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1  | INTRODUC TION

Searching for drivers of spatial variation in biodiversity is a cen-
tral aim in ecology and biogeography (e.g., Rhode, 1992; Wiens & 
Donoghue, 2004). Key to this effort are robust accounts for the 

distributions of biodiversity, such as global species richness maps. 
Species richness in space is also a commonly considered variable for 
defining conservation priorities geographically (Myers, Mittermeier, 
Mittermeier, Fonseca & Kent, 2000). To date, studies of large scale 
patterns in terrestrial biodiversity have focused primarily on free 
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Abstract
Aim: Parasites are a major component of global ecosystems, yet spatial variation in 
parasite diversity is poorly known, largely because their occurrence data are limited 
and thus difficult to interpret. Using a recently compiled database of parasite oc-
currences, we compare different models which we use to infer parasite geographic 
ranges and parasite species richness across the globe.
Innovation: To	date,	most	studies	exploring	spatial	patterns	of	parasite	diversity	as-
sumed, with little validation, that the geographic range of a parasite species can be 
represented by the collective geographic range of its host species. Our study com-
pares this assumption with a suite of other methods to infer parasite distribution from 
parasite occurrence data (e.g., based on data density, ecoregions and climatic condi-
tions). We highlight diversity hotspots identified by the various methods and compare 
the effects of sampling intensities in different regions, a crucial factor determining 
observed parasite diversity.
Main conclusions: The type of model used to infer parasite distributions affects es-
timates of both total species richness and spatial patterns of hotspots of parasite 
richness. Overall, the models based on reported occurrences share similar areas of 
high parasite richness that tend to be biased towards areas of high sampling effort. 
In contrast, the model based on host distributions showed hotspots of parasite di-
versity	that	are	biased	towards	areas	of	high	host	species	richness.	Accounting	for	
sampling effort could only help to reconcile the outcome from the different models 
in some regions. Further, the non-saturated species accumulation curves even for 
the	best	studied	regions	of	the	world	such	as	Europe	and	North	America	serve	as	a	
call for further sampling effort and development of effective analytic tools that can 
provide robust accounts of global parasite diversity.
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living organisms, particularly vertebrates (e.g., Ceballos & Ehrlich, 
2006;	Morales‐Castilla	et	al.,	2011;	Orme	et	al.,	2005)	due,	in	large	
part,	to	the	availability	of	expert‐based	range	maps	(Ficetola	et	al.,	
2014; IUCN, 2007). In contrast the biogeography of parasites, a 
major component of the earth’s biodiversity, has been largely ne-
glected even though they can serve critical roles in understanding 
and predicting future outbreaks and advancing the field of macro-
ecology	in	general	(Stephens	et	al.,	2016).

Although	parasites	are	estimated	to	make	up	at	 least	half	of	all	
existing	biodiversity	globally	(Larsen,	Miller,	Rhodes,	&	Wiens,	2017;	
Poulin & Morand, 2004), few empirical studies have investigated 
large scale patterns of parasite diversity. Our knowledge of parasite 
diversity, in general, lags far behind that of free-living organisms. 
Recognition that study effort is the best predictor of the number of 
known	parasite	 species	per	host	 (Nunn,	Altizer,	 Jones,	&	Sechrest,	
2003; Walther, Cotgreave, Gregory, & Clayton, 1995) and of parasite 
discovery rates (Jorge & Poulin, 2018) implies that the current picture 
of parasite biodiversity is incomplete and likely biased towards par-
asites	of	charismatic	megafauna.	As	a	result,	there	are	very	few	par-
asite species for which accurate range maps are available based on 
geographic	occurrence	data	(e.g.,	African	ticks:	Cumming,	1999),	and	
sophisticated maps of infection probability are typically only avail-
able for some parasites of high public health relevance (e.g., Soares 
Magalhaes, Clements, Patil, Gething, & Brooker, 2011). Urgent ques-
tions for global management such as where hotspots of parasite 
biodiversity	 exist	 and	how	closely	 they	 correspond	 to	hotspots	 of	
free-living animal diversity remain a difficult challenge (but see Dunn, 
Davies,	Harris,	&	Gavin,	2010;	Hopkins	&	Nunn,	2007;	or	 Jorge	&	
Poulin, 2018). Investigation is further hindered by strong spatial bi-
ases	in	existing	parasite	data	(Carlson	et	al.,	2017),	making	the	task	of	
generating parasite distribution and diversity maps non-trivial.

Thus far, most studies that estimated parasite geographic range 
assumed that if a host–parasite association is reported, the entire 
geographic range of the host can be considered the potential area of 
occurrence	for	the	parasite	(Brierley,	Vonhof,	Olival,	Daszak,	&	Jones,	
2016;	Han,	Kramer,	&	Drake,	2016;	Harris	&	Dunn,	2010),	a	method	
we refer to as “host filling”. This approach can overestimate parasite 
distribution ranges (e.g., see detailed studies on ticks: Cumming, 1999; 
fleas: Shenbrot, Krasnov, & Lu, 2007), and thus generates a misleading 
picture	of	global	parasite	diversity.	This	may	occur,	for	example,	if	the	
parasite cannot tolerate the whole range of the environmental condi-
tions in certain parts of the host range, if intermediate hosts are not 
present throughout the definitive host range, or if susceptibility varies 
among host populations. To move towards a better understanding of 
global patterns of parasite richness, it is necessary to consider alterna-
tive	ways	to	generate	parasite	diversity	estimates	within	the	context	
of the limited occurrence data that are currently available.

