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ABSTRACT

DISTRIBUTION OF THE RED PANDAAILURUS FULGENSCUVIER, 1825) IN

NEPAL BASED ON A PREDICTIVE MODEL

by

Naveen Kumar Mahato, B.Sc.

Texas State University-San Marcos

August, 2010

SUPERVISING PROFESSOR: MICHAEL R. J. FORSTNER

The red pandaA(lurus fulgen}, an endangered mammalian species endemic to
the Eastern Himalaya, is protected from internatitraale from its presence on the
International Union for Nature Conservation (IUCN) &he Convention of International
Trade in Endangered Species (CITES) list for all membentties within its range.
There is limited information on its distribution artdtsis range-wide, mainly due to its
elusive nature. Its rarity makes field studies exceptipgexpensive and time
consuming. To facilitate the time-efficiency and co$e@iveness of field studies on red

panda, a predictive local scale distribution modellierred panda was developed for

Xiii



Nepal using maximum entropy (Maxent) species distribution fimgden this method,

20 presence-only red panda occurrence points were used ttheanmodel that used 10
uncorrelated environmental layers from various sourcesetAf 86 independent points
of red panda occurrences was used to evaluate the validitg model. A probabilistic
prediction for the red panda distribution was produced avithw omission rate and high
accuracy (test AUC = 0.946). Elevation and temperatusosadty followed by tree
cover were the most important environmental variabdesributing to the red panda
distribution model. The estimated suitable habitat éorpanda in Nepal based on a 0.1
threshold of presence were areas of approximately 20,480rkiNepal 22.5 % of
suitable habitat falls in nine montane protected areagoRa classification of habitat
demonstrated a larger proportion of suitable areas dopaadas occurred in the Eastern
Region of Nepal which also had high probability areagddrpandas and one of the
highest human population growth rates in Nepal. Amphiicaof the model to the global
scale predicted about 425,700%ai suitable areas for red pandas in six countries. The
current Maxent model overestimated the modern distributfdhe red panda in Asia.
Despite the overestimation, this model can be used a$fective tool in planning future

studies of the species and conservation efforts.
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INTRODUCTION

Statement of Problem

The red pandaAflurus fulgens Cuvier 1825) is a rare species listed as
“Vulnerable” in the International Union for Consenaatiof Nature (IUCN) Red List
(IUCN 2010). It is protected against international tradenlsjusion in the Convention on
International Trade on Endangered Species (CITES) Appéntdihe red panda also has
legal protection in all countries within its range acrassetwork of protected areas
(Choudhary 2001, Glatston 1994, Wei et #8999, Yonzon et al1997). However,
whether these legal protections and the existing n&tabprotected areas are enough to
accommodate viable populations of red pandas remains a wiatkebate. As with many
other endangered species, habitat fragmentation followirggesthtion has been a major
cause of population decline. This is evident, for exampléangtang National Park in
Nepal, where red pandas are now sub-divided into four subagi@md or
metapopulation fragments (Yonzon and Hunter 1991). Suchahdtagmentation may
lead to inbreeding and a consequent loss of genetic varidtionay also cause other
effects, such as starvation in the giant padliropoda melanoleugavhen fragments

of habitat experience widespread senescence and declimagé f&Reid et all991).



Other forms of anthropogenic impacts, such as livestoekimy in red panda
habitat or simply the presence of herders and their @dwgsadditional sources of
disturbances to red pandas (Mahato 2004b, Pradhan 20Gl, Yonzon and Hunter
1991). During the mid 2Dcentury, the demand for live harvest of red pandas ffem t
wild for display in western zoos was an important caasethe decline of wild
populations (Glatston 1994). Despite a lack of any real markeie, red pandas are
hunted locally for the pelt and for sport in some a&wudhary 2001, Glatston 1994,

Wei et al 1999, Yonzon et all997).

The most pressing conservation problem for red pandas nenmi@dequate
information regarding ecology and distribution. Itstissain the wild is not sufficiently
known nor its ecology documented. The extent of suitdideitat is also poorly

understood, which has hindered the planning of protected areaalatat honnectivity.
Background Information on Red Panda

The red panda has interested scientists, in part, becdube ambiguity of its
phylogenetic assignment. Classical systematists suggesedhpanda along with the
giant panda, should be placed in the sub-family Ailuriwagin the family Procyonidae,
instead of the sub-family Procyoninae which includes the N&world procyonids
(Walker 1968). However, serological (Leone and Wiens 1988)CAINA hybridization
(O'Brien et al 1985) studies alternatively suggested a closer relationshipetgiant
panda of the bear family (Ursidae). While the resuftDBIA hybridization support
subsuming the red panda as a procyonid (Waynal.e1989), it was argued that

placement of the red panda in the family Procyonidae bhased on superficial



similarities between the red panda and raccoons, sudtasnask, ringed tails, etc. This
argument was based on anatomical features (Decker anzerdtaft 1991) and
cytogenesis (Wurster and Benirschke 1968), which suggesteddipanda was a closer
relative to bears. Based on these debates of its phylagehgs suggested by Eisenberg
(1981), placement of the red panda in a separate family —dsikiiis currently widely

accepted (Glatston 1994).

The red panda is endemic to the eastern Himalayan Heafetl and coniferous
forests (Olsen and Dinerstein 1998) extending from Nepalth India, Bhutan, China
and Myanmar. The red panda distribution extends from Nag\alley (Mugu District)
and Rara Lake region in western Nepal eastward to theMdiley in Western Sichuan
(Glatston 1994, Roberts and Gittleman 1984). Two subspeciesl glanda are known —
Ailurus fulgens fulgenandA. f. styani The later found in Myanmar and China is also
known as Styan’s or the Chinese red panda. The subspAciésfulgens occurs in
Nepal, India, Bhutan and certain parts of China (Glatdt@®4). However, the actual

distribution and isolation between these subspeciesnyif remain poorly understood.

