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ABSTRACT

This study was conducted to analyze the habitat preference of six major mammals for various envi-
ronmental factors based on 100 random points within a mountain area in South Korea. In-situ presence
and absence data for the mammals were surveyed and collected, and twelve explanatory variables relat-
ed to topography, water, greenness, and anthropogenic influence were applied to create a habitat distri-
bution model. The best combination of variables was determined using Moran’s I coefficients and Akaike
criteria information, and applied to estimate the habitat preference for each species using GRASP v.3.0.
The predictive map showed that wildlife animals in this study were mainly categorized into two groups:
Group I (Korean squirrel, Sciurus vulgaris, mole, Talpa micrura and water deer, Hydropotes inermis),
showed equal preference for all mountainous areas; Group II (weasel, Mustela sibirica, leopard cat, Felis

bengalensis and raccoon dog, Nyctereutes procyonoides) showed different preferences in a mountain.

Key words: Species distribution model, General additive model, GRASP, Habitat preference.

Interest in species distribution models (SDMs)
of plants and animals has been growing dra-
matically and they have become increasingly
important tools to address various issues in
ecology, biogeography, evolution and climate
change since the early 1990s [Guisan, Thuil-
ler, 2005]. More recently, prediction of spe-
cies distributions through field-surveying data
has long been recognized as a significant com-
ponent of conservation planning [Austin, 2002;
Elith, Burgman, 2003], and a wide variety of
statistical and machine-learning methods have
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been introduced to obtain the best predictions,
often in conjunction with geographic informa-
tion systems (GIS) and remote-sensing tech-
nology [Franklin et al., 2000].

Recently, various forms of regression analy-
ses have been applied to predicting species dis-
tribution. Generalized linear models (GLM) [Mc-
Cullagh, Nelder, 1989; Friston et al, 1995],
generalized additive models (GAM) [Hastie,
Tibshirani, 1990] and Maximum entropy (Ma-
xent) [Phillips et al., 2006] are becoming in-
creasingly popular for prediction of species dis-
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tribution [Scott et al., 2002]. GLMs and GAMSs
are commonly used for modeling with presence/
absence datasets, although they have been
applied to presence-only situations by taking a
random sample of pixels from the study area,
known as “background pixels” or “pseudo-ab-
sences” [Ferrier et al,, 2002]. GAM, an extended
GLM, is well known to efficiently explain the
non-linear relationship between dependent and
independent variables [Elith et al.,, 2006; Frank-
lin, 2010]. GAMs are non-parametric extension
of GLMs, which are themselves a generaliza-
tion of classical least square regression (LSR).
While GLMs extend the application of classi-
cal regression into other statistical distributions
(binomial, Poisson, gamma, negative binomi-
al), GAMs estimate response curves with a non-
parametric smoothing function instead of para-
metric terms (e. g. ax + bx?) [Lehmann et al,
2002]. This allows exploration of shapes of spe-
cies response curves to environmental gradi-
ents, and enables fitting of statistical models
in better agreement with ecological theory
[Austin, 2002]. Maxent is derived from a branch
of statistics referred to as machine learning
[Yackulic et al, 2012], and is a general-pur-
pose method for making predictions or infe-
rences from incomplete information [Phillips et
al,, 2006]. Although the Maxent can be appli-
cable to the model using presence/absence
data, it was well known to get much higher
confidence in the presence-only model [Kim
et al, 2012; Elith et al,, 2006].

Generally presence/absence data or presen-
ce-only data are used as a binary response vari-
able for modeling the species distribution. Ho-
wever, the process of getting presence/absence
data is quite different from the one for presen-
ce-only data. The presence/absence data for
target species are surveyed and determined at
randomly located points in a field, while
presence-only data for an interested species are
obtained from a geographically registered re-
lational database of incidental sightings of the
species [Gormley et al, 2011]. Although seve-
ral investigations of habitat modeling have
adopted regression analyses using currently
available presence-only data in conjunction with
pseudo-absence data created at random by
computer simulations, presence-only data are
known problematic for several analyses because
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owing to data limitations, analyses of species
distribution are limited to areas of small spa-
tial extent [Ferrier, Guisan, 2006]. Thus, there
is a need for spatially statistical models with
in-situ presence/absence data to enable the
proper estimation and interpretation of the
occurrence of specific species. Therefore, this
study was conducted to model the spatial dis-
tribution of wildlife mammals using in-situ
presence/absence data surveyed at 100 ran-
dom sites in Dangjin, South Korea.

