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Abstract
Himalayan	Musk	deer,	Moschus chrysogaster	is	widely	distributed	but	one	of	the	least	
studied	species	in	Nepal.	In	this	study,	we	compiled	a	total	of	429	current	presence	
points	of	direct	observation	of	the	species,	pellets	droppings,	and	hoofmarks	based	
on	field-	based	surveys	during	2018–2021	and	periodic	data	held	by	the	Department	
of	National	Park	and	Wildlife	Conservation.	We	developed	the	species	distribution	
model	using	an	ensemble	modeling	approach.	We	used	a	combination	of	bioclimatic,	
anthropogenic,	topographic,	and	vegetation-	related	variables	to	predict	the	current	
suitable	habitat	for	Himalayan	Musk	deer	in	Nepal.	A	total	of	16	predictor	variables	
were	used	for	habitat	suitability	modeling	after	the	multicollinearity	test.	The	study	
shows	that	the	6973.76 km2	(5%)	area	of	Nepal	is	highly	suitable	and	8387.11 km2 (6%) 
is	moderately	suitable	for	HMD.	The	distribution	of	HMD	shows	mainly	by	precipita-
tion	seasonality,	precipitation	of	the	warmest	quarter,	temperature	ranges,	distance	
to	water	bodies,	anthropogenic	variables,	and	land	use	and	land	cover	change	(LULC).	
The	probability	of	occurrence	is	less	in	habitats	with	low	forest	cover.	The	response	
curves	indicate	that	the	probability	of	occurrence	of	HMD	decreases	with	an	increase	
in	precipitation	seasonality	and	remains	constant	with	an	increase	in	precipitation	of	
the	warmest	quarter.	Thus,	the	fortune	of	the	species	distribution	will	be	limited	by	
anthropogenic	factors	like	poaching,	hunting,	habitat	fragmentation	and	habitat	deg-
radation,	and	long-	term	forces	of	climate	change.
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1  |  INTRODUC TION

Himalayan	Musk	 deer	 (Moschus chrysogaster)	 (hereby	HMD)	 is	 a	
shy	solidary	crepuscular	high-	altitude	mammal	species	belonging	
to	the	family	Moschidae	and	regarded	as	the	 indicator	of	the	 in-
tegrated	Himalayan	ecosystem	 (Lamsal	et	al.,	2018).	 It	 is	 a	glob-
ally	threatened	species	listed	as	“Endangered”	in	IUCN	Red	Data	
Book	 (Harris,	2016)	 and	 as	 per	 national	 concern,	 it	 is	 an	 endan-
gered	species	 (Amin	et	al.,	2018;	Jnawali	et	al.,	2011;	Timmins	&	
Duckworth,	2015),	listed	in	Appendix	I	of	CITES	(Amin	et	al.,	2018) 
and	 Protected	 species	 listed	 by	 National	 Park	 and	 Wildlife	
Conservation	Act-	1973	(DNPWC,	2013;	Lamsal	et	al.,	2018). There 
are	 seven	 species	 of	 Musk	 deer,	 namely,	 Moschus moschiferus,	
M. fuscus,	 M. berezovskii,	 M. sifanicus,	 M. cupreus,	 M. chrysogaster,	
and	M. leucogaster.	 Among	 these	 species,	M. chrysogaster,	M. cu-
preus,	M. fuscus,	and	M. leucogaster	are	found	in	Nepal	(Green,	1986; 
Koju,	Bashyal,	&	Shah,	2021;	Lamsal	et	al.,	2018;	Singh,	Gautam,	
et	 al.,	2020;	 Singh,	Mainali,	 et	 al.,	2020). M. chrysogaster,	M. fus-
cus,	 and	M. leucogaster	 inhabit	 in	 similar	habitat,	 genetically	 they	
have	very	close	relation	with	low	divergences	but	listed	separate	
species	 based	 on	 morphological	 feature	 only	 (Singh,	 Gautam,	
et	al.,	2020;	Singh,	Mainali,	et	al.,	2020;	Su	et	al.,	1999).	Among	six	
types	of	deer	in	Nepal,	HMD	is	one	of	them,	which	is	found	in	the	
Himalayan	alpine	forest	habitats	between	2200	and	4300 m	ele-
vations	(Lamsal	et	al.,	2018).	HMD	is	solitary	and	territorial	species	
that	is	usually	a	concentrate	feeder	but	can	adapt	to	poorer	diets	
in	low-	quality	habitats	(Green,	1986).

The	 Musk	 deer	 species	 are	 distributed	 through	 at	 least	 13	
countries	 in	 South	 Asia,	 East	 Asia,	 Southeast	 Asia,	 and	 Eastern	
Russia	 (Xiuxiang	 et	 al.,	 2006).	 The	 HMD	 species	 is	 native	 to	
Nepal,	 China,	 India,	 and	 Bhutan;	 however,	 it	 has	 been	 recorded	
in	Pakistan,	Myanmar,	and	Afghanistan	as	well.	In	Nepal,	it	is	dis-
tributed	 throughout	 the	 Himalayan	 region	 with	 5815.08 km2	 of	
area	 inside	 protected	 areas	 (Aryal	 &	 Subedi,	 2011).	 Among	 the	
20	protected	areas	of	the	country,	it	is	distributed	majorly	in	Api	
Nampa	Conservation	Area	(ANCA),	Khaptad	National	Park	(KNP),	
Rara	National	Park	(RNP),	Shey	Phoksundo	National	Park	(SPNP),	
Dhorpatan	Hunting	Reserve	(DHR),	Annapurna	Conservation	Area	
(ACA),	Manaslu	Conservation	Area	(MCA),	Langtang	National	Park	
(LNP),	 Makalu	 Barun	 National	 Park	 (MBNP),	 and	 Kanchanjunga	
Conservation	 Area	 (KCA)	 (Amin	 et	 al.,	 2018;	 Green,	 1986; 
Harris,	2016;	 Jnawali	 et	 al.,	2011;	 Koju,	 Bashyal,	 &	 Shah,	2021; 
Lamsal	 et	 al.,	 2018;	 Neupane	 et	 al.,	 2021;	 Singh,	 Gautam,	
et	al.,	2020;	Singh,	Mainali,	et	al.,	2020).

