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Abstract
Aim: Species occurrence data are valuable information that enables one to estimate 
geographical	distributions,	characterize	niches	and	their	evolution,	and	guide	spatial	
conservation planning. Rapid increases in species occurrence data stem from increas-
ing	digitization	and	aggregation	efforts,	and	citizen	science	initiatives.	However,	per-
sistent quality issues in occurrence data can impact the accuracy of scientific findings, 
underscoring the importance of filtering erroneous occurrence records in biodiversity 
analyses.
Innovation: We	introduce	an	R	package,	occTest,	 that	synthesizes	a	growing	open-	
source	ecosystem	of	biodiversity	cleaning	workflows	to	prepare	occurrence	data	for	
different modelling applications. It offers a structured set of algorithms to identify 
potential problems with species occurrence records by employing a hierarchical or-
ganization	of	multiple	tests.	The	workflow	has	a	hierarchical	structure	organized	in	
testPhases	 (i.e.	cleaning	vs.	testing)	that encompass different testBlocks grouping dif-
ferent testTypes	 (e.g.	 environmental outlier detection),	 which	may	 use	 different	 test-
Methods	(e.g.	Rosner test, jacknife,etc.).	Four	different	testBlocks	characterize	potential	
problems in geographic, environmental, human influence and temporal dimensions. 
Filtering	 and	 plotting	 functions	 are	 incorporated	 to	 facilitate	 the	 interpretation	
of	 tests.	We	provide	 examples	with	 different	 data	 sources,	with	 default	 and	 user-	
defined	parameters.	Compared	to	other	available	tools	and	workflows,	occTest	offers	
a comprehensive suite of integrated tests, and allows multiple methods associated 
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1  |  INTRODUC TION—SPECIES 
OCCURRENCE DATA QUALIT Y

Species occurrence data are a foundation for comparative biology 
and are a major source of information in ecology, evolution, biogeog-
raphy and ultimately influence biodiversity preservation and conser-
vation	efforts	(Lavoie,	2013; Shaffer et al., 1998).	Such	information	
provides important insights into species' ecological requirements 
(e.g.	 niches)	 (Franklin,	2010;	 Peterson	 et	 al.,	2011),	 is	 the	 basis	 of	
range	 delineation	 (Gaston,	 2003),	 can	 be	 used	 to	 estimate	 global	
and	 local	 abundances	 (Enquist	 et	 al.,	 2019; Gotelli et al., 2023),	
and	 can	 critically	 underlie	 conservation	 assessment,	 prioritization,	
monitoring	 (Boonman	 et	 al.,	 2024; Darrah et al., 2017; Enquist 
et al., 2019;	Feng	et	al.,	2021; Guo et al., 2022;	Pelletier	et	al.,	2018; 
Zizka	et	 al.,	2021),	 and	climate	change	exposure	analysis	 (Dawson	
et al., 2011;	Serra-	Diaz	et	al.,	2014).	The	 fidelity	of	 species	occur-
rence records is thus pivotal in developing a more predictive biodi-
versity science.

The	 tremendous	 efforts	 of	 biodiversity	 institutions	 world-
wide	 in	 the	 last	20 years	have	boosted	natural	history	collection	
digitization	and	mobilization	of	species	occurrence	data	(Graham	
et al., 2004;	Guralnick	et	al.,	2007).	 In	parallel,	 there	has	been	a	
rise	 of	 citizen	 science	 programs	 and	 the	 development	 of	mobile	
applications to record biodiversity for different regions and tar-
get	 different	 groups	 (iNaturalist	<https:// www. inatu ralist. org/ >, 
iMapinvasives	 <https:// www. imapi nvasi ves. org/ >,	 etc.).	 These	
massive data inputs have led to biodiversity aggregators that dif-
fer in terms of taxonomic or geographic scope and scientific net-
work	 but	 also	with	 a	 high	 degree	 of	 redundancy	 (e.g.	 the	 same	
record	repeated	in	different	databases)	among	other	data	aggre-
gators	(Feng	et	al.,	2022).

Despite	 significant	 advances	 in	mobilizing	occurrence	data,	 bi-
ases	persist	within	many	biodiversity	datasets	(Enquist	et	al.,	2016; 
Franklin	et	 al.,	2017).	These	biases	undermine	 the	 representative-
ness	and	 reliability	of	big	biodiversity	databases.	Taxonomic,	 tem-
poral,	 and	spatial	biases	are	 still	widespread	 (Maitner	et	al.,	2023; 
Meyer	 et	 al.,	 2016).	 While	 continued	 acquisition	 of	 new	 data	 is	

essential for overcoming these limitations, it is equally crucial to re-
fine the existing data through comprehensive analysis and integra-
tion	of	diverse	data	sources	(Feng	et	al.,	2022).	A	possible	solution	is	
to integrate different data sources and to analyse the quality of the 
current available data at hand.

Integrating datasets or databases is challenging, and it often 
leads to inconsistencies stemming from the underlying data due to 
reuse for different applications than intended, syntactical errors 
(typos),	 different	 data	 sources	 when	 checking	 errors,	 and	 irregu-
larly incomplete metadata. Integration also comes with challenges, 
such as different taxonomic inconsistencies among different data-
bases	for	which	specific	software	for	taxonomic	standardization	has	
been	developed	(Boyle	et	al.,	2013;	Grenié	et	al.,	2023).	Issues	about	
data quality in species occurrence data have largely been identified 
(Engemann	et	al.,	2015; Enquist et al., 2016, 2019;	Feng	et	al.,	2022; 
Franklin	 et	 al.,	 2017;	 Meyer	 et	 al.,	 2016;	 Serra-	Diaz	 et	 al.,	 2017; 
Sillero et al., 2023).	These	include	typical	geographical	errors	such	
as swapping longitude and latitude, coordinates specifying museum 
location rather than specimen observation, or coordinates at 0–0 
longitude-	latitude	when	 coordinates	 are	 not	 available	 (Maldonado	
et al., 2015),	 and	may	 affect	 conservation	prioritization	 and	niche	
analysis	 if	 they	 remain	 undetected	 (Panter	 et	 al.,	 2020; Ribeiro 
et al., 2022).	 Compared	 to	 spatial,	 temporal	 and	 taxonomic	 gaps,	
these errors may only represent a fraction of the issues in biodiver-
sity	data.	However,	identifying	them	is	crucial	to	increase	the	quality	
of the currently available data used in many analyses.

