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Abstract
Inferring	the	processes	underlying	spatial	patterns	of	genomic	variation	is	fundamen‐
tal	to	understand	how	organisms	interact	with	landscape	heterogeneity	and	to	iden‐
tify	the	factors	determining	species	distributional	shifts.	Here,	we	use	genomic	data	
(restriction	 site‐associated	 DNA	 sequencing)	 to	 test	 biologically	 informed	models	
representing	historical	and	contemporary	demographic	scenarios	of	population	con‐
nectivity	for	the	Iberian	cross‐backed	grasshopper	Dociostaurus hispanicus,	a	species	
with	a	narrow	distribution	 that	currently	 forms	highly	 fragmented	populations.	All	
models	incorporated	biological	aspects	of	the	focal	taxon	that	could	hypothetically	
impact	its	geographical	patterns	of	genomic	variation,	including	(a)	spatial	configura‐
tion	of	 impassable	barriers	to	dispersal	defined	by	topographic	 landscapes	not	oc‐
cupied	by	the	species;	(b)	distributional	shifts	resulting	from	the	interaction	between	
the	 species	bioclimatic	envelope	and	Pleistocene	glacial	 cycles;	 and	 (c)	 contempo‐
rary	 distribution	 of	 suitable	 habitats	 after	 extensive	 land	 clearing	 for	 agriculture.	
Spatiotemporally	explicit	simulations	under	different	scenarios	considering	these	as‐
pects	and	statistical	evaluation	of	competing	models	within	an	Approximate	Bayesian	
Computation	framework	supported	spatial	configuration	of	topographic	barriers	to	
dispersal	and	human‐driven	habitat	fragmentation	as	the	main	factors	explaining	the	
geographical	distribution	of	genomic	variation	in	the	species,	with	no	apparent	im‐
pact	of	hypothetical	distributional	 shifts	 linked	 to	Pleistocene	climatic	oscillations.	
Collectively,	 this	study	supports	that	both	historical	 (i.e.,	 topographic	barriers)	and	
contemporary	(i.e.,	anthropogenic	habitat	fragmentation)	aspects	of	landscape	com‐
position	have	shaped	major	axes	of	genomic	variation	in	the	studied	species	and	em‐
phasizes	the	potential	of	model‐based	approaches	to	gain	insights	into	the	temporal	
scale	at	which	different	processes	impact	the	demography	of	natural	populations.
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1  | INTRODUC TION

The	neutral	genetic	makeup	of	populations	is	modulated	by	intrin‐
sic	demographic	parameters,	which	in	turn	are	determined	by	the	
interaction	 between	 species‐specific	 biological	 traits	 (dispersal	
capacity,	physiological	tolerances,	environmental	niche,	etc.)	and	
the	different	 spatial	 and	 temporal	 components	 that	define	 land‐
scape	heterogeneity	(current	and	past	climate,	geological	changes,	
spatial	configuration	of	barriers	to	dispersal,	etc.;	Ortego,	Aguirre,	
Noguerales,	&	Cordero,	2015;	Paz,	Ibáñez,	Lips,	&	Crawford,	2015;	
Sukumaran	&	Knowles,	2018).	Range	size	expansions/contractions	
and	population	fragmentation/coalescence	linked	to	past	or	con‐
temporary	 phenomena	 are	 demographic	 processes	 experienced	
by	most	organisms	that	can	ultimately	have	important	evolution‐
ary	 consequences,	 from	 species	 extinction	 to	 rapid	 speciation	
(Knowles,	2000;	Lorenzen	et	al.,	2011;	van	der	Mescht,	Matthee,	
&	Matthee,	 2015;	 Rand,	 1948;	 Talbot,	 Vonhof,	 Broders,	 Fenton,	
&	 Keyghobadi,	 2016;	 Weir,	 Haddrath,	 Robertson,	 Colbourne,	 &	
Baker,	2016).	For	this	reason,	understanding	how	organisms	have	
been	 impacted	by	past	environmental	changes	and	 interact	with	
landscape	structure	is	fundamental	to	elucidate	the	evolutionary	
and	 ecological	 processes	 underlying	 their	 current	 distribution,	
abundance	and	spatial	patterns	of	genetic	variation.	The	develop‐
ment	of	spatiotemporally	explicit	analytical	approaches	based	on	
coalescent	theory	have	made	it	possible	to	simulate	complex	demo‐
graphic	processes	(e.g.,	bottlenecks	and	expansions)	under	a	suite	
of	contemporary	and	historical	scenarios	that	can	be	statistically	
evaluated	(Currat,	Ray,	&	Excoffier,	2004;	e.g.,	Estoup	et	al.,	2010;	
He,	Edwards,	&	Knowles,	2013;	Neuenschwander	et	al.,	2008;	Ray,	
Currat,	Foll,	&	Excoffier,	2010).	Recently,	much	emphasis	in	the	lit‐
erature	has	been	also	put	on	testing	biologically	informed	models	
to	gain	 insights	 into	the	taxon‐specific	causal	mechanisms	struc‐
turing	a	species’	gene	pool	(Papadopoulou	&	Knowles,	2016;	Paz	
et	al.,	2015;	Sukumaran	&	Knowles,	2018).	These	conceptual	and	
analytical	advances	have	proven	useful	for	generating	refined	hy‐
potheses	and	for	testing	the	impacts	of	microhabitat	preferences	
(Massatti	 &	 Knowles,	 2016),	 physiological	 trade‐offs	 (Bemmels,	
Title,	Ortego,	&	Knowles,	2016)	and	climate‐induced	range	shifts	
(He	et	al.,	2013;	Reid	et	al.,	2019)	on	the	spatial	distribution	of	ge‐
netic	variation	in	numerous	organisms	(Hoban,	2014).	Ultimately,	
this	can	allow	better	inference	of	biological	processes	that	in	turn	
are	useful	to	predict	and	mitigate	threats	associated	with	various	
components	of	global	change,	such	as	warming	climate	and	habitat	
fragmentation	(Brown	et	al.,	2016;	Espindola	et	al.,	2012;	Estrada,	
Delgado,	 Arroyo,	 Traba,	 &	Morales,	 2016;	Morrison,	 Estrada,	 &	
Early,	2018;	Prates	et	al.,	2016).

Climate	shifts	during	the	late	Quaternary	have	altered	the	distri‐
bution	and	spatial	patterns	of	genetic	variation	in	many	taxa	(Hewitt,	
2000),	are	recognized	as	an	 important	engine	of	speciation	 (Weir	
et	al.,	2016)	and	have	shaped	large‐scale	gradients	of	species	diver‐
sity	(Sandel	et	al.,	2011).	Although	the	consequences	of	Pleistocene	
glaciations	 are	 well	 documented	 in	 numerous	 organisms	 from	
northern	 latitudes	 or	 linked	 to	 montane	 or	 alpine	 environments	

(Carstens	&	Knowles,	2007;	Hewitt,	2000),	 their	 impacts	on	spe‐
cies	 distributed	 at	 lower	 latitudinal	 and	 elevational	 ranges,	 such	
as	 those	 inhabiting	 flat	 landscapes	 from	 the	 Mediterranean	 re‐
gion,	are	more	difficult	to	predict	and	much	 less	well	understood	
(Gómez	&	Lunt,	2007;	Hewitt,	2000).	Phylogeographical	studies	in	
southern	Mediterranean	 peninsulas	 have	 identified	multiple	 spe‐
cies‐specific	 cryptic	 refugia	 (Gómez	&	 Lunt,	 2007;	Hewitt,	 2011;	
Stewart,	 Lister,	 Barnes,	 &	 Dalén,	 2010),	 which	 suggests	 that	 or‐
ganisms	 from	 this	 region	have	probably	 responded	 to	glacial	 and	
interglacial	 periods	 through	 local	 distributional	 shifts	 (Abellán	 &	
Svenning,	 2014;	Gómez	&	 Lunt,	 2007).	 Such	 local‐scale	 distribu‐
tional	 shifts	 can	be	difficult	 to	predict	 from	environmental	 niche	
models	and	currently	available	palaeoclimatic	layers	(Waltari	et	al.,	
2007).	 Such	 layers	 effectively	 capture	 drastic	 temperature	 and	
precipitation	oscillations	characterizing	steep	elevational	gradients	
and	 northern	 latitudes	 that	 became	 covered	 by	 ice,	 but	may	 fail	
to	reflect	changes	in	microclimatic	conditions	that	are	relevant	for	
species	distributed	in	other	areas	such	as	flat	 lowland	landscapes	
from	 the	 climatically	 more	 stable	Mediterranean	 region	 (Waltari	
et	al.,	2007;	Worth,	Williamson,	Sakaguchi,	Nevill,	&	Jordan,	2014).	
This	region	has	been	also	subjected	to	millennia	of	intensive	logging	
and	land	clearing	for	agriculture	(Blondel	&	Aronson,	1999),	which	
has	reduced	the	original	extent	of	its	primary	vegetation	by	around	
95%	(Myers,	Mittermeier,	Mittermeier,	da	Fonseca,	&	Kent,	2000).	
Although	 anthropogenic	 activities	 have	 altered	 every	 ecosystem	
from	the	Mediterranean	region,	the	consequences	of	habitat	frag‐
mentation	are	particularly	remarkable	for	organisms	occupying	flat	
landscapes	at	low	elevations,	as	these	areas	are	highly	suitable	for	
crop	production	(e.g.,	Ortego	et	al.,	2015).	It	is	consequently	worth	
investigating	 whether	 the	 current	 spatial	 distribution	 of	 genetic	
variation	in	these	species	has	been	predominantly	shaped	by	popu‐
lation	fragmentation	resulting	from	human‐driven	habitat	destruc‐
tion	 or	 if	 the	 genetic	 signals	 left	 by	 historical	 processes	 such	 as	
Pleistocene	climate	change	distributional	shifts	and	the	disruption	
of	gene	flow	driven	by	geographical	barriers	to	dispersal	still	prevail	
(Cunningham	&	Moritz,	1998;	Vandergast,	Bohonak,	Weissman,	&	
Fisher,	2007;	Zellmer	&	Knowles,	2009).