The	 distribution	 of	 musk	 deer	 is	 influenced	 by	 several	 fac-
tors	 including	 habitat,	 climate,	 and	 anthropogenic	 aspects	
(Singh,	Gautam,	et	al.,	2020;	Singh,	Mainali,	et	al.,	2020).	Studies	
have	 reported	 that	 climatic	 variables	 have	 greatly	 contributed	
to	 the	 distribution	 of	 musk	 deer	 in	 the	 Nepalese	 Himalayas	
(Lamsal	 et	 al.,	2018;	 Singh,	Gautam,	 et	 al.,	2020;	 Singh,	Mainali,	
et	 al.,	2020).	 Among	 the	 climatic	 factors,	 precipitation	was	 rec-
ognized	 as	 the	most	 important	 factor	 for	 predicting	 the	 habitat	
suitability	 of	 the	 species,	 on	 the	 suitable	 habitat	 was	 found	 in	

the	higher	precipitation	areas	(Khadka	et	al.,	2017).	Similarly,	the	
temperature	has	also	a	prominent	role	in	the	habitat	suitability	of	
musk	deer	(Lamsal	et	al.,	2018).	The	other	important	habitat	vari-
able	is	vegetation	which	is	responsible	for	determining	the	habitat	
suitability	of	this	species	(Nandy	et	al.,	2020).	However,	this	veg-
etation	growth	or	availability	is	positively	associated	with	precipi-
tation	(Tiwari	et	al.,	2017).	Regarding	the	habitat	variable	distance	
to	water	sources,	the	probability	of	occurrence	of	musk	deer	de-
creased	with	the	increase	in	distance	to	water	sources	(Thapamagar	
et	al.,	2021).	Similarly,	musk	deer	was	found	in	the	gentle	slopes	up	
to	20	degrees	as	mentioned	by	earlier	studies	(Aryal	et	al.,	2010; 
Neupane	et	 al.,	2021).	Regarding	 the	anthropogenic	 factors,	 the	
musk	 deer	 usually	 avoids	 human	 activities	 and	 livestock	 grazing	
sites	 in	human-	dominated	 landscapes	 (Thapamagar	 et	 al.,	2021). 
However,	there	is	a	seasonal	and	temporary	nature	of	settlements	
in	the	high	Himalayas	of	Nepal,	so	the	species	might	overlap	with	
the	settlements,	particularly	during	the	winter	season	when	peo-
ple	move	to	the	 lowlands	to	avoid	extreme	cold	weather	 (Nandy	
et	al.,	2020).

In	 species	 distribution	 modeling	 (SDM)	 or	 ecological	 niche	
modeling,	 the	 potential	 distribution	 of	 a	 species	 is	 explained	 by	
the	 relationship	 between	 the	 species	 and	 the	 surrounding	 eco-
logical	and	environmental	factors	(Beery	et	al.,	2021;	Peterson	&	
Soberón,	2012;	Thuiller	et	al.,	2009).	SDM	can	be	used	as	a	con-
servation	planning	approach	for	threatened	species	by	determin-
ing	 the	 species	distribution	 range	and	ecological	 niche	 (Adhikari	
et	al.,	2019).	Due	to	the	presence	of	large	data	and	multifaceted	as-
sociations	between	species	and	ecological	variables,	the	scope	of	
computer	algorithms	for	ecological	niche	modeling,	habitat	mod-
eling,	predictive	habitat	distribution	modeling,	and	range	mapping	
such	as	SDM	has	increased	to	solve	the	problem	of	ecologists	and	
statisticians	(Beery	et	al.,	2021).	Besides,	SDM	helps	to	envisage	
the	effects	of	climate	change	on	species,	which	is	very	essential	to	
achieve	the	conservation	goals	of	being	aware	of	the	species	distri-
bution	(Forester	et	al.,	2013;	Raymond	et	al.,	2020).	Discrepancies	
among	different	 SDMs	 create	 challenges	 in	 determining	 the	op-
timal	 model	 choice	 (Elith	 et	 al.,	 2011;	 Elith	 &	 Leathwick,	 2009; 
Renner	&	Warton,	2013).	This	becomes	especially	evident	when	
models	 are	 employed	 to	 forecast	 species	 distribution	 in	 distinct	
scenarios,	 such	 as	 projecting	 it	 into	 varied	 geographic	 regions	
(Thuiller,	 2004;	 Thuiller	 et	 al.,	 2009).	 The	 ensemble	 modeling	
approach	offers	a	viable	solution	to	navigate	through	these	com-
plexities.	Through	the	ensemble	method	in	SDM,	several	modeling	
techniques	are	assembled	to	improve	the	projecting	performance	
(Hao	et	al.,	2020).	The	temperature	has	been	found	as	a	significant	
variable	 in	shaping	 the	distribution	of	several	Himalayan	species	
(Elsen	et	al.,	2017;	Koju,	Bashyal,	&	Shah,	2021;	Koju,	Chalise,	&	
Kyes,	2021).	So,	the	wildlife	of	higher	elevations	or	mountainous	
regions	is	more	vulnerable	to	the	impacts	of	climate	change	(Aryal	
et	al.,	2016;	Elsen	et	al.,	2020).	Change	in	the	vegetation	composi-
tion	and	shift	in	the	vegetation	range	have	been	documented	from	
different	regions	of	the	Himalayas:	i.e.	west	(Lamsal	et	al.,	2018),	
East	 (Manish	 et	 al.,	2016),	 and	 Central	 (Chhetri	 &	 Cairns,	2015) 
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which	are	major	consequences	of	climate	change.	This	anticipated	
climate	change	will	alter	the	climatic	niche	and	shift	the	geograph-
ical	 ranges	 of	 several	 faunal	 species	 in	 the	 future.	 For	 example,	
about	30%	of	snow	leopard	(Panthera uncia)	 living	space	is	antic-
ipated	to	be	 lost	 in	the	entire	Himalayan	area	by	2050,	of	which	
40%	could	vanish	from	Nepal	(Forrest	et	al.,	2012).	Likewise,	Aryal	
et	al.	(2016)	anticipated	diminished	habitat	for	snow	leopards	and	
blue	sheep	(Pseudois nayaur)	in	Nepal	in	the	future	climate.	All	of	
these	confirmations	recommended	that	climatic	change	drives	the	
species	to	modify	their	geographic	distribution	in	each	locale,	in-
cluding	the	Himalayas.	With	concern	to	HMD,	despite	the	anthro-
pogenic	 activities	 such	 as	 habitat	 loss,	 habitat	 degradation,	 and	
poaching	being	the	major	factors	leading	to	the	population	decline	
of	HMD	(Harris,	2016;	Jnawali	et	al.,	2011;	Neupane	et	al.,	2021),	
the	 species	 are	 additionally	 affected	 by	 the	 effect	 of	 climate	
change	 with	 a	 fluctuating	 level	 of	 results	 over	 space	 and	 time	
(Lamsal	et	al.,	2018;	Van	Gils	et	al.,	2016),	Thus,	the	conservation	
of	such	threatened	and	crucial	species	of	Himalaya	region	is	highly	
essential	 in	 the	 scenario	 of	 the	 projected	 increase	 in	 climate-	
induced	warming	on	those	regions.	This	study	aims	to	evaluate	the	
appropriateness	of	 the	habitat	 for	 the	endangered	HMD	species	
by	examining	various	ecological	and	anthropogenic	factors	in	their	
existing	 distribution	 areas.	 It	 is	 crucial	 to	 identify	 suitable	 habi-
tats	 to	enhance	connectivity	and	ensure	 long-	term	conservation	
efforts.	We	 hypothesized	 that	 HMD	might	 exhibit	 a	 preference	
for	habitats	near	water	sources	while	avoiding	areas	that	have	sig-
nificant	anthropogenic	 influence.	Additionally,	we	anticipate	that	
a	substantial	portion	of	potentially	suitable	habitat	exists	outside	
of	 the	currently	protected	areas.	By	 investigating	 these	aspects,	
we	aim	to	gain	a	comprehensive	understanding	of	HMD's	habitat	
requirements	and	contribute	to	effective	conservation	strategies.