One approach would be to lean on the rich body of literature 
that develops species distribution models based on environmental 
conditions (i.e., species distribution modelling, SDM; environmen-
tal	niche	modelling,	ENM;	see	Araújo	&	Peterson,	2012),	especially	
including climatic as well as biotic factors and human impacts. Yet, 
attempting to establish distributional patterns using these methods 

can present challenges stemming from lack of reliable absence data, 
in	addition	 to	geographic	and	 taxonomic	biases	 in	sampling	 (Lobo,	
Jimenez‐Valverde,	&	Hortal,	2010).	A	comprehensive	environmental	
modelling approach relies on abundant observations that capture 
most	 (if	not	all)	of	 the	 realized	niche	 to	produce	meaningful	 infer-
ences, which is currently unrealistic for the large majority of parasitic 
taxa.	More	 importantly,	because	their	distributions	are	only	partly	
conditioned	by	climate	or	the	external	environment,	but	also	depend	
on the distributions of their hosts, applying ENM methods to map-
ping	 parasite	 diversity	 geographically	 introduces	 an	 extra	 layer	 of	
complexity	and	uncertainty.

Here	 we	 compare	 how	 the	 picture	 of	 parasite	 biodiversity	
changes when parasite ranges are inferred based on a variety of 
different distribution assumptions, including methods based on 
presence-only parasite occurrence data and the host filling method 
based	on	the	distribution	of	the	host	species.	An	alternative	method	
recently used to assess parasite geographic range (Byers, Schmidt, 
Pappalardo,	Haas,	&	Stephens,	2019)	assumes	that	the	extent	of	oc-
currence of a parasite can be all ecoregions in which the parasite 
has been observed at least once. Ecoregions as biogeographic units 
have previously been used in a variety of macroecological studies 
(e.g.,	Barboza	&	Defeo,	2015;	Dinerstein	et	al.,	2017;	Fritz,	Bininda‐
Emonds, & Purvis, 2009). Other simpler methods such as mapping 
point occurrences to a grid have proven useful to recover macro-
ecological	patterns	in	some	taxonomic	groups	(García‐Roselló	et	al.,	
2015) and could also apply to map parasite distributions.

We assess how the use of different methods to estimate the dis-
tribution ranges of parasite species influences estimates of spatial 
patterns of species richness using parasite occurrence data from 
a recently updated and published version of the Global Mammal 
Parasite Database (GMPD v.2, Stephens et al., 2017). The GMPD is 
the most comprehensive global database of georeferenced parasite 
infection records in wild ungulates, carnivores and primates. We 
first assessed spatial variation in sampling intensity in the GMPD to 
choose the best sampled regions in order to more fairly compare the 
outcome of analyses based on different assumptions about parasite 
distributions. Based on this, we conducted regional analyses on two 
selected regions of the world. The geographic range of a parasite 
species was considered as either: (a) locations of reported occur-
rences, (b) area within threshold density contour of occurrences, (c) 
all ecoregions where occurrences have been reported, (d) areas of 
suitable climate conditions based on occurrence data, or (e) the col-
lective geographic ranges of all reported host species. We show how 
these assumptions about parasite distribution affect estimates of 
the spatial pattern of parasite diversity and the location of hotspots 
of parasite richness.

2  | METHODS

2.1 | Parasite occurrence database

We	extracted	parasite	 occurrence	data	primarily	 from	 the	GMPD	
v.2 (Stephens et al., 2017). In this database, parasites are broadly 
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defined as disease-causing organisms, including viruses, bacteria, 
helminths, arthropods and fungi. The database focuses on wild host 
populations belonging to the three best studied groups of mammals: 
ungulates	 (orders:	 Artiodactyla	 and	 Perissodactyla),	 carnivores	
(order: Carnivora) and primates (order: Primates). We complemented 
the GMPD database with occurrence data on helminth parasites 
from	Brazil	(Corrêa,	Bueno,	Soares,	Vieira,	&	Muniz‐Pereira,	2016).