Despite	 the	 fact	 that	 understanding	 how	 organisms	 interact	
with	 landscape	 heterogeneity	 at	 different	 time	 scales	 is	 critical	
for	 establishing	 effective	 conservation	 and	 informed	 manage‐
ment	 (Rubidge	 et	 al.,	 2012;	 Saccheri	 et	 al.,	 1998),	 disentangling	
the	 historical	 and	 contemporary	 processes	 shaping	 their	 spatial	
distribution	 of	 genetic	 variation	 is	 challenging	 for	 several	 rea‐
sons	 (Zellmer	&	Knowles,	2009).	First,	 the	time‐lag	between	the	
point	 at	which	 habitat	 fragmentation	 takes	 place	 and	when	 sig‐
natures	of	 disrupted	gene	 flow	become	detectable	 is	 often	 long	
(Keyghobadi,	Roland,	Matter,	&	Strobeck,	2005;	 Landguth	et	 al.,	
2010).	 Second,	 the	 amount	 of	 time	 during	 which	 historical	 and	
contemporary	processes	impact	the	genetic	makeup	of	a	species	
generally	differ	by	several	orders	of	magnitude	and	their	study	has	
traditionally	required	the	application	of	different	genetic	markers	
(e.g.,	mitochondrial	DNA	vs.	microsatellite	markers;	Wang,	2010).	
Finally,	 historical	 and	 contemporary	 landscape	 structure	 can	 be	
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spatially	autocorrelated,	which	can	make	it	difficult	to	tease	apart	
the	effects	of	past	and	recent	changes	 in	 landscape	composition	
(Zellmer	&	Knowles,	2009).	In	the	last	decade,	the	advent	of	high‐
throughput	 sequencing	 technology,	 computational	advances	and	
new	modelling	approaches	have	made	 it	possible	 to	bridge	 land‐
scape	genetics	and	phylogeography	(Rissler,	2016),	address	ques‐
tions	 at	 different	 evolutionary	 levels	 without	 being	 constrained	
by	the	nature	of	the	genetic	markers	employed	(Villaverde	et	al.,	
2018),	and	 improve	our	capacity	to	disentangle	processes	taking	
place	at	contrasting	spatiotemporal	scales	within	unified,	hypoth‐
esis‐testing	frameworks	(He	et	al.,	2013).

Here,	we	use	genomic	data	obtained	via	restriction	site‐associ‐
ated	DNA	sequencing	(ddRAD‐seq;	Peterson,	Weber,	Kay,	Fisher,	&	
Hoekstra,	2012)	to	test	alternative	demographic	models	represent‐
ing	historical	and	contemporary	scenarios	of	population	connectiv‐
ity	in	the	cross‐backed	grasshopper	Dociostaurus hispanicus	Bolívar,	
1898.	This	narrow‐endemic	species	is	exclusively	distributed	in	dehe‐
sas,	open	Mediterranean	forests,	scrublands	and	pastures	scattered	
in	 the	 flat	 landscapes	 characterizing	 the	 central	 Iberian	 Peninsula	
(García,	 Larrosa,	 Clemente,	 &	 Presa,	 2005;	 Presa	 et	 al.,	 2016).	
Human‐driven	habitat	destruction	drove	severe	population	declines	
and	population	fragmentation	in	this	species	and,	as	a	result,	it	has	
been	recently	included	in	the	IUCN	Red	List	of	Threatened	Species	
with	the	category	“Near	Threatened”	(Hochkirch	et	al.,	2016;	Presa	
et	al.,	2016).	Specifically,	we	first	used	genomic	data	to	infer	the	spa‐
tial	patterns	of	genetic	diversity	and	structure	of	 the	studied	spe‐
cies	and	reconstruct	historical	demographic	profiles	of	its	different	
populations	(Figure	1).	Second,	we	generated	a	suite	of	biologically	
informed	 models	 representing	 hypothetical	 processes	 that	 might	
have	shaped	the	spatial	distribution	of	genomic	variation	in	our	focal	
taxon	and	tested	them	within	an	Approximate	Bayesian	Computation	
(ABC)	framework	(He	et	al.,	2013;	e.g.,	Neuenschwander	et	al.,	2008;	
Figure	1).	All	 tested	models	 incorporated	biological	aspects	of	 the	
focal	taxon	that	could	have	hypothetically	 impacted	 its	geographi‐
cal	patterns	of	genetic	variation,	including	the	spatial	configuration	
of	barriers	to	dispersal	defined	by	rugged	landscapes	not	occupied	
by	 the	 species,	 distributional	 shifts	 resulting	 from	 the	 interaction	
between	the	species‐specific	bioclimatic	envelope	and	Pleistocene	
glacial	cycles,	and	the	contemporary	distribution	of	remnant	habitat	
patches	after	 large‐scale	processes	of	 land	clearing	for	agriculture.	
This	information	was	used	to	inform	competing	demographic	models	
and	infer,	through	the	evaluation	of	their	relative	statistical	support,	
the	 role	 of	 historical	 and	 contemporary	 components	 of	 landscape	
heterogeneity	on	structuring	genomic	variation	in	the	focal	species	
(He	et	al.,	2013).	Our	study	exemplifies	how	a	unified,	model‐based	
framework	integrating	genomic	data	and	different	sources	of	spatial	
information	can	help	to	tease	apart	the	role	of	contemporary	and	his‐
torical	processes	on	shaping	geographical	patterns	of	genetic	varia‐
tion.	This	 can	 improve	our	 ability	 to	 reach	biologically	meaningful	
insights	about	the	proximate	ecological	and	evolutionary	processes	
governing	 the	 distribution	 of	 species	 and,	 ultimately,	 understand	
how	organisms	respond	to	changing	and	heterogeneous	landscapes	
at	contrasting	temporal	scales	(Massatti	&	Knowles,	2016).

2  | METHODS

2.1 | Population sampling

During	 2012–2016,	 we	 prospected	 potentially	 adequate	 habi‐
tats	 (i.e.,	dry	pastures	 in	 steppe	 lands,	dehesas,	wastelands	with	
scattered	slate	formations,	and	areas	with	sparse	vegetation)	for	
Dociostaurus hispanicus	and	collected	samples	from	10	populations	
(Table	 1;	 Figure	 2)	 spanning	 the	 entire	 distribution	 range	 of	 the	
species	(Presa	et	al.,	2016).	Dociostaurus hispanicus	is	classified	as	
“Near	Threatened”	according	to	the	IUCN	Red	List	of	Threatened	
Species	due	to	the	highly	fragmented	nature	of	 its	small	popula‐
tions	 (Hochkirch	et	al.,	2016;	Presa	et	al.,	2016).	For	this	reason,	
we	 analysed	 only	 six	 or	 seven	 adult	 individuals	 per	 population	
(Table	 1).	 We	 placed	 fresh	 whole	 adult	 specimens	 in	 vials	 with	
2,000	μl	ethanol	96%	and	stored	them	at	−20°C	until	needed	for	
genomic	analyses.

2.2 | Genomic library preparation and processing of 
genomic data

We	used	NucleoSpin	Tissue	kits	(Macherey‐Nagel)	to	extract	and	pu‐
rify	genomic	DNA	from	the	hind	femur	of	each	individual.	Genomic	
DNA	was	processed	into	two	genomic	libraries	using	the	ddRAD‐seq	
method	described	by	Peterson	 et	 al.	 (2012;	 see	Methods	 S1).	We	
used	the	different	programs	distributed	as	part	of	the	stacks	version	
1.35	pipeline	 (process_radtags, ustacks, cstacks, sstacks and popula‐
tions)	 to	 assemble	 our	 sequences	 into	 de	novo	 loci	 and	 call	 geno‐
types	(Catchen,	Amores,	Hohenlohe,	Cresko,	&	Postlethwait,	2011;	
Catchen,	Hohenlohe,	Bassham,	Amores,	&	Cresko,	2013;	Hohenlohe	
et	al.,	2010).	Methods	S2	provides	details	on	sequence	assembling	
and	data	filtering.

2.3 | Population genetic structure

We	 calculated	 genetic	 differentiation	 among	 populations	 and	
used	Bayesian	clustering	and	principal	component	analyses	(PCAs)	
to	 determine	 the	 geographical	 patterns	 of	 genetic	 structure	 in	
the	 studied	 species.	We	 then	 used	 this	 information	 to	 evaluate	
the	 degree	 of	 genetic	 fragmentation	 of	 the	 populations	 at	 dif‐
ferent	 spatial	 scales,	 and	 to	 interpret	 inferences	 obtained	 from	
spatiotemporally	 explicit	 demographic	 model	 testing	 (Figure	 1).	
We	calculated	genetic	differentiation	 (FST)	 between	each	pair	of	
populations	 in	 arlequin	 version	 3.5	 (Excoffier	 &	 Lischer,	 2010).	
We	 inferred	 genetic	 structure	 using	 the	 Bayesian	Markov	 chain	
Monte	 Carlo	 (MCMC)	 clustering	 method	 implemented	 in	 the	
program	 structure	 version	 2.3.3	 (Falush,	 Stephens,	 &	 Pritchard,	
2003;	 Hubisz,	 Falush,	 Stephens,	 &	 Pritchard,	 2009;	 Pritchard,	
Stephens,	 &	 Donnelly,	 2000).	We	 conducted	 structure	 analyses	
hierarchically,	 initially	 analysing	data	 from	all	 populations	 jointly	
and,	 subsequently,	 running	 independent	 analyses	 for	 subsets	 of	
populations	assigned	to	the	same	genetic	cluster	 in	the	previous	
hierarchical	 level	 analysis	 (e.g.,	 Noguerales,	 Cordero,	 &	 Ortego,	
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2016).	We	 performed	 15	 independent	 runs	 for	 each	 value	 of	K,	
where	K	ranged	from	1	to	n + 1	for	each	data	set	of	n	populations,	
to	estimate	the	“true”	number	of	clusters.	We	ran	structure	using	
200,000	MCMC	iterations	after	a	burn‐in	step	of	100,000	itera‐
tions,	 assuming	correlated	allele	 frequencies	and	admixture,	 and	
without	using	prior	population	 information	 (Hubisz	et	 al.,	 2009).	
We	 retained	 the	 10	 runs	 having	 the	 highest	 likelihood	 for	 each	
value	of	K	and	identified	the	number	of	genetic	clusters	best	fit‐
ting	the	data	set	using	log	probabilities	[Pr(X|K)]	 (Pritchard	et	al.,	
2000)	and	the	ΔK	method	(Evanno,	Regnaut,	&	Goudet,	2005),	as	
implemented	 in	 structure harvester	 (Earl	&	 vonHoldt,	 2012).	We	
used	clumpp	version	1.1.2	and	the	Greedy	algorithm	to	align	multi‐
ple	runs	of	structure	for	the	same	K	value	(Jakobsson	&	Rosenberg,	
2007)	 and	distruct	 version	1.1	 (Rosenberg,	2004)	 to	visualize	 as	
bar	 plots	 each	 individual's	 posterior	 probabilities	 of	 population	
membership	 to	 K	 genetic	 clusters.	 Complementary	 to	 Bayesian	
clustering	analyses	and	in	order	to	visualize	the	major	axes	of	pop‐
ulation	genetic	differentiation,	we	performed	an	individual‐based	
PCA	using	the	r	version	3.3.3	 (R	Core	Team,	2018)	package	ade-
genet	(Jombart,	2008).