Biodiversity data infrastructures and data aggregators have 
implemented	potential	error	 flagging	workflows	 to	 improve	data	
quality.	 For	 instance,	 the	 Botanical	 Information	 and	 Ecology	
Network	 (BIEN,	 https:// bien. nceas. ucsb. edu/ bien/ )	 performs	 a	
comprehensive set of tests assessing taxonomic issues, identify-
ing	 potential	 non-	native	 records,	 and	 flagging	 cultivated	 speci-
mens	among	others	(Enquist	et	al.,	2019;	Maitner	et	al.,	2018).	As	
another	 example,	 the	 Global	 Biodiversity	 Infrastructure	 Facility	
(GBIF;	 www. gbif. org)	 interprets	 original	 data	 from	 publishers	
and provides users with information on potential error issues in-
cluding taxonomic issues, geospatial issues and recording issues 

with each test to explore consensus among data cleaning methods. It uniquely incor-
porates both coordinate accuracy analysis and environmental analysis of occurrence 
records.	Furthermore,	it	provides	a	hierarchical	structure	to	incorporate	future	tests	
yet to be developed.
Main conclusions: occTest	will	help	users	understand	the	quality	and	quantity	of	data	
available before the start of data analysis, while also enabling users to filter data using 
either	predefined	rules	or	custom-	built	rules.	As	a	result,	occTest	can	better	assess	
each record's appropriateness for its intended application.

K E Y W O R D S
data cleaning, outlier, quality, R, species occurrence
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(countries,	 time,	 elevation;	 https://	data-		blog.	gbif.	org/	post/	issue	
s-		and-		flags/		blog.	gbif.	org/	post/	issue	s-		and-		flags/		 ).	 Besides	 these	
initial quality assessments, users need to determine the impact of 
such	issues	for	a	specific	study	objective.	They	are	bound	to	per-
form	a	study-	specific	filtering	of	records.

Removing	 (e.g.	 cleaning, scrubbing, and filtering)	 low-	quality	 or	
erroneous occurrences may delete a large proportion of the ini-
tial	 dataset,	 is	 time-	consuming,	 and	may	 have	 strong	 implications	
for the analysis. Despite warnings, careful analysis of data quality 
issues and their reporting are not widespread among the scientific 
community	 (Ball-	Damerow	 et	 al.,	 2019).	 Current	 approaches	 to	
geographic	data	 cleaning	using	R	 include	packages	 for	 geographic	
error identification such as coordinateCleaner	 (Zizka	et	al.,	2019)	or	
occOutliers	 (Merow,	 2023),	 packages	 that	 additionally	 implement	
some	error	corrections	such	as	biogeo	 (Robertson	et	al.,	2016),	or	
custom-	built	workflows	incorporating	such	tests	(Jin	&	Yang,	2020; 
Ribeiro et al., 2022;	Serra-	Diaz	et	al.,	2017).	Further,	packages	that	
implement	 taxonomic	 information	 standardization	 and	 geographic	
cleaning	 methods	 have	 been	 released	 (Chamberlain,	 2016; Gueta 
et al., 2018),	and	data	standardization	packages	have	appeared	to	deal	
with	specific	issues	such	as	invasive	species	(Seebens	et	al.,	2020).	
Tools	for	visually	assessing	potential	bias	in	temporal	or	environmen-
tal	trends	are	also	available	(Boyd	et	al.,	2021).	Ultimately,	the	results	
of	this	important	data-	cleaning	step	may	thus	vary	depending	on	the	
tests that have been implemented, which may not be the same de-
pending on the specific tests and methods used.

Tests	 for	 identifying	 potentially	 erroneous	 records	 are	 not	
failproof.	 Tests	 rely	 on	 assumptions,	 thresholds,	 or	 auxiliary	 data	
sources.	For	example,	different	statistical	methods	can	be	used	to	
detect spatial outliers or different data sources may be used to de-
tect urban areas or highly anthropogenic conditions that may sig-
nify	human	introductions	or	cultivated	records.	Performing	multiple	
tests	for	the	same	type	of	issue	(e.g.	coordinate	precision,	outlier	de-
tection,	etc.)	can	draw	from	different	methods'	strengths,	enable	an	
ensemble approach among tests and detect potential false positives.

Here,	we	 present	 the	 R	 package	 occTest.	 In	 occTest	we	 apply	
multiple	 tests	 for	 the	 same	 type	 of	 issues	 synthesizing	 available	
functions and adding newly developed environmental and accuracy 
tests.	We	further	provide	functions	to	generate	summaries	and	plot	
results to guide users in selecting species occurrences.

The	package	is	publicly	available	on	gitHub	(https:// github. com/ 
pepbi	oaler	ts/	occTe	st.	git),	rather	than	CRAN,	due	to	the	large	envi-
ronmental datasets needed for use and examples.

2  |  AN INTEGR ATED APPROACH TO 
OCCURRENCE DATA QUALIT Y CONTROL 
AND A SSESSMENT

In	occTest,	we	flag	species	occurrence	records	based	on	an	organ-
ized	 hierarchy	 and	 scoring	 multiple	 tests	 for	 each	 dimension	 of	
species	occurrence	data	 (environment,	geography,	 time,	accuracy),	
building	on	the	legacy	of	cleaning	workflows	such	as	BIEN	and	data	

issue	identification	from	GBIF.	Two	novel	aspects	of	this	package	are	
the use of multiple tests to analyse occurrence records with respect 
to	 a	 user-	defined	 environmental	 (typically	 climatic)	 grid.	 Thus,	we	
include tests to identify environmental outliers and multiple spatial 
and environmental accuracy issues related to the environmental grid 
of	 interest	 for	 the	given	study.	This	 is	 similar	 to	other	approaches	
to	 assess	 environmental	 bias	 in	 records	 using	 graphs	 (occAssess,	
Boyd et al., 2021),	but	it	differs	as	it	implements	multiple	tests	and	
numerically identifies the outliers, and the consequences of spatial 
(in)accuracies	 in	outlier	detection.	The	workflow	is	taxon	agnostic,	
modular,	and	it	can	summarize	results	consistently	among	different	
issues encountered in occurrence records.

