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a b s t r a c t

Analyses of species distribution have commonly been performed with global regression
models by assuming species-environment interactions are spatially stationary. However,
environmental variables are often spatially heterogeneous and their effects on species
distribution may vary across space. Here we employed a geographically weighted logistic
regression (logistic GWR) to investigate environmental effects on the distribution of giant
pandas (Ailuropoda melanoleuca) in the Qinling Mountains of China. Outputs from the
logistic GWR were compared with those derived from a global logistic regression in pre-
dicting panda distribution. A k-means cluster analysis was used to identify distinct zones of
panda-environment relationships. We found that logistic GWR outperformed global lo-
gistic regression in terms of goodness-of-fit and predictive accuracy. Results from the lo-
gistic GWR model clearly showed both the strength and direction of the environmental
effects on panda distribution changed spatially and formed distinct subareas with
particular panda-environment relationships. The findings emphasize the importance of
considering spatial non-stationarity in studying ecological relationships between organ-
isms and their environments, especially for threatened species such as the giant panda
with small populations in highly fragmented habitats.
© 2019 The Authors. Published by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Understanding of species-environment relationships in heterogeneous landscapes is essential for biodiversity con-
servation and landscape management (Wu et al., 2000; Turner and Tjørve, 2005). Conventional regression models, such
as multivariate linear regression (Radeloff et al., 1999), ordinary least-squares regression (Coppolillo, 2000), and logistic
regression (Pereira and Itami, 1991; Augustin et al., 1996), are the most common statistical methods used for estimating
the ecological relationships between organism and environmental covariates (Windle et al., 2009; Tavernia and Reed,
2012). These models postulate that the relationships between species’ measures and environmental covariates are
spatially stationary over space, and produce constant regression coefficients through the studied area (Fotheringham
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et al., 1996, 2002; Mcnew et al., 2013). However, ecological processes in a real landscape are likely to spatially hetero-
geneous so that spatial non-stationarity emerges (i.e., the regression coefficients vary spatially across areas), bringing
about the difficulty for accurate identification of key environmental factors affecting ecological processes of interest
(Mitchell et al., 2001; Miller and Hanham, 2011). In such circumstances, models that assume spatially constant re-
lationships (i.e., global regression models) may misinterpret the true factors contributing to underlying spatial patterns of
the distribution of organisms and consequently, lead to biased inference and ineffective management (Mitchell et al.,
2001; Fotheringham et al., 2002; Mcnew et al., 2013). Therefore, it is critical to investigate whether the effects of
environmental factors are spatially heterogeneous before making model inferences over wide areas (Fortin et al., 2006).

To improve the power of models in assessing ecological relationships, a few techniques have been developed to ac-
count for unexplained spatial dependence in data by adding spatially correlated random effects in standard models, such
as spatial autoregressive model (Lichstein et al., 2002; Miller, 2005), spatial spline model (Sangalli et al., 2013), and spatial
gaussian fields model (Lindgren et al., 2011; also see Bakka et al., 2019; Martínez-Minaya et al., 2019). These approaches,
although promising to capture spatial patterns in the covariates’ effects, can be strongly influenced by departures from
the underlying distributions, while the estimated regression coefficients are still spatially invariant (i.e., ‘global’ co-
efficients) and may overlook potentially influential variables affecting ecological processes of interest (Loucks and Wang,
2004). More recently, a spatial statistical method termed geographically weighted regression (GWR) has been introduced
as a powerful method to address spatial heterogeneity in ecological relationships (Brunsdon et al., 1996). GWR extends
traditional regression models by allowing each covariate’s parameters to vary among different locations (Brunsdon et al.,
1996; Fotheringham et al., 2002). Unlike non-spatial regression models that compute only one set of global coefficients,
GWR calculates local coefficients for each observation by weighting neighboring observations with a decreasing function
of distance (Zhang and Shi, 2004). Such location-specific coefficients can explicitly show the pattern of spatially-varying
species-environment relationships over the areas of interest. GWR has been successfully applied in different studies such
as evaluating spatially explicit vegetation-environment relationships (Bickford and Laffan, 2006; Kupfer and Farris, 2007),
detecting spatial heterogeneity in avian nest-site selection (Mcnew et al., 2013), investigating spatial determinants of
infectious disease (Hu et al., 2012), and detecting links between human leptospirosis and hydrological dynamics (Vega-
Corredor and Opadeyi, 2014). In this context, GWR could also be a promising tool for understanding the spatial nature of
wildlife distribution and how they vary spatial-temporally in heterogeneous landscapes (Shi et al., 2006).