The red panda inhabits fir-jhapra forests (fir with rindgdamboo in the
understory) with an altitudinal preference between 2,4@D 3800 m (Pradhan et.al
2001, Yonzon and Hunter 1991). In China red pandas share habiiagiant pandas
(Wei et al 2000). Despite the placement of red panda within the oradenv©ra, it has a
specialized herbivore diet. The major proportion (54-100%tsdbod consists of leaves
and shoots of bambo@iundinaria malingandArundinaria aristata)followed by berries
of Sorbus microphylla and Sorbus cuspidd&¥onzon and Hunter 1991). Behaviorally,

the red panda is nocturnal and crepuscular (Roberts atldnt@in 1984). It is solitary



outside the mating season, but females are seenheithcubs between parturition and
the subsequent mating season (Pradhan.e208l1, Yonzon and Hunter 1991). Red
pandas are largely sedentary and have a small home ramgeebel.38 and 11.57 Km
Females have a smaller home range (mean = 2.3y tkan males (mean = 5.12 Bm
(Yonzon 1989). Because of specialized feeding behavior amdwand specialized

habitat needs, the red panda is considered a habitat secial

Little was known about the ecology, status and distobubf this species in the
wild until the late 1980s (e.g., Johnson et18I88, Yonzon 1989). Prior to this period
most of the behavioral information on red pandas wam fcaptive populations (e.g.,
Roberts 1981, Warnell 1988). A study in Langtang National Parkiapal (Yonzon
1989) produced important information about habitat, feeding bahdwomne range and
habitat preference. Another long-term study in Singh&ldéional Park in India (Pradhan
et al 2001) provided additional ecological information. Some prielary data came
from Wolong Reserve in China (Johnson etl@B8, Reid et al1l991). Recent studies in
Yele Nature Reserve (Wei et 2D00) and Fengtongzhai Nature Reserve in China (Zhang
et al 2004) produced important information on microhabitat selectiosh separation
between red and giant pandas. Recent surveys in Kanaofganjdonservation Area
(Mahato 2004a), Sagarmatha (Everest) National Park (MaBatib), llam and
Panchthar districts (RPN 2006-2009) supplied field-based oaation of red panda
occurrences. Red pandas were also reported in Sichuanusmary provinces and Tibet
in China (Wei et al1999), in Sikkim, Darjeeling District in West Bengal, and the

northern part of Arunachal Pradhesh in India (ChoudB@fj).



Various techniques for modeling the distribution of spebasge been developed
in recent years (Guisan and Thuiller 2005), and Geograplocnhation Systems (GIS)
became a vital tool in this regard. In analyzing multivaretvironments, GIS facilitates
an understanding of the relation of environmental varsatdespecies presence. This tool
in combination with remotely sensed data has been sucdgssfetl to predict species
distributions, e.g., wolfCanis lupus(Corsi et al 1999) and Asiatic black beadrsus
thibetanus japonicusand Japanese seroiNaemorhedus crispud@oko 2007). Species
distribution models have been used to guide field surveytefto successfully find
populations (Guisan et.&2006), support species conservation prioritization andveser
selection (Leathwick et al2005), predict species invasion (Thuiller et a005),
delimitation of species, and guide the reintroductionnofa@gered species (Pearce and

Lindenmayer 1998).

Rationale of the Study

Understanding the spatial occurrence of a specieseibthe first steps for its
preservation or management. The most pressing problehe inonservation of the red
panda is insufficient information regarding occurrencéaf$®on 1994, Yonzon et .al
1997). Like all endangered or rare species, gathering starimiation for such an elusive
species is both time and resource consuming. Thergfordicting a species distribution
is an important component of a conservation plan @@@s2007). Predicting distribution
becomes more important for elusive species like tdegpenda for two reasons — firstly,
detection is limited by its rarity and small body siaed secondly, limited accessibility to
remote and rugged habitat makes field surveys exceptionalydbnsuming, expensive,

and difficult, consequently hindering conservation effofisus, modeling tools, which



identify the environmental variables related to a spemiesrrence, have been developed
to overcome these problems in conservation planning @e&807). In this effort,
association among environmental variables and speciesreccerare identified and
environmental variables suitable for the species aramofated spatially across the area

of concern.

Solving the issue of the red panda’s status in the wildredjlire complementary
investigations based on field studies combined with GIS. éxample, Yonzon and
Hunter (1991) suggested a population of 37 adult red pandas inhabugtéhg National
Park, which provided 108 Knof suitable habitat for red pandas (ecological density =
panda per 2.9 kf Pradhan et a{2001) indicated an estimated crude density of 1 panda
per 1.67 krhexisted in Singhalila National Park. A GIS based stughgrlaying altitude
— 3,000-4,000 m, forest cover — Fir-jhapra forest, and rairf&)O00 mm) using the
ecological density observed in the Langtang Nationak Raoduced a population
estimate of 314 red pandas in 9122kof potential habitat in the Nepal Himalaya
(Yonzon et al1997). This might have been either an overestimatiamderestimation
of habitat for two reasons — recent spatial data bhadelationship between red panda
occurrence and other environmental variables were notimghd study. Field studies in
Wolong Reserve in China (Johnson et18I88, Reid et all991) did not provide enough
information regarding the abundance of red pandas. Therdfwill use recent satellite
data to estimate the present extent of red panda haithtanalyze the correlation
between environmental variables and species occurrenoege haroviding baseline

information for planning habitat connectivity and a desigrpfotected areas.



OBJECTIVES

The goals of my study were to understand and predicethpanda distribution
by assessing the relationship between presence of thespad various environmental

parameters. The specific objectives were:

1. To develop a landscape-level model for the red pandalbdistmn for Nepal,

2. To use GIS analysis to test for correlations betweendcbarrence of red pandas

and available ecological components (environmental falctd habitat, and

3. To assess the conservation status of the red pandgai besed on the

developed model.



STUDY AREA

Nepal lies between latitudes2B2¢and 30 27¢N and longitudes 8004¢and 88
12¢E between India and China in southern Asia (Fig.1). &lsimorth of Nepal, while
India encompasses the remaining border with Nepal. Nejtalan area of 147,181 Km
is divided into five development regions and 75 distriEtg.2). The development
regions of Nepal from east to west are: Easternir&eiVestern, Mid-western and Far-

western.

Nepal is predominantly a mountainous country with an asirgy elevational
gradient from south to north. The elevational gradibainges from 63 m above sea level
in the southern plains to 8,848 m on the top of the M&watest within an average
north-south lateral distance of 150 km and causes arigt climatic conditions. In the
southern area, there is a narrow belt of lowlandbk witropical climate. Smaller hills
with a sub-tropical climate to the north supplant thweldnds and further north the
mountains with a temperate climate replace the Ailke high mountains with sub-alpine

and alpine environments occur in the northern part odob@try.

The variation in the elevation gradient and the resylaried bioclimatic
circumstances support a highly diverse flora and fauna. Nefoadated at a transition of
the Pale-arctic and Indomalayan biogeographic realms (Ught&b). A combination

of the flora and fauna of both realms contributesi¢orich biodiversity of the country. A



proportion of this rich biodiversity is protected by a netkvof 16 protected areas
(Fig.3), which cover approximately 20% of Nepal's total larehg HMGN/MFSC

2002).

China 5

Pakistan

\*Myanmar (Burma)

8

of (5%

Figure 1. Relative location of Nepal within southern Asia.
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Figure 3. Distribution of protected areas in Nepal.
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MATERIALS AND METHODS

Three components compose the statistical model of @espdistribution — an
ecological component (environmental variables), thegmes dataset, and a predictive

algorithm (statistical/ modeling tool) (Austin 2002).