Tests	are	organized	hierarchically	into	phases, blocks, types, and 
methods	 (Figure 1).	 Phases correspond to the major steps in the 
workflow:	clean	(remove	blatant	errors),	test	(apply	different	types	
of	 tests	 to	 characterize	 the	 remaining	 occurrences),	 and	 filter	 (re-
move	records	based	on	rules).	Test	blocks group tests that analyse a 
given	dimension	of	the	occurrence	records.	Four	blocks	are	currently	
implemented:	the	geographic	dimension	(geo),	the	environmental	di-
mension	 (env),	 land use	 and	 anthropogenic	dimension	 (lu),	 and	 the	
temporal	dimension	(time).	Test	Types group different test methods 
to	detect	the	same	issue	using	various	techniques.	For	instance,	the	
test type centroidDetection implements two methods based on dif-
ferent	packages	 (BIEN	and	coordinateCleaner)	 to	 identify	whether	
occurrence records belong to a centroid of an administrative unit. 
For	each	test	type	(testType)	and	test	block	(testBlock),	the	output	of	
occTest	will	give	a	score	corresponding	to	the	proportion	of	meth-
ods	 that	 flagged	 the	 record	 as	 potentially	 problematic	 (Figure 1).	
This	scoring	system	enables	providing	the	basis	for	an	ensemble	ap-
proach	(e.g.	consensus	among	methods)	toward	filtering	occurrence	
records.

occTest	is	specifically	designed	to	work	together	with	the	envi-
ronmental	data	in	a	user's	study.	In	occTest,	we	incorporate	environ-
mental analyses such as outlier detection in the environmental space 
and the impact of coordinate accuracy on species niche estimation. 
Thus,	 it	 is	 fit	 for	 species	distribution	modelling	 and	niche	 analysis	
using	biogeographical	data.	This	will	be	a	key	feature	given	the	in-
creasing availability of higher spatial resolution environmental data, 
especially from remote sensing.

3  |  occTest WORKFLOW OVERVIE W

The	primary	function	of	the	package	is	occTest(). occTest() first stand-
ardizes	input	occurrence	data	and	fields	and	performs	initial	checks	
on	suitable	input	formats.	The	minimum	set	of	information	needed	is	
a species name [character], a dataset with coordinates [data.frame], 
and	 spatial	 grids	 of	 environmental	 (e.g.	 climate)	 variables	 [raster].	
Other information can be specified in the input data.frame or oc-
cTest() and will determine the scope of tests that can be performed. 
For	example,	the	user	can	specify	the	countries	where	species	are	
considered	 native	 versus	 invasive.	 Most	 of	 the	 input	 information	
(table	 columns)	 borrows	 from	GBIF	 table	 structure,	 but	 users	 can	
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set	custom	column	names	directly	(see	example	2	below).	Notably,	
some tests may require large data sets that need to be downloaded 
(e.g.	raster	of	human	influence	index),	and	occTest	provides	defaults	
for automated downloads.

In	the	first	cleaning	phase,	the	workflow	identifies	typical	known	er-
rors	like	missing	coordinates,	coordinates	at	latlong	(0,0),	and	in	wrong	
environments	(e.g.	land/sea).	It	further	applies	a	correction	method	for	
land/sea	reassignment	(Robertson	et	al.,	2016).	That	is,	for	a	terrestrial	

F I G U R E  1 Diagram	of	the	occTest	workflow.	The	workflow	requires	input	data	and	settings	(light	yellow	box)	to	initialize	the	occTest() 
function,	which	will	implement	a	series	of	quality	tests	in	phases	(yellow	boxes)	test	blocks	(dark	grey	boxes)	and	test	types	(light	grey	boxes).	
The	first	phase	(Clean)	involves	applying	several	test	types	(testTypes)	to	filter	out	erroneous	records.	In	the	second	phase	(Test)	a	series	of	
tests	will	characterize	potential	types	of	errors	(e.g.	centroids,	outliers—light	grey	boxes)	using	several	methods	that	can	be	used	to	identify	
such	errors	(numbers	in	parentheses	see	Table 1).	Results	are	summarized	in	scores	by	testType or by testBlock.	Test	and	scoring	results	are	
joined to the initial dataset to produce an occTest	data.frame-	type	object.	This	object	can	be	filtered	(occFilter())	according	to	several	either	
pre-		or	user-	defined	rules.	occTest	and	occFilter	outputs	can	be	plotted	using	plot-	generic	methods.

testTypes testMethods Flagged records Package(s)

coordIssues missing Missing	coordinates occTest

invalCoord Invalid coordinate format Modified	from	biogeo

zeroCoord lat = 0,	long = 0	coordinates coordinateCleaner

coordConv Pattern	interval Modified	from	
coordinateCleaner in 
occTest

duplicates dupGrid Records in the same 
gridcell in the 
environmental value

occTest

dupExact Records with the exact 
same coordinates

Modified	from	biogeo

TA B L E  1 Tests	performed	during	the	
cleaning	phase	(Figure 1).	It	integrates	
functions coordinateCleaner	(Zizka	
et al., 2019)	and	biogeo	(Robertson	
et al., 2016).
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TA B L E  2 Tests	performed	during	the	test	phase	(Figure 1).	It	integrates	functions	or	modified	versions	of	them	from	packages	
coordinateCleaner	(Zizka	et	al.,	2019),	occOutliers	(Merow,	2023),	biogeo	(Robertson	et	al.,	2016),	flexsdm	(Velazco	et	al.,	2022)	and	functions	
used	in	the	BIEN	workflow	(Maitner	et	al.,	2018).

testTypes testMethods Flagged records Package

countryStatusRange wrongNTV Records located outside the native range 
(country-	level)

occTest

wrongCTRY Incongruence between coordinate location and 
country of record

occTest,	coordinateCleaner

wrongINV Records located outside the alien range 
(country-	level)

occTest

centroidDetection BIEN Records located in the centroid of several 
administrative entities or nearby