The giant panda (Ailuropoda melanoleuca) is a threatened and iconic conservation species, and panda-habitat relationships
have been the focal interest of ecological research on giant pandas (Wei et al., 2015). Previous studies have applied a variety of
statistical methods (e.g., generalized linear regression (Wang et al., 2010; Kang et al., 2014), discriminate function analysis (Ye
et al., 2007), and ecological niche factor analysis (Qi et al., 2012)) to estimate the environmental effects on giant pandas and
found that the spatial distribution of giant pandas is regulated by topographic conditions, vegetation fragmentation, and
human disturbances (Hull et al., 2014). Although technical details differ among these modeling approaches, they are aspatial
and seldom consider the spatial non-stationarity in analyzing panda-habitat relationships (Yackulic and Ginsberg, 2016). If
the underlying scientific assumptions about the ecological needs of giant pandas are incorrect, the resulting habitat models
wouldmisguide panda conservation andmanagement (Swaisgood et al., 2010; Zhang et al., 2011). Considering the inability of
global regression models to capture spatial variations in ecological relationships, there is an urgent need to reassess the
conventional wisdom about panda’s habitat requirements. From this perspective, GWR could be an ideal analytical means to
improve our understanding of giant pandas’ ecological needs in variable space. However, to our knowledge, no study has
employed the GWR technique to investigate spatial non-stationarity in associations between environmental factors and ginat
panda distribution and habitat use.

In this study, we analyzed the relationships between panda distribution and environmental factors in the Qinling
Mountains of central China, using an extension of the GWR technique called geographically weighted logistic regression
(hereafter logistic GWR). Specifically, we set out to (1) compare the performances of logistic GWR with commonly-used
global logistic regression in modeling the distribution of giant pandas; (2) examine spatial variability in the effects of
environmental factors on panda distribution; (3) identify the distinct zones of panda-environment relationships over the
studied area.
2. Material and methods

2.1. Study area

The study area (32�500 - 34�100 N, 106�250 - 108�500 E) extends 400e500 km in the east-west direction through the
southern part of Shaanxi Province and covers the whole distribution of giant pandas in the Qinling Mountains, China (Fig. 1).
Acting as a boundary between northern China and southern China, the broad, undulating southern slopes capture the warm
rains and moisture from the southeastern monsoon and are dominated by evergreen broad-leaved and mixed-deciduous
broadleaved forests. According to the fourth national giant panda survey, around 340 giant pandas inhabit the forests in
this mountainous region, andmost of them are concentrated on the southern slope of the QinlingMountains, which are found
at the northern edge of the giant panda distribution (Shaanxi Provincial Forestry Department, 2017). The forests, as well as
panda habitats, are geographically isolated from the other giant panda mountain range in China (State Forestry



Fig. 1. Map of the study area in the Qinling Mountains of central China. Presence (filled triangles) and pseudo-absence (plus signs) samples of giant pandas are
extracted from the Third National Giant Panda Survey conducted in 1999e2001.
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Administration of China, 2006). Human density and road density vary considerably across the study area, while local residents
mostly inhabit in low altitude zones.
2.2. Panda distribution data

Giant panda occurrence points (n ¼ 294) were derived from the database of the Third National Giant Panda Survey
carried out in 1999e2001 (State Forestry Administration of China, 2006). The survey was conducted via an exhaustive
dragnet investigation throughout the study area (Loucks and Wang, 2004). Due to the lack of true absence data, we
generated panda pseudo-absences by extracting 500 random points within forest areas but outside 3-km buffer zones
around giant panda occurrence locations (Wang et al., 2010). To reduce spatial autocorrelation in the distribution data,
both presence and pseudo-absence locations were spatially filtered using a distance of 2 km (Wang et al., 2010) using the
“SDMtool box” toolkit (Brown, 2014) in ArcGIS software (ESRI, v. 10.2). The resulting data, containing 135 panda presence
and 135 pseudo-absence locations, was then used as the binary response variable for further modeling of panda
distribution.
2.3. Environmental variables