MATERIALS AND METHODS

Study area. Dangjin is a small city located
on the west coast of South Korea (Fig. 1). The
population of Dangjin has been growing con-
tinuously since 1980, and it officially exceeded
150,000 in 2014 [Dangjin city..., 2014]. Because
of the rapid pace of urbanization, broad-scale
habitat destruction is widespread across the
region, and much of the original forest exists
in fragmented patches.

Rapid urbanization has been driving degra-
dation of forest patches, and 10 km? of for-
ests were removed 10 years ago, which was
coupled with an approximately 10 km? increase
in building sites. During the same period from
2006 to 2012, 52.9 km? of roads were newly
constructed and paved. Accordingly, many fo-
rest patches have undergone fragmentation and
decreases in quality. Thus, urgent investiga-
tion is needed to preserve the natural envi-
ronment in this city, and information regard-
ing wildlife animals obtained through such re-
search is expected to facilitate creation of poli-
cies protecting natural resources in Dangjin.

In this study, 100 points were randomly
generated in mountain areas to survey the
presence or absence of wildlife mammals. Al-
though many previous researchers have inves-
tigated the effects of sample size on model ac-
curacy, most have not explicitly manipulated
sample size by species [Brotons et al. 2004]. Her-
nandez et al [2006] generated models for 18
California taxa with varying degrees of habi-
tat specialization using four modeling methods
and a variety of sample sizes characteristic of
rare species (n = 5, 10, 25, 50, 75, or 100) to
further explore variations among sample size
and model performance. Wisz et al. [2008] also
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evaluated predictions from 12 algorithms for
46 species in three sample pools (100, 30 and
10 records) and found that model accuracy de-
creased and variability increased across spe-
cies and between models with decreasing samp-
le size. The aforementioned studies would guar-
antee the number of sampling sites set in this
study were sufficient to explain the species dis-
tribution, although the maximum accuracy po-
tential and the sample size at which the asymp-
tote is reached will depend on the study area
and species.

The create random points tool in ArcMap
v.9.3 (ESRI, CA, USA) was used to obtain
100 random points generated within the forest
polygons in Dangjin to survey the occurrence
of wildlife mammals. A specified number of
random point features can be generated in Arc-
Map, in which the create random points tool
can be used to generate random points within
the area defined by the constraining polygon.

Data collection for presence/absence data
of target species. Field surveys were conduct-
ed at 100 random points two times, once in
May and again in September of 2008, each
site was traced using GeoXT GPS (Trimble,
CA, USA) embedded with a shape file con-
taining the location of 100 points. Each survey
was conducted in the morning (6:00 am to 12:00
noon) and late afternoon (4:00 pm to 7:00 pm)
for 20 days. Most surveys of wildlife animals
are best undertaken at dawn or dusk and not
during summer or in hot weather [Eldridge,
Pearson, 2008]. A circular quadrat was estab-
lished within a 25-meter radius of each point,
because using circular quadrats instead of
square or rectangle ones minimizes the edge
effect of a quadrat [Grimbacher, Catterall,
2007]. The survey was carried out by record-
ing all of the mammals that were observed

Terrestrial vertebrates

and their traces (e. g., stools and footprints)
left in each site. The occurrence data from the
two surveys were then recorded and listed in
a Table 1. Overall, nine species of wildlife
mammals were surveyed at the 100 sites; howe-
ver, Tamias sibiricus, Micromys minutus and
Lepus sinensis were excluded from further
analyses because their frequency was too low
to create a proper model.