BIEN*

CoordinateCleaner Records located in the centroid of several 
administrative entities

coordinateCleaner*	(cc_cap,	cc_cen)

geoOutliers alphaHull Records	outside	an	alphaHull	shape	(default	2) occTest

distance Records whose distance to other records is >x, 
x = 1000	by	default,	can	be	changed

Modified	from	coordinateCleaner*
cc_outl(method=’distan	ce’)

median Their	mean	distance	to	all	other	records	of	
the	same	species	is	larger	than	mltpl	*	the	
interquartile range of the absolute median 
distance of all records of this species

Modified	from	coordinateCleaner*	cc_outl	
(method=’mad’)

quantileSamplingCorr Their	mean	distance	to	all	other	records	of	
the	same	species	is	larger	than	mltpl	*	the	
interquartile range of the mean distance of all 
records of this species

Modified	from	coordinateCleaner	*	cc_outl
(method=’quantile’)

Grubbs A	statistical	test	to	determine	if	a	distribution	
has	either	one	or	two	outliers.	The	Euclidean	
distance between each occurrence record 
and the centroid of all records, in either 
geographic or environmental space, is 
calculated, and the Grubbs outlier test is 
performed on this distribution

Modified	from	occOutliers*

Dixon Performs	Dixon	test	to	identify	outliers. Modified	from	occOutliers*

Rosner Perform	Rosner's	generalized	extreme	
Studentized	deviate	test	for	up	to	k	potential	
outliers in a dataset

Mcp Records that are excluded from the minimum 
convex polygon that was built using the 
selected	threshold	(default	to	95%)	as	
percentage of the records of this species

occTest

geoenvLowAccuracy lattice Occurrences	originating	from	a	rasterized/lattice	
scheme

CoordinateCleaner*	(cc_round)

elevDiff Difference between recorded elevation and 
raster elevation >threshold	(default	100 m)

occTest

percDiffCell Percentage	of	times	the	record	falls	in	a	different	
cell grid of the environmental raster given an 
accuracy measure

occTest

humanDetection HumanInfluence Records	with	high	human	modification	(Kennedy	
et al., 2019),	but	user	may	provide	preferred	
data	source)

occTest

UrbanAreas Records in urban areas coordinateCleaner

landUseType wrongLU Records	in	a	specified	land	use	(user	provides	
data	source)

occTest

institutionLocality fromBotanicLocalityName Records	likely	to	be	in	a	botanical	garden	from	
locality

occTest

fromCoordinates Records located in biodiversity institutions or 
GBIF	headquarters

coordinateCleaner	(cc_inst	and	cc_gbif)

(Continues)
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6 of 15  |     SERRA҃	DIAZ et al.

species	(default	option,	otherwise	habitat='sea’ in occTest())	with	an	oc-
currence record in the sea but adjacent to the coastline, the record will 
be	relocated	to	the	nearest	grid	cell	in	a	terrestrial	environment—and	
keep	the	original	coordinates	as	output	together	with	modified	ones.	
occTest()	 differentiates	 true	 vs.	 grid-	dependent	 duplicates	 (Table 1);	
that is whether the coordinates of two records match exactly or simply 
fall	within	the	same	grid	cell	of	the	environmental	data	(Figure 1).	This	
information may help develop sampling effort or sampling bias layers. 
After	these	initial	filtering	tests,	the	workflow	sets	aside	records	that	
did not pass these cleaning phase	tests.	This	initial	filtering	speeds	up	
the	subsequent	tests	and	 increases	the	reliability	of	some	tests	 (e.g.	
outlier	detection).

A	series	of	test	types	(testTypes)	organized	in	larger	blocks	(test-
Blocks)	 are	 then	 applied	 to	 the	 remaining	 occurrences	 during	 the	

test	phase	(Figure 1 and Table 2).	First,	the	workflow	identifies	oc-
currences	from	regions	where	the	species	is	native	or	non-	native—
should	 the	 user	 provide	 such	 information—and	 tests	 the	 match	
between coordinates and the country where the record has been 
reported.	Subsequently,	several	testMethods	are	applied	to	identify	
issues	in	geographical	space,	and	land	use	space	(checks	related	to	
anthropogenic	 issues	 like	 location	 in	biodiversity	 institutions	or	 in	
urban	areas),	 environmental	 space	 (occurrences	 in	 suspicious	mar-
ginal	 habitats	 or	 without	 associated	 environmental	 information),	
temporal	space	(issues	related	to	dates	of	the	record).	In	addition,	we	
developed	new	testMethods	and	testTypes	to	quantify	how	coordi-
nate accuracy may affect the uncertainty around a climate variable 
at	the	location	(Table 2).	These	are	relevant	when	working	at	higher	
resolution climate variables.

testTypes testMethods Flagged records Package

geoenvLowAccuracy envDiff occTest

envOutliers missingEnv Missing	environmental	information occTest

bxp Records 1.5 times beyond the length of the box in 
the boxplot

occTest

Grubbs Records with euclidean environmental distance 
far from the centroid of all records, based on a 
Grubbs outlier test with with p value <0.005

Modified	from	occOutliers

Dixon Performs	Dixon	test	to	identify	outliers. Modified	from	occOutliers

Rosner Perform	Rosner's	generalized	extreme	
Studentized	deviate	test	for	up	to	k	potential	
outliers in a dataset

Modified	from	occOutliers

jack Reverse	jackknife	method	detection	of	
environmental outliers

flexsdm

svm Supported vector machine method for detection 
of	environmental	outliers.	Absence	data	
simulated	based	on	a	buffer	zone	around	
presences corresponding to the median 
distance	among	presence	points.	Absences	
correspond	to	60%	of	the	area	and	less	than	
10,000 absence points

flexsdm

rf Random forests method for detection of 
environmental	outliers.	Absence	data	
simulated	based	on	a	buffer	zone	around	
presences corresponding to the median 
distance	among	presence	points.	Absences	
correspond	to	60%	of	the	area	and	less	than	
10,000 absence points

Modified	from	flexsdm

rfout Random forests outlier method for detection 
of	environmental	outliers.	Absence	data	
simulated	based	on	a	buffer	zone	around	
presences corresponding to the median 
distance	among	presence	points.	Absences	
correspond	to	60%	of	the	area	and	less	than	
10,000 absence points

Modified	from	flexsdm

lof Local	outlier	factor	method	for	detection	of	
environmental outliers

flexsdm

timeLowAccuracy noDate No	timestamp	available	for	the	record occTest

noDateFormatKnown Timestamp	format	not	known occTest

outDateRange Timestamp	out	of	a	range	of	dates occTest

TA B L E  2 (Continued)
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    |  7 of 15SERRA҃	DIAZ et al.