2  |  MATERIAL S AND METHODS

2.1  |  Study area

Nepal	 is	 a	mountainous	 country	 that	 extends	over	 147,516 km2	 in	
South	Asia	between	the	latitudes	of	26°22′	to	30°27′	north	and	lon-
gitudes	of	80°04′	to	88°12′	east.	Because	of	the	variability	of	climate	
and	topography	along	a	strong	altitudinal	gradient	spanning	from	60	
to	8848 m	above	mean	sea	 level,	 the	country	 is	endowed	with	ex-
tensive	biodiversity	(Bhattacharjee	et	al.,	2017;	Paudel	et	al.,	2012). 
There	 are	 three	major	 physiographic	 regions	 in	Nepal:	 (1)	 lowland	
(Terai	and	Siwalik),	(2)	mid-	hills,	and	(3)	high	mountains	(Shrestha	&	
Aryal,	2011).	The	prevailing	climate	in	the	country	is	characterized	
by	 dry	winters	 and	 hot	 summers	 (Karki	 et	 al.,	2016).	 The	 average	
annual	precipitation	is	1768 mm	and	the	annual	mean	temperature	
is	18°C	 (Shrestha	et	al.,	2000).	The	high	mountains,	which	are	the	
preferred	 distribution	 range	 of	HMD,	 cover	 24%	 of	 the	 country's	
total	geographical	area	and	comprise	two-	thirds	of	the	country's	PAs	
(Shrestha	et	al.,	2010).

2.2  |  Data collection

2.2.1  |  Presence	data	of	HMD

We	obtained	 the	 occurrence	 locations	 of	HMD	mainly	 from	 the	
field-	based	surveys	during	2018–2021	and	Periodic	data	held	by	
the	 Department	 of	 National	 Park	 and	Wildlife	 Conservation	 of	
Nepal	 between	 2018	 and	 2021.	 For	 field	 observations,	 we	 re-
lied	on	direct	sightings	of	the	species,	camera	trapping	as	well	as	
indirect	 sign	 sightings—pellets	 droppings	 and	 hoofmarks	 for	 de-
termining	 the	 presence	 of	 HMD	 (Figure 1).	 Its	 pellets	 were	 dif-
ferentiated	from	other	sympatric	deer	species	by	their	shape	and	
size	(Neupane	et	al.,	2021).	Within	our	pre-	defined	study	period,	
a	 total	 of	 429	 existing	 presence	 points	 of	HMD	were	 compiled.	
We	 used	 the	 spatial	 resolution	 of	 the	 environmental	 variables	
employed	 in	 this	modeling	was	 1 km.	 Similarly,	 the	 SpThin	 pack-
age	in	R	spatially	attenuates	the	occurrence	dataset	ensuring	that	
no	 two	 locations	were	 inside	 a	 grid	 of	 1 × 1 km	 (Aiello-	Lammens	
et	al.,	2015).	Thus,	only	one	presence	point	 in	each	grid	cell	was	
used	to	minimize	spatial	autocorrelation	and	avert	inflated	meas-
ures	of	accuracy	 (Veloz,	2009).	Spatial	 filtering	also	helps	 to	 im-
prove	model	 prediction	 performance	 by	 reducing	 the	 effects	 of	
sample	bias	 (Boria	et	al.,	2014).	Following	 filtering	procedures,	a	
set	 of	 346	 spatially	 independent	HMD	presence	 locations	were	
retained	and	used	for	modeling.

2.2.2  |  Environmental	variables

We	 used	 a	 combination	 of	 bioclimatic,	 anthropogenic,	 topo-
graphic,	 and	 vegetation-	related	 variables	 to	 predict	 the	 current	
suitable	habitat	 for	HMD	 in	Nepal.	Given	 that	variable	selection	
is	 regarded	 as	 a	 critical	 phase	 in	 SDM,	 an	 effort	 to	 incorporate	
important	predictor	variables	 (Araújo	&	Guisan,	2006)	was	used.	
Initially,	we	identified	a	set	of	33	variables	(Table 1)	based	on	lit-
erature,	which	suggested	those	variables	were	important	for	the	
habitat	 suitability	 of	 HMD.	We	 performed	 the	 multicollinearity	
test	 for	 the	 selected	 environmental	 variables	 and	 avoided	 the	
environmental	 variables	 with	 correlation	 coefficients	 >0.8	 and	
variance	 inflation	 factor	 (VIF)	>5,	 which	 helped	 to	 prevent	 our	
model	overfitting.	Finally,	16	variables	were	retained	as	predictor	
variables	in	habitat	suitability	modeling	for	HMD	as	suggested	by	
Zeng	et	al.	(2016).