Information regarding the occurrence of
mammals at each site was converted to binary
data, with 1 indicating their presence and 0
their absence. An observed absence is usually
employed when the survey method fails to de-
tect a species that actually resides at or uses
the location, because it is generally impossible
to confirm a species’ absence [MacKenzie,
2005]. The presence/absence data at the 100 po-
ints were used as response variables for the
species distribution model. The six mammals
surveyed in this study were representative spe-
cies living in South Korea, and the models es-
timating their occurrence would be applicable
to other sites in South Korea.

Variables explaining the habitat preference
of mammals. Most habitat models are general-
ly based on various hypotheses describing how
environmental factors control the distribution
of species and communities. In this study, seve-
ral categories of environmental factors were
considered from the perspective of a habitat
adopted by Grillet et al. [2010] for habitat mode-
ling. Food, cover, water and places to live were
the four main habitat components considered
for the model.

Forests consist of food, cover and areas for
wildlife survival [McCollin, 1998]. Farmland and
vegetation strips near rivers also contain these
habitat components [Darveau et al., 1995]. The-
se landscape components are recognized as im-

Table 1

and their frequency surveyed at 100 sites in this study

Name of species Frequen- Name of species Frequen-
English name Scientific name ¢y English name Scientific name ¢y
Water Deer Hydropotes inermis 54 Hare Lepus sinensis coreanus 7
Racoon dog Nyctereutes procyonoides 24 Leopard Cat Felis bengalensis euptilura 15
Asiatic chipmunk Tamias sibiricus 1 Weasel Mustela sibirica coreana 12
Mole Talpa micrura coreana 58 Korean squirrel Sciurus vulgaris coreae 63
Harvest Mouse Micromys minutus 4 Total number 238
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portant factors for the survival of wildlife an-
imals, and species preferring a specific land
cover could be susceptible to reductions and
fragmentation of land cover, which result in
reductions in habitat [Andrén, 1994; Fahrig,
2002].

R. D. Mace et al. [1999] attempted to esti-
mate leaf greenness using the reflectance de-
rived from a Landsat Thematic satellite image,
while A. Guisan and N. E. Zimmermann [2000]
obtained an environmental variable from a sa-
tellite image to evaluate the quality of forests.
The normalized difference vegetation index
(NDVI) derived from a Landsat ETM (Enhanced
Thematic Mapper) taken in May 5, 2008 was
used to discriminate the different levels of
greenness in forests. The NDVI values (—1 to 1)
were converted to 8-bit unsigned integer for-
mat ranging from 0 to 255.

Many studies related to habitat modeling
have adopted topographic factors as indicators
for evaluation of wildlife habitat [Guisan, Zim-
mermann, 2000]. Elevation, slope and aspect
have commonly been used for modeling because
different levels of solar energy could be radia-
ted according to these topographic conditions,
resulting in generation of different habitat con-
ditions [Dubayah, Rich, 1995]. In this study,
environmental variables related to topographic
factors were obtained from a digital topographic
map drawn on a scale of 1 to 5,000 (National
Geographic Information Institute, Suwon,
South Korea). A digital elevation model creat-
ed from the digital topographic map was then
converted into slope, relief, curvature, north-
ness and wetness.

Among human activities that cause habitat
loss, urban development produces some of the
greatest local extinction rates and frequently
eliminates the majority of native species. Nega-
tive factors such as buildings and roads are also
needed to accurately estimate the wildlife habi-
tat. Tratalos et al. [2007] adopted the concept
of urban form as an index to evaluate biodi-
versity, which was quantified by building den-
sity per hectare. Linear features in landscapes
such as roads can also affect habitat fragmen-
tation, ultimately influencing the distribution
pattern of species in a habitat [Vos et al., 1998;
Cushman, 2006]. The ratio of buildings or roads
per hectare was calculated using the Korean
Land Information System (KLIS) managed by

the Korean Ministry of Land, Infrastructure
and Transport and applied to determine the
influence of buildings and roads on wildlife
habitats.