Red Panda Occurrence Data

Species occurrence data is usually in two forms — presedcabaence. Presence
data are easy to obtain compared to the absence data.\hibf both presence and
absence data improve the performance of a model (Brot@hs2©04), absence data are
usually unavailable or may be unreliable in many caspgotally for rare and elusive
species. This can lead to a false absence, which maynbexgerious bias in a
distribution model (Hirzel et al. 2002). While locationshnobvious red panda absence,
e.g. the lowlands and higher elevations beyond red panda kiaogye, can provide
absence data, these were not used as well. Theneftines study only presence data

were used.

Occurrence points for red pandas were based on preseaaabtihed from
previous surveys. These data came from six areas occupied pgndas in Nepal.
These locations are listed in Talllend mapped in Figure 4. Though there were
variations in how the different surveys were conduabedurrence points were based on

direct or indirect evidence with the location recardsing a handheld GPS unit. Most

12



locations were based on indirect evidence of red pandamre, in most cases

confirmation was based on fecal droppings.

More than 600 occurrence points in six habitat fragmeets available.
However, my analysis was at a resolution of 1 knrefoge, there were multiple points
per pixel. | removed the multiple points per pixel in Aigh/©.3 (ESRI Inc., Redlands

CA) using Hawth’s analysis toolfvw.spatialecology.con After correcting for

multiple points per pixel, | obtained 107 unique points in gaxél.

Table 1. Red pand&furus fulgen$ presence points used in predictive GIS model.

Locations Source

Dhorpatan Hunting Reserve Sharma and Kandel (2009)
Kanchenjunga CA Mahato (2004a)

llam and Panchthar districts RPN (unpublished data)
Sagarmatha NP (Bufferzone) Mahato (2004b)

Langtang NP Stephens (2003), Regmi (2009)
Manang district Stephens (2003)

13



Figure 4. Locations of red pandail(rus fulgen} occurrences used in this study for distribution modelingeapal.
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Environmental layers

Knowledge of the ecology of a species is helpful indleg which biologically
relevant environmental variables to use in distributiodatag. | collected and reviewed
the available literature on red pandas and combined thisratam with my
observations in the field in understanding the environnmeat@ables potentially
influencing the distribution of red pandas. | creatediaplatyers of the environmental
variables at the landscape level and used ArcMap tohsogpiatial layers. The

environmental variables used in the model are listed ineThbl

Table 2. Environmental layers used in modeling the distabudf red pandasflurus
fulgeng in Nepal.

Data layers Sources

19 Bioclimatic layers World Clim

Normalized difference vegetation index (NDVI) Satellitata (3 seasons data)

Enhanced vegetation index (EVI) Satellite data (3 seadata)
Leaf area index (LAI) Satellite data (3 seasons data)
Land cover

Derived from satellite data
Tree percent cover

Altitude World Clim
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Bioclimatic Layers

Bioclimatic variables were downloaded as layers in &gk format from free
domain public global climate data — WorldClim (Hijmansk 2005). The bioclimatic
layers were derivatives from monthly precipitation (mranyl temperature (Celsius) data.
An additional 19 biologically meaningful variables were gatedl from these data
(Table3) representing annual trends (mean annual temperature aigtaten),
seasonality (e.g., annual range in temperate and preéioip)taand limiting
environmental factors (e.g., temperate and precipitafi@certain quarter) (Hijmans et
al. 2005). These climatic layers were generated througtpmiation of average monthly
climate data of 50 years from more than 47,000 weath@rgahroughout the world
(e.g., Global Historical Climatology Network - GHCNMetFood and Agriculture
Organization — FAO, International Center for Tropidgticulture — CIAT, World

Meteorological Organization — WMO, R-HYdronet).

Bioclimatic layers were available at a resolution oBBOsec which is
approximately 1 km pixel size. The layers were masked thenglobal dataset in

geographic coordinate system (WGS84) for the study area.

Elevation

The elevation layer was obtained in ESRI grids form@anfWorldClim which
was generated from the Shuttle Radar Topography MissRTNI} elevation database.
This layer was in the same spatial resolution as tdifmatic layers (30 seconds arc)

and the geographic coordinate system (WGS84).
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Table 3. Nineteen bioclimatic layers obtained from WG@lileh for use in a predictive
GIS model for the red pandAi{urus fulgenyin Nepal.

Environmental layers Type

Annual Mean Temperature — P1 Continuous
?/Ih/le::n%?ms:ﬁ\i/n?riz;ﬁ:mp - min temp) ) Continuous
Isothermality [(P2/P7)100 ] — P3 Continuous
Temperature Seasonality (standard deviétib®0) — P4 Continuous
Max Temperature of Warmest Month — P5 Continuous
Min Temperature of Coldest Month — P6 Continuous
Temperature Annual Range (P5 — P6) — P7 Continuous
Mean Temperature of Wettest Quarter — P8 Continuous
Mean Temperature of Driest Quarter — P9 Continuous
Mean Temperature of Warmest Quarter — P10 Continuous
Mean Temperature of Coldest Quarter — P11 Continuous
Annual Precipitation — P12 Continuous
Precipitation of Wettest Month — P13 Continuous
Precipitation of Driest Month — P14 Continuous
Precipitation Seasonality (Coefficient of VariatienpP15 Continuous
Precipitation of Wettest Quarter — P16 Continuous
Precipitation of Driest Quarter — P17 Continuous
Precipitation of Warmest Quarter — P18 Continuous
Precipitation of Coldest Quarter — P19 Continuous
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Satellite-derived Vegetation Indices

Three types of vegetation indices, normalized difiaad vegetation index
(NDVI), enhanced vegetation index (EVI) and leaf-areaxr(tlé\l) derived from
satellite data, were used as predictors of the red pasidddlion. All three indices were
obtained from MODIS (Moderate Resolution Imaging Speattmmeter) Terra sensor.
These MODIS products were obtained from Land ProcessashiDted Active Archive
Center (LPDAAC) located at U. S. Geological Survep@5) Earth Resources

Observation and Science (EROS) Centétip(//Ipdaac.usgs.gpwn HDF-EOS data

format (.hdf file format). NDVI and EVI were obtained a 16-day mosaic at a spatial
resolution of 1 km, while LAl was obtained as an eiday- mosaic at the same spatial

resolution, all three in Sinusoidal projection systefaBIAAC 2008).

The vegetation indices obtained from various seasens used to incorporate
the seasonal variation in vegetation. For the purpbtdgsostudy, the annual cycle was
arbitrarily divided into three seasons: pre-monsoonudeg/ — June), monsoon (June —
September) and post-monsoon (September — Decembemrddwects used in this study

(based on the best available products) are listed in Bable
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Table 4. List of Moderate Resolution Imaging Spectroradiem@IODIS) products used
in a predictive GIS model for the red pandalrus fulgen¥ and the date the product
was obtained. These data are distributed by the Land Pesc&sstributed Active

Archive Center (LPDAAC), located at the U.S. GeolobiGurvey (USGS) Earth

Resources Observation and Science (EROS) Center (Ipdgagms).