2.2.3  |  Bioclimatic	variables

For	 spatial	 modeling,	 bioclimatic	 variables	 are	 widely	 used	 given	
that	 these	 variables	 are	 ecologically	 important	 and	 characterize	
annual	 trends,	 seasonality,	 and	 temperature	 and	 precipitation	 ex-
tremes	 (Hijmans,	 2012;	 Hijmans	 et	 al.,	 2005).	 WorldClim-	Global	
Climate	Data	(www.	world	clim.	org/	bioclim)	was	used	to	retrieve	19	
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bioclimatic	 variables	 (Fick	 &	Hijmans,	2017).	 These	 data	were	 re-
trieved	in	a	grid	format	with	a	1 km	spatial	resolution.

2.2.4  |  Anthropogenic	variables

Anthropogenic	 activities	 influencing	 the	 distribution	 of	 HMD	
have	 been	 identified	 as	 a	 threat	 (Syed	&	 Ilyas,	2015;	 Thapamagar	
et	 al.,	 2021).	 Thus,	 these	 variables	 were	 also	 incorporated	 as	
predictor	 variables	 in	 our	 model.	 We	 used	 distance	 to	 a	 human	
path,	 distance	 to	 roads,	 distance	 to	 settlements,	 human	 popula-
tion	 density,	 livestock	 density,	 and	 land	 use	 land	 cover	 data	 as	
the	 anthropogenic	 variables	 in	 the	model.	 The	 data	 on	 the	 paths,	
roads,	 and	 buildings	 were	 extracted	 using	 Geofabrik's	 website	
(GEOFABRIK,	2022),	 while	 the	 data	 on	 settlements	was	 obtained	
from	the	Nepalese	Department	of	Survey,	and	a	distance	raster	file	
was	constructed	using	ArcGIS10.8.1	(ESRI,	2020).	The	data	on	land	
use	and	land	cover	change	(2000–2019)	was	downloaded	from	the	
ICIMOD	(ICIMOD,	2022).	Similarly,	data	on	human	population	den-
sity	was	 obtained	 from	 the	Humanitarian	Data	 Exchange	Dataset	
(HDX,	 2022).	 Finally,	 the	 data	 on	 livestock	 density	 was	 obtained	
from	the	Ministry	of	Agricultural	Development	through	Open	Data	
Nepal	(ODN,	2022).

2.2.5  |  Topographic	variables

Topographic	variables	such	as	elevation,	slope,	aspect,	and	distance	
to	 water	 sources	 have	 governed	 the	 habitat	 suitability	 of	 mega-	
herbivores	(Ghimire	et	al.,	2019;	Sharma	et	al.,	2020).	In	our	study,	
elevation,	 aspect,	 and	 slope	 data	 were	 generated	 using	 ArcMap	
10.8.1	 (ESRI,	2020)	with	a	1 km	spatial	 resolution	Digital	Elevation	
Model	(DEM)	acquired	from	the	United	States	Geological	Survey	da-
tabase	(USGS,	2022).	Shapefiles	including	water	source	information	
were	downloaded	from	the	Geobabrik	website	(GEOFABRIK,	2022) 
and	 transformed	 into	 a	 distance	 raster	 file	 using	 ArcMap10.8.1	
(ESRI,	2020).

2.2.6  |  Vegetation	related	variables

One	of	the	most	important	elements	determining	the	distribution	of	
herbivores	like	HMD	is	vegetation-	related	variables	(Gandiwa,	2014; 
Perea	et	al.,	2015).	The	study	collected	 four	variables	namely	 for-
est	cover,	minimum	EVI,	mean	EVI,	and	maximum	EVI.	Forest	cover	
was	 downloaded	 from	 Earth	 engine	 partner	 Appspot	 (Hansen	
et	 al.,	 2013).	 EVI	 time-	series	 data	 was	 obtained	 from	 Moderate	
Resolution	 Imaging	 Spectroradiometer	 (MODIS)	 (USGS,	 2022).	 In	

F I G U R E  1 Map	of	study	area	showing	the	protected	area	types	within	Nepal	and	occurrence	distribution	throughout	the	study	area.
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    |  5 of 13DHAMI et al.

the	TIMESAT	 algorithm	 (Jönsson	&	Eklundh,	2004),	 the	 Savitzky–
Golay	filter	was	employed	to	smooth	the	data.

2.3  |  Data analysis

2.3.1  |  Predicting	the	distribution	of	HMD

In	the	first	step,	a	multicollinearity	test	was	conducted	among	the	
33	environmental	variables.	Variables	displaying	a	correlation	coef-
ficient	>.7	and	a	variance	inflation	factor	>5	were	excluded	to	miti-
gate	the	multicollinearity	effect	(Dormann	et	al.,	2013).	As	a	result,	
16	predictor	variables	 remained	and	were	utilized	 for	habitat	 suit-
ability	modeling	 (Table 1).	We	followed	the	overview,	data,	model,	
assessment,	 and	prediction	 (ODMAP)	method	suggested	by	Zurell	
et	al.	(2020)	to	create	habitat	suitability	models	for	HMD	in	Nepal.	
The	utilization	of	ensemble	maps	in	recent	species	distribution	mod-
eling	 (SDM)	 exercises	 has	 garnered	 considerable	 attention	 due	 to	
their	 demonstrated	 higher	 predicted	 accuracy	 (Hao	 et	 al.,	 2020). 

These	 maps	 are	 formed	 by	 merging	 multiple	 models	 constructed	
through	diverse	modeling	approaches	(Hao	et	al.,	2019).