2.4 | Genetic diversity and past 
demographic history

We	used	genomic	data	to	reconstruct	the	time	and	scale	of	historical	
changes	in	effective	population	size	(Ne)	of	each	studied	population	
and	 assess	whether	 they	 have	 experienced	 parallel	 or	 contrasting	
demographic	 histories	 that	 might	 explain	 the	 spatial	 heterogene‐
ity	 in	contemporary	 levels	of	genetic	diversity	 (Figure	1).	First,	we	
calculated	 different	 estimates	 of	 genetic	 diversity	 for	 each	 stud‐
ied	population	 (Table	1)	using	 the	program	populations	 from	stacks 
(Catchen	et	al.,	2013)	and	employed:	(a)	one‐way	analyses	of	variance	
(ANOVAs)	to	test	for	significant	differences	in	genetic	variability	be‐
tween	the	main	clusters	inferred	by	structure	and	PCA	analyses	(see	
Section	3);	and	(b)	linear	regressions	to	analyse	geographical	clines	
(i.e.,	latitude	and	longitude)	of	genetic	diversity.	We	performed	these	
analyses	in	spss	version	24	software	(IBM).	Second,	we	reconstructed	
the	past	demographic	history	of	the	studied	populations	using	the	
program	stairway plot,	a	method	based	on	the	site	frequency	spec‐
trum	 (SFS)	 that	does	not	 require	whole‐genome	sequence	data	or	
reference	genome	 information	 (Liu	&	Fu,	2015).	Given	the	marked	
genetic	structure	and	significant	genetic	differentiation	of	all	stud‐
ied	 populations	 (see	 Section	 3),	 we	 ran	 stairway plot	 analyses	 for	
each	sampled	population	individually	(Liu	&	Fu,	2015;	e.g.,	Mattila,	
Tyrmi,	Savolainen,	&	Pyhäjärvi,	2017;	Miles	et	al.,	2017).	To	compute	
the	SFS	for	each	population,	we	ran	the	program	populations	 from	
stacks	 (Catchen	et	al.,	2013)	in	order	to	export	only	the	first	single	
nucleotide	polymorphism	(SNP)	per	RAD	locus	and	retain	loci	with	

a	minimum	stack	depth	≥5	(m	=	5)	and	that	were	represented	in	at	
least	50%	of	the	individuals	of	the	population	(r	=	0.5).	To	remove	all	
missing	data	for	the	calculation	of	the	SFS	and	minimize	errors	with	
allele	 frequency	estimates,	 each	population	was	down‐sampled	 to	
five	 individuals	 using	 a	 custom	Python	 script	written	by	Qixin	He	
and	available	on	Dryad	 (Papadopoulou	&	Knowles,	2015).	We	 ran	
stairway plot	for	each	population	fitting	a	flexible	multi‐epoch	demo‐
graphic	model,	considering	a	1‐year	generation	time,	assuming	the	
mutation	 rate	 per	 site	 per	 generation	 of	 2.8	 ×	 10−9	 estimated	 for	
Drosophila melanogaster	(Keightley,	Ness,	Halligan,	&	Haddrill,	2014),	
and	 performing	 200	 bootstrap	 replicates	 to	 estimate	 95%	 confi‐
dence	intervals.

2.5 | Environmental niche modelling

We	built	an	environmental	niche	model	(ENM)	to	predict	the	geo‐
graphical	 distribution	 of	 climatically	 suitable	 habitats	 for	D. his‐
panicus	 both	 in	 the	present	 and	during	 the	 last	 glacial	maximum	
(LGM,	21,000	years	before	present).	We	used	this	information	to	
create	maps	of	environmental	suitability	in	these	two	time	periods	
and	 test	 dynamic	 demographic	models	 considering	 hypothetical	
distributional	 shifts	 experienced	 by	 the	 species	 in	 response	 to	
Pleistocene	climatic	oscillations	 (e.g.,	He	et	al.,	2013;	Massatti	&	
Knowles,	2016)	 (see	details	 in	 section	Testing	 alternative	demo‐
graphic	models).	To	build	the	ENM,	we	used	the	maximum	entropy	
algorithm	implemented	in	maxent	version	3.3.3	(Elith	et	al.,	2006,	
2011;	 Phillips,	 Anderson,	 &	 Schapire,	 2006;	 Phillips	 &	 Dudík,	
2008)	 and	 the	 19	 bioclimatic	 variables	 from	 the	worldclim	 data	
set	(http://www.world	clim.org/)	interpolated	to	30‐arcsec	resolu‐
tion	 (~1‐km2	 cell	 size)	 (Hijmans,	Cameron,	Parra,	 Jones,	&	 Jarvis,	
2005).	 To	 generate	 climate	 suitability	maps	during	 the	 LGM,	we	
projected	the	ENM	onto	LGM	bioclimatic	conditions	derived	from	
the	CCSM4	(Community	Climate	System	Model;	Braconnot	et	al.,	
2007)	and	 the	MIROC‐ESM	(Model	of	 Interdisciplinary	Research	
on	Climate;	Hasumi	&	Emori,	2004)	general	atmospheric	circulation	
models.	Palaeoclimatic	reconstructions	under	both	models	yielded	
qualitatively	similar	predictions	about	the	distribution	of	the	spe‐
cies	during	 the	LGM,	and	we	performed	all	 subsequent	analyses	
using	the	MIROC‐ESM	model	(e.g.,	Wachter	et	al.,	2016).	We	built	
the	ENM	using	our	own	species	occurrence	data	and	records	avail‐
able	in	the	literature,	the	Global	Biodiversity	Information	Facility	
(http://www.gbif.org/),	 and	 entomological	 collections	 from	 the	
Spanish	 National	 Museum	 of	 Natural	 Sciences	 (MNCN,	Madrid;	
see	Table	S1).	Prior	to	modelling,	we	mapped	and	examined	all	re‐
cords	to	identify	and	exclude	those	having	obvious	georeferencing	
errors.	To	reduce	the	problems	associated	with	sampling	bias	and	
the	spatial	aggregation	of	 records,	we	applied	a	systematic	sam‐
pling	correction	by	randomly	selecting	a	single	occurrence	record	

F I G U R E  1  Workflow	summarizing	the	integrative	approach	employed	in	this	study	to	infer	the	processes	shaping	the	spatial	distribution	
of	genomic	variation	in	the	cross‐backed	grasshopper	Dociostaurus hispanicus.	ABC,	Approximate	Bayesian	computation;	FC:	feature	class	in	
maxent;	iDDC:	integrative	distributional,	demographic	and	coalescent	modelling;	LGM,	Last	Glacial	Maximum;	RM:	regularization	multiplier	in	
maxent	[Colour	figure	can	be	viewed	at	wileyonlinelibrary.com]

http://www.worldclim.org/
http://www.gbif.org/
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among	those	falling	within	the	same	~16‐km2	grid	cell	(Fourcade,	
Engler,	Rödder,	&	Secondi,	2014).	After	this	data	filtering	step,	we	
retained	 a	 total	 of	 57	 occurrence	 records.	 ENMs	 built	 using	 all	
available	records	(n	=	103;	Table	S1)	or	performing	systematic	sam‐
pling	corrections	at	other	 spatial	 scales	 (~1	km2,	n	=	96	 records;	
~4	km2,	n	=	89	records;	~8	km2,	n	=	80	records)	yielded	qualita‐
tively	identical	results.	We	used	the	R	package	enmeval	(Muscarella	
et	al.,	2014)	and	Akaike's	Information	Criterion	corrected	for	small	
sample	size	(AICc;	Burnham	&	Anderson,	2002;	Warren	&	Seifert,	
2011)	to	conduct	parameter	tuning	and	determine	the	optimal	fea‐
ture	class	(FC)	and	regularization	multiplier	(RM)	settings	for	max-
ent.	Complementary	to	this,	we	evaluated	the	performance	of	the	
retained	model	using	the	“block”	method	for	data	partitioning	into	
training	and	testing	data	sets	(Muscarella	et	al.,	2014).	Specifically,	
we	calculated	the	area	under	the	receiver‐operating	characteristic	
plot	on	the	testing	data	(AUCTEST)	and	the	minimum	training	pres‐
ence	omission	rate	(ORMTP).	An	AUCTEST	value	>0.9	suggests	a	high	
discriminatory	ability	of	the	model	(Peterson	et	al.,	2011)	whereas	
an ORMTP	close	to	zero	is	indicative	of	a	low	degree	of	model	over‐
fitting	(Radosavljevic	&	Anderson,	2014).	Further	details	on	model	
and	variable	selection	are	presented	in	Methods	S3.