Water has long been recognized as one of
the most important resources in a habitat for
all organisms, including humans [Lawton,
Woodroffe, 1991; Gibbons, 2003]. Additional-
ly, some species show extremely preference for
humidity, while others do not depend greatly
on humidity; therefore, the different humidi-
ty associated with nearby water bodies can
cause an environmental gradient [Cornwell,
Ackerly, 2009] and disturbnatural ecosystems
[Patz et al., 2000]. In this study, distance from
water bodies was used to explain preferences
of each species for various distances to water
bodies.

Spatial autocorrelation by Moran’s I. Measu-
rement of the magnitude and direction of spa-
tial autocorrelation is needed for exploratory
analysis of spatial data. Specifically, this has
been defined as “the property of random vari-
ables taking values, at pairs of locations be-
ing a certain distance apart, that are more simi-
lar (positive autocorrelation) or less similar (nega-
tive autocorrelation) than expected for random-
ly associated pairs of observations” [Legend-
re, 1993]. Moran’s I coefficient, which is one
of the most commonly used descriptors of
spatial autocorrelation, is an index measuring
spatial autocorrelation based on both feature
locations and feature values. Given a set of fea-
tures and an associated attributes, it evaluates
whether the pattern expressed is clustered,
dispersed, or random. SAM (Spatial Analysis
in Macroecology) version 4.0 is useful to
describe the spatial pattern in the distribu-
tion of species by Moran’s I coefficient [Ran-
gel et al, 2010]. This software was used in
this study to measure the magnitude of spatial
autocorrelation at 100 points in each environ-
mental variable.

Species Distribution Model. GAM was emp-
loyed in this study to estimate the spatial dis-
tribution of 6 major mammals in Dangjin, South
Korea. Alternative multivariate models were
generated by stepwise GAM in GRASP v. 3.0
[Lehmann et al., 2002; http://www.inside-r.
org/packages/cran/grasp], and the best mo-
del was selected using the Akaike Information
Criterion, AIC [Burnham, Anderson, 2001;
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Thuiller, 2003]. GRASP (Generalized Regres-
sion Analysis and Spatial Prediction) is plugged
in R or S-Plus statistical packages (http://www.
inside-r.org/packages/cran/grasp) that offer an
automated way of making spatial predictions
from point surveys using Generalized Additive
Models. AIC is a criterion that H. Akaike [1974]
developed for model selection and evaluation
based on the S. Kullback and R. A. Leibler [1951]
information of the true model with respect to
the fitted model. The AIC value indicates the
proper model minimizing the information loss
estimated. In this study, backward selection,
one of the stepwise selection methods, was
used to select the proper variables best explain-
ing model. This information was estimated to
minimize information loss by referring to the
AIC value.

The accuracy of each model was calculated
by the AUC (area under the cover) derived
from a ROC (receiver operating characteristic)
curve. The accuracy using the AUC is fixed in-
dependently of the threshold set for the mod-
el, while the accuracy of other models is
changeable depending on its threshold [Thuil-
ler, 2003]. To determine the probability from
habitat modeling in this study, it was neces-
sary to convert the threshold distribution pro-

bability to the estimation model based pres-
ence/absence data. To create binary maps from
probability maps, 0.5 is often used in logistic
regression and related modeling [Manel et al.,
1999; Franklin, 2010]. Generally, a probability
< 0.5 represents being absent, while a higher
probability ? 0.5 represents being present. Some
other methods referred to the standard devia-
tion from the distribution probability. This study
constructed a binary map using a threshold,
which maximized the probability by correctly
estimating presence and absence data [Frank-
lin, 2010].

RESULTS

Spatial autocorrelation of each environ-
mental variable. Moran’s I coefficients showed
a lower spatial autocorrelation at pairs of points
for all environmental variables except eleva-
tion (Table 2, 3). Most variables showed Mo-
ran’s I coefficients with an absolute value not
higher than 0.2. These findings indicated that
the properties of each variable at pairs of lo-
cations were expected for randomly associated
pairs of observations. These data suggested that
adjacent habitat points did not share similar
values, so it was assumed that adjacent points