For the purpose of this paper, we restricted the analysis to para-
sites of terrestrial hosts, and only included records with geographic 
coordinates and species identities for both the parasite and the 
host. We double checked parasite occurrences that were not as-
signed an ecoregion and adjusted the geographic coordinates when 
it was appropriate after consulting the original source for details on 
the locality. Some parasites occurrence data may not fall within the 
current host geographic range because: (a) data were collected on 
hosts outside their native range, (b) host range has shrunk over time, 
(c) host species (sensu lato) have been split into several species in 
more	recent	taxonomic	schemes	and	(d)	the	parasite	occurrence	was	
reported at the country level. We downloaded hosts’ geographic 
ranges from the IUCN Red List shape files database, version 3, in 
May	2017	(IUCN,	2007;	http://www.iucnr	edlist.org),	excluding	poly-
gons	 for	 extinct	 populations.	 When	 possible,	 GMPD	 host	 names	
not represented in the IUCN database were matched with their 
synonyms in the IUCN database (details in Supporting Information 
Appendix	S1).	For	each	host,	we	excluded	parasite	occurrences	that	
did not occur within 50 km of the IUCN host range.

Our	 final	 global	 dataset	 included	 14,604	 georeferenced,	 host	
specific, parasite occurrences, of a total of 1,511 parasite species 
(324	 arthropods,	 136	 bacteria,	 688	 helminths,	 223	 protozoa,	 1	
prion,	17	fungus,	and	122	viruses)	in	326	host	species.	In	Supporting	
Information	Appendix	S1	we	provide	the	code	used	to	generate	the	
final dataset for analyses, details on the distribution of parasite oc-
currences (Table S1.1), maps of the raw parasite occurrences from 
the GMPD and the final set of occurrences used in our study (Figure 
S1.1).	All	data	processing,	analysis	and	visualization	were	done	in	the	
R environment version 3.5.2 (R Core Team, 2018).

While primates are restricted to lower latitudes, both ungulates 
and carnivores are widely distributed across all major habitats at all 
latitudes. We combined ungulates and carnivores for all the anal-
yses, because the two groups show similar patterns of geographic 
bias in sampling effort, and trophic links between the two groups 
appear to enhance parasite sharing (Stephens et al., 2019). We first 
conducted regional analysis using a subset of parasite species with 
10 or more non-overlapping occurrences in two continental regions 
with high densities of parasite data: the continental US and nearby 
islands	(for	ungulates	and	carnivores)	and	Africa	(for	primates).	We	
then compared the global maps of parasite diversity focusing only on 
the host filling and the ecoregion filling methods.

2.2 | Parasite geographic range

Using records of parasite occurrences and host–parasite associa-
tions in the GMPD, we applied different models to estimate parasite 

geographic ranges in order to generate parasite diversity maps. 
Broadly,	 we	 defined	 the	 expected	 geographic	 range	 of	 a	 parasite	
species based on one of: (a) the geographic coordinates of the re-
ported occurrences, with a buffering scheme (the neighbourhood 
filling method), (b) the area within a threshold density contour of 
occurrence reports (the density method), (c) the combination of 
ecoregions containing at least one occurrence (the ecoregion filling 
method), (d) areas of suitable climate conditions based on occur-
rence data (climatic model method), or (e) the collective geographic 
ranges of all host species found infected with the parasite (the host 
filling method). The methods that we used are depicted in Figure 1, 
and detailed below:

1. The neighbourhood filling method. To infer the geographic range 
of a parasite species, we assumed that if a parasite species has 
been found in one locality, it is likely that it is also present 
within	 a	 radius	 of	 approximately	 100	 km	 (1	 degree	 latitude	 or	
longitude) in the regional analyses or 200 km for the global 
analyses.

2. The density method. To estimate the likelihood of occurrence, we 
calculated a two-dimensional density kernel based on the distri-
bution of reported localities for each parasite species. We con-
sidered density probabilities < .00001 as equivalent to 0. For the 
remaining	densities	(≥	.00001)	we	estimated	the	geographic	range	
of the parasite as the area of most probable occurrence, defined 
as the area with densities above the .5 quantile. We provide an 
example	with	 the	 rationale	 for	 the	choice	of	bandwidth	 for	 the	
density kernel and quantile threshold to define parasite presence 
in	Supporting	Information	Appendix	S2	and	Figures	S2.2–S2.5.

3. The ecoregion filling method. This method assumed that if a para-
site has been found at a locality within an ecoregion, the para-
site’s	 extent	 of	 occurrence	 is	 likely	 to	 be	 the	 entire	 ecoregion.	
Ecoregions are generally defined by similar habitat and low vari-
ation in the flora, fauna, and physical environmental conditions 
(Olson et al., 2001, recently updated by Dinerstein et al., 2017). 
We downloaded the shape files for the terrestrial ecoregions from 
https ://ecore gions 2017.appsp ot.com/, and assigned parasite oc-
currences to each ecoregion using an equal area projection. The 
geographic range of a parasite species is thus the collection of all 
occurring ecoregions.

4. The climatic model method. The focus of this study was not to de-
velop	a	comprehensive	ENM	approach	(for	the	reasons	explained	
in the Introduction), but for comparative purposes we fitted a 
simple climatic model for each parasite species. We only consider 
parasite species with at least 10 occurrences that do not overlap 
geographically for each host–parasite association. We included 
all 19 bioclimatic variables from the WorldClim database (http://
www.world	clim.org,	Fick	&	Hijmans,	2017)	as	potential	predictors	
of parasite distributions. More details can be found in Supporting 
Information	Appendix	S3.