Vegetation index Date acquired

March 06, 2003

Normalized Difference Vegetation

September 30, 2003
Index (NDVI)

November 17, 2003
March 06, 2003
Enhanced Vegetation Index (EVI) September 30, 2003
November 17, 2003
March 06, 2003
Leaf-Area Index (LAI) June 26, 2003

November 26, 2003
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Normalized Differential Vegetation Index (NDVI)

Normalized difference vegetation index, NDVI (Huet@le2002) provides an
indication of vegetation health by quantifying biomass. Ni3\¢alculated from satellite
images as:

r red

rNIR-
NDVI = ——
rNIR+r

red

where, req andrsyr are spectral reflectance measurements acquired nedhe

and near-infrared regions, respectively.

NDVI for a given pixel results in value ranging from epresenting no

vegetation to +1 representing the highest possible leaitglens

NDVI becomes insensitive to biomass in areas with deasepies and is
influenced mainly by soil reflectance in sparsely vegetaireas (Carlson and Ripley
1997, Huete et al. 2002, Pettorelli et al. 2005). Despite timsations, NDVI is directly
correlated to the biomass productivity and vegetative digsafRettorelli et al. 2005,
Reed et al. 1994) and is the most common form of sateilitex used to monitor
vegetation. However, to compensate for the limitgtiohNDVI, other forms of

vegetation indices were used together with NDVI.
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Enhanced Vegetation Index (EVI)

Enhanced vegetation index, EVI (Huete et al. 2002) is arowegrform of
vegetation index which provides complementary informagioout variation in
vegetation minimizing the insensitivity of NDVI to derssmnopy and the residual
influence of atmospheric aerosols (Huete et al. 200 et et al. 2005). The
adjustment factor used in EVI makes it sensitive to toggyr@Viatsushita et al. 2007).
EVI is calculated from satellite images as:

M = I

EVI=G . red
rwe +C r -C,7 r

+L

blue

where, rweq, I'nirR @Nd7rpue are spectral reflectance measurements acquired in the
red, near-infrared and blue regions, respectivelis 1) is canopy background
adjustmentG (= 2.5) is gain factoiC; (= 6) andC, (= 7.5) are coefficient of

aerosol resistance.

Leaf-Area Index (LAI)

Leaf-area index, LAI (sometimes also known as plaegandex — PAI) is the
total area of leaves per unit area of the ground (Currastawen 1983) and indicates an

index of canopy density.

Land Cover

Land cover data were obtained from Global V.1 of theb&@ldand Cover by
National Mapping Organizations (GLCNMO) from the Seciatanf International

Steering Committee for Global Mapping (ISCGM). GLCNM@sacreated by using a
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16-day composite of MODIS data (Terra Satellite) acqume&2D03. These data are
available at a resolution of 30 arc sec (~ 1 km) and®@dand cover classes (Table 5) at
a global scale based on the land cover classificatistem developed by the Food and
Agriculture Organization (FAO). However, four land coe&sses did not occur in
Nepal; resulting in only 16 classes. The land cover mapotasned in geographic

coordinate system WGS84.

Tree Cover

Tree cover data were also obtained from a globalveisi a vegetation /percent
tree cover map produced by ISCGM. The tree cover datadeereed from a 16-day
composite MODIS (Terra Satellite) image acquired in 20G8rasolution of 30 arc sec
(~ 1 km). The global percent tree cover represents th&tgef trees on the ground. The
percent tree cover was derived from the most photosyatbetiod of the year to account

for leaf drop from deciduous trees during dry seasons.

Percent tree cover ranges from 0 to 100 % cover. Hawihee8-bit raster layer
may contain value between 0 and 255. Therefore, pixel valines layer ranges between
0 and 100 for tree cover, and 255 for the pixels with “no*d@tae percent tree cover

map was obtained in geographic coordinate system WGS84.

Multicolinearity Analysis Between Environmental Layers

Intercorrelation among environmental predictors may causas, such as
multicollinearity, in prediction (Graham 2003). Multicokarity occurs primarily when

predictor variables are more significantly correlatethwach other than they are with a
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Table 5. Sixteen coded land cover classes used in a predgits model for the red
panda Ailurus fulgen} distribution in Nepal. Land cover classes coded 9, 14nti519
do not occur in Nepal at 1 Krpixel size.

Code Land cover class
1 Broadleaf evergreen forest
2 Broadleaf deciduous forest
3 Needle-leaf evergreen forest
4 Needle-leaf deciduous forest
5 Mixed forest
6 Tree open
7 Shrub
8 Herbaceous
10 Sparse vegetation
11 Cropland
12 Paddy field
13 Cropland / other vegetation mosaic
16 Bare area, consolidated (gravel, rock)
18 Urban
19 Snow / ice

20

Water bodies
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dependent variable. Multicollinearity among predictorstatistical approaches to
species distribution modeling has been detected by using @po®lations (e.g., Kumar
and Stohlgren 2009), cross correlation in combination to ¢blods (e.g., Doko 2007),
and variance inflation factor (VIF) (e.g., Lai 2009, Negga 200i7dhis study,

multicollinearity was examined by calculating VIF forchgredictor.

VIR indicates inflation in the variance of each resgien coefficient compared
with a situation of orthogonality. As a rule of thiappredictors, those with a VIF > 10,

are considered under the influence of multicollineaAty/IF was calculated as:

1

VIF =
1- R?

whereR? is a coefficient of determination.

| generated 200 random points throughout Nepal using Hawtalgsintool in
ArcMap and added these to the 107 red panda occurrence poiaksulate a VIF. VIF
for all non-categorical environmental predictors wasudated against these 307 points
using the linear regression tool in the statisticabgafe SPSS 18.0 (SPSS Inc., Chicago,
IL). The variable with the highest VIF was removed andRafor the remaining
variables was re-calculated. Removal of any one vargdfeficantly changed the VIF
of the remaining variables; therefore, the process aiterated until all the variables had

a VIF < 10.

All pre-selected variables excluding tree cover and landromere subjected to
VIF analysis. Land cover was excluded from the VIHysi8 because it is a categorical

(discrete) variable. Tree cover is an important \Eeien determining red panda
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distribution; therefore, it was selected deliberateihout testing for correlation with

other variables excluding it from the VIF analyses.