As	a	result,	the	habitat	suitability	model	for	HMD	in	Nepal	was	
constructed	using	an	ensemble	modeling	approach.	The	ensemble	
model	was	created	in	R	(R	Development	Core	Team,	2020)	using	the	
BIOMOD2	package	(Thuiller	et	al.,	2020).	It	was	based	on	ten	algo-
rithms,	 including	 the	artificial	neural	network	 (ANN),	 classification	
tree	analysis	(CTA),	flexible	discriminant	analysis	(FDA),	generalized	
additive	model	(GAM),	generalized	boosting	model	(GBM),	general-
ized	linear	model	(GLM),	multiple	adaptive	regression	splines	(MARS),	
maximum	entropy	(MAXENT),	random	forest	(RF),	and	surface	range	
envelope	 (SRE).	 Musk	 deer's	 presence	 and	 pseudo-	absence	 were	
split	 into	 two	 data	 sets:	 training	 (70%)	 and	 testing	 (30%).	 As	 rec-
ommended	 by	 Barbet-	Massin	 et	 al.	 (2012),	 we	 generated	 10,000	
pseudo-	absence	points	at	random	from	the	training	dataset,	allocat-
ing	equal	weights	for	the	presence	and	pseudo-	absence	datasets.	To	
prevent	random	bias,	we	performed	the	pseudo-	absence	generation	
three	 times.	 This	modeling	produced	90	model	 runs	 in	 all,	 includ-
ing	 ten	methods,	 three	 pseudo-	absence	 selection	 runs,	 and	 three	

TA B L E  1 Sixteen	environmental	predictor	variables	(*)	used	for	habitat	suitability	modeling.

Source Category Variable Unit

WorldClim Bioclimatic BIO1 = Annual	Mean	Temperature
BIO2 = Mean	Diurnal	Range	(Mean	of	monthly	(max	temp	−	min	temp))	*
BIO3 = Isothermality	(BIO2/BIO7)	(×100)	*
BIO4 = Temperature	Seasonality	(standard	deviation	×100)
BIO5 = Max	Temperature	of	Warmest	Month
BIO6 = Min	Temperature	of	Coldest	Month
BIO7 = Temperature	Annual	Range	(BIO5-	BIO6)
BIO8 = Mean	Temperature	of	Wettest	Quarter
BIO9 = Mean	Temperature	of	Driest	Quarter
BIO10 = Mean	Temperature	of	Warmest	Quarter
BIO11 = Mean	Temperature	of	Coldest	Quarter
BIO12 = Annual	Precipitation
BIO13 = Precipitation	of	Wettest	Month
BIO14 = Precipitation	of	Driest	Month	*
BIO15 = Precipitation	Seasonality	(Coefficient	of	Variation)	*
BIO16 = Precipitation	of	Wettest	Quarter
BIO17 = Precipitation	of	Driest	Quarter
BIO18 = Precipitation	of	Warmest	Quarter	*
BIO19 = Precipitation	of	Coldest	Quarter	*

USGS Topographic Elevation km

Aspect	* Degree

Slope	* Degree

GEOFABRIK Distance	to	water	* km

Landsat Vegetation-	related Mean	EVI,	Minimum	EVI,	Maximum	EVI
(Enhanced	Vegetation	Index)

Dimensionless

GFC Forest	* Dimensionless

Department	of	
Survey,	Nepal

Anthropogenic Distance	to	settlement	* km

GEOFABRIK Distance	to	the	motor	road	* km

Distance	to	path	* km

HUMDATA Population	density	* per	km2

Livestock	density	* Per	km2

ICIMOD LULC	* km
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6 of 13  |     DHAMI et al.

evaluation	runs.	Both	area	under	the	receiver	operating	characteris-
tics	(ROC)	curve,	often	called	the	area	under	the	curve	(AUC)	(Lobo	
et	al.,	2008)	and	true	skill	statistics	(TSS)	(Allouche	et	al.,	2006),	are	
widely	used	measures	to	evaluate	predictive	performance	(Thuiller	
et	 al.,	 2009).	 Despite	 being	 widely	 used	 as	 a	 measure	 for	 model	
evaluation,	AUC	is	criticized	for	its	shortcomings	(Lobo	et	al.,	2008). 
Hence,	 the	 predictive	 performance	 of	 our	 model	 was	 evaluated	
using	TSS	criteria	ranging	between	−1	and	+1.	To	construct	an	en-
semble	model	through	a	weighted	mean	strategy,	all	models	having	
a	TSS	value	>0.6	(Marmion	et	al.,	2009)	were	selected.	Three	models	
(GBM,	MaxEnt,	and	RF)	have	TSS	value	greater	than	0.6	and	hence	
we	selected	them	to	develop	a	weighted	mean	ensemble	approach.

Secondly,	we	also	analyzed	the	data	with	Maxent	only	model,	to	
observe	whether	the	parameter	tuned	maxent	only	model	performs	
better	 compared	 to	 the	 ensemble	model	 approach.	 The	 ENMeval	
package	(Kass	et	al.,	2021)	in	the	R	programming	language	was	em-
ployed	to	optimize	the	MaxEnt	model.	In	this	study,	a	comprehensive	
evaluation	was	conducted	on	a	set	of	48	models.	These	models	were	
created	by	considering	various	combinations	of	five	feature	classes,	
namely,	linear	(L),	quadratic	(Q),	hinge	(H),	product	(P),	and	threshold	
(T).	Additionally,	 the	models	were	assessed	using	eight	alternative	
regularization	multiplier	(RM)	values	ranging	from	0.5	to	4,	with	an	
interval	of	0.5.	A	total	of	48	different	combinations	of	parameters	
were	evaluated.	The	best-	fit	model	was	determined	by	employing	
the	Akaike	 information	criterion	 (AIC),	a	5%	training	omission	 rate	
(OR5),	and	the	comparison	of	AUC	values	(Dhami	et	al.,	2023;	Mao	

et	al.,	2022;	Steen	et	al.,	2019).	Following	the	process	of	model	opti-
mization,	the	model	that	was	selected	as	the	best	fit	model	had	the	
characteristic	class	(Feature	Class)	LH,	a	value	of	RM	equal	to	1,	and	a	
delta	AIC	of	0.	Following	the	adjustment	of	these	parameter	config-
urations,	the	maximum	number	of	iterations	was	established	at	1000	
with	10,000	background	points.	Additionally,	70%	of	the	presence	
points	were	 allocated	 for	 training	 the	model,	while	 the	 remaining	
data	was	reserved	for	testing	purposes	(Barbet-	Massin	et	al.,	2012). 
However,	the	accuracy	of	this	Maxent	only	model	(AUC-	0.90,	TSS-	
0.82)	 was	 less	 than	 the	 model	 accuracy	 obtained	 from	 Ensemble	
model	 (AUC-	0.98,	 TSS-	0.966).	 Therefore,	we	 decided	 to	 keep	 the	
Ensemble	model	prediction	to	generate	our	results	and	discussion.