2.6 | Testing alternative demographic models

We	used	 the	 integrative	distributional,	 demographic	 and	 coales‐
cent	 (iDDC)	 approach	 (He	 et	 al.,	 2013)	 and	 an	 ABC	 framework	
(Beaumont,	 Zhang,	&	Balding,	 2002;	Csilléry,	Blum,	Gaggiotti,	&	
François,	2010)	 to	 test	alternative	models	 representing	different	
hypotheses	 about	 how	 landscape	 heterogeneity	 has	 impacted	
the	 demography	 and	 spatial	 distribution	 of	 genomic	 variation	 in	
our	focal	taxon	(Figure	1).	This	approach	 is	described	 in	detail	 in	

He	 et	 al.	 (2013)	 and	 consists	 of	 three	main	 steps:	 (a)	 construct‐
ing	 alternative	 demographic	 models	 representing	 different	 hy‐
potheses	about	how	carrying	capacities	(k)	vary	across	space	and	
through	 time	 (i.e.,	 spatiotemporally	 explicit	 models);	 (b)	 running	
demographic	and	genetic	simulations	under	each	model	using	the	
software	 splatche2	 (see	 Ray	 et	 al.,	 2010);	 and	 (c)	 evaluating	 the	
fit	 of	 observed	 genomic	 data	 (i.e.,	 empirical	 data	 obtained	 after	
genotyping	 sampled	 populations)	 to	 the	 genetic	 expectations	
under	each	model,	identifying	the	most	probable	model(s)	and	es‐
timating	demographic	parameters	 (e.g.,	He	et	al.,	2013;	Massatti	
&	Knowles,	2016;	Figure	1).	Below	we	indicate	the	most	relevant	
aspects	 for	 each	 of	 these	 three	 steps	 and	 present	 an	 extended	
explanation	in	Methods	S4.

2.6.1 | Constructing demographic models

We	generated	 three	basic	demographic	models.	 (a)	A	static	model	
in	which	carrying	capacities	(k)	are	homogeneous	across	space	and	
time.	This	scenario	is	analogous	to	a	flat	landscape	or	an	isolation‐
by‐distance	model	(e.g.,	He	et	al.,	2013).	(b)	A	dynamic	model	repre‐
senting	distributional	shifts	resulting	from	the	interaction	between	
the	species	bioclimatic	envelope	and	Pleistocene	glacial	cycles	(e.g.,	
He	et	al.,	2013;	Massatti	&	Knowles,	2016).	In	this	scenario,	carry‐
ing	capacities	change	over	time	according	to	climatic	suitability	maps	
obtained	from	projections	of	the	ENM	to	the	present	and	the	LGM	
bioclimatic	conditions	(see	section	Environmental	niche	modelling).	
This	dynamic	model	considered	landscapes	from	three	consecutive	
time	periods	(LGM,	intermediate,	current)	reflecting	temporal	shifts	
in	the	spatial	distribution	of	environmentally	suitable	areas	for	the	
species	in	response	to	climate	changes	since	the	LGM	(e.g.,	He	et	al.,	
2013;	Massatti	&	Knowles,	2016).	As	done	in	previous	studies,	car‐
rying	capacities	were	scaled	proportionally	to	logistic	climatic	suit‐
ability	scores	obtained	from	the	ENM	for	each	time	period	(e.g.,	He	
et	al.,	2013;	Knowles	&	Massatti,	2017;	Massatti	&	Knowles,	2016).	
Thus,	we	assumed	that	the	carrying	capacity	for	each	grid	cell	was	
proportional	 to	 the	 estimated	 probability	 of	 presence	 of	 the	 spe‐
cies	 in	that	grid	cell.	 (c)	A	dynamic	model	starting	with	a	flat	 land‐
scape	(i.e.,	nonfragmented)	that	shifted	to	a	fragmented	landscape	
in	which	carrying	capacities	for	habitats	unsuitable	for	the	species	
were n	times	lower	than	those	assigned	to	suitable	habitats	(Figure	3;	
Table	 2).	 The	 distribution	 of	 suitable	 habitats	was	 estimated	 from	
Corine	Land	Cover	maps	(CORINE,	2012).	We	considered	as	suitable	
habitats	for	the	species	the	Corine	Land	Cover	classes	“broad‐leaved	
forest,”	“transitional	woodland‐shrub,”	“land	principally	occupied	by	
agriculture,	 with	 significant	 areas	 of	 natural	 vegetation,”	 “sclero‐
phyllous	vegetation,”	 “agro‐forestry	areas,”	 “pastures”	and	 “natural	
grasslands,”	which	 represent	 the	 habitats	 used	 by	 the	 species	 ac‐
cording	to	occurrence	data	(Table	S1).	We	considered	as	unsuitable	
habitats	all	other	land	cover	classes	that	are	never	occupied	by	the	
species.	 Habitat	 specialist	 grasshoppers	 are	 tightly	 linked	 to	 their	
specific	microhabitats	 and	 generally	 show	 low	 rates	 of	 interpatch	
dispersal	(e.g.,	Ortego,	Aguirre,	&	Cordero,	2010;	Ortego	et	al.,	2015;	
Reinhardt,	Köhler,	Maas,	Detzel,	&	Spence,	2005).	In	the	case	of	D. 

F I G U R E  2  Map	displaying	the	geographical	location	of	sampling	
populations	of	Dociostaurus hispanicus	in	the	Iberian	Peninsula.	
Warmer	colours	and	larger	circle	sizes	denote	higher	levels	of	
population	genetic	diversity	(π,	nucleotide	diversity).	The	dashed	
polygon	indicates	the	area	considered	to	run	splatche2	analyses	(see	
Figure	3).	Population	codes	are	described	in	Table	1	[Colour	figure	
can	be	viewed	at	wileyonlinelibrary.com]
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F I G U R E  3  Layers	used	to	run	
alternative	demographic	models	in	
splatche2.	Model	A	is	a	static	model	
defined	by	a	flat	landscape	in	which	
carrying	capacities	of	demes	(k)	are	
homogeneous	across	space	and	time.	
Model	D	is	a	dynamic	model	in	which	
carrying	capacities	change	over	three	
time	periods	and	are	scaled	proportionally	
to	logistic	environmental	suitability	
scores	(red:	high;	blue:	low)	obtained	
from	projections	of	the	species‐specific	
environmental	niche	model	(ENM)	to	the	
present	(c)	and	the	Last	Glacial	Maximum	
(a).	Model	G	is	a	dynamic	model	starting	
with	a	flat	landscape	(a	and	b)	that	shifted	
to	a	contemporary	fragmented	landscape	
in	which	carrying	capacities	for	habitats	
unsuitable	for	the	species	(in	blue)	are	
smaller	than	those	assigned	to	suitable	
habitats	(in	red)	(c).	Each	of	these	three	
basic	models	was	also	run	considering	
barriers	to	dispersal	(areas	with	slopes	
>20%	not	occupied	by	the	focal	taxon;	in	
black;	Models	B,	E,	and	H,	respectively)	
and	incorporating	a	friction	layer	defined	
by	topographic	roughness	(Models	C,	F	
and	I,	respectively;	not	shown).	Green	
dots	in	initial	layers	of	each	model	indicate	
the	locations	of	ancestral	populations	
used	to	initiate	the	simulations.	Panel	(c)	
for	Model	D	shows	the	species	records	
(black	crosses)	used	to	build	the	ENM.	
The	geographical	location	of	the	layers	
used	to	run	the	models	is	indicated	in	
Figure	2	[Colour	figure	can	be	viewed	at	
wileyonlinelibrary.com]
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hispanicus	this	is	evidenced	by	the	strong	genetic	fragmentation	of	
its	populations	at	both	local	and	regional	spatial	scales	(see	Section	
3).	Thus,	the	land	use	classes	occupied	by	D. hispanicus	are	likely	to	
be	an	accurate	proxy	of	suitable	habitats	that	sustain	comparatively	
much	larger	carrying	capacities	than	those	habitat	categories	where	
the	species	has	never	been	recorded.	Dynamic	models	considering	
the	 impacts	of	human‐driven	habitat	 fragmentation	started	with	a	
hypothetically	nonfragmented	landscape	that	250 years	ago	shifted	
to	a	fragmented	landscape	with	a	spatial	configuration	of	suitable/
unsuitable	 habitats	 that	 has	 not	 changed	 until	 the	 present.	 Thus,	
this	model	assumes	that	habitat	fragmentation	took	place	250	years	
ago,	 the	spatial	configuration	of	suitable	habitats	after	 fragmenta‐
tion	took	place	has	remained	unaltered	until	present	times,	and	the	
carrying	capacities	of	unsuitable	habitats	 are	n	 times	 smaller	 than	
those	of	habitats	suitable	for	the	species.	We	fine‐tuned	this	model	
considering	 different	 relative	 values	 of	 carrying	 capacities	 for	 un‐
suitable	and	suitable	habitats	(1:10,	1:100	and	1:1,000)	(e.g.,	Ortego	
et	al.,	2015;	Paquette,	Talbot,	Garant,	Mainguy,	&	Pelletier,	2014).	
The	 three	 orders	 of	 magnitude	 considered	 for	 the	 relative	 carry‐
ing	capacities	of	unsuitable	and	suitable	habitats	span	a	range	that	
has	been	found	to	be	informative	in	another	specialist	grasshopper	
from	the	Iberian	Peninsula	inhabiting	similar	flat	lowland	landscapes	
(Ortego	et	al.,	2015).	Finally,	we	generated	two	variants	of	the	three	
basic	 models	 described	 above	 by	 incorporating	 information	 from	

geographical	features	that	might	hypothetically	hinder	(topographic	
roughness)	 or	 impede	 (impassable	 barriers	 to	 dispersal)	 gene	 flow	
among	populations.	The	first	variant	incorporated	the	hypothetical	
negative	 impact	of	 topographic	 roughness	on	migration	rates	with	
neighbouring	demes	(specified	as	a	friction	parameter	in	splatche2; 
Ray	et	al.,	2010).	The	second	variant	 incorporated	the	presence	of	
impassable	barriers	to	dispersal	(k	=	0).	We	considered	grid	cells	with	
a	slope	>	20%	as	impassable	barriers	to	dispersal,	as	these	areas	are	
not	occupied	by	the	focal	taxon	according	to	occurrence	data	(Table	
S1).	We	calculated	topographic	roughness	(slope)	using	a	90‐m‐reso‐
lution	digital	elevation	model	from	NASA	Shuttle	Radar	Topographic	
Mission	 (SRTM	 Digital	 Elevation	 Data;	 http://srtm.csi.cgiar.org/).	
Overall,	we	generated	nine	demographic	models	that	resulted	from	
the	combinations	of	three	basic	static/dynamic	models	with	the	two	
hypothetical	effects	of	topography	(topographic	roughness	and	the	
presence/absence	of	barriers	to	dispersal)	(Figures	1	and	3;	Table	2).