MaxEnt Distribution Modeling

A wide range of approaches is available for specieslisbn modeling which
uses both presence-only and presence-and-absence dataset®rCapproaches include
the generalized linear model (GLM) and generalized adduiwdel (GAM), which use
both presence and absence datasets (Guisan et al. 20@2, &ehFerrier 2000). Several
other approaches are available which involve ecologicaerfattor analysis (ENFA),
e.g., Genetic Algorithm for Rule-set Production — GAR®¢Bvell and Peters 1999)
and Maximum Entropy — MaxEnt (Phillips et al. 2006). Max®&as used in this study

because of its better performance and availability esgmce-only data.

Maximum Entropy is a general-purpose machine learning methadha
modeling of species using presence-only data (Phillips et al. .ZDB8)approach uses
environmental (ecological) factors as constraints timeasing the probability of a species
distribution. Since presence-only points are the rmmstmon form of data available in
niche modeling, it is an advantage to have a framewaskdon presence-only data.
Predicting a species distribution in MaxEnt is accasigd using the software Maxent

version 3.2.1Http://www.cs.princeton.edu/~schapire/maxgent/

Maxent modeling has been used to predict distribution afla range of species
(e.q., Asiatic black beatJfsus thibetanus japonicuand Japanese seroWaemorhedus
crispug (Doko 2007); freshwater diatomBiflymosphenia gemingtéKumar et al.

2009);Canacomyrica monticol@umar and Stohigren 2009); various amphibian species
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(Negga 2007); various geckos’ species (Pearson et al. 2007). théhaelvantage of
using the Maxent modeling over other techniques is explainéoehyse of presence-
only data; it also gives the best result (Kumar e2@09) and performs well with a small

number of presence data (Pearson et al. 2007, Kumar aridr&m2009).

MaxEnt uses environmental factors in ASCII formats dnedinary species
occurrence points in CSV file format. Two files widdrpanda occurrence points —
training file (20 points) and test file (87 points) weréeeed along with the ASCII
environmental layers. The user-specified parameters — rgalanultiplier was set to 1,
convergence threshold was set t&,18nd maximum iterations were set to 500. In
addition to 21 presence points, additional 10,000 backgroundspeane used to
determine the MaxEnt distribution. As output, a logietitput format was selected. In

addition, response curves and jackknife test of varialjp@itance were also selected.
Processing of Environmental Layers

MaxEnt requires all environmental layers to be in theesaoordinate system and
spatial resolution and cover the same geographic exteatefivironmental layers were
obtained from various sources in different coordinateegystand spatial resolutions
(pixel size). The layers were processed to a singledewie system, pixel size and the
same geographic extent. Since most of the layers weyeographic coordinate system
WGS84 and had a spatial resolution of 1 km, all the otgerdavere re-projected to
geographic coordinate system WGS84 and re-sampled at aipexef4 km. All layers

were masked with the boundary of Nepal to ensure the gaagraphic extent. Pre-
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processing of spatial layers was carried out in ArcMamAdImagine 9.2 (ERDAS Inc.,

Norcross, GA).

All pre-processed environmental layers were convertedAB@lI file format
using ArcMap 9.3 for analysis. The presence points wererteghan ArcMap and
processed in a shapefile format (.shp file). This layes also re-projected into the same
coordinate system as the environmental layers. Therthpanda occurrence points
were exported into CSV table format. MaxEnt reads envirotahéayers in ASCII

format (.asc file extension) and occurrence pointSS\V table format (.csv file).

Layer Reduction

After removal of auto-correlated predictor variables, tfmaining 14 predictor
variables were initially used to run the model. Variabléh tine lowest contribution to
the model were removed in a step by step process ungihdicant loss in test AUC was
observed in the ROC curve. A goodness of fit analgsitet! whether the final model
with the fewest variables differed from the model vathvariables. The logistic
prediction values were classified into habitat suitabdiaisses and 261 points were
generated randomly representing all classes. Theses pagné used to run a goodness of

fit test between the two models

The sample error matrix (Story and Congalton 1986) wastosestimate the
agreement between the final model and the model withdgtredictors. In the sample
error matrix, the proportion of sample pixel thatsah the same category in both models

provides an estimate of overall agreement between thentvdels.
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Threshold of Presence

Following the recommendations of Liu et al. (2005) and P&af2007), four

thresholds of presence were considered that used presggcecies occurrence data.

1. A fixed threshold value was chosen based on carefuhedigen of probability
value of all the presence points for the red panda (M#ral 1999, Robertson et
al. 2001). | also evaluated a commonly used threshold of m&ridz-Valverde

and Lobo 2007).

2. A fixed sensitivity (Pearson et al. 2004) of 90% was chodaohacorresponded

to a 10% omission rate.

3. The lowest presence threshold (LPT) (Pearson et al. P00igs et al. 2006) was

the lowest probability value at a known presence poithefed panda.

4. The threshold of presence was determined at the poinewsbkesitivity and

specificity are equal (Pearson et al. 2004).

Model Evaluation

Testing or validation is required to assess the predigirformance of a
distribution model. A subset of randomly selected $§8bqgooints (80% of total presence
points) was split from the entire 107 red panda occurrporgs to evaluate the model
(Fielding and Bell 1997). Both threshold-dependent and threshdé&péndent methods
were used in model evaluation. In the threshold-dependetitoch model performance

was investigated using extrinsic omission rate (Phillipd.e2006). The omission rate is
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a fraction of test localities that fall into pixelstrpredicted as suitable for red pandas. In
the threshold-independent method, the model was evalusitegla ROC (receiver

operating characteristics) curve.

Receiver Operating Characteristics (ROC) Curve

A receiver operating characteristics (ROC) curvetlgashold independent
method widely used in evaluating species distribution nsodeélding and Bell 1997),
which relates to the relative proportion of correctly anbrrectly classified predictions
over a wide and continuous rage of threshold levels. £ RCa graphical plot of
“sensitivity” and “1 — specificity” for all possible teésholds. Sensitivity is a measure of
the proportion of actual positives identified correctile specificity is a measure of the

proportion of negatives which are correctly identified.

ROC has proved to be highly correlated with other tasissts, e.g., Cohen’s
Kappa Coefficient (Cohen 1960), used in evaluating speciegdigin models (Manel
et al. 2001). Both presence and absence data are neededi@teadOC. However,
presence-only data are used in MaxEnt. In order to overtdaumgap, MaxEnt has a
built-in function which uses random background points (psebderae) against
presence points (Phillips et al. 2006). An area under tive ¢AtJC) value indicates the
efficacy of the model. AUC values ranges between 0 amithelcase of a random

prediction, the AUC value is 0.5.
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Relative Importance of Environmental Variables

MaxEnt assesses the importance of variables to thédighn model. MaxEnt
keeps track of the contribution (gain) of each environneatgable to the model output.
The relative contribution of each variable is conwiteo a percent at the end of the
training process. However, the percent contribution®alg heuristically defined, and
especially when there are highly correlated variables, should be cautiously

interpreted.