The	workflow	 output	 is	 the	 initial	 occurrence	 data.frame	with	
additional	 columns	 indicating	 the	 results	 of	 the	 tests.	 The	 addi-
tional columns indicate the results of each test following a struc-
tured nomenclature of <testType>_<testMethod>_value and 
<testType>_<testMethod>_test	 (Figure 1).	The	 *_value	column	 indi-
cates	the	result	of	the	test	(numeric	or	logical).	In	contrast,	the	*_test	
is	a	 logical	output	 (True	or	False)	 indicating	 if	 the	 record	 is	 flagged	
according to that specific test and method. In some tests, there is 
also	a	column	named	*_comments	where	details	of	the	methods	are	
specified	 (see	 Example	 1).	 For	 instance,	 it	will	 show	 the	 threshold	
of >45	 used	 to	 detect	 high	 human	 influence	 (default	 to	 (Kennedy	
et al., 2019),	but	may	be	provided	by	the	user)	in	a	record.	NA	values	
indicate that a test was not performed.

4  |  E X AMPLE 1:  S IMPLE TESTING

The	most	minimal	 input	 consists	 of	 an	 input	 data.frame	 (with	 key	
specified	 data	 columns)	 and	 a	 multilayer	 raster	 object	 with	 envi-
ronmental	 data.	 The	 occTest	 function	 default	 values	 follow	 GBIF	
naming conventions, so you must reformat the table to match those 
names	or	modify	the	settings	(see	Example	2).

As	 testing	 can	 be	 slow,	 particularly	 with	 very	 large	 datasets,	
occTest	 provides	 status	 messages	 that	 report	 the	 time	 elapsed	
in each test. It can be controlled with the parameter verbose  
in occTest().

The	result	is	a	data.frame	of	class	occTest,	which	adds	to	the	ini-
tial data.frame a series of columns specifying the tests.

We	 can	 identify	 and	 select	 a	 given	 test	 through	 column	 no-
menclature of <testBlock>_<testType>_test,	 or	 identify	 scores	
(proportion	 of	 failed	 tests)	 in	 <testBlock>_score.	 For	 instance,	
one can easily identify in our dataset the number of occur-
rences that failed to pass a given rate of geographical outlier  
tests as:

In this case, three occurrences had 50 percent of the tests flag-
ging	them	as	outliers	in	the	geographic	space.	Note	that	the	212	re-
cords	where	the	score	is	NA	represent	occurrences	where	the	tests	
have	not	been	performed.	Typically,	 this	 is	 because	 these	 records	
have been removed by the initial cleaning phase of erroneous re-
cords	(e.g.	occurrence	in	the	sea,	etc.).	All	output	summary	columns	
are	available	in	Appendix	S1.

5  |  E X AMPLE 2:  USER-  DEFINED INPUTS

We	use	a	predefined	example	dataset	stored	in	the	occTest	package	
to	showcase	customization	of	the	default	parameters.	It	consists	of	a	
virtual	species	with	occurrence	records	spread	in	the	Mediterranean	
basin	between	France	and	Spain.	The	species	 is	considered	native	
in	the	Iberian	Peninsula	and	invasive	in	France	(Figure 2).	In	this	ex-
ample, we input raster for elevation and climate to a specific vector 
file with a coastline that is more detailed than the default layer of 
the	occTest	package.	We	also	want	to	isolate	occurrences	in	highly	
human influenced regions.

The	 user	 can	 define	 which	 tests	 to	 turn	 off	 or	 modify	
through	 three	 parameters	 in	 the	 occTest	 function:	 tableSettings, 

#Download occurrence data occ_data <- spocc::occ(query = 

'Martes martes')  occ_data <- spocc::occ2df(occ_data) 

#Set the table columns to match occTest namings

names (occ_data)[c(2,3)] <- c('decimalLongitude','decimalLatitude') 

#Load needed environmental data

environmentRaster <- geodata::worldclim_global(var = 'bio',path=tempdir(),r es=10) 

#Test occurrences (with default parameters)

outMartesMartes <- occTest::occTest(sp.name='Martes martes',                                     

sp.table = occ_data, 

r.env = environmentRaster)

class(outMartesMartes)

## [1] "occTest"    "data.frame"

tail(names(outMartesMartes), n=7)

## [1] "timeAccuracy_noDateFormatKnown_value"    

## [2] "timeAccuracy_noDateFormatKnown_test"     

## [3] "timeAccuracy_noDateFormatKnown_comments" 

## [4] "timeAccuracy_outDateRange_value"         

## [5] "timeAccuracy_outDateRange_test"          

## [6] "timeAccuracy_outDateRange_comments"      

## [7] "timeAccuracy_score"

table(outMartesMartes$geoOutliers_score,exclude = F)

0 0.166666666666667 0.333333333333333               0.5 

264                19                 8                 3 

0.666666666666667              <NA> 

4               202

#load data sp_file <- system.file('ext/exampleOccData.csv',package='occTest') 

occ_species_raw <- read.table(file = sp_file,header = T,sep = ',',as.is = T 
) 

#load the raster of the environmental variables to the specific region ras_env <- 

system.file('ext/AllEnv.tif',package='occTest') |> terra::rast() 

#load a high resolution raster of elevation ras_dem <- system.file('ext/DEM.tif',package='occTest') 

|> terra::rast() 

#load a high resolution coastlines pol_ctry <- system.file('ext/countries.rds',package='occTest') |> 
readRDS()
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8 of 15  |     SERRA҃	DIAZ et al.

analysisSettings and writeoutSettings.	These	consist	of	 three	named	
lists	specifying	(1)	the	input	information	(tableSettings),	(2)	the	type	
and	naming	of	outputs	(writeoutSettings),	and	(3)	the	types	of	tests	
implemented	and	their	parameters	(analysisSettings).	These	three	pa-
rameters	are	set	to	NULL	by	default	in	occTest() and internally loaded 
via the defaultSettings()	 function.	However,	 these	 can	be	modified	
via	the	set_*	family	of	functions,	which	provide	shortcuts	to	load	and	
modify default functions.