2.6.2 | Demographic and genetic simulations

We	used	splatche2	to	perform	forward‐in‐time	demographic	simula‐
tions	 followed	by	backward‐in‐time	genetic	 (coalescent)	 simulations	
under	each	model	(see	Ray	et	al.,	2010),	which	are	expected	to	pro‐
duce	 contrasting	 patterns	 of	 genetic	 variation	 due	 to	 differences	
among	scenarios	 in	the	way	that	carrying	capacities	vary	across	the	

TA B L E  2  Statistics	from	the	Approximate	Bayesian	Computation	(ABC)	procedure	used	for	evaluating	the	relative	support	of	each	
demographic	model

Model Description Ratio Marginal density p‐Value Bayes factor

R2

Kmax m NANC

A Flat	landscape — 9.06	×	10−07 0.078 448.08 0.275 0.826 0.924

B Flat	landscape	+	barriers — 3.60	×	10−05 0.357 11.26 0.417 0.837 0.916

C Flat	
landscape	+	roughness

— 7.11	×	10−08 0.005 5,708.09 0.385 0.812 0.927

D ENM — 4.02	×	10−08 0.006 10,089.70 0.267 0.826 0.929

E ENM	+	barriers — 7.03	×	10−06 0.335 57.78 0.386 0.836 0.927

F ENM	+	roughness — 1.15	×	10−07 0.002 3,534.66 0.331 0.818 0.923

G Habitat 1:10 1.85	×	10−05 0.774 21.95 0.301 0.822 0.918

G Habitat 1:100 2.89	×	10−05 0.908 14.07 0.313 0.824 0.918

G Habitat 1:1,000 1.93	×	10−05 0.804 20.99 0.288 0.826 0.920

H Habitat + barriers 1:10 4.06 × 10−04 0.957 1.00 0.397 0.845 0.922

H Habitat	+	barriers 1:100 1.88	×	10−04 0.988 2.16 0.372 0.825 0.924

H Habitat	+	barriers 1:1,000 7.72	×	10−05 0.804 5.26 0.366 0.820 0.921

I Habitat	+	roughness 1:10 1.38	×	10−07 0.010 2,943.72 0.371 0.834 0.923

I Habitat	+	roughness 1:100 1.50	×	10−06 0.032 270.10 0.374 0.844 0.929

I Habitat	+	roughness 1:1,000 2.12	×	10−06 0.060 191.87 0.348 0.817 0.923

Note:	A	higher	marginal	density	corresponds	to	a	higher	model	support	and	nonsignificant	p‐values	indicate	that	the	model	is	able	to	reproduce	data	
in	agreement	with	observed	empirical	data	(Wegmann	et	al.,	2010).	Bayes	factors	(BF)	represent	the	degree	of	relative	support	for	the	best	sup‐
ported	model	(in	bold)	over	the	other	models.	BF	>	20	indicate	strong	support,	while	those	>150	indicate	very	strong	support	(Kass	&	Raftery,	1995).	
Models	G–I	were	fine‐tuned	considering	different	relative	values	of	carrying	capacities	for	unsuitable	and	suitable	habitats	(1:10,	1:100	and	1:1,000;	
Ratio).	The	coefficient	of	determination	(R2)	between	each	parameter	and	the	five	partial	least	squares	(PLS)	components	retained	is	indicative	of	the	
power	of	estimating	the	parameters.

http://srtm.csi.cgiar.org/
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landscape	and	through	time	(see	Massatti	&	Knowles,	2016;	Figure	3).	
For	each	model,	we	ran	200,000	simulations	using	the	same	uniform	
priors	for	the	three	demographic	parameters	employed:	migration	rate	
per	deme	per	generation	(m;	range	of	log(m):	−2.3,	−1.2),	carrying	ca‐
pacity	of	 the	deme	with	highest	suitability	 (Kmax;	 range	of	 log(Kmax):	
5.2,	7.2)	and	ancestral	population	size	(NANC;	range	of	log(NANC):	2.0,	
4.0).	Following	each	time‐forward	demographic	simulation,	a	spatially	
explicit	time‐backward	coalescent	model	informed	by	the	deme‐spe‐
cific	demographic	parameters	(K, m and NANC)	was	used	to	generate	
genetic	data	(Currat	et	al.,	2004;	Ray	et	al.,	2010).	We	used	arlsumstat 
version	3.5.2	to	calculate	a	total	of	67	summary	statistics	for	simulated	
data	sets	under	each	model,	including	mean	heterozygosity	across	loci	
for	each	population	and	across	populations	(H),	number	of	segregating	
sites	for	each	population	and	across	populations	(S),	and	pairwise	pop‐
ulation	FST	values	(Excoffier	&	Lischer,	2010).	The	same	67	summary	
statistics	were	extracted	from	observed	empirical	data	(Figure	1).

2.6.3 | Model choice and parameter estimation

We	used	an	ABC	framework	to	perform	model	selection	and	pa‐
rameter	estimation	(for	an	overview	of	ABC,	see	Beaumont	et	al.,	
2002),	 as	 implemented	 in	 the	 programs	 transformer and abces-
timator and r	 scripts	 (findPLS)	 distributed	 as	 part	 of	 abctoolbox 
(Wegmann,	 Leuenberger,	 Neuenschwander,	 &	 Excoffier,	 2010;	
e.g.,	He	et	 al.,	 2013;	Massatti	&	Knowles,	 2016).	 In	order	 to	 ac‐
count	for	correlations	between	summary	statistics	and	reduce	the	
“curse	 of	 dimensionality”	 associated	 with	 using	 a	 large	 number	
of	 statistics	 (Boulesteix	&	 Strimmer,	 2007),	we	used	 the	 r	 pack‐
age	 pls	 version	 2.6‐0	 (Mevik	&	Wehrens,	 2007)	 and	 the	 findPLS 
script	 to	 extract	 partial	 least	 squares	 (PLS)	 components	 with	
Box‐Cox	 transformation	 from	the	summary	statistics	of	 the	 first	
10,000	simulations	for	each	model	(Boulesteix	&	Strimmer,	2007;	
Wegmann	et	 al.,	 2010;	e.g.,	He	et	 al.,	 2013).	We	used	 the	 linear	
combinations	of	summary	statistics	obtained	from	the	first	10,000	
simulations	 for	 each	model	 to	 transform	 all	 data	 sets	 (observed	
empirical	and	simulated	data	sets)	with	 the	program	transformer 
(for	 details	 about	 this	 procedure,	 see	 Wegmann	 et	 al.,	 2010).	
For	 each	model,	 we	 retained	 the	 1,000	 simulations	 (0.5%)	 clos‐
est	to	the	observed	empirical	data	and	used	them	to	approximate	
marginal	 densities	 and	 posterior	 distributions	 of	 the	 parameters	
with	 a	 postsampling	 regression	 adjustment	 using	 the	 ABC‐GLM	
(general	 linear	 model)	 procedure	 detailed	 in	 Leuenberger	 and	
Wegmann	(2010)	and	implemented	in	abctoolbox	(see	also	Csilléry	
et	al.,	2010).	We	used	Bayes	factors	(BFs)	for	model	selection,	de‐
fined	as	 the	 ratio	between	marginal	densities	of	 the	model	with	
the	highest	marginal	density	and	the	alternative	model	 (Jeffreys,	
1961).	The	higher	the	ratio,	the	better	supported	the	first	model.	
A	 BF	 >	 20	 indicates	 strong	 relative	 support	 for	 the	 first	model,	
while	 values	 >150	 indicate	 very	 strong	 support	 (Jeffreys,	 1961;	
Kass	&	Raftery,	1995;	Leuenberger	&	Wegmann,	2010).	To	evalu‐
ate	the	ability	of	each	model	to	generate	the	observed	empirical	
data,	we	calculated	Wegmann's	p‐value	 from	the	1,000	 retained	
simulations	 (Wegmann	et	 al.,	 2010).	The	p‐value	 is	 calculated	as	

the	 fraction	 of	 the	 retained	 simulations	 with	 a	 smaller	 or	 equal	
likelihood	 than	 the	 observed	 empirical	 data,	with	 low	 values	 in‐
dicating	 that	 a	model	 is	 highly	 unlikely	 (Wegmann	 et	 al.,	 2010).	
We	 also	 assessed	 the	 potential	 for	 a	 parameter	 to	 be	 correctly	
estimated	 by	 computing	 the	 proportion	 of	 parameter	 variance	
that	was	 explained	 (i.e.,	 the	 coefficient	 of	 determination,	R2)	 by	
the	 retained	PLS	 (Neuenschwander	 et	 al.,	 2008).	 Finally,	 for	 the	
most	supported	model(s),	we	determined	the	accuracy	of	param‐
eter	estimation	using	1,000	pseudo‐observation	data	sets	(PODs)	
generated	from	prior	distributions	of	the	parameters.	 If	 the	esti‐
mation	of	 the	parameters	 is	unbiased,	posterior	quantiles	of	 the	
parameters	obtained	from	PODs	should	be	uniformly	distributed	
(Cook,	Gelman,	&	Rubin,	2006;	Wegmann	et	al.,	2010).	As	done	for	
observed	empirical	data,	we	calculated	the	posterior	quantiles	of	
true	parameters	for	each	pseudo	run	based	on	the	posterior	dis‐
tribution	of	 the	regression‐adjusted	1,000	simulations	closest	 to	
each	pseudo‐observation	(e.g.,	Massatti	&	Knowles,	2016).