3  |  RESULTS

3.1  |  Predicting the current suitable habitat of 
HMD

The	current	habitat	suitability	map	generated	through	an	ensemble	
modeling	 approach	 based	 on	 bioclimatic,	 topographic,	 vegetation,	
and	anthropogenic	variables	indicated	that	6973.76 km2	(5%)	area	of	
Nepal	is	highly	suitable	and	8387.11 km2	(6%)	is	moderately	suitable	
for	HMD	(Figure 2).

Within	the	overall	suitable	habitat	of	HMD,	approximately	51.4%	
(7895.88 km2)	is	located	within	protected	areas	of	Nepal,	while	the	

F I G U R E  2 Present	suitable	habitat	area	for	HMD	(represented	by	green	colors)	across	Nepal.
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    |  7 of 13DHAMI et al.

remaining	48.6%	exists	outside	the	protected	area	networks.	Among	
the	protected	areas	of	Nepal,	Khaptad	National	Park	has	the	most	
suitable	habitat	 (54.37%)	 followed	by	Dhorpatan	Hunting	Reserve	
(51.12%),	 while	 the	 Sagarmatha	 NP	 and	 Shey-	Phoksundo	 NP	 has	
more	suitable	habitat	in	the	buffer	zones	than	inside	the	core	area	
(Table 2).	According	to	the	administrative	divisions,	Karnali	Province	
(3832.88 km2)	has	the	most	suitable	area	outside	protected	area	net-
works	 followed	 by	 Sudurpaschim	 province	 (1184.6 km2) (Figure 2; 
Table 3).

3.2  |  Contributions of variables to build the model

Among	the	16	predictive	environmental	variables	used	to	predict	
current	 suitable	 habitat	 for	HMD,	 climatic	 variables	 had	 greater	
impacts	that	described	more	than	90%	of	the	model	performance.	
This	 model	 depicts	 Precipitation	 Seasonality	 (Bio15;	 67%),	 fol-
lowed	 by	 Precipitation	 of	 the	Warmest	Quarter	 (Bio18;	 14%)	 as	
the	 major	 influencer	 for	 HMD	 distribution.	 Besides,	 the	 distri-
bution	 of	 suitable	 habitats	 in	 the	model	was	 also	 influenced	 by	
the	temperature	ranges	(both	annual	and	diurnal)	and	distance	to	
water	bodies.	And,	among	 the	anthropogenic	variables,	 land	use	
land	 cover	 change	 (LULC)	 had	 a	 major	 persuading	 factor	 in	 the	
model	performance	(Table 4).

The	response	curve	of	the	models	indicates	that	the	probability	
of	occurrence	of	HMD	decreases	with	an	 increase	 in	Precipitation	
Seasonality	 (Bio15)	 and	 remains	 constant	 with	 an	 increase	 in	
Precipitation	of	 the	Warmest	Quarter	 (Bio18)	 (Figure 3).	 Similarly,	
the	 probability	 of	 occurrence	 of	 HMD	 in	 habitats	 far	 from	water	
sources	decreases	continuously	under	Maxent	while	remaining	con-
stant	after	a	certain	distance	under	GBM	and	RF	model.	The	proba-
bility	of	occurrence	of	HMD	is	less	in	habitats	with	low	forest	cover	
but	the	probability	of	occurrence	remains	constant	with	further	in-
crease	in	forest	cover.

4  |  DISCUSSION

4.1  |  Potentially suitable habitat for HMD

Our	 results	 indicate	 that	 suitable	 habitat	 for	 HMD	 is	 distributed	
throughout	the	mountainous	regions	of	Nepal	but	is	not	thoroughly	
continuous,	 which	 aligns	 with	 previous	 studies	 conducted	 in	 the	
Nepalese	Himalayas	 (Green,	1986).	HMD	has	been	 recorded	 from	
all	the	Himalayan	protected	areas	of	Nepal	(Aryal	&	Subedi,	2011). 
Our	model	showed	that	51.78%	(8295 km2)	of	the	suitable	habitat	of	
musk	deer	is	protected	by	the	existing	network	of	protected	areas,	
which	 is	 in	 line	with	Lamsal	et	al.	 (2018),	but	contradicts	with	 the	
prediction	 of	 Aryal	 and	 Subedi	 (2011),	 who	 suggested	 that	 only	
19.26%	 (5815.08 km2)	 of	 potential	 habitat	 lies	 within	 protected	
areas.	 However,	 the	 total	 potential	 habitat	 of	 HMD	 predicted	 by	
Aryal	and	Subedi	(2011)	is	much	larger	than	the	16,020 km2	suitable	
habitat	estimated	in	our	study.	Our	model	also	revealed	that	48.22%	

of	 suitable	 habitat	 lies	 outside	 protected	 areas,	 and	 the	 suitable	
habitat	is	not	in	a	range	throughout	the	mountainous	regions	which	
sustain	the	previous	studies	(Khadka	et	al.,	2017;	Lamsal	et	al.,	2018; 
Singh,	Gautam,	et	al.,	2020;	Singh,	Mainali,	et	al.,	2020).

Thus,	we	evaluated	 that	 identifying	new	areas	outside	PA	net-
works	is	important	for	the	conservation	of	HMD.	Habitat	distribution	
models	provide	bases	to	choose	these	areas	of	probable	distribution	
of	the	species.	Although	HMD	is	one	of	the	charismatic	species	of	
the	Himalayas	and	is	protected	species	under	DNPWC	Act,	its	stud-
ies	and	conservation	actions	are	limited	within	the	protected	area.	
We	found	that	almost	50%	of	the	probable	habitat	of	HMD	lies	out-
side	the	protected	area	networks,	thus	it	is	of	immense	need	to	ex-
pand	the	focus	of	conservation	actions	beyond	the	Pas	too.	Similarly,	
the	suitable	habitat	outside	PAs	is	 larger	 in	the	western	landscape	
compared	to	the	central-	eastern	complex.	HMD	is	one	of	the	most	
poached	species	(Ilyas,	2015;	Subedi	et	al.,	2012).	Without	prompt	
conservation	 actions	 and	 efforts	 beyond	PAs	 networks,	 their	 sur-
vival	will	 be	 increasingly	 confined	 to	 protected	 areas	 alone	 in	 the	
foreseeable	future.	Additionally,	future	climatically	suitable	habitat	
is	predicted	to	be	more	in	the	western	landscape	of	Nepal	(Khadka	
et	al.,	2017).	Although	a	good	share	of	habitat	lies	within	DHR	and	
ANCA,	research	works	are	mere	in	these	PAs	compared	to	others.	
Therefore,	the	areas	in	the	western	landscape	of	Nepal	require	seri-
ous	attention	for	the	survival	and	conservation	of	HMD.