Table 2

Explanatory variables used for the habitat prediction model

Acronym of variables  Unit Description of each environmental variables Data type
Elev m Elevation: using digital elevation model Continuous
Slope degree Slope degree: arctan (rise / run) Tbid
Relief - Standard deviation of elevation (5x5 windows) »
Curv - Curvature: for each cell, a fourth-order polynomial of the form »
Asp 1 degree Aspect: ranging from 0 to 360 degree »
Asp_2 degree Aspect (ranging from 0 to 180 degree) »
North - Northness: cos {(aspect - m)/180}, 360° = 1 and 180° = 0 »
Wet - Wetness: In{(flow accumulation + 1)/(slope + 1) } »
NDVI - Normalized Difference Vegetation Index using Landsat »
ETM+ taken in May 5, 2008
Bldg.d % Building density: building areas per ha »
D.farm m Distance from farm lands »
D.bldg m Distance from buildings »
D.road m Distance from roads extracting from digitalized topogra »
phic map
D.water m Distance from water bodies, which was derived from digi-

talized topographic map
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Table 3

Moran’s I coefficients for each variable

Count Moran’s I P (max) I/I(max)

Asp_1 776 —0.004 0.93 0415 -0.01
Asp_2 776 —0.046 0.302 0.483 —-0.095
Curv 776 —0.049 0.307 0.382 —0.127
North 776 0.019 0.704 0.589 0.032
Relief 776 0.013 0.839 0.717 0.018
Slope 776 0.075 0.136 0.757 0.099
Elev 776 0.372 0.005 0.727 0.512
NDVI 776 0.035 0.487 0.543 0.065
Wet 776 0.058 0.216 0.525 0.11

Bldg. d 776 0.082 0.095 0.58 0.141
D. bldg 776 0.177 0.01 1.012 0.175
D. farm 776 0.036 0.472 0.748 0.048
D. road 776 0.003 0.965 0.551 0.005
D. water 776 —0.069 0.08 0.345 -0.2

randomly sampled were independent based on
the spatial autocorrelation test [Koenig, 1999].

Selecting variables for the best model and
model validation. Variables were checked by
backward stepwise selection using the AIC at
each step (Table 4). Variables were removed
step by step by determining which model with
remaining variables could be best explained by
the lower AIC, or lower unexpected deviance.
A smaller AIC indicates a better model; there-

fore, there is greater deviance explained per
number of explanatory variables (parameters
estimated) [Franklin, 2010].

The best combination of variables was de-
termined and applied to estimate the habitat
preference for each species using GRASP v.3.0
(Table 5). Variables selected for each species
showed higher AUC values, indicating that
each model explained the distribution of each
species well. F. bengalensis had the highest

Table 4

Variables removed by the backward stepwise selection method and AIC for each model

S S. vulgaris F. bengalensis T. micrura N. procyonoides H. inermis M. sibirica
teps
’ Var AIC Var AIC Var AIC Var AIC Var AIC Var  AIC

1 134 88 142 134 162 92
2 Asp_2 129 Relief 82 D.road 137 Asp_2 129 Asp_1 157 D.bldg 86
3 Curv 125 Wet 77 Asp_1 132  Slope 124  Wet 151 Curv 82
4 D. water 122 Slope 73  North 128 North 119 Asp_2 147 Wet 77
5 Bldg. d 117 Asp_2 68 Curv 124 Wet 115 North 142 D.farm 73
6 D. bldg 114 North 65 D.farm 120 Asp_1 112 D. farm 138  Asp_1 70
7 Elev 112 Curv 62 Elev 116 Curv 108  Slope 134 Elev 68
8 North 109 D. road 59 Bldg.d 113  Elev 106 Bldg.d 131 Bldg. d 66
9 Slope 106 NDVI 58 Wet 113 D.road 105 NDVI 127  Relietf 66
10 NDVI 104 Relief 104 Elev 124 D.road 64
11 D. road 121  North 63
12 D. water 120

N o t e. AIC value was rounded off below the decimal poin.
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Table 5

Summary of the best combination of variables for GAM models to predict presence and absence of each species