5.	 The	host	filling	method.	This	method	assumed	that	the	extent	of	
occurrence of a parasite is the entire composite geographic range 
of all the host species reported in our final dataset. The geographic 

http://www.iucnredlist.org
https://ecoregions2017.appspot.com/
http://www.worldclim.org
http://www.worldclim.org
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range of a parasite species was thus the combined range occupied 
by all of its hosts.

2.3 | Parasite species richness

Using the parasite geographic ranges produced by the different 
methods, we generated regional and global maps of parasite species 
richness. For comparison, we mapped parasite diversity with resolu-
tions	of	a	1°	×	1°	grid	for	the	regional	analyses	(Africa	and	continen-
tal	USA)	and	a	2°	×	2°	grid	for	the	global	analysis.	For	each	grid	cell,	
we estimated total parasite species richness as the number of unique 
parasite species whose ranges overlap with that cell.

Even for well-studied organisms such as terrestrial mammals, 
the distribution of sampling effort has been shown to be biased 
(Meyer,	 Kreft,	 Guralnick,	 &	 Jetz,	 2015).	 Across	 all	 host‐parasite	
records, we also found that occurrence data were distributed 
unevenly in space, suggesting spatial sampling bias (Figure 2a,b). 

Thus, we estimated relative parasite species richness accounting 
for sampling effort using the least square residuals (i.e., the re-
sidual	 parasite	 species	 richness	 from	 a	 generalized	 least	 square	
model based on sampling effort; Lindenfors et al., 2007; Nunn et 
al., 2003). To measure sampling effort we counted the number of 
unique citations in our database for each grid cell or ecoregion. In 
addition, we counted the number of potential host species (hosts 
species richness), which is likely to influence parasite richness, es-
pecially when using the host filling method. When parasite rich-
ness or sampling effort measures deviated from normality they 
were ln-transformed before calculating the residuals. To compare 
the spatial patterns of areas with high species richness among the 
different methods, we identified areas in the top 10% quantile of 
parasite species richness (total or relative).

For carnivores and ungulates, we focused on the continental 
USA	 and	 nearby	 islands	 because	 this	 is	 one	 of	 the	 best	 sampled	
regions in our data. For primates, we focused the regional analysis 
in	 Africa,	which	 contained	 a	 high	 number	 of	 parasite	 occurrences	

F I G U R E  1  A	schematic	illustration	of	the	five	methods	we	compared	for	estimating	parasite	geographic	ranges	(all	data	are	hypothetical	
in this diagram). From left to right we represent the type of data used (parasite occurrences only, or host–parasite associations), the type of 
assumption, the simple distribution model, and the final parasite geographic range inferred. The black dots represent point occurrences of 
a hypothetical parasite species (which are not used in the host filling method) and the colour shades represent distributions of hypothetical 
ecoregions,	climatic	conditions	or	host	species	geographic	ranges	for	the	respective	methods.	We	detail	all	methods	in	the	main	text
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and high diversity of primate hosts. Regional analyses only included 
parasite species with 10 or more occurrences so that the results of 
the methods of neighbourhood filling, density, ecoregions and host 
filling were comparable to the climatic model method. We also sum-
marized	the	global	patterns	of	parasite	diversity.	An	example	of	the	
code	 to	 run	 the	analyses	 (for	 the	continental	USA)	 is	presented	 in	
Supporting	Information	Appendix	S8,	and	the	corresponding	func-
tions	are	provided	in	Supporting	Information	Appendix	S9.

To compare the parasite species richness estimated using dif-
ferent	methods	we	 tested	 for	 pairwise	 correlations	 and	 extracted	
principal components from the geographic distributions of richness. 
For the principal component analysis, each raster layer of parasite 
species richness was converted into a vector, and each vector was 
column‐bound	resulting	in	a	matrix	whose	columns	represented	the	
mapping method, and whose rows represented a specific 1 grid cell 
on the map. Rows containing null values (typically non-terrestrial 
grid cells or cells where one or more of the methods had no informa-
tion on species richness) were removed. We used the prcomp func-
tion (R Core Team, 2018) to estimate the principal components, and 
the	%	variance	explained	by	each	axis.

3  | ACCUMUL ATION CURVES

To	 compare	 sampling	 effort	 across	 regions	 and	 parasite	 taxa,	
we derived global and regional species accumulation curves for 
three	 well‐studied	 continental	 regions:	 Europe,	 North	 America	
and	Africa.	These	curves	are	analogous	to	those	commonly	used	
to study species–area relationships (Connor & McCoy, 1979), and 
have	been	used	extensively	in	analyses	of	species	diversity	(Chao	
et	 al.,	 2014),	 for	 example,	 to	 extrapolate	 diversity	 as	 a	 function	
of sampling intensity. Because we are dealing with point occur-
rence records collected in a non-systematic way and from differ-
ent sources, our goal was only to compare the degree of saturation 
shown	by	accumulation	curves	as	a	proxy	for	sampling	complete-
ness, and not to make predictions of the true parasite species 
richness. We accumulated the number of parasite species through 
sampling procedures based on different types of data. Specifically, 
we randomly sampled an increasing number of localities, ecore-
gions	 or	 host	 species,	 from	one	up	 to	 the	maximum	number	 re-
ported within each geographic region, and we repeated each 
sampling procedure 100 times.