MaxEnt assesses the relative importance of a prediat@ble running jackknife
operations. Jackknife operates by sequentially excludiagranable at a time out of the
model and running a new model using the remaining variablg®rtruns the model

using only the excluded variables in isolation.

Conservation Status of Red Panda in Nepal

The protected areas with predicted suitable red panda habitatidentified and
the extent of suitable habitat protected in the coun&ry @stimated by clipping the
predicted area by the protected area boundary. Consideeimggions as a unit of
comparison, predicted red panda suitable areas were cahwitindhuman population

growth in the districts with predicted red panda habiittimthe last three decades.

Red Panda Habitat Projection at Global Scale

The red panda suitability model derived for Nepal was us@daject potential
suitable habitat for the red panda throughout its range pit¢jection was carried out at

the same resolution as the model (30 arc sec, i.e.,»xadpkon) and at the geographic
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extent encompassed by north-east Pakistan, northeey sadithern part of Mongolia,
the entire area of China, Nepal, Bhutan, Myanmar, Ldie$nam, Bangladesh, and part

of Taiwan and Thailand.



RESULTS

Multicolinearity Analysis between Environmental Layers

The intercorrelation analysis for 29 environmental ptedicariables resulted in
17 layers that were highly correlated and were dropped ste@nde 12 layers were

obtained with a VIF value < 10 (Table 6).
Layer Reduction

The initial model used all 14 remaining variables, 12 afteoxkeng the
autocorrelated variables, tree cover and the land coterstep by step removal of
predictor variables resulted in a final model with only dfiables. Spring EVI, monsoon
NDVI, winter NDVI and monsoon EVI were removed respeaii in each step based on
their minimal contributions to the model. Other val&s made significant contributions

to the model, and therefore, were not removed.

My decision of selecting a model with only 10 predictaialsles was based on
two factors. First, goodness of fit showed no significkaviation between the two
models ¢= 4.385,P = 0.223, df = 3). Second, the sample error matrix shamed

overall agreement between the two models of 88.12%.

32
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Table 6. Twelve variables in decreasing variance inflaactor (VIF) order selected for
use in a predictive GIS model for the red pamsifufus fulgen distribution in Nepal.

Predictor variables VIF

Spring NDVI 8.056679
Monsoon NDVI 10.73685
Winter NDVI 8.469501
Spring EVI 8.868479
Monsoon EVI 7.298795
Winter EVI 5.330023
Temperature Seasonality 3.726506
Precipitation Seasonality 5.849006
Precipitation of Warmest Quarter 2.983946
Precipitation of Coldest Quarter 2.842485
Elevation 3.396977
Winter LAI 2.671713
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Red Panda Distribution Model

The probabilistic distribution model produced a red panda pakeligtribution
map which was close to the known distribution of thepaada in Nepal (Mahato 2004a,
Mahato 2004b, Yonzon et al. 1997, Yonzon and Hunter 1989, Regmi, 2008¢i 2009,
Stephens 2003, RPN 2006-2009). A narrow irregular belt of suitalbligat for the red
panda was predicted in a west to east direction mainhgdlee northern districts of the
country. The probability of distribution of red panda wasdjmted as higher in the
eastern part of the country while tending to decreasarttssthe west (Fig.5). The total
area predicted as suitable habitat for the red panda wasdeéepem the threshold of

presence selected.

Threshold of Presence

A threshold of 0.5 yielded a high omission rate of 57% GFiA fixed sensitivity
of 90% corresponded to the logistic threshold value of (F@86). The lowest presence
threshold, LPT was observed at a logistic value of (FRB7(), which yielded an
omission rate of 29% (Fig.7). Sensitivity and specifieigre equal at a logistic threshold

of 0.094.

Based on a careful observation of logistic probabilftgresence, a fixed
threshold of 0.1 was determined. At this threshold, thession rate was estimated at
11.6% (Fig.6). The fixed threshold of 0.1 is very close ¢othineshold at which both
specificity and sensitivity are equal, and it also gaveraission rate closer to the fixed
sensitivity of 90%. Therefore, this threshold was usethtoulate the predicted presence

area for red pandas.



Figure 5. Predicted logistic probability for red panddus fulgen$ occurrence in Nepal.

Ge
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Habitat Suitability Classes

After a threshold of red panda presence was determineg, anbitrary
probability classes were defined based on careful oligamnvaf the predicted probability
of all presence points corresponding with habitat suitglbypes (Table7). The part of
area with a probability of < 0.1 was classified as anitaisle area for the red panda. The
extent of high suitability area (probability > 0.7) wasimated to be 1,387 Kmhile
moderately suitable area was estimated at 10,1¥{kable 8, Fig.8). The total extent of

area estimated at a threshold of 0.1 was approximately 200400 kble8).

At the 0.5 threshold, the extent of suitable areaddrpanda was estimated to be
3,612 kni (Fig.9). However, due to a very high omission rate of $##6), this

threshold was not used.
Model Evaluation

The red panda distribution model (Fig.8, Fig.10) predicted pateuitable
habitat for the red panda at a high success rate wath arhission rate of 11.6%. The
ROC curve also indicated higher accuracy yielded by the médelAUC on the
training data was 0.9823, while the AUC on the test dataDv@d®8 (Fig.12) with a
standard deviation of 0.0115. The AUC values ranged betweendX avhere an AUC

of 0.5 was equal to a random prediction.
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Table 7. Thresholds used to group the predicted logistic outjoutlasses.

Habitat class Probability value
No habitat (Extremely low suitability) <0.1

Less suitable habitat (Low suitability) 0.1-0.2
Moderately suitable habitat (Medium suitability) 0.2-0.7
Suitable habitat (High suitability) > 0.7

Table 8. Predicted size of suitable areas for the redigp@murus fulgenyin Nepal
based on different classes of suitability.

Habitat class Area (knf)
Suitable habitat 1,387
Moderately suitable habitat 10,117
Less suitable habitat 8,893

Total predicted area 20,397




Figure 8. Predicted potential suitable habitat for thepgettia Ailurus fulgen¥ in Nepal (with regional boundaries included).
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Figure 9. Predicted potential suitable habitat at 0.5 bidgor red pandaA(lurus fulgenyin Nepal (with regional boundaries
included).
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Figure 10. Predicted potential suitable habitat for thepegutla Ailurus fulgen$in Nepal (with political district boundaries depicted).
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Figure 11. Predicted potential suitable habitat at a 0.5Shbte for the red pand@ilurus fulgen¥ in Nepal (with political district
boundaries depicted).
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Relative Importance of Environmental Variables

Elevation was the most important predictor of the redipalistribution (Table 9)
with a total contribution of 37.3% followed by temperatwasonality (20.2%) and tree

cover (12.7%).