Input occurrence column names can be specified via the set_
tableNames()	 (e.g.	changing	defaults).	One	can	turn	on	or	off	certain	
testTypes or testBlocks through set_testTypes() or set_testBlocks(), or 
to specify outputs, set_writeout().	Here,	we	provide	a	quick	example	
where we change column names read by occTest()	by	default	 (rather	
than changing the names in the initial occurrence data table to match 
the defaults of occTest).	We	additionally	set	the	geoEnvAccuracy	tests	
off	and	ask	the	workflow	to	write	all	outputs	and	tables	derived	to	disk.

F I G U R E  2 Plot	showing	a	virtual	species	(a)	passing	through	the	geographical	outlier	tests	(b),	the	human	influence	tests	(c)	and	the	
environmental	outlier	tests	(d).	The	extent	of	the	plotting	area	has	been	modified	to	match	the	input	raster	data	for	display	purposes,	as	
some occurrences are far from the range to simulate different types of outliers.
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    |  9 of 15SERRA҃	DIAZ et al.

To	customize	internal	parameters	and	default	data,	we	recommend	
using defaultSettings()	to	load	the	default	structure	of	the	occTest	pa-
rameter settings tableSettings, analysisSettings and writeoutSettings, 
and	modify	internal	values	based	on	that	structure.	A	complete	analy-
sis is performed with fullSettings().	A	full	guide	to	settings	is	provided	
in	show_*	family	of	functions:	show_tableSettings(), show_writeoutSet-
tings(), and show_analysisSettings().

As	an	example	of	how	to	do	so,	we	provide	code	where	we	 (i)	
modify the threshold to 50 for the human influence index to elim-
inate	records	under	strong	human	influence,	 (ii)	use	highresolution	
countries	polygons,	(iii)	turn	off	the	whole	set	of	test	types	for	the	
geoenvironmental	accuracy	analysis,	and	(iv)	only	use	the	 ‘Grubbs’	
method	 (Table 1)	 to	 identify	 outliers	 in	 the	 environmental	 space.	
This	example	further	illustrates	the	structure	of	the	lists	in	occcTest	
settings	parameters.	For	better	display	of	 the	 list,	we	 recommend	
using the listviewer	package	(de	Jong	et	al.,	2023).	The	results	of	the	
filtering approach can be seen in Figure 2.

6  |  E X AMPLE 3:  FILTERING occTest 
OUTPUT

occFilter() automatically filters results from occTest().	 Two	 pa-
rameters	 control	 how	 occurrences	 are	 removed:	 (1)	 the	 error	 ac-
ceptance	 threshold	 (errorThreshold)	 and	 (2)	 the	 level	 at	 which	 the	
threshold	 is	applied	 (by,	e.g.	 testTypes or testBlocks).	errorThreshold 
is a numeric value from 0 to 1 removing records above a certain 
specified	level,	which	can	be	at	the	testType	level	or	the	testBlock	
level.	For	 instance,	when	errorThreshold = 0.5	and	by=“testTypes”,	
the	 function	 will	 filter	 records	 in	 which	 more	 than	 50%	 of	 test	
types	 fail	 (e.g.	 geographic	 outlier	 test,	 environmental	 outlier	
tests, etc., Figure 1).	These	thresholds	are	not	applied	to	the	tests	
in the initial cleaning phase because these have already failed 
the	 basic	 requirements	 for	 inclusion	 in	 most	 analyses	 (Figure 1).	
The	 user	 can	 see	 classification	 of	 testTypes	 and	 testBlocks	 using	 
show_tests().

#show default settings

show_tableSettings() #modify 

settings

my_table_Settings <- set_tableNames(x.field = 'MAPX',                                     

y.field = 'MAPY', 

t.field = 'DATE', 

l.field = 'LOCALITYNAME', 

c.field = 'CONTRYRECORD', 

e.field = 'ELEVATION', 

a.field =c('UNCERTAINTY_X_M','UNCERTAIN TY_Y_M')) 

my_analysis_settings <- set_testTypes(geoenvLowAccuracy = T) 

my_writeout_settings <- set_writeout(output.dir = getwd(),writeAllOutput = 
T) 

#run workflow

occ_species_test <- occTest(sp.name = 'Genus_species', 

sp.table = occ_species_raw,

r.env =ras_env, 

tableSettings = my_table_Settings,                             analysisSettings = 

my_analysis_settings,                             writeoutSettings = 

my_writeout_settings, 

r.dem =ras_dem,

ntv.ctry = 'ESP', 

inv.ctry = 'FRA',                             verbose = T)

#load default structure of settings default_settings <- defaultSettings() 

my_analysis_settings <- default_settings$analysisSettings 

#modify some analysis table parameters

my_analysis_settings$humanAnalysis$th.human.influence <-50
my_analysis_settings$rangeAnalysis$countries.shapefile <-pol_ctry 
my_analysis_settings$rangeAnalysis$countryfield.shapefile <- 'ISO'
my_analysis_settings$geoenvLowAccuracy$doGeoEnvAccuracy <- F
my_analysis_settings$envOutliers$methodEnvOutliers <- "grubbs"

#run occTest with my new parameters occ_species_test occTest(sp.name = 

'Genus_species',                           

sp.table = occ_species_raw, 

r.env =ras_env, 

tableSettings = my_table_Settings, 

analysisSettings = my_analysis_settings,                      writeoutSettings = 

my_writeout_settings,

r.dem = ras_dem,

ntv.ctry = 'ESP', 

inv.ctry = 'FRA', 

verbose = T)
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10 of 15  |     SERRA҃	DIAZ et al.

The	 output	 of	 occFilter	 is	 a	 list	 of	 class	 “occFilter”	with	 three	
named	elements:	 (1)	filteredDataset—the	filtered	 initial	dataset,	 (2)	
summaryStats—showing	the	number	of	tests	performed,	the	overall	
score	per	 testType,	 and	 (3)	 rule—a	data.frame	with	 the	 thresholds	
used per test.