3  | RESULTS

3.1 | Genomic data set

After	quality	 filtering,	136,580,290	 reads	were	 retained	across	 all	
genotyped	individuals	(mean	±	SD	=	2,239,021	±	657,973;	Figure	S1).	
The	final	exported	data	set	obtained	with	stacks	after	removing	loci	
that	did	not	meet	the	different	filtering	requirements	(p	=	10,	r = 0.8 
and min_maf	=	0.01)	contained	18,249	SNPs,	with	a	proportion	of	
missing	data	of	1.68%.

3.2 | Population genetic structure

Pairwise	FST	values	ranged	from	0.082	to	0.307	and	all	estimates	were	
significantly	different	from	zero	based	on	100	permutations	(p < 0.05; 
Table	 S2).	 structure	 analyses	 revealed	 a	 good	 congruence	between	
geography	and	the	genetic	clusters	inferred	at	different	hierarchical	
levels	 (Figure	 4).	 Analyses	 considering	 all	 populations	 showed	 the	
presence	of	two	main	genetic	clusters	corresponding	to	populations	
located	north	(TRAB,	NAVA,	PNEG,	AVIL;	hereafter,	Northern	popu‐
lations)	and	south	 (ALDE,	VENT,	TRUJ,	BELA,	ALCU,	SANT;	hereaf‐
ter,	Southern	populations)	of	the	Central	Mountain	System	(Figure	4;	
Figures	S2	and	S3).	structure	analyses	performed	at	lower	hierarchical	
levels	for	Southern	populations	also	showed	a	good	correspondence	
between	geography	and	the	identified	genetic	clusters,	with	two	well‐
defined	genetic	clusters	separating	southernmost	populations	(BELA,	
ALCU,	SANT)	from	the	remaining	Southern	populations	(ALDE,	VENT,	
TRUJ;	Figure	4).	However,	 the	congruence	between	geography	and	
genetic	substructure	among	Northern	populations	was	less	obvious	
and	some	populations	(AVIL,	PNEG)	were	often	assigned	to	different	
genetic	clusters	than	those	grouping	nearby	and	spatially	interspersed	
populations	 (Figure	4).	 The	 results	 obtained	with	 structure were in 
good	agreement	with	those	obtained	from	PCAs	in	which	PC1	split	
Northern	 and	 Southern	 populations,	 and	 PC2	 separated	 southern‐
most	populations	from	the	other	Southern	populations	(Figure	S4).
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3.3 | Genetic diversity and past 
demographic history

Population	 genetic	 statistics	 (π,	HO,	HE,	p and FIS)	 calculated	with	
stacks	for	all	positions	(polymorphic	and	nonpolymorphic)	and	only	
considering	 variant	 positions	 are	 presented	 in	 Table	 1.	 One‐way	
ANOVas	showed	that	Northern	populations	have	lower	levels	of	ge‐
netic	diversity	than	Southern	populations	(π: F1,8	=	35.34,	p < 0.001; 
HO: F1,8	=	13.43,	p	=	0.006).	Accordingly,	genetic	diversity	was	neg‐
atively	correlated	with	 latitude	 (π: r	=	0.853,	t	=	−4.62,	p = 0.002; 
HO: r	=	0.818,	t	=	−4.02,	p	=	0.004)	but	showed	no	association	with	
longitude	(π: r	=	0.052,	t	=	0.15,	p = 0.887; HO: r	=	0.043,	t	=	0.12,	
p	=	0.906).	stairway plot	analyses	revealed	that	contemporary	effec‐
tive	population	sizes	for	Northern	populations	are	lower	than	those	
inferred	for	Southern	populations	(Figure	5),	which	is	in	agreement	
with	 the	 observed	 negative	 latitudinal	 cline	 of	 genetic	 diversity	
(Figure	2).	Two	Northern	populations	(AVIL	and	PNEG)	experienced	
a	deep	bottleneck	starting	40,000	years	before	present	(bp).	These	
severe	bottlenecks	reduced	Ne	by	~75%,	from	~100,000	to	~25,000	
diploid	individuals,	and	lasted	until	the	LGM	(21,000	years	bp),	when	
the	 two	 populations	 abruptly	 expanded	 (Figure	 5a).	 Two	 popula‐
tions	 (VENT	and	BELA)	showed	signals	of	small	demographic	bot‐
tlenecks	 (Ne	 reduction	 by	 ~10%–15%)	 occurring	 at	 different	 time	
periods	 between	 50,000	 and	 30,000	 years	 bp	 (Figure	 5b).	 With	
the	exception	of	AVIL	and	PNEG,	all	populations	have	experienced	
demographic	 expansions	 of	 different	magnitude	 after	 long	 stable	

periods	with	negligible	fluctuations	in	population	size.	Demographic	
expansions	in	most	of	these	populations	(NAVA,	VENT,	TRU,	BELA,	
ALCU)	started	40,000–20,000	years	bp	 from	an	ancestral	popula‐
tion	 of	 ~80,000–100,000	 diploid	 individuals.	 Two	 populations	
(TRAB	and	ALDE)	experienced	earlier	 (100,000–120,000	years	bp)	
abrupt	expansions	followed	by	a	long	period	of	demographic	stabil‐
ity	spanning	until	the	present.	These	expansions	extended	for	over	
10,000–20,000	 years	 and	 strong	 variability	 in	 their	 magnitude	 is	
reflected	 in	the	remarkable	differences	 in	Ne	and	estimates	of	ge‐
netic	diversity	among	contemporary	populations	 (Figures	2	and	5;	
Table	1).

3.4 | Environmental niche modelling

Parameter	 tuning	 performed	 using	 enmeval	 showed	 that	 a	 linear,	
quadratic,	 and	 hinge	 (LQH)	 feature	 class	 (FC)	 combination	 and	 a	
regularization	multiplier	 (RM)	of	2	minimized	AICc.	After	removing	
highly	 correlated	 variables	 and	 those	with	 a	 zero	 per	 cent	 contri‐
bution,	nine	bioclimatic	 layers	were	retained	to	construct	the	final	
ENM.	These	variables,	sorted	by	their	per	cent	contribution	(in	pa‐
rentheses),	 included:	temperature	seasonality	(BIO4;	26.2%);	mean	
temperature	of	wettest	quarter	(BIO8;	23.2%);	precipitation	of	wet‐
test	quarter	(BIO16;	18.0%);	precipitation	seasonality	(BIO15;	9.7%);	
precipitation	of	driest	month	 (BIO14;	6.8%);	mean	 temperature	of	
coldest	quarter	(BIO11;	6.6%);	isothermality	(BIO3;	4.8%);	mean	di‐
urnal	 range	 (BIO2;	2.7%);	 and	mean	 temperature	of	driest	quarter	

F I G U R E  4  Results	of	structure	analyses	showing	posterior	probability	plots	of	individual	assignments	to	the	different	genetic	clusters	
inferred	at	each	hierarchical	level.	Subsets	of	populations	included	in	each	analysis	were	defined	according	to	their	assignment	to	the	genetic	
clusters	inferred	at	the	previous	hierarchical	level.	Each	individual	is	represented	by	a	vertical	bar,	which	is	partitioned	into	k coloured 
segments	showing	the	individual's	probability	of	belonging	to	the	cluster	with	that	colour.	Thin	vertical	black	lines	separate	individuals	from	
different	populations.	Population	codes	are	described	in	Table	1	[Colour	figure	can	be	viewed	at	wileyonlinelibrary.com]
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(BIO9;	1.9%).	The	high	AUCTEST	 (AUCTEST	=	0.905)	and	 low	ORMTP 
(ORMTP	=	0.017)	estimates	 for	 the	most	 supported	model	 indicate	
that	 it	has	high	discriminatory	power	and	a	 low	degree	of	overfit‐
ting,	respectively.	Accordingly,	inspection	of	predicted	distributions	
for	the	present	confirmed	that	the	ENM	yielded	a	distribution	pat‐
tern	coherent	with	the	observed	current	distribution	of	the	species	
(see	panel	c	from	Model	D	in	Figure	3).	Projection	of	the	present‐day	
climate	niche	envelope	 to	 LGM	climatic	 conditions	 suggests	 some	

important	temporal	changes	in	the	distribution	and	patterns	of	pop‐
ulation	 connectivity	 of	 the	 species	 (Figure	 3a).	 Climatic	 suitability	
maps	 predicted	 a	more	 continuous	 distribution	 and	 overall	 higher	
suitability	during	the	LGM	than	in	the	present	and	suggest	that	the	
species	has	experienced	a	northward	range	contraction	and	consid‐
erable	fragmentation	across	its	entire	distribution	after	the	last	gla‐
cial	period	(Figure	3).

