mean AUC ≈ 0.90, mean RMSE ≈ 0.39). 
More incomplete checklist collections and data composed solely or 
mostly by vast regions, such as large countries or subcontinents, 
 decreased the accuracy of bRacatus- based estimations of record 
 accuracy and biogeographical status (see Supporting Information 3, 
Figures S1 and S2). Overall, these sensitivity tests indicate that our 
models perform satisfactorily even when provided with reference 
regions containing reasonably large geographical uncertainties.

5  | DISCUSSION

Our results show that bRacatus is a reliable method for automatically 
validating georeferenced biological datasets. We demonstrated that 
the taxonomic and geographical accuracy (true vs. false) and bio-
geographical status (alien vs. native) of biological field records can 
be reliably predicted by using coarse- grain distribution data as geo-
graphical reference. The variation in model performance among taxa, 
range size classes and continents was marginal, indicating a high de-
gree of generality and transferability of the presented methodologi-
cal framework (Figure 3). Our models were robust to using checklists 
instead of range maps as reference regions. Analyses considering in-
formation gaps in the checklists showed that average- sized regions 
corresponding roughly to country level (100,000 to 1,000,000 km2) 
still produced satisfactory results (Supporting Information 3). These 
results broaden the applicability of bRacatus. Users can manually 
provide any checklist data, or, for plants, benefit from a function 
in the bRacatus R package (giftRegions) that automatically accesses 
and inputs species- level checklists available via the GIFT database 
(Weigelt et al., 2020). As analogous data- lookup services may even-
tually become available for other taxonomic groups (e.g. based on 
IUCN range maps), we intend to include new functionalities to re-
trieve the corresponding reference regions in the future versions of 
the package.

bRacatus's accuracy and biogeographical status estimations are 
less reliable if the reference regions are themselves highly inaccu-
rate or extremely imprecise or incomplete, for instance, because 
they were derived from checklists for (sub)continental regions or 
with large gaps in coverage. In such cases, bRacatus outputs can be 
corrected with further specialist curation, which is facilitated by 
the graphic visualisation provided in the accompanying R package. 

(7)p = 1 − (pn1 ∗ pn2…pnk),
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Small- scale geolocation errors that would still be geographically 
plausible, such as rounded coordinates or small derivations from 
real localities, will probably not be detected by the method. This 
could potentially lead to erroneous interpretations of the environ-
mental context in which the species have been recorded, particu-
larly in regions of high environmentally heterogeneity over short 
distances such as along tropical mountain slopes. Similarly, taxo-
nomic misidentifications between sympatric species may lead to 
erroneous assessments of either species' records as accurate due 
to the spatial proximity between both species' reference regions. 
Similarly, bRacatus outputs may not reliably discriminate biogeo-
graphical status in some cases where alien and native ranges are 
geographically very close or nested, requiring further specialist cu-
ration (Figure 4).

By providing estimates ranging from 0 to 1, bRacatus avoids 
arbitrary filtering thresholds and instead allows propagating con-
tinuous uncertainties in subsequent analyses. For example, the 
uncertainties of individual records could be picked up by SDMs 
or other methods by using weights or by probabilistically sampling 
from alternative record interpretations. By enabling the use of all 
available data while explicitly accounting for individual records' un-
certainties, the bRacatus framework helps to address the common 
trade- off in ecological studies between data coverage and data 
uncertainty (Meyer et al., 2016). Such effective use of all available 

information is arguably an imperative for sound ecological in-
ference and applications in the majority of the most biodiverse, 
tropical regions, which tend to be particularly data scarce (Meyer 
et al., 2015).

Although currently designed for assess spatially detailed biologi-
cal records (e.g. point data), the current methodology could be easily 
adapted for coarser data. For example, the accuracy model could 
potentially be used to validate small- scale species inventories based 
on better curated data, and the biogeographical status model could 
be used to estimate whether a region of unknown status represents 
part of the species' alien or the native range. Such applications could 
further contribute to the cross- information and mutual quality en-
hancement of diverse data types such as checklists, protected- area 
inventories or transect data.

Further developments of the bRacatus R package may add pos-
sibilities to include additional information to further improve the 
accuracy and/or biogeographical status estimations. For example, 
species- specific dispersal- related traits could be incorporated in the 
models, as well as alternative distance matrices reflecting environ-
mental similarities, economic trade links or natural dispersal barriers 
among regions. Such extensions could serve more specific biogeo-
graphical applications such as analyses of niche shifts between 
native and alien ranges or invasion risk assessments. However, we 
caution that such extensions will also impose trade- offs due to 

F I G U R E  3   Box plots showing the models' performance in estimating the accuracy and the biogeographical status of individual records 
under different in- sample (AD, T, RS, C) and out- of- sample (CT, CS, CC) tests. AD = All data, both the train and the test data come from the 
complete data pool; T = Taxa, train and test data from the same taxon; RS = Range size, train and test data from the same range size class; 
C = Continent, train and test data from the same continent; CT = Cross- taxa, train data from one taxon and test data from all other taxa; CS 
= Cross- range size, train data from one range size class and test data from all other range size classes; CC = Cross- continent, train data from 
one continent and test data from all other continents. Lower and upper box boundaries represent the 1st and 3rd quartiles, respectively, line 
inside box represents the median, lower and upper error lines represent the 10th and 90th percentiles respectively. Circles represent data 
falling outside the 10th and 90th percentiles
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potentially increased risks of circular reasoning. A key strength of 
the presented, simpler implementation of the bRacatus method is 
that it yields robust estimations of accuracy and biogeographical 
status by solely relying on the highly general theory of geographi-
cal distance decay of similarity (Tobler, 1970) without requiring that 
any additional ecological assumptions be ‘built into’ the records' 
assessments.
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