The	user	can	set	test-	specific	thresholds	via	the	custom param-
eter in occFilter().	For	guidance,	we	provide	some	arbitrarily	defined	
thresholds that can be used through the parameter errorAcceptance 
and	corresponding	to	filtering	philosophies	of	a	“relaxed”	user	(error-
Threshold = 0.7),	a	“strict”	user	 (errorThreshold = 0.2)	or	a	diplomatic	
user	 who	 will	 filter	 according	 to	 a	 “majority”	 rule	 (errorThresh-
old = 0.5).	We	provide	here	a	code	example	to	filter	the	above	data-
set	at	the	testType	level	under	a	‘relaxed’	philosophy.

Summary columns are provided and identified as <testType > _
score.	This	score	corresponds	to	the	fraction	(0–1)	of	methods	that	
flagged	a	given	record	for	a	given	test	type.	For	example,	a	score	of	
0.5 in the envOutliers_score column indicates that half of the tests 
related to detecting outliers in the environmental space flagged the 
occurrence	as	problematic	(see	Example	1).

The	 overall	 structure	 and	 naming	 conventions	 allow	 for	 addi-
tional methods and test types to be implemented. It also facilitates 
a transparent output where users can remove records based on 
their	 specific	 case	 study.	 We	 additionally	 provide	 occFilter() that 

automatically removes occurrences based on default thresholds on 
each	test	type	score	(Example	3).	Nevertheless,	we	strongly	encour-
age	users	to	customize	their	filtering	to	ensure	that	the	quality	as-
sessment	is	suitable	for	the	study	(Veiga	et	al.,	2017).

7  |  E X AMPLE 4:  PLOT TING occTest

We	provide	 a	 generic	plot	 function	 for	occTest.	 The	method	plot.
occTest	allows	to	plot	the	 initial	coordinates	filter	phase	 (Figure 1)	
when	only	the	occTest	output	is	provided	(Figure 2a).

When	the	 result	of	 the	 filtering	process	 (described	 in	Example	
3)	is	provided	as	a	second	argument	in	the	plot	function,	a	plot	for	
each	filtering	result	testType	or	testBlock	is	mapped	(Figure 2b–d).	If	
the	user	has	chosen	to	perform	a	custom	filtering	with	the	‘custom’	
parameter of occFilter(), the plots can also be produced.

The	maps	returned	by	plot.occTest	are	shown	in	Figure 3.	When	
possible, a visual verification of the filtering process should be per-
formed	as	 it	checks	the	relevance	of	 tests	and	thresholds	applied.	
This	 enables	 adjusting	 the	errorAcceptance. In our Quercus petraea 
example, the land use and human influences tests might be too strin-
gent	and	remove	59	records	 (Figure 3).	Keep	 in	mind	that	plotting	
many occurrences may hamper the correct display of the filtering 
process.	The	user	can	still	use	the	output	from	occTest	and	occFilter	
to create custom displays and verifications of the test value and fil-
tering process, respectively.

## List of 3 

##  $ filteredDataset: tibble [6 × 146] (S3: tbl_df/tbl/data.frame) 

##   ..- attr(*, "Settings")=List of 3 

##  $ summaryStats   :'data.frame': 50 obs. of  27 variables: 

##  $ rule           :'data.frame': 8 obs. of  2 variables: 

##  - attr(*, "class")= chr [1:2] "occFilter" "list" 

##  - attr(*, "Settings")=List of 3

#getting tree occurrences from a central European oak tree

df_qupe <- spocc::occ (query ='Quercus petraea',limit = 1000) occ_data_qupe <-

spocc::occ2df(df_qupe) 

names (occ_data_qupe)[c(2,3)] <- c('decimalLongitude','decimalLatitude') 

#downloading environmental data

renv <- geodata::worldclim_global(var = 'bio',path=tempdir(),res=10)  

#running occTest out_qupe <- occTest(sp.name='Quercus 

petraea', 

sp.table = occ_data_qupe , 

r.env = renv, 

verbose = F)

plot(out_qupe)

occ_species_test <- occTest(sp.name = 'Genus_species', 

sp.table = occ_species_raw,

r.env =ras_env,

tableSettings = my_table_Settings,

r.dem =   ras_dem,

ntv.ctry = 'ESP', 

inv.ctry = 'FRA', 

verbose = T) 

outFiltered_byTestType  <- occFilter(df = occ_species_test,
errorThreshold = 0.8, 
by = 'testType')

str(outFiltered_byTestType,max.level = 1)

# running a strict filtering process

out_filtered_qupe <- occFilter(df = out_qupe , errorAcceptance = 'strict') 

# adding the occFilter object to the plot

list_of_plots <- plot(x = out_qupe ,

occFilter_list = out_filtered_qupe, show_plot = F) 

list_of_plots

 14668238, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/geb.13847 by U

niversity A
t B

uffalo (Suny), W
iley O

nline Library on [16/04/2024]. See the Term
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline Library for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons License



    |  11 of 15SERRA҃	DIAZ et al.

8  |  E X AMPLE 5:  ADDING YOUR OWN 
TESTS

The	user	can	incorporate	customized	testMethods that may be impor-
tant for a specific analysis, and subsequently recompute scores with 
reTest()	and	filter	occurrences.	The	user	must	supply	a	data.frame	with	
column	names	using	the	same	nomenclature	used	in	occTest:	testType_
testMethod_test	(logical).	We	encourage	the	user	to	additionally	supply	
the testType_testMethod_value	 (numeric	 or	 logical)	 and	 testType_test-
Method_comment	(character)	but	only	the	testType_testMethod_test is 
required.	Here	we	continue	with	Example	4	data	to	incorporate	a	new	
(simulated)	testMethod	in	the	humanDetection	testType:

myNewTest <- data.frame (humanDetection_myInventedTest_test=sample (c(T,F), replace = T,size = 
nrow(out_qupe))) 

out_test_newAdded <- reTest(occTest_result = out_qupe, 

my_new_test =  myNew Test) 

df_compare <- data.frame (new_score= out_test_newAdded$humanDetection_score
, 
old_score = out_qupe$humanDetection_score) 
head (df_compare)
##   new_score old_score 