4.2  |  Distribution of HMD

Various	 factors	 such	 as	 climate,	 habitat,	 and	 anthropogenic	 vari-
ables	 influence	 the	 distribution	 of	 musk	 deer	 (Jiang	 et	 al.,	 2019; 
Singh,	 Gautam,	 et	 al.,	 2020;	 Singh,	 Mainali,	 et	 al.,	 2020;	 Wangdi	
et	al.,	2019).	Our	study's	model	predicted	that	climatic	variables	have	
a	greater	impact	on	the	distribution	of	HMD	in	Nepalese	Himalaya	
compared	to	habitat	variables,	which	aligns	with	previous	studies	by	
Singh,	Gautam,	et	al.	(2020),	Singh,	Mainali,	et	al.	(2020),	and	Lamsal	
et	al.	(2018).	Precipitation	is	the	most	significant	factor	in	determin-
ing	the	habitat	suitability	of	HMD	in	Nepal	Himalayas,	which	sup-
ports	the	findings	of	Singh,	Gautam,	et	al.	(2020)	and	Singh,	Mainali,	
et	al.	(2020)	but	contradicts	with	findings	of	Lamsal	et	al.	(2018)	and	
Khadka	 et	 al.	 (2017).	 Specifically,	 our	model	 predicted	 that	 HMD	
suitable	habitat	increases	with	an	increase	in	precipitation	during	the	
warmest	quarter,	which	is	in	line	with	research	on	other	musk	deer	
species	(Singh,	Gautam,	et	al.,	2020;	Singh,	Mainali,	et	al.,	2020). The 
model	also	suggested	that	the	habitat	suitability	is	influenced	by	pre-
cipitation	in	the	dry	winter	and	warm	summer	seasons,	with	a	higher	
probability	of	occurrence	of	HMD	in	areas	with	higher	seasonal	pre-
cipitation,	respectively	(Figure 3).

In	Nepal,	the	precipitation	in	summer	is	governed	by	monsoon,	
which	brings	heavy	rainfall	in	the	eastern	part	of	the	country	and	less	
rainfall	 in	western	regions,	and	the	winter	 is	governed	by	western	
disturbances	which	bring	precipitation	in	the	form	of	snow	from	the	
western	region	(Kansakar	et	al.,	2004;	Talchabhadel	et	al.,	2018). The 
growth	of	vegetation	in	high	mountains	is	affected	by	soil	moisture,	
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8 of 13  |     DHAMI et al.

which	 in	 turn	 is	 influenced	 by	 temperature	 and	 precipitation	 pat-
terns	in	the	area	(Paudel	&	Andersen,	2013;	Regmi	et	al.,	2020). The 
suitability	of	the	HMD	habitat	is	closely	related	to	vegetation	(Nandy	
et	al.,	2020).

The	 variability	 of	 precipitation	 seasonality	 across	 the	 region	
plays	 a	 significant	 role	 in	 determining	 the	 habitat	 suitability	 of	
HMD,	as	predicted	by	 the	model	 and	 reported	 in	earlier	 studies	
(Khadka	et	al.,	2017;	 Lamsal	et	al.,	2018).	As	a	 result,	 the	model	
projected	a	 larger	area	of	highly	suitable	habitats	 in	 the	central-	
eastern	 landscape	 compared	 to	 the	 western	 landscape	 (as	
shown	 in	Figure 2	 and	Table 3).	Vegetation	growth	 in	 the	 trans-	
Himalayan	 range	was	 found	 to	 have	 a	 positive	 relationship	with	
precipitation	 only	 (Ale	 et	 al.,	2018;	 Tiwari	 et	 al.,	2017).	 Studies	
have	also	reported	that	precipitation	on	the	leeward	sides	is	very	
low	 (Talchabhadel	 et	 al.,	2018),	 which	might	 be	 one	 of	 the	 rea-
sons	why	the	model	predicted	most	of	the	suitable	habitats	in	the	
gullies	of	river	valleys.	Overall,	Nepal's	precipitation	seasonality	is	

important	in	determining	the	distribution	of	HMD.	Besides	precip-
itation,	the	model	diagnosed	a	strong	response	with	temperature	
variables	in	determining	the	probability	of	occurrence	in	Nepalese	
Himalaya	as	demonstrated	by	mean	diurnal	range	(BIO	2)	and	iso-	
thermality	 (BIO	 3)	 being	 the	 third-	most	 influential	 variables	 to	
the	 model.	 This	 relationship	 is	 consistent	 with	 previous	 studies	
(Khadka	et	al.,	2017;	Lamsal	et	al.,	2018).

The	likelihood	of	HMD	occurrence	was	also	influenced	by	topo-
graphic	variables.	Firstly,	the	proximity	to	water	sources	negatively	
impacts	the	probability	of	detecting	HMD,	with	the	likelihood	of	oc-
currence	decreasing	as	the	distance	from	water	sources	 increases.	
This	finding	is	consistent	with	previous	research	that	highlights	the	
importance	 of	 water	 availability	 in	 determining	 musk	 deer	 distri-
bution	 (Singh	et	al.,	2018;	Thapamagar	et	al.,	2021).	Secondly,	our	
model	also	predicted	that	HMD	prefers	gentle	slopes,	which	aligns	
with	earlier	studies	that	report	an	increase	in	the	likelihood	of	musk	
deer	occurrence	with	slopes	up	to	20°,	followed	by	a	slight	decrease	

TA B L E  2 Current	HMD	suitable	habitat	within	protected	areas	of	Nepal.