Jackknife Test

The jackknife evaluation of relative importance of enminental variables
indicated elevation made the highest contribution taetdepanda distribution followed
by temperature seasonality (Fig.13). Elevation had tHeekigAUC gain when run in
isolation (> 0.91) and the relative loss in AUC was haglvehen the model was run
without it. AUC gain was the lowest when elevatiorswamoved compared to the
removal of any other single variable. A similar pattelas observed for temperature
seasonality but with a lower magnitude after elevatfdtnough the AUC loss was small
after removing temperature seasonality, it had the higjsstafter elevation when run in
isolation. Precipitation in the coldest quarter fokmby precipitation seasonality was
the most important factors after elevation and teatpee seasonality. These two
variables had the highest AUC gain (both > 0.72) in iswladfter elevation and
temperature seasonality and AUC losses were alsois@gmtifafter removal of these

variables.
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Table 9. Relative percent contribution of 10 environmerdahbles (layers) to the red
panda Ailurus fulgen} distribution in Nepal.

Layers Contribution (%)
Elevation 36.4
Temperature seasonality 21.2
Tree cover 12.8
Winter EVI 6.1

Land cover 5.8
Winter LAl 5.8
Precipitation of coldest quarter 4.3
Precipitation of warmest quarter 3.6
Precipitation seasonality 3.1

Spring NDVI 1.1
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Figure 12. Receiver operating characteristic curve (S@hgis. 1 — Specificity) on red
panda occurrence training and test data for a predictive nmocksl panda.



Figure 13. Result of jackknife test for relative impodaof environmental variables using area under the curv€)Ad test data
for predictive GIS model for the red pandalgrus fulgen} distribution in Nepal.
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Response of Environmental Factors to Red Panda Distribution

Elevation, the variable with highest relative impoceamo the MaxEnt model, had
the highest response at a value of 3,000 m (Fig.14). The sespbtree cover was
directly proportional to its magnitude, though its respoaserated around 75% cover
(Fig.15). The response to the EVI in the winter seasasmabserved between positive
and negative 0.4 with its highest response around an EWé wdlO (Fig.16). Only four
categories of land cover types since land cover isegosacal variable, showed a
response to the model. Broadleaf deciduous forest hadgheshiresponse followed by
needle-leaf evergreen forest and mixed forest, bothangimilar magnitude of response,
and shrub with the lowest response (Table 5, Fig.17)r@sponse of winter LAl was
observed between 0 and 40, with the highest responsa nahre of 10 (Fig.18). The
response of precipitation in the coldest quarter wakitifeest close to 50 and the
response decreased for higher precipitation and satwatl€d (Fig.19). The highest
response of precipitation, 1100, was during the warmest q\gite20). The response of
spring NDVI gradually increased up to a value of 0.5 and thaplgtdecreased

(Fig.21).
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Figure 14. Response of the red pantlidu(us fulgen¥ presence to elevation (in meters).



Figure 15. Response of the red pantlidufus fulgen presence to tree cover.
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Figure 16. Response of the red pantlidufus fulgen¥ presence to winter enhanced
vegetation index (EVI).
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Figure 17. Response of the red pantlidu(us fulgen3 presence to land cover (land cover
code: 2—-broadleaf deciduous forest, 3—needle-leaf evergnesst, f'6—mixed forest, 7—
shrub).
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Figure 18. Response of the red parmdifufus fulgen} presence to winter leaf-area index
(LA).
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Figure 19. Response of the red pantlidu(us fulgen¥ presence to precipitation (in mm)
in the coldest quarter.
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Figure 20. Response of the red pantlidu(us fulgen¥ presence to precipitation (in mm)
in warmest quarter.



56

Figure 21. Response of the red pantlidufus fulgen presence to spring normalized
differential vegetation index (NDVI).
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Conservation Status of Red Panda in Nepal

The model (Fig.22) predicted suitable habitat for the red pianciae
(Kanchenjunga Conservation Area, Makalu Barun Nationd, Bagarmatha National
Park, Langtang National Park, Manaslu Conservation Araaapurna Conservation
Area, Dhorpatan Hunting Reserve, Rara National PackKéwaptad National Park) of
Nepal's 11 protected montane areas. However, at a Oghtiide suitable habitat for red
pandas would only be predicted in 7 protected areas (excludmgp@tan Hunting
Reserve and Khaptad National Park). Less than a quay6&2(kni area) of the total

predicted area of suitable habitat is protected (Thb|d=ig.23).

Table 10. Size and percent of predicted red paAdargs fulgen$ habitat under
protected areas based on habitat classes.

Habitat class Area (ktn Protected
Suitable habitat 298 21.5%
Moderately suitable habitat 2,405 24 %
Less suitable habitat 1,899 21 %
Total predicted area 4,602 22.5 %

The proportions of suitable red panda habitat predictedebgntdel in different
regions are summarized in Talile. The western region has the largest proportion

(40.5%) of red panda habitat protected while the far-weststrmid-western regions
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had the lowest. However, the western (36.5 %) andrea&@6é.2 %) regions had the

largest proportion of protected red panda habitat in thetgoun

A higher human population growth occurred between 1971 and 20@krintd
with suitable red panda habitat in all five regions (Taldlep The most extreme growth in
human population density was in the central region whadhralatively less red panda
habitat. However, the red panda habitat in the eastgiarr is under threat due to high

human population growth (67%).

While the eastern region has the largest area (36.4 pt@dicted suitable habitat
for red pandas, only 22.5 % of the suitable red panda habita region is protected
areas. Hence a large proportion of the suitable red geatuitat is still unprotected in this
region. However, a greater proportion of high probabibty panda distribution areas fall
within this region, indicating highly suitable red panda talgxists in this region. This
region also has one of the highest human populationtgnates (67% growth since
1971, Tablell) and it continues to grow. The increasing human padpuolat the region,
hence, exerts high anthropogenic pressure on the unpahtkgbkly suitable red panda

habitats in eastern Nepal.



Table 11. Percents of red pandslrus fulgen} suitable habitat, protected habitat and human populatiangehwith size and

number of protected areas in five regions of Nepal. (*Otn@rpatan Hunting Reserve falls into two regions).