## 1 0.3333333       0.5 

## 2 0.0000000        NA 

## 3 0.6666667       0.5 

## 4 0.3333333       0.5 

## 5 0.6666667       0.5 

## 6 0.3333333   0.5

F I G U R E  3 Output	of	the	generic	plotting	function	for	an	occTest object when both the occTest output and the occFilter output are 
provided.	Results	shown	for	(a)	the	filtering	phase,	and	for	three	testBlocks:	(b)	geographical	outliers,	(c)	land	and	human	influence	tests,	and	
(d)	environmental	tests.	Map	extent	has	been	reduced,	as	it	included	some	outlier	occurrences	in	Australia,	to	improve	the	readability.
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Filter results Removed Removed by another test Kept occurrences

9 occurrences removed by these tests
Geographical outliers tests(b)

40!N

45!N

50!N

55!N

60!N

10!W  0! 10!E 20!E 30!E 40!E 50!E

Filter results Removed Removed by another test Kept occurrences

29 occurrences removed by these tests
Land uses and human influence tests(c)

40!N

45!N

50!N

55!N

60!N

10!W  0! 10!E 20!E 30!E 40!E 50!E

Filter results Removed Removed by another test Kept occurrences

18 occurrences removed by these tests
Environmental outliers tests(d)
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9  |  occTest PERFORMANCE AND TESTS 
AGREEMENT

We	 tested	 the	 package	 behaviour	 on	 a	 sample	 of	 1000	 species	
(Appendix	 S2).	 We	 randomly	 extracted	 a	 species	 list	 from	 the	
Global	 Tree	 Search	 List	 (v1.6,	 Beech	 et	 al.,	 2017)	 and	 queried	
the	 Global	 Biodiversity	 Infrastructure	 Facility	 (GBIF	 www. gbif. 
org	[GBIF.Org	User,	2023]).	Because	taxonomies	do	not	perfectly	
match among the two databases, the final set of species in this 
test	 is	907.	For	each	 species,	 the	number	of	occurrences	 ranged	
from	1	to	51,848	occurrences.	We	tested	these	occurrences	with	
a standard climate data of mean annual temperature and an-
nual	 precipitation	 at	 30 arcsec	 resolution	 (worldclim	 v2,	 Fick	 &	
Hijmans,	2017).	We	ran	occTest() with full settings, including tests 
of	geo-	environmental	accuracy.	Still,	we	did	not	perform	land	use-	
related	tests	because	land-	use	type	exclusion	is	a	specific	test	that	
depends	on	the	analysis.	In	contrast,	we	seek	general	information	
on	workflow	elapsed	times.

The	median	processing	time	for	occTest()	 is	18.34 s	per	species	
(11.62 s	interquartile	range)	on	an	Apple	M2	Max	in	R	version	4.3.0.	
Time	elapsed	varied	with	sample	size,	although	it	peaked	at	ca.	50 s	
(Figure 4).	The	maximum	elapsed	time	for	a	single	species	was	re-
corded for Ailanthus altissima (Mill.) Swingle, with 51,848 records and 
2690.93 s	of	testing	time.

Across	 different	 tests	 implemented,	 we	 observe	 an	 overall	
agreement	in	tests	of	around	90%	across	methods	for	each	testType	
(Figure 5a),	except	for	the	tests	related	to	accuracy	in	geographic	and	
environmental	 space.	This	 large	agreement	 is	due	 to	 the	many	 re-
cords that passed all the implemented tests. Upon restricting results 
to	records	flagged	with	potential	issues	by	at	least	one	testMethod,	

consensus	among	methods	is	noticeably	 lower.	A	minimal	percent-
age of cases exist where all methods unanimously identify a record 
as a potential issue, as illustrated in Figure 5b.	The	 low	consensus	
rate is particularly noticeable for tests related to outlier detection in 
environmental and geographic spaces and those related to accuracy 
level.	The	 little	variation	around	some	 tests	 is	due	 to	only	2	 tests	
being	performed.	Hence,	0.5	 is	 the	only	possible	value	when	test-
Methods	disagree.	This	disagreement	showcases	the	need	to	further	
evaluate different dimensions and methods to identify potential is-
sues in occurrence data.

10  |  BEST PR AC TICES FOR PACK AGE 
APPLIC ATION

occTest	was	built	to	apply	and	incorporate	different	tests	in	a	single	
workflow	with	a	common	taxonomy	of	potential	errors	to	facilitate	
data	preparation	for	biogeographic	analysis.	The	use	of	automatic	
workflows	to	detect	errors,	however,	should	be	used	with	extreme	
caution.	First,	every	taxon	and	region	may	hold	different	biases	af-
fecting	quality	tests.	For	instance,	outlier	detection	is	affected	by	
different	sampling	strategies	across	species	 ranges.	Human	 influ-
ence should be coupled with temporal analysis and may thus be a 
desired	characteristic	of	the	study.	As	a	result,	the	human	dimen-
sion	tests	applied	in	occTest	may	not	be	a	suitable	filtering	options	
and	should	be	turned	off.	Grid-	duplicates	are	important	to	account	
for sampling effort and can be used in analyses as to understand 
biodiversity	data	completeness	(Lobo	et	al.,	2018).	All	in	all,	occTest	
is best used to identify and explore such potential errors, but iden-
tifying the source of such errors and correct for them should be 
performed	 by	 the	 researcher,	 based	 on	 the	 taxa	 knowledge,	 and	
aims	of	the	study.	We	encourage	the	deep	exploration	of	the	tests	
before performing automated filtering approaches, and to use 
occTest	 to	 help	 report	 on	 species	 distribution	models	 steps	 (see	
ODMAP;	Zurell	et	al.,	2020)	and	to	assess	the	potential	for	risk	of	
bias	in	occurrence	data	samples	(see	ROBBIT,	Boyd	et	al.,	2022).

11  |  SUMMARY

The	occTest	package	provides	a	synthetic	way	of	applying	common	
and	 new	 tests	 (spatial	 accuracy,	 environmental	 space	 outliers)	 for	
potential	 issues	 in	species	occurrence	data.	A	vignette	with	exam-
ples	is	available	together	with	a	package	on	Github.	An	in-	depth	vi-
gnette	can	be	found	at	vignetteXtra-	occTest.
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