Species Selected variables (order) AUC cvAUC
S. vulgaris D. road, D. farm, Wet, Relief, Asp_1 0.890 0.731
F. bengalensis D. water, D. farm, D. bldg, Bldg. d, Elev, Asp_1 0.996 0.839
T. micrura Slope, D. water, Relief, NDVI, Asp_2, D. bldg 0.870 0.745
N. procyonoides D. water, D. farm, D. bldg, Bldg. d, NDVI 0.889 0.674
H. inermis D. bldg, Relief, Curv 0.793 0.631
M. sibirica NDVI, Slope, D.water, Asp_2 0.945 0.792

N o t e. AUC: area under the curve, cvAUC: cross-validated AUC.

cvAUC (Cross-Validated Area Under the ROC
Curve), indicating that the variables selected
with higher cvAUC values had greater signifi-
cance and explained the habitat preference for
the species well [Thuiller, 2003].

Predictive map. The predictive map showed
that the wildlife animals in this study were
primarily categorized into two groups. Group I

(S. vulgaris, T. micrura and H. inermis) showed
higher preference for all locations on the moun-
tain while Group II (M. sibirica, F. bengalensis
and N. procyonoides) preferred specific areas
on the mountain (Fig. 2). These findings indi-
cate that regions with higher probability were
distributed in almost all of the mountainous
areas for Group I, while regions with higher
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Fig. 2. Maps of occurrence probabilities predicted from generalized additive models (GAMs) for each species
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Fig. 3. Occurrence probability for 6 animals in ave-
rage within forest areas

probability for Group II were sporadically dis-
tributed throughout mountains. Furthermore,
regions with a higher occurrence probability
for species included in Group I were likely to
be coincident with forest boundaries in Dan-
gjin, whereas regions for Group II were likely
to be partially and independently distributed in
mountains. These findings are reinforced by the
data presented in Fig. 3, which indicate that
the occurrence probability for Group I was rel-
atively higher (>0.6), while the probability for
Group II did not exceed 0.3. Species in Group I
tend to prefer to live anywhere in mountainous
areas, regardless of environmental conditions.

Partial probability response curves of gene-
ralized additive model (GAM) in forest area.

According to the partial probability response
curves, F. bengalensis simultaneously preferred
lower elevation (<50 m) and slightly higher ele-
vation areas on the mountain (Fig. 4, a). These
findings can be explained by the preference
of F. bengalensis for the mountainous area as
cover resources, while hunting prey in agri-
cultural areas located at lower elevation. More-
over, the eastern slopes of a mountain are the
preferred sites for this species (see Fig. 4, b).
F. bengalensis did not prefer to be close to build-
ings (see Fig. 4, f), although this species was
not sensitive to higher densities of buildings
(around 500 m?/ha; see. Fig. 4, ¢). F. bengalen-
sts appeared to depend on farmland (see Fig.
4, d) and bodies of water (see Fig. 4, e). As
shown in fig. 4, ¢, d, this species was often
found occurring at places close to farmlands
(i. e. <200) and bodies of water (i. e. <150).

N. procyonoides had very different prefe-
rences for several environmental conditions.
Specifically, this species did not appear to be
sensitive to living close to buildings (Fig. 5, b),
and it showed a higher frequency in areas with
higher building density (see Fig. 5, a). Farmland
(see Fig. b, c¢) and bodies of water (see Fig. 5,
d) were important and critical factors describ-
ing the preference of N. procyonoides for its
habitat. Specifically, this species preferred are-
as close to farmland (i. e., <200) and bodies of
water (i. e., <200). Moreover, the probability of
its occurrence increased as the NDVI value in-
creased (e. g., in forest and grassland).

H. inermis preferred fluctuant (Fig. 6, a) and
concave (see Fig. 6, b) topography for its liv-
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ing, and was often found at places not far from
buildings and other artificial land uses (i. e,
between 200 and 600 meters from buildings;
see Fig. 6, c).

Slope clearly explained the preference of
M. sibirica for its habitat, with its most often
being present in areas with a gradient of
around 20° (Fig. 7, a). NDVI also explained the
preference of M. sibirica for its habitat, with
a positive response to greenness (see Fig. 7, d).