Name of protected area Total area (km2)
Highly suitable area 
(km2)

Moderately suitable 
area (km2)

Total suitable area 
(km2)

Suitable 
area (%)

Khaptad	National	Park 225 1.59 120.74 122.33 54.37

Dhorpatan	Hunting	Reserve 1325 308.1 369.33 677.46 51.12

Makalu	Barun	National	Park 1500 483.07 199.58 682.66 45.51

Makalu	Barun	Buffer	Zone 830 21.00 14.77 35.77 3.31

Kangchenjung	Conservation	Area 2035 567.19 314.81 882.00 43.34

Api	Nampa	Conservation	Area 1903 331.85 358.46 690.32 36.28

Langtang	National	Park 1710 386.98 110.91 497.88 29.12

Langtang	Buffer	Zone 420 18.64 1.74 20.374 4.85

Gaurishankar	Conservation	Area 2179 544.91 93.45 638.36 29.30

Manaslu	Conservation	Area 1663 338.06 105.89 443.95 26.70

Annapurna	Conservation	Area 7629 1393.16 680.38 2073.54 27.18

Sagarmatha	National	Park 1148 231.14 61.46 292.60 25.49

Sagarmatha	Buffer	Zone 275 101.48 20.31 121.80 44.29

Rara	National	Park 106 0 28.13 28.13 26.55

Shey	Phoksundo	National	Park 3555 144.00 200.88 344.89 9.7

Shey	Phoksundo	Buffer	Zone 1349 38.20 305.57 343.77 25.48

Total 4909.44 2986.43 7895.88

TA B L E  3 Overall	suitable	area	by	province,	along	with	the	total	suitable	area	that	falls	outside	the	protected	area	network.

Province name Highly suitable area (km2)
Moderately suitable area 
(km2) Total suitable area (km2)

The total suitable 
area outside PA (km2)

Province	1 2034.79 1055.20 3089.99 1075.14

Bagmati 1122.60 258.02 1380.63 224.01

Gandaki 2512.38 1407.36 3919.74 940.56

Lumbini 134.01 289.56 423.57 67.2

Karnali 695.72 3853.97 4549.69 3832.88

Sudurpaschim 474.26 1522.99 1997.25 1184.6

Madhesh 0 0 0 0

6973.76 8387.11 15,360.87 7324.39
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in	 probability	 beyond	 that	 point	 (Aryal	 et	 al.,	 2010;	 Neupane	
et	al.,	2021;	Thapamagar	et	al.,	2018). Figure 3	presents	a	visual	rep-
resentation	of	these	findings.

Likewise,	 our	 model	 did	 not	 identify	 any	 meaningful	 relation-
ship	with	anthropogenic	factors	such	as	distance	to	road,	distance	
to	 settlement,	 livestock	 density,	 and	population	 density.	 This	may	

Environmental variables GBM MAXENT.Phillips.2 RF
Percentage 
contribution

Slope 0 0.024 0.003 <1%

Aspect 0.001 0.004 0.003 <1%

Bio2 0.035 0.03 0.006 2%

Bio3 0.077 0.001 0.084 5%

Bio14 0.024 0.015 0.032 2%

Bio15 0.789 0.905 0.319 67%

Bio18 0.07 0.302 0.043 14%

Bio19 0.002 0.016 0.007 <1%

Distance	to	path 0.007 0.014 0.006 <1%

Distance	to	the	motor	road 0 0.013 0.004 <1%

Distance	to	settlement 0.002 0.003 0.014 <1%

Distance	to	water 0.061 0.052 0.024 5%

Forest 0.004 0.02 0.02 <1%

Population	density 0.006 0 0.028 <1%

Livestock	density 0.003 0 0.019 <1%

LULC 0 0.046 0 2%

TA B L E  4 Percentage	contribution	
of	environmental	variables	to	build	the	
model.

F I G U R E  3 Response	curves	indicating	the	effects	of	different	environmental	variables	on	habitat	suitability	of	HMD.
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be	due	to	the	seasonal	and	temporary	nature	of	settlements	in	the	
high	 Himalayas	 in	 Nepal,	 where	musk	 deer	 habitat	 might	 overlap	
with	 these	 settlements	 (Nandy	 et	 al.,	2020).	 However,	 the	model	
depicted	that	the	probability	of	musk	deer	occurrence	decreases	far	
away	from	foot	trails	(Figure 3).

4.3  |  Conservation implications

In	contrast	to	previous	approaches	that	used	single	or	general	mod-
eling	 techniques,	 our	 ensemble	model	 incorporates	multiple	mod-
eling	 algorithms	 to	 accurately	 predict	 the	 probable	 distribution	of	
the	highly	endangered	HMD	species.	Consequently,	 the	outcomes	
of	this	study	carry	substantial	implications	for	government	authori-
ties	and	conservation	managers,	providing	valuable	 insights	 to	en-
hance	 species	 conservation	 through	 improved	 connectivity	 and	
conservation	measures	beyond	protected	area	networks.	Our	model	
offers	 informed	knowledge	 to	guide	 the	development	of	 scientific	
evidence-	based	 conservation	 actions	 specifically	 tailored	 to	 this	
globally	endangered	species.	For	instance,	our	model	identifies	a	sig-
nificant	portion	of	HMD's	habitats	located	outside	protected	areas,	
suggesting	that	conservation	managers	and	concerned	government	
authorities	should	prioritize	efforts	to	establish	connectivity	among	
these	 suitable	 habitats	 and	 implement	 conservation	 measures	 in	
areas	beyond	protected	areas	as	well.

5  |  CONCLUSION

Our	 ensemble	 model	 delineated	 the	 current	 suitable	 habitat	 of	
HMD	throughout	Nepal	and	showed	that	climatic	variables,	mainly	
precipitation	seasonality	and	precipitation	of	 the	warmest	quarter	
highly	influence	the	distribution.	We	also	suggest	using	this	model	
and	research	approach	 in	similar	other	species	 for	predicting	their	
future	habitat	distribution.	Besides	habitats	of	HMD	located	within	
protected	areas	network,	our	 research	outputs	suggest	employing	
immediate	 conservation	 efforts	 and	 promoting	 the	 connectivity	
among	the	significant	proportion	of	suitable	habitats	 lying	outside	
the	 protected	 areas,	 which	 are	 at	 severe	 risk	 due	 to	 anthropo-
genic	activities.	This	potential	habitat	distribution	outputs	provide	
guidelines	 for	 further	 research	 and	 conservation	 actions	on	HMD	
throughout	Nepal.	Precise	habitat	surveys	and	other	fine-	scale	eco-
logical	 studies	 can	 be	 performed	 in	 highly	 suitable	 areas	 that	will	
assist	 to	 formulate	management	 interventions	 for	 converting	 less	
suitable	habitat	areas	into	more	suitable	areas	in	future.
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