F I G U R E  2   Global maps of parasite occurrences, sampling effort and host species richness for ungulates and carnivores (left panel) and 
primates (right panel). Sampling effort was quantified by the number of citations for each parasite. Parasite occurrences in: (a) ungulates 
and carnivores, (b) primates. Sampling effort in: (c) ungulates and carnivores, (d) primates. Species richness for the hosts included in our 
database was generated from IUCN range maps for: (e) ungulates and carnivores, (f) primates. The parasite occurrences are a subset of the 
GMPD	database	(Stephens	et	al.,	2017)	with	the	addition	of	helminth	data	from	Correa	et	al.	(2016).	Here	we	represent	only	cleaned	parasite	
occurrences within 50 km of IUCN host geographic ranges
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4  | RESULTS

The record of parasite occurrences for ungulates, carnivores and 
primates is spatially biased; some regions of the world such as 
North	America,	Europe	and	some	parts	of	Africa	show	the	high-
est densities of records (Figure 2a,b). Most parasite species in our 
dataset have only been reported from one to a few locations: the 
median number of occurrences per parasite is 2, the mean is 5.14, 
and	 the	maximum	 is	 179	 (see	 Supporting	 Information	 Appendix	
S1 for more information). Parasite sampling effort (represented 
as number of citations) varies dramatically across the world 
(Figure 2c,d), and is not always associated with host diversity in a 
region	(Figure	2e,f).	Accumulation	curves	(presented	in	Supporting	
Information	Appendix	S4)	of	parasite	richness	 for	Europe,	North	
America	and	Africa	 show	 regional	differences	contingent	on	 the	
sampling unit considered, but, overall, imply that sampling of 
parasites is far from saturated even in the regions with more in-
formation	available	(Supporting	Information	Figure	S4.6).	For	the	
regional analyses using parasites with 10 or more occurrences in 
the	continental	USA	(Supporting	Information	Figure	S4.7)	or	Africa	
(Supporting Information Figure S4.8), the accumulation curves do 
achieve saturation.

Principal component analyses comparing parasite species rich-
ness obtained through different methods indicated the host filling 
method as most distinct from all other methods, both in the con-
tinental	USA	and	Africa	(Figure	3).	The	correlations	between	para-
site richness estimated with different methods and sampling effort 
measures	 are	 shown	 in	 Supporting	 Information	 Appendix	 S5.	 As	
expected,	 parasite	 richness	 estimates	had	medium	 to	 strong	posi-
tive correlations with measures of sampling effort in most cases 
(Supporting	Information	Appendix	S5,	Figures	S5.8	and	S5.9).

The	maps	showing	total	parasite	richness	in	the	continental	USA	
highlight important differences in the spatial patterns related to 
the methods used to infer parasite range (Figure 4). The four meth-
ods using parasite occurrence data (neighbourhood filling, density, 
ecoregion filling and climatic model) generally resulted in hotspots of 

diversity (grid cells in the top 10% of diversity) in the south-eastern 
USA	(Figure	4a,b,c,d),	while	the	host	filling	method	led	to	higher	spe-
cies	richness	in	the	western	USA	(Figure	4e).	For	comparison,	a	map	
of host species richness is shown in Figure 4f. When sampling effort 
is	 taken	 into	 account	 (Supporting	 Information	Appendix	 S6,	 Figure	
S6.11),	either	as	number	of	citations	or	host	species	richness,	there	is	
little agreement in areas of high relative parasite richness between the 
host filling method and the methods based on parasite occurrences 
(with	the	exception	of	a	few	grid	cells	in	the	south‐western	USA).

Overall,	the	parasite	richness	maps	for	primates	in	Africa	showed	
higher agreement in the location of hotspots among the different 
methods,	at	least	in	central	Africa,	but	only	the	four	methods	based	
on parasite occurrences resulted in hotspots of parasite richness in 
southern	Africa.	The	distribution	of	parasite	richness	hotspots	from	
the host filling method (Figure 5e) is largely congruent with that 
of the host richness hotspots (Figure 5f). When sampling effort is 
taken into account, there are areas of high relative parasite richness 
in	South	Africa	shared	between	all	methods	(Supporting	Information	
Appendix	S6,	Figure	S6.12).