M. sibirica was also shown to stay within ap-
proximately 200-m of water (see Fig. 7, c),
although it was found everywhere, indicating
that it was not dependent on this aspect (see
Fig. 7, b).

Relief explained the occurrence probability
of S. vulgaris. Specifically, it occurred at re-
lief values of 1 to 3, indicating a fluctuant
topography in the middle of the mountain area
(Fig. 8, b). This species also preferred moun-
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Fig. 7. Partial probability response curves for M. sibirica
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tain areas close to farmland (i .e., within about
200 meters of farmland) (see Fig. 8, d). Roads
did not significantly influence the occurrence
of S. vulgaris, although it was not found close
to roads and it showed slightly higher preferen-
ce for areas far from roads (see Fig. 8, e). As
shown in Fig. 8, a, S. vulgaris appeared eve-
rywhere without any dependence on aspect,
but it showed a slightly higher occurrence on
the northeastern side of the mountain. Figure
8, c also explains the independence of S. vul-
garis on wetness. Rugs, gathered between —3
and 0 on the x-axis in Fig. 8, ¢, were indicat-
ing the normal wetness indices appeared in a
mountain area.

Slope was shown to be a geographical fac-
tor leading to a negative relationship with the
occurrence of T. micrura (Fig. 9, a). This or-
ganism often appeared on gently sloped hills

of 10 to 30°, while it was not commonly found
on slopes > 40°. T. micrura occurred at reliefs
of 1 to 3, indicating the fluctuant area on a
mountain (see Fig. 9, c¢). Moreover, it was found
to prefer areas with higher NDVI values
(>150), indicating that this species preferred
areas with sufficient greenness (see Fig. 9, f).
As shown in Fig. 9, d, e, T. micrura was not
highly sensitive to wetness and buildings.

DISCUSSION

The model using presence and absence data
provided more accurate results than the one
using presence-only data to explain the occur-
rence probability of wildlife animals. This was
likely because of the higher uncertainty asso-
ciated with the presence-only data for explain-
ing the avoidance of a specific environmental
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factor by a targeted animal without absence
data obtained in the field.

Variables that remained after being removed
by the backward stepwise selection were mainly
associated with habitat components (i. e., “dis-
tance from bodies of water”, “NDVI“ and “dis-
tance from farmland”) and man-made distur-
bances (i. e.,, “distance from buildings” and
“building density”). These findings indicate that
wildlife animals responded positively to envi-
ronmental factors related to habitat compo-
nents, while animals avoided disturbances
caused by humans. Although several animals
were not sensitive to the disturbance, most
tended to respond to and/or avoid such dis-
turbances.

S. vulgaris is known to be a significant pre-
dator of conifer seeds and disperser of oaks,
indicating that this species is a resident in domi-
nant coniferous forests and oak forests. The
dominance of these plant species could be a
cause of the widespread distribution of S. vul-
garis on mountainous area. T. micrura is also a
general species that appeared in all locations,
regardless of any preference in space. Soil is
deeper in areas with lower slope because the
soil eroded from the upper slope positions (con-
vex) is translocated downslope [De Alba et al,
2004; Papiernik et al, 2009]. These findings
were similar to the response to greenness esti-
mated based on the NDVI value in Fig. 9, f, in
which the occurrence of T. micrura showed a
plateau at around 160 in the 8-bit NDVI value
that reflected the edge space of a mountain.
These areas were found to include arable fields,
deciduous woodlands, and permanent pastures,
which all have soils deep enough to allow tun-
neling.

Fluctuant (see Fig. 6, a) and concave (see
Fig. 6, b) topography are representative of the
edge areas of a mountain, which would be
favored by edge species such as H. inermis
[Rhim, Lee, 2007]. H. inermis might require
fluctuant and concave topography as a cover
resource to hide from predators. Although
H. inermis is known to be negatively affected
by the presence of humans [Zhang et al,
2006], the species selected habitats near resi-
dential areas (see Fig. 6, c), which could be an
alternative strategy for its survival. Indeed,
predation of H. inermis calves by F. bengalen-
sis and N. procyonoides have driven female
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H. inermis to calve closer to roads and humans,
which these predators are more apt to avoid
[William et al., 2004].