3.5 | Testing alternative demographic models

Based	 on	 the	 relative	 information	 content	 contained	 in	 the	 PLS	
components,	 the	 first	 five	 PLS	were	 selected	 and	 extracted	 from	
the	 summary	 statistics	 for	ABC	analyses	 (Figure	S5).	According	 to	
marginal	densities	calculated	 from	 the	0.5%	simulations	closest	 to	
observed	empirical	data,	Model	H	had	the	highest	support	(Table	2).	
The	high	Wegmann	p‐value	(0.957)	of	this	model	suggests	a	strong	
correspondence	 between	 observed	 empirical	 data	 and	 simulated	
genetic	 data	 (Table	2).	 This	model	 incorporates	 barriers	 to	 disper‐
sal	(areas	with	slopes	>20%	not	occupied	by	the	focal	taxon	are	as‐
signed	a	k	=	0)	and	starts	with	a	flat	landscape	with	homogeneous	
carrying	capacities	(i.e.,	nonfragmented)	that	250	years	ago	shifted	
to	a	fragmented	landscape	in	which	carrying	capacities	for	habitats	
unsuitable	for	the	species	are	10	times	smaller	than	those	assigned	
to	 suitable	 habitats.	 Fine‐tuning	of	models	G–I	 considering	 differ‐
ent	ratios	of	carrying	capacities	for	unsuitable	and	suitable	habitats	
(1:10,	1:100	and	1:1,000)	did	not	have	a	strong	 impact	on	 relative	
model	 fitting	 to	 empirical	 data	 and	Model	H	was	 consistently	 the	
most	supported	model	 in	all	cases	 (Table	2).	The	relative	values	of	
carrying	capacities	 for	unsuitable	and	suitable	habitats	 that	better	
fitted	empirical	data	differed	among	models	(1:100	for	model	G,	1:10	
for	model	H	and	1:1,000	for	model	I;	Table	2),	indicating	that	the	best	
solution	under	each	specific	model	was	 reached	through	different	
combinations	of	demographic	parameter	values	and	ratios	of	carry‐
ing	capacities	between	the	two	habitat	classes	(Table	2).	Analogous	
models	considering	alternative	times	for	the	onset	of	habitat	 frag‐
mentation	had	consistently	 lower	 support	 (125	years:	BF	=	14.53;	
500	years:	BF	=	2.62;	1,000	years:	BF	=	3.33;	2,000	years:	BF	=	7.49).	
The	second	most	supported	model	 (Model	B;	BF	=	11.26;	Table	2)	
was	 the	one	considering	a	 flat	 landscape	 incorporating	barriers	 to	
dispersal	 (Figure	 3).	 This	 model	 was	 plausibly	 similar	 to	Model	 H	
(BF	<	20;	Table	2).	All	other	models	had	differences	in	BF	>	20	with	
the	most	supported	model	(Table	2),	indicating	strong	relative	sup‐
port	for	Model	H	(Jeffreys,	1961;	Kass	&	Raftery,	1995).

Posterior	 distributions	 of	 parameter	 estimates	 were	 consider‐
ably	distinct	from	the	prior,	indicating	the	simulated	data	contained	
information	relevant	to	estimating	the	parameters	 (Figure	S6).	The	
comparison	 of	 posterior	 distributions	 before	 and	 after	 the	 ABC‐
GLM	 also	 showed	 the	 improvement	 that	 this	 procedure	 had	 on	
parameter	estimates	(blue	shading	vs.	solid	black	line	in	Figure	S6).	
The	posterior	distribution	of	maximum	carrying	capacity	(Kmax)	was	
flatter	than	those	obtained	for	ancestral	population	size	(NANC)	and	
migration	rates	(m;	Figure	S6).	Accordingly,	the	coefficients	of	deter‐
mitation	(R2)	from	a	multiple	regression	between	each	demographic	

F I G U R E  5  Demographic	history	of	each	studied	population	
of	Dociostaurus hispanicus	inferred	using	stairway plot.	Lines	show	
the	median	estimate	of	Ne	over	time	for	(a)	Northern	populations	
(in	blue)	and	(b)	Southern	populations	(in	red).	Ne	is	the	effective	
population	size,	assuming	a	mutation	rate	of	2.8	×	10−9	and	1‐year	
generation	time.	Population	codes	shown	in	the	legend	of	each	
panel	are	described	in	Table	1	[Colour	figure	can	be	viewed	at	
wileyonlinelibrary.com]
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parameter	 and	 the	 five	 retained	 PLS	 indicated	 that	 the	 summary	
statistics	used	had	a	high	potential	to	correctly	estimate	all	the	pa‐
rameters	except	Kmax	(Table	2).	Histograms	of	the	posterior	quantile	
of	m	 were	 uniformly	 distributed,	 indicating	 that	 this	 parameter	 is	
estimated	without	bias	 (Figure	S7b).	 In	contrast,	 the	Kolmogorov–
Smirnov	test	indicated	that	the	posterior	quantiles	for	Kmax and NANC 
deviated	from	a	uniform	distribution,	suggesting	a	potential	bias	in	
the	estimation	of	these	parameters	(Figure	S7a,c).

4  | DISCUSSION

In	a	 first	 (observational)	 step,	we	used	genomic	data	 to	 infer	 the	
spatial	patterns	of	genetic	diversity	and	structure	of	 the	 studied	
species	 and	 reconstruct	 historical	 demographic	 profiles	 of	 the	
different	 populations.	 In	 a	 second	 (hypothesis‐testing)	 step,	 we	
used	information	on	different	aspects	of	the	ecology	of	the	focal	
taxon	 (environmental	 niche	envelope,	habitat	 associations,	 topo‐
graphic	 roughness	 and	barriers	 to	 dispersal)	 to	 generate	 biologi‐
cally	informed	models	representing	alternative	hypotheses	linking	
patterns	 of	 genetic	 variation	 inferred	 in	 the	 first	 step	 with	 the	
ecological	 and	 evolutionary	 processes	 shaping	 them.	 Statistical	
evaluation	 of	 the	 different	 competing	 scenarios	 revealed	 that	
the	marked	spatial	genetic	 structure	of	 the	 focal	 taxon	has	been	
primarily	 determined	 by	 topographic	 barriers	 to	 dispersal	 and	
the	contemporary	 configuration	of	 suitable	habitats	 for	 the	 spe‐
cies,	 with	 no	 apparent	 effect	 of	 distributional	 shifts	 linked	 to	
Pleistocene	glacial	cycles.

4.1 | Spatial distribution of genetic variation

Despite	the	narrow	distribution	of	 the	cross‐backed	grasshopper	
Dociostaurus hispanicus	and	the	short	geographical	distances	sepa‐
rating	some	of	the	studied	populations,	Bayesian	clustering	analy‐
ses	revealed	a	marked	hierarchical	genetic	structure	in	the	species.	
Specifically,	these	analyses	showed	the	presence	of	two	main	ge‐
netic	 clusters	 separating	populations	 located	north	 and	 south	of	
the	 Central	Mountain	 System	 that,	 in	 turn,	 are	 substructured	 at	
finer	 geographical	 scales.	 Such	 pronounced	 genetic	 structure	 is	
comparable	 to	 that	 reported	 for	 other	Mediterranean	 grasshop‐
pers	showing	low	dispersal	capacities	and/or	a	highly	fragmented	
distribution	of	 suitable	habitats	 (Noguerales	et	 al.,	 2016;	Ortego	
et	 al.,	 2010).	 Beyond	 the	 assignment	 to	 different	 genetic	 clus‐
ters,	several	 lines	of	evidence	indicate	that	the	two	main	popula‐
tion	groups	have	experienced	contrasting	demographic	histories.	
Whereas	 expansions	 following	 long	 stable	 demographic	 periods	
with	negligible	fluctuations	in	population	size	characterize	south‐
ern	 populations,	 some	 northern	 populations	 (PNEG,	 AVIL)	 have	
passed	 through	 severe	 demographic	 bottlenecks	 during	 the	 last	
glaciation.	 Increased	 genetic	 drift	 in	 northern	 populations	 is	 re‐
flected	 in	 their	higher	 levels	of	genetic	differentiation	and	 lower	
levels	 of	 genetic	 diversity	 in	 comparison	 with	 southern	 popula‐
tions,	 which	 leads	 to	 a	 latitudinal	 decline	 of	 genetic	 diversity.	

Genetic	drift	and	strong	bottlenecks	in	northern	populations	might	
have	 led	 to	 some	 incongruences	between	geography	and	 the	 in‐
ferred	genetic	substructure	and	explain	why	some	nearby	popula‐
tions	do	not	cluster	together	in	structure	analyses	(see	also	Ortego,	
Gugger,	&	Sork,	2018).	Collectively,	these	results	indicate	consid‐
erable	geographical	heterogeneity	in	the	distribution	of	genetic	di‐
versity	across	populations,	suggesting	that	different	temporal	and	
spatial	aspects	of	landscape	composition	have	plausibly	impacted	
the	 demography	 of	 the	 species	 and	 shaped	 its	 present‐day	 pat‐
terns	of	genetic	variation.

4.2 | Testing alternative demographic models

Model	comparison	using	an	ABC	framework	indicated	that	the	spa‐
tiotemporally	 explicit	 demographic	 scenario	 most	 supported	 by	
genomic	 data	 was	 the	 one	 considering	 a	 landscape	 incorporating	
both	topographic	barriers	to	dispersal	and	the	contemporary	distri‐
bution	of	suitable	habitats	(Model	H).	The	scenario	based	on	a	static	
flat	 landscape	with	 impassable	barriers	 to	dispersal	 (Model	B)	was	
also	relatively	well	supported	 (BF	<	20;	Kass	&	Raftery,	1995)	and	
provided	a	reasonably	good	fit	to	the	data.	Remarkably,	among	mod‐
els	that	did	not	 incorporate	the	barrier,	only	the	one	based	on	the	
contemporary	distribution	of	suitable	habitats	(Model	G)	was	able	to	
generate	data	 in	agreement	with	observed	empirical	data	whereas	
the	other	models	had	low	to	very	low	relative	supports	(Wegmann	
p‐values	<	0.1).