World patterns of parasite richness using the full dataset show 
higher estimates of total parasite richness when using the host filling 
method,	compared	with	the	ecoregion	filling	method	(Figure	6).	It	is	
important to note that the host filling method draws estimates of 
parasite diversity even in regions where our database had no par-
asite	 occurrences	 available	 (e.g.,	 Australia).	 For	 the	 primates,	 the	
ecoregion	 filling	method	points	 to	hotspots	of	 total	 (Figure	6b)	or	
relative	 (Supporting	 Information	Appendix	S6,	Figure	S6.14)	diver-
sity that are not detected by the host filling method. For ungulates 
and carnivores, the host filling method has regions with higher total 
(Figure	 6c)	 or	 relative	 diversity	 (Supporting	 Information	Appendix	
S6,	 Figure	 S6.13)	 only	 in	 North	 America	 and	 in	 Europe,	 but	 the	
ecoregion	method	identifies	areas	of	high	total	(Figure	6a)	and	rela-
tive	(Supporting	Information	Appendix	S6,	Figure	S6.13)	richness	in	
Africa	and	Asia.

The	median	 and	maximum	 parasite	 richness	 estimated	 using	
different methods to define parasite geographic range varied by 

F I G U R E  3   Principal component analyses comparing parasite species richness obtained with different methods to calculate parasite 
geographic	range	in:	(a)	the	continental	USA	for	ungulates	and	carnivores;	and	(b)	Africa	for	primates.	The	percentage	of	variance	explained	
by	each	axis	is	displayed	within	parentheses.	Only	parasite	species	with	10	or	more	occurrences	were	included
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F I G U R E  4   Parasite diversity 
in carnivores and ungulates in the 
continental	USA.	(a)	Neighbourhood	
filling method; (b) density method (2 
bandwidth, 0.5 threshold); (c) ecoregion 
filling method; (d) climatic model method; 
(e)	host	filling	method.	Host	species	
richness (f) calculated from IUCN ranges. 
Only parasite species with 10 or more 
occurrences were included. Note that the 
maximum	parasite	species	richness	varies	
between methods. Black grid cells indicate 
hotspots (cells in the top 10% quantile) 
of parasite (a, b, c, d, e) or host (f) species 
richness

F I G U R E  5  Parasite	diversity	in	primates	in	the	Africa.	(a)	Neighbourhood	filling	method;	(b)	density	method	(2	bandwidth,	0.5	threshold);	
(c)	ecoregion	filling	method;	(d)	climatic	model	method;	(e)	host	filling	method.	Host	species	richness	(f)	calculated	from	IUCN	ranges.	Only	
parasite	species	with	10	or	more	occurrences	were	included.	Note	that	the	maximum	parasite	species	richness	varies	between	methods.	
Black grid cells indicate hotspots (cells in the top 10% quantile) of total species richness for parasites (a, b, c, d, e) or hosts (f)
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two orders of magnitude. In most cases, the lowest number of 
parasites was found with the neighbourhood method, followed by 
the ecoregion filling, density and host filling methods (Supporting 
Information	 Appendix	 S7,	 Table	 S7.2).	 The	 general	 pattern	 of	
distribution of parasite richness was right skewed for most geo-
graphic	 regions	 and	methods	 (Supporting	 Information	 Appendix	
S7, Figures S7.15–S7.17).

5  | DISCUSSION

Can we map global patterns of parasite diversity? The majority of 
studies that have mapped large scale patterns of parasite diversity 
(Harris	&	Dunn,	2010)	or	generated	spatial	predictions	of	the	distri-
bution	of	zoonotic	diseases	 (Brierley	et	al.,	2016;	Han	et	al.,	2016;	
Olival et al., 2017) have used the distributions of the hosts to infer 
parasite distributions (i.e., the host filling method). This may be the 
only reasonable approach for estimating parasite species richness 
when direct information on parasite occurrence localities is highly 
limited. In this study, we used a recently published database of wild 
mammal parasites (GMPD v.2, Stephens et al., 2017) to generate 
maps of parasite species richness directly from parasite occurrence 
data. This allowed us to compare regional and global maps of para-
site richness built by different methods to infer parasite distribu-
tions. Our results show that even in well-studied areas, the different 
methods result in profound differences in species richness maps, not 
only of the range over which richness varies but also of the spatial 
variation in richness.

Among	 the	methods	 we	 considered,	 host	 filling	 produced	 the	
most distinctive patterns of parasite diversity. Even in one of the 
best	sampled	areas,	the	continental	USA,	host	filling	produced	a	pic-
ture of parasite richness that was very different from those produced 
by the other methods. This discrepancy is concerning, because the 

assumptions of the host filling method have not been well supported 
empirically	in	the	literature.	A	previous	study	of	North	American	car-
nivores	(Harris	&	Dunn,	2010)	tested	whether	large	scale	patterns	of	
parasite richness were robust to violations of the assumption of host 
filling by removing parasite occurrences from their data, according 
to different scenarios and rebuilding maps of parasite richness. They 
showed	that	the	latitudinal	pattern	in	parasite	richness	exhibited	a	
similar shape whether derived from the full dataset or from a re-
duced	and	geographically	biased	dataset.	However,	parasite	species	
richness at northern latitudes showed an order of magnitude differ-
ence	between	the	 full	and	geographically	biased	dataset	 (Harris	&	
Dunn,	2010:	supplementary	material).	A	dense,	spatially	even	sam-
pling of parasites in widely distributed hosts could help to shed light 
into the assumptions of the host filling method, but such detailed 
data are simply not available for most mammalian hosts.