There were no clear data describing the
preference of M. sibirica for its selected habi-
tat (see Fig. 7). Indeed, the results only indi-
cated that M. sibirica preferred places not far
from water (see Fig. 7, c¢) with a slightly high-
er slope (see Fig. 7, a) and sufficient greenness
(see Fig. 7, d). These areas slightly overlapped
with the six types of habitats (plain hedge,
hedge with ditch, fence, drainage ditch, wood
edge and riverbank) that D. W. Macdonald et al.
[2004] reported as range compositions for
M. sibirica These findings indicate that the
species would not enjoy the inner space in a
mountain, which indicates they preferred out-
of-mountain hills with a gentle slope and
vegetation. Such areas would be optimal for
these organisms because they enable the spe-
cies to protect itself while enabling easy ac-
cess to lowlands for hunting. After correction
of the aforementioned estimations, the pre-
ferences derived from fig. 7 were coincident
with its home range and habitat as described by
H. Sakaki and Y. Ono [1994].

The preference of F. bengalensis for two
extremes in elevation showed the potential for
multiple habitats for its survival. Specifically,
lower elevations were the best place for it to
obtain prey, while higher elevations were need-
ed to provide cover. This species appears to
prefer the cover at higher elevation due to its
sensitivity to anthropogenic pressure and com-
petitors. This argument can be supported by
Fig. 4, f, which shows that F. bengalensis did
not prefer to be close to buildings. This strate-
gy is quite different from that of N. procyo-
noides, which responded to building density.

N. procyonoides and F. bengalensis shared
their habitats in places close to water bodies
(see Fig. 4, e; 5, d) with some building densi-
ty (see Fig. 4, c; 5, a). However, N. procyo-
noides was no more sensitive to the distance
from buildings than F. bengalensis. Addition-
ally, F. bengalensis was hesitant to get close
to farms (see Fig. 4, d), while N. procyonoides
entered farmland without any hindrance (see
Fig. 5, c¢). Overall, these results indicate that
F. bangalensis was much more cautious and sen-
sitive to anthropogenic land uses than N. pro-
cyonoides.



CONCLUSION

The predictive map, showed that wildlife
animals in this study, were mainly categorized
into two groups according to their preferring
environmental conditions. One group (Korean
squirrel, Sciurus vulgaris, mole, Talpa micrura
and water deer, Hydropotes inermis) was
shown to prefer mountainous areas, while the
other group (weasel, Mustela sibirica, leopard
cat, Felis bengalensis and raccoon dog, Nyc-
tereutes procyonoides) showed different prefe-
rences within a mountain. Different preferences
in a mountain meant that each species might
be dependent on different environmental con-
ditions for each survival

Variables used to explain the model for each
species were primarily related to habitat com-
ponents (distance from water bodies, NDVI and
distance from farmland) and man-made dis-
turbances (distance from buildings and build-
ing density). These findings indicate that wild-
life animals responded positively to environ-
mental factors related to the habitat compo-
nents, while they avoided areas disturbed by
humans, even though some were not sensitive
to this disturbance. Especially, herbivores or
mammals of small size like S. vulgaris, T. mic-
rura and H. inermis didn’t show any biased
preference within a mountain area. Instead,
they showed the higher preference for their
habitat. On the other hand, mammals of rela-
tively large size like M. sibirica, F. bengalensis
and N. procyonoides had quite different strate-
gies for their habitats. First of all, these large
predators had the wider home range in a moun-
tain so that they could get the flexibility to
take their food within a mountain according
to the presence of their food and/or cover re-
sources. Among the predators, some species like
F. bengalensis had quite biased preference on
their habitat within a mountain rather than
others like M. sibirica and N. procyonoides had.
F. bengalensis seemed to prefer rather narrow-
er range in mountainous area than others had
because of their sensitivity to anthropogenic
pressures. Hence, knowledge on the habitat
preference of wildlife mammals in a moun-
tain area nearby a developing city is impor-
tant to protect themselves and their preferab-
le habitats.
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