Eastern Central Western Mid-western Far-western
Population growth (1971 — 2001) 67 % 75 % 34 % 30 % 51%
Population growth (1991 — 2001) 12 % 18 % 25 % 19 % 19%
Suitable habitat (> 0.2) 47.6 % 20 % 17.5% 13.9% 1.0%
Suitable habitat (0.1 — 0.2) 21.7 % 16.6 % 24.2 % 32.8% 4.7 %
Total suitable habitat area 7,416%m 3,777 kni 4,162 kM 4,510 km 535 knf
Proportion of total red panda habitat 36.4 % 18.5 % 20.4 % 22.1% 6 % 2.
Number of protected area 3 1 3* 3* 1
Proportion protected in the region 22.5% 22.2% 40.5 % 8.9 % 3.8%
Proportion of protected 36.2 % 18.2% 36.5 % 8.7 % 0.4 %
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Figure 22. Predicted potential suitable habitat for thepesmtla Ailurus fulgen¥ within protected areas in Nepal.
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Figure 23. Predicted potential suitable habitat at 0.5hbidsvithin protected areas for the red parmitufus fulgen¥ in Nepal.
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Red Panda Habitat Projection at Global Scale

| also projected the distribution model to an area laityper Nepal to predict the
red panda distribution throughout Asia. A total area of 425kiF(Table 12) was
predicted as suitable red panda habitat in seven counteesl,Nndia, Bhutan, China,
Myanmar (Burma), Laos and Vietnam (Fig.24). The projectedeipredicted a global
distribution of the red panda as far west as westepaNed as far east as northwestern
Vietnam. Based on a commonly used threshold of 0.5, pegldéctitable habitat occurs in
approximately 34,380 kfrmostly in Nepal and China with smaller areas in Bhutan,

India, Myanmar and Vietham (Fig.25).

| projected the prediction of the red panda potential 8igtion to other countries
based on the red panda occurrence in Nepal. This mayoléacturate and bias
predictions in the other countries. Therefore, | usexldlasses to roughly estimate the
extent of the red panda distribution in these countiliablé 12). | also estimated the
proportion of red panda habitat in the different coustréghina had the largest proportion
of red panda habitat (72%) followed by India (9.5%). Nepdldry 5.5% of the total
suitable area for the red panda. Laos had a smallesirpoopof predicted red panda

habitat (0.5%, Table 13).
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Table 12. Proportion of potential suitable habitat forrdeepandaAilurus fulgeny
throughout Asia.

Class of habitat Area (sq km)
Suitable habitat (probability 0.2 — 1.0) 199,674
Marginal habitat (probability 0.1 — 0.2) 226,032
Total predicted area 425,706

Table 13. Proportion of predicted red pandldufus fulgeny habitat in Asian countries.

Country Proportion
China 72 %
India 9.5%
Burma 6.5 %
Nepal 5.5%
Bhutan 5%
Vietnam 1%

Laos 0.5 %




Figure 24. Predicted potential suitable habitat for thepegutla Ailurus fulgen$in Asia.
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Figure 25. Predicted potential suitable habitat at 0.5hbidgor the red panda(lurus fulgen¥in Asia.
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DISCUSSION

The MaxEnt species distribution modeling basically mapsundamental niche
of a species which is different from an occupied nicltewesually larger than the
fundamental niche (Pearson 2007). Such models usually owdicipitee species
distribution because the area predicted as suitableah&bthe fundamental niche of a
species even though the species may not occur in #eatdae to other factors, e.g.,
anthropogenic factors. Though these models have highatigigyy, they may have less

specificity.

The MaxEnt model of the red panda distribution in Nepalipted suitable red
panda habitat at a higher success rate with as low msiomrate as 11.6 %. The
predicted red panda distribution approximates the anecdktadiyn and even the
systematically confirmed distribution of the red panddlepal (Glatston 1994, Yonzon
et al. 1997). The model predicted the western limit ofélaepanda distribution in the
far-west region of Nepal in Bajura and Bajhang distrotaied close to the western
known limit of the red panda distribution in Mugu Distri@latston 1994). Just east of
these districts, the red panda has been reported fnmta Ristrict (Yonzon et al. 1997)
and from Rara National Park in Mugu District (Sharma 2008¢refore, at this extent, it
is equally likely that the red panda distribution may Hasen over-predicted or the red
panda is simply yet unreported from the area west of Muguif. However, the

omission rate of 11.6 % and the careful observationedipted logistic value for all 106
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red panda occurrence points (Fig.7) also indicates sligder-prediction of red panda

suitable habitat in Nepal.

The red panda distribution has also been over-predictide icentral lower
mountains in small patches. These areas may be sugalhe fundamental niche of the
red panda; however, these small and fragmented patcheolebly unsuitable due to a
lack of connectivity. Alternately, these areas have dense human populations, and
hence at a finer scale may be unsuitable for red pawdate resolution of analysis has
little influence on the model (Guisan et al. 2007), ts®kdion of this study (1 km) at
the national scale cannot capture settlements andghedntation in forest cover within a
pixel, and hence the model may over-predict the suitaieles. However, overlaying of a
finer resolution forest cover for smaller scale analysll reduce the total suitable area.
A GIS-based overlay analysis at a resolution of 0.25(kuanzon et al. 1997), estimated
only 912 knj of area suitable for the red panda in Nepal. This arsalys#d only three
parameters — area with fir forest within an elevatioaage of 3,000 — 4,000 m with
annual precipitation > 2,000 mm. However, the red panda haséeearded beyond this
elevation range, e.g., at 2,800 m in the Kanchenjunga r@giahato 2004a) and as low
as 2,400 m in llam and Panchthar districts (pers. obs. 28@7h&inhalila National
Park in India (Pradhan et al. 2001). Likewise, the red phaddeen recorded in other
forest types, e.g., pine forest in the Everest reduah@to 2004b)Rhododendrororest
and mixed broadleaf forest in eastern Nepal (pers.26l6, 2007) and in Singhalila
National Park (Pradhan et al. 2001). Therefore, Yonzah €1997) may have

underestimated the red panda distribution.
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Despite a reasonable probability of over-prediction aigéhtslinder-prediction in
suitable red panda area and a coarse grain size, this pnodieles a baseline for further
investigation. It provides an understanding of the red parstidbdition at a landscape
level on a national scale. Furthermore, projectiothefmodel to other countries provides
a better understanding of the global red panda distritnutibe model is helpful in
conservation planning (Rodriguez et al. 2007) and in the idsatidn and prioritization
of sites for further ground-truth investigation. With tredp of this model, a fine-scale
distribution map can also be prepared to determine theardh distribution more
precisely. The fact that most of the known locatiofthe red panda were confirmed in
the recent decade (Mahato 2004a, Mahato 2004b, Regmi 2009, Simatidandel 2007,
Sharma 2009, Subedi 2009) is evidence that ground-truth infom@ithe red panda
distribution is not well understood in Nepal. Therefahess model can be used as a tool
in identifying potential areas and planning for ground-truthurgesys of the red panda
distribution at a reduced cost in both time and mone\s iBhparticularly important for

rare and elusive species like the red panda.

The predictor variables used to build this model were sldzased on the
available ecological information on the red panda. Bfecsion of variables was also
based on the resolution of analysis. For instances tire other variables which are
important predictors of the red panda distribution, e.ge&sslope. However, | could
not incorporate these variables at the coarse resolo&cessitated by the available
habitat and ecological layers. However, these andaleagditional variables, e.g.,
distance to water, distance from settlement etc., maynportant variables to consider in

the future construction of a finer resolution distributmap.
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