For some well-studied hosts, several studies have reported that 
parasites are not evenly distributed across the geographic range of 
their host (Cumming, 2002; Shenbrot et al., 2007; Timi & Poulin, 
2003), which could be related to competition among parasites, dis-
tribution of intermediate hosts, environmental factors, and other 
host	 features	 such	 as	 population	 density	 or	 body	 size	 (Cumming,	
2002;	Morand	et	al.,	2000;	Shenbrot	et	al.,	2007).	For	example,	com-
prehensive analysis of flea occurrence data in relation to the distri-
bution of their rodent hosts showed that the proportion of the hosts' 
geographic range that was occupied by fleas was highly variable, 
ranging from 0.2 to 83.7% (with an average of 30%), and apparent 
patterns of variation were not driven by sampling effort (Shenbrot 
et al., 2007). Cumming (1999), using a large database on geographic 
occurrences	of	African	ticks	combined	with	a	review	on	host	use	and	
host distributions, also concluded that host ranges do not predict 
tick distributions. Further, in some hosts, similarity among parasite 
communities decreases with distance between host populations 
(Krasnov, Shenbrot, Mouillot, Khokhlova, & Poulin, 2005; Poulin, 

F I G U R E  6   Global maps of total parasite species richness for ungulates and carnivores (left panel) and primates (right panel) 
calculated with the ecoregion filling (a, b) or host filling (c, d) method to infer parasite geographic range
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2003).	 As	 a	 result,	 the	 assumption	 that	 parasites	 occupy	 the	 full	
extent	of	host	 ranges	will	 in	some	cases	 lead	 to	over‐estimates	of	
parasite species richness.

On the other hand, parasite richness estimated from parasite 
distributions based strictly on direct occurrence data will underesti-
mate true values if spatial sampling is not sufficiently systematic and 
comprehensive. This can happen even in very well-studied regions 
of the world such as Europe, and in organisms such as terrestrial 
European vertebrates that, unlike parasites, are quite well studied 
(Hawkins,	Rueda,	&	Rodríguez,	 2008).	 For	 example,	 if	we	 compare	
the geographic information available for parasites with occurrences 
reported in GBIF for their hosts, we can see a much higher number 
of	occurrences	for	hosts	(Supporting	Information	Appendix	S11),	but	
a similarly uneven distribution of data (minimum = 1, median = 129, 
maximum	=	81,878).	All	methods	based	on	parasite	occurrences	to	
infer parasite range share biases associated with collection data such 
as	geographic	and	taxonomic	bias,	lack	of	systematic	surveys	that	in-
corporate	absence	data,	and	differences	 in	data	mobilization	 (Lobo 
et al., 2010; Meyer et al., 2015).

The ecoregion filling method perhaps represents an intermedi-
ate set of assumptions about how to make inferences from limited 
spatial sampling that is unlikely to produce as many false positives 
as the host filling method, but results in fewer false negatives com-
pared to the neighbourhood filling method given the more coarse 
spatial scale of ecoregions. Because ecoregions likely also represent 
the environmental conditions that determine species distributions 
of	both	 the	parasite	and	host	populations	 (Fritz	et	al.,	2009),	 they	
could represent a simpler version of environmental niche models. 
A	more	conservative	ecoregion	approach	would	be	to	only	consider	
the ecoregion area that overlaps with known host ranges. This would 
seem most appropriate for well-studied species for which it is likely 
that	most	natural	hosts	have	been	documented.	Another	potential	
issue is that a parasite occurrence may be incorrectly assigned to a 
neighbouring ecoregion when the resolution of the data is low, for 
example,	at	the	country	level,	and	the	centroid	of	the	country	is	used	
as	a	georeferenced	point.	As	such,	this	method	should	not	be	applied	
for parasite databases that only use country as their spatial units 
(e.g.,	the	London	Natural	History	Museum's	Host‐Parasite	database,	
Dallas,	2016)	and	should	be	used	cautiously	with	databases	of	mixed	
resolution such as the GMPD.

The location data associated with the host–parasite associa-
tions reported in the GMPD are concentrated on a few areas of the 
world	 (Europe,	North	America,	parts	of	Africa),	even	though	hosts	
are mammalian carnivores, primates and ungulates, which represent 
some of the best studied host groups in general. This spatial bias is 
not unique to the GMPD. Similar spatial bias is found in other para-
site databases (Carlson et al., 2017) and in occurrence data of free 
living species (e.g., amphibians, birds, mammals: Meyer et al., 2015). 
Important	 predictors	 to	 explain	 the	 uneven	 distribution	 of	 occur-
rence	data	 in	 free	 living	 species	are	 the	 shape	and	 size	of	 species	
geographic ranges, and socio-economic factors that affect fund-
ing	and	infrastructure	for	research	(Meyer,	Jetz,	Guralnick,	Fritz,	&	
Kreft,	2016).	These	biases	likely	also	affect	parasite	occurrence	data.