The	 predominant	 role	 of	 topographic	 barriers	 to	 dispersal	 on	
structuring	genomic	variation	in	the	studied	species	is	in	agreement	
with	its	strong	preferences	for	flat	landscapes	and	is	in	line	with	pre‐
vious	studies	documenting	the	importance	of	topographic	features	
on	shaping	genetic	divergence	across	multiple	terrestrial	organisms	
(e.g.,	Benham	&	Witt,	2016;	Castillo,	Epps,	Davis,	&	Cushman,	2014).	
The	effects	of	topographic	barriers	on	structuring	genetic	variation	
can	be	explained	by	multiple	nonmutually	exclusive	mechanisms,	in‐
cluding	 the	 greater	 energetic	 expenditure	 associated	with	moving	
across	 topographically	 heterogeneous	 landscapes	 (Castillo	 et	 al.,	
2014),	dispersal	preferences	for	a	particular	environment	(flat	land‐
scapes),	 behavioural	 reluctance	 to	 cross	 novel	 habitats	 (i.e.,	 steep	
slopes;	Wang	&	 Bradburd,	 2014)	 or	 physiological	 constraints	 (i.e.,	
thermal	tolerances	and	sensitivity)	and/or	competition	disadvantage	
under	 the	 specific	microclimatic	 conditions	 prevailing	 at	 high	 ele‐
vational	ranges	(Slatyer,	Nash,	&	Hoffmann,	2016;	Strangas,	Navas,	
Rodrigues,	&	Carnaval,2019).	Remarkably,	fitting	topographic	rough‐
ness	as	a	friction	parameter	(Ray	et	al.,	2010)	yielded	very	poor	model	
performance	under	any	scenario	(BF	>	190;	Wegmann	p‐value	<	0.1),	
which	 indicates	 that	 the	 failure	of	 the	species	 to	cross	 landscapes	
with	slopes	above	a	certain	threshold	(>20%),	rather	than	topographic	
roughness	per	se,	is	the	proximate	factor	structuring	genetic	varia‐
tion	in	the	focal	taxon	(see	also	González‐Serna,	Ortego,	&	Cordero,	
2018).	The	strong	preferences	of	the	species	for	flat	areas	might	ex‐
plain	the	observed	“threshold	effect,”	in	contrast	to	the	“cumulative	
effects”	of	topographic	roughness	often	documented	 in	organisms	
inhabiting	abrupt	landscapes	(Benham	&	Witt,	2016;	Castillo	et	al.,	
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2014;	 Wang,	 2012),	 including	 some	 montane	 grasshoppers	 (e.g.,	
Noguerales	 et	 al.,	 2016).	 Limited	 gene	 flow	 through	 steep	 slopes	
is	 in	 strong	 agreement	 with	 inferences	 from	 structure	 and	 PCAs,	
which	showed	that	the	different	genetic	clusters	group	populations	
separated	by	the	main	mountain	systems	in	the	study	area	(Central	
Mountain	System,	Montes	de	Toledo	and	Sierra	Morena)	 and	 that	
the	hierarchy	of	such	genetic	splits	is	congruent	with	the	extension	
and	elevation	of	the	different	ranges.	The	fact	that	the	uplift	of	these	
mountain	ranges	largely	pre‐dates	(Vera,	2004)	the	estimated	diver‐
gence	of	D. hispanicus	from	its	sister	taxon	D. brevicollis	Eversmann	
1848	(~1.9	million	years	ago;	González‐Serna	et	al.,	2018)	points	to	
range	expansion	followed	by	genetic	drift,	rather	than	fragmentation	
of	an	originally	continuous	population,	as	the	most	likely	explanation	
for	 the	 observed	 link	 between	 contemporary	 patterns	 of	 genetic	
structure	and	the	spatial	configuration	of	barriers	to	dispersal	(Short	
&	Petren,	2011).	The	most	supported	model	suggested	that	the	con‐
temporary	distribution	of	suitable	habitats	derived	from	land	cover	
maps	has	impacted	the	spatial	distribution	of	genetic	variation	in	the	
studied	species.	The	effect	of	contemporary	landscape	composition	
makes	biological	sense	considering	that	 land	clearing	for	extensive	
agriculture	 (vineyards,	 olive	 groves	 and	 cereal	 crops)	 has	 dramati‐
cally	fragmented	the	species	habitats	(Presa	et	al.,	2016).	However,	
ABC	 model	 selection	 suggests	 that	 the	 impacts	 of	 human‐driven	
habitat	fragmentation	on	the	observed	patterns	of	genetic	variation	
are	very	small	in	comparison	with	the	effects	of	topographic	barri‐
ers	 to	dispersal.	 In	 fact,	 the	best	 supported	model	 (Model	H)	was	
statistically	 followed	by	 the	one	based	on	a	 flat	 landscape	 (Model	
I),	 indicating	 the	difficulties	 to	discern	 the	effects	of	a	continuous	
vs.	a	fragmented	landscape.	This	suggests	that	our	range‐wide	sam‐
pling	 scheme	was	mostly	 able	 to	 capture	 the	 effects	 of	 historical	
processes	 (Oyler‐McCance,	 Fedy,	 &	 Landguth,	 2013;	 Schwartz	 &	
McKelvey,	2008)	or,	more	likely,	that	the	time	elapsed	since	human‐
driven	 habitat	 fragmentation	 took	 place	 has	 not	 been	 enough	 to	
strongly	impact	the	genetic	makeup	of	the	species	(Landguth	et	al.,	
2010).	Accordingly,	our	demographic	reconstructions	do	not	support	
population	declines	during	the	Anthropocene	and,	on	the	contrary,	
indicate	that	all	populations	have	actually	experienced	considerable	
expansions	 starting	 at	 different	 time	 periods	 followed	 by	 a	 phase	
of	demographic	stability	until	the	present.	Overall,	these	results	are	
in	 line	with	 previous	 studies	 on	Orthoptera	 showing	 that	 popula‐
tion	fragmentation	linked	to	anthropogenic	habitat	destruction	can	
leave	detectable	genetic	 signatures	but,	 generally,	with	very	 small	
effect	 sizes	 (Keller	et	al.,	2013;	Lange,	Durka,	Holzhauer,	Wolters,	
&	Diekotter,	 2010;	Ortego	et	 al.,	 2015)	 unlikely	 to	blur	 phylogeo‐
graphical	structure	resulting	from	historical	processes	(Cunningham	
&	Moritz,	1998;	Keller	et	al.,	2013).

Although	the	ENM	seemed	to	predict	well	 the	current	distri‐
bution	of	 the	 focal	 taxon,	 several	 lines	of	evidence	 indicate	 that	
estimates	 of	 climatic	 suitability	 derived	 from	 it	 across	 different	
time	periods	had	a	low	ability	to	recover	the	demographic	history	
of	 the	 species.	 First,	 projection	 of	 the	 present‐day	 bioclimatic	
envelop	 to	 the	 LGM	predicted	high	 climatic	 suitability	 across	 all	
populations	 during	 this	 period,	 which	 is	 incompatible	 with	 the	

comparatively	lower	levels	of	genetic	diversity	of	northern	popu‐
lations	and	the	severe	bottlenecks	experienced	by	some	of	them	
during	 the	 last	 glaciation	 according	 to	 demographic	 reconstruc‐
tions	 (e.g.,	 Carnaval,	 Hickerson,	 Haddad,	 Rodrigues,	 &	 Moritz,	
2009;	 Cristofari	 et	 al.,	 2018;	 Noguerales,	 Cordero,	 &	 Ortego,	
2018;	 Yannic	 et	 al.,	 2018).	 Second,	 spatially	 explicit	 simulations	
and	ABC	model	choice	gave	much	 lower	support	to	the	dynamic	
model	based	on	ENM	than	to	the	static	model	based	on	a	flat	land‐
scape	representing	a	baseline	isolation‐by‐distance	scenario	(e.g.,	
He	et	al.,	2013).	These	results	emphasize	the	importance	of	using	
independent	sources	of	information	(i.e.,	genomic	data	and,	when	
available,	fossil	records	and	ancient	DNA)	to	validate	distributional	
shifts	inferred	from	ENMs,	an	aspect	that	might	be	particularly	rel‐
evant	for	species	inhabiting	Mediterranean	lowlands	showing	less	
predictable	 demographic	 responses	 to	 past	 climatic	 oscillations	
than	organisms	distributed	at	high	latitudes	or	in	alpine/montane	
environments	 (Davis,	McGuire,	&	Orcutt,	2014;	Fordham,	Brook,	
Moritz,	&	Nogués‐Bravo,	2014;	Metcalf	et	al.,	2014).

4.3 | Conclusions and final remarks

Our	 study	 highlights	 the	 power	 of	 integrating	 genomic	 data	 and	
model‐based	approaches	 to	 infer	complex	demographic	and	evolu‐
tionary	processes	taking	place	at	contrasting	temporal	scales.	Such	
processes	would	be	difficult	to	unravel	through	traditional	phylogeo‐
graphical	or	landscape	genetic	approaches	(Vandergast	et	al.,	2007;	
Zellmer	&	Knowles,	2009).	By	integrating	these	approaches,	we	have	
been	able	to	use	a	unified	hypothesis‐testing	framework	to	analyse	
the	relative	role	of	historical	(i.e.,	topography	and	Pleistocene	climatic	
oscillations)	and	contemporary	(i.e.,	human‐driven	habitat	fragmenta‐
tion)	processes	 in	 shaping	 the	distribution	of	 genetic	 variation	 in	 a	
red‐listed	 species.	Our	 results	 suggest	 a	 low	performance	of	 ENM	
to	predict	the	past	demographic	history	of	the	studied	species	and	
indicate	a	predominant	role	of	historical	landscape	composition	(i.e.,	
spatial	 configuration	of	 topographic	 barriers	 to	 dispersal)	 and	 con‐
temporary	anthropogenic	habitat	 fragmentation	on	determining	 its	
major	axes	of	genomic	variation.	At	this	point,	we	must	note	that	simi‐
lar	genetic	patterns	may	result	from	different	demographic	processes	
and,	thus,	our	most	well‐supported	model,	even	if	it	is	able	to	gener‐
ate	data	 in	agreement	with	empirical	data,	 is	 likely	 to	have	 ignored	
many	relevant	aspects	shaping	the	evolutionary	history	of	focal	spe‐
cies	 (He	et	 al.,	2013;	Massatti	&	Knowles,	2016).	For	 instance,	 the	
marked	spatial	heterogeneity	in	genetic	diversity	(i.e.,	negative	latitu‐
dinal	cline)	and	the	heterogeneous	demographic	profiles	(bottlenecks	
vs.	 expansions)	 of	 the	 different	 populations	 are	 probably	 the	 out‐
come	of	complex	ecological/evolutionary	processes	that	are	unlikely	
to	be	covered	by	the	best	supported	scenarios.	Acknowledging	the	
limitations	 inherent	 to	 any	model‐based	 approach,	 our	 study	 high‐
lights	the	potential	of	testing	biologically	informed	models	to	better	
understand	 the	 predominant	 processes	 shaping	 spatial	 patterns	 of	
genetic	variation	 in	organisms	 inhabiting	regions	severely	 impacted	
by	changes	in	landscape	composition	acting	at	contrasting	temporal	
scales	(He	et	al.,	2013;	Papadopoulou	&	Knowles,	2016).
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