Some	of	the	regions	with	zero	or	only	a	few	records	in	our	data	are	
likely	regions	of	true	low	parasite	richness.	For	example,	Greenland	
and	Australia	have	extremely	low	diversities	of	ungulates	and	carni-
vores	(at	 least	 in	the	IUCN	database).	However,	other	areas	where	
available	data	are	sparse,	including	northern	South	America	(for	un-
gulates	and	carnivores)	and	central	Asia	(for	all	three	host	groups),	
have relatively high host diversity and environmental conditions that 
are generally suitable for most modes of parasite transmission. Thus, 
they likely represent insufficient sampling rather than regions of 
truly	low	parasite	richness.	Additional	sampling,	particularly	in	Asia,	
is	greatly	needed	both	to	characterize	parasite	fauna	in	general	and	
better	define	regions	of	high	human	zoonotic	potential	(Allen	et	al.,	
2017; Wells et al., 2018). Species accumulation curves (Supporting 
Information	Appendix	S4,	Figure	S4.6)	also	showed	that	even	in	well‐
studied	regions	such	as	Europe	and	North	America,	there	is	little	ev-
idence of an asymptote in parasite richness with increased sampling; 
many more parasite species likely remain to be discovered.

The data that we used in this study represent the largest and 
most comprehensive dataset with host–parasite associations cur-
rently available on the parasites of wild mammals. Other compila-
tions	have	been	published	but	are	more	 limited	 in	their	taxonomic	
scope	 and/or	 spatial	 resolution.	 For	 example,	 the	 London	Natural	
History	Museum's	Host‐Parasite	Database	 (Dallas,	 2016)	 presents	
helminth	data	only	at	the	country	level,	whereas	Braxton	et	al.	(2003)	
present point locality data but focus only on pathogens of insects, 
and	Wardeh,	 Risley,	McIntyre,	 Setzkorn,	 and	 Baylis	 (2015)	 have	 a	
broad	taxonomic	scope	of	hosts	and	parasites	but	only	country	(and	
sometimes region) resolution. Even using the best available data, it is 
apparent that large gaps remain in our knowledge of parasite biodi-
versity.	Non‐traditional	sources	of	data,	such	as	expert	opinion,	nu-
cleotide sequence databases, or social media, have been suggested 
as sources that could improve the mapping of infectious disease in 
humans	and	animals	(Hay	et	al.,	2013;	see	Wardeh	et	al.,	2015	for	the	
use of nucleotide sequence databases), and we contend that these 
approaches could also profitably be applied to wild mammals.

Characterizing	 spatial	 patterns	 of	 parasite	 diversity	 can	 help	 in	
understanding disease risk among human and non-human hosts by, 
for	example,	identifying	areas	where	zoonotic	disease	and	transmis-
sion	risk	to	humans	are	higher	(Han	et	al.,	2016;	Pedersen	&	Davies,	
2009;	Wells	et	al.,	2018).	A	large	percentage	of	mammal	parasites	are	
associated	with	zoonotic	diseases	(Han	et	al.,	2016).	Carnivores	and	
ungulates, because of their association with livestock (which in turn 
co‐occur	with	human	populations),	may	 serve	 as	 reservoirs	of	 zoo-
notic	parasites	(Pedersen,	Jones,	Nunn,	&	Altizer,	2007;	Wiethoelter,	
Beltrán‐Alcrudo,	Kock,	&	Mor,	2015).	Conversely,	given	the	phyloge-
netic relatedness of their hosts, primate parasites have a high potential 
to	infect	humans	(Pedersen	&	Davies,	2009).	Although	parasite	rich-
ness estimated by the host filling method to infer parasite geographic 
range provides a useful estimate of the upper limit of the potential 
diversity	of	known	parasites	(Han	et	al.,	2016),	data	on	actual	parasite	
occurrences	may	be	needed	for	realistic	assessment	of	zoonotic	risk.

Moving forward, the most promising method to map para-
site diversity is likely an integrative approach that combines host 
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distributions	 with	 parasite	 occurrences.	 For	 example,	 Merow,	
Wilson,	and	Jetz	(2017)	integrated	expert‐based	maps	with	point	
occurrence data in predictive models of species distributions, 
combining the strength of disparate data types to better inform 
species distributions. In a host–parasite framework, this inte-
grative	approach	could	be	modified	 to	 incorporate	expert‐based	
range maps for a parasite’s potential hosts as well as sampling 
schemes related to parasite characteristics (e.g., relevance to pub-
lic	 health	 or	 livestock	 management).	 An	 alternative	 approach	 is	
to construct species distribution models that, rather than rely on 
environmental	correlates,	explicitly	simulate	ecological	processes	
such as transmission dynamics in relation to host demography and 
dispersal	(Briscoe	et	al.,	2019).	However,	given	the	geographic	bias	
we observed in parasite sampling effort, we contend that a tar-
geted increase in sampling for parasites in understudied areas and 
better geographic resolution of sampling locations is needed to 
fully take advantage of more refined methods.
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