We first developed a preliminary set of potential predictor variables (see Table A1) that have been commonly used in
previous panda habitat studies in the study area (e.g., Feng et al., 2009; Wang et al., 2010; Hull et al., 2014). To reduce the
multicollinearity of explanatory variables (see Fig. A1), we statistically thinned the preliminary set of environmental variables
by the ‘corSelect’ function in the ‘fuzzySim’ R package (Barbosa, 2015). If the correlation coefficient of a pair of variables was
>0.75 or the VIF values were >10 (Zuur et al., 2010), the variables were tested in a bivariatemodel and the onewith a better fit
was retained. The final set of the variables included topographic roughness, climate heterogeneity, mean forest patch size,
distance between forest patches, distance to road, and distance to settlement (Table 1; also see Fig. A2). Topographic
roughness and climate heterogeneity reflect geophysical and climatic conditions, while mean forest patch size and distance
between forest patches depict the spatial patterns of forests, and distances to road and settlement measure the severity of
human disturbances in the study area (Fig. A2).
2.4. Model development

We applied both global logistic regression and logistic GWR models to evaluate the spatial distribution of giant pandas.
The global logistic regression model (i.e., binomial GLM with a logistic link) is a non-spatial method that ignores spatial
variability and produces a single, spatially stationary coefficient for each environmental variable (Real et al., 2006). In contrast,
the logistic GWR model is a local form of the logistic regression and produces location-specific coefficients for each variable
which may spatially vary across the studied space (Brunsdon et al., 1996; Fotheringham et al., 2002). A typical logistic GWR
model takes the following form:



Table 1
Description of environmental variables used in the modeling of giant panda distribution.

Variable name Description Source

Topographic
heterogeneity

The measure of topographic ruggedness at a panda presence/
pseudo-absence location.

Extracted from a 30-m spatial resolution DEM from ASTER GDEM
(Hook et al., 2001; downloaded from the USGS website), and
resampled to 100-m spatial resolution using the STMtoolbox in
ArcGIS.

Climate
heterogeneity

The measure of climatic variation at a panda presence/pseudo-
absence location.

Extracted from 30 arc-seconds bioclimatic variables (Hijmans et al.,
2005; downloaded from theWorldClim website), and resampled to
100-m spatial resolution using the STMtoolbox in ArcGIS,

Mean forest
patch size

The average area of the forest patches within a 5-km radius circle
around a panda presence/pseudo-absence location.

Calculated on the National LULC 2000 data with a 30-m spatial
resolution (Liu et al., 2002) using Fragstats v4.2 software, and
resampled to 100-m spatial resolution.

Distance
between
forest patches

The nearest distance between the forest patches within a 5-km
radius circle around a panda presence/pseudo-absence location.

Calculated on the National LULC 2000 data with a 30-m spatial
resolution in Fragstats v4.2 software, and resampled to 100-m
spatial resolution

Distance to road Distance to the nearest road from a panda presence/pseudo-
absence location.

Calculated on the roadmap (1:100000) from National Geometrics
Center of China, and resampled to 100-m spatial resolution in
ArcGIS.

Distance to
settlement

Distance to the nearest human settlement from a panda presence/
pseudo-absence location.

Calculated on the residential map (1:100000) from National
Geometrics Center of China, and resampled to 100-m spatial
resolution in ArcGIS.
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where y*i is the prediction of the dependent variable y at observation i, b0i is the intercept specific to observation i, and bki is
the coefficient for kth covariate at observation i, and xki and εi are the kth covariate and error at observation i, respectively.

In a logistic GWR model, local variable coefficients for each observation are fitted via a distance-decay kernel weighting
scheme that neighbors closer to the modeled observation are weighted more heavily than those further away (Fotheringham
et al., 2002). The kernel bandwidth of the weighting function can be set to ‘fixed’ or ‘adaptive’. A fixed kernel means the
bandwidth size keeps constant across space, while an adaptive kernel means the bandwidth size will adjust based on the
number of neighbors around the focal observation (Fotheringham et al., 2002; Atkinson et al., 2003). In addition, the
bandwidth size of the spatial kernel can affect model fitting by controlling the variance in the weighting function. Narrow
bandwidths result in highly localized and varied coefficient estimates, whereas broad bandwidths lead to local coefficients
that are similar to global regression coefficients (Mcnew et al., 2013).

The same set of panda presence-absence data and environmental variables were used for global logistic regression and
logistic GWR modeling. All environmental variables were standardized via z-transformation (Zuur et al., 2010) to facilitate
direct comparison of their effects on giant panda distribution. Because the panda presence-absence samples were irregularly
spaced in the study area, we adopted a Gaussian spatial weighting function with an adaptive kernel in the logistic GWR,
where the optimum bandwidth size was determined by minimizing the corrected Akaike Information Criterion (AICc), as
suggested by Fotheringham et al. (2002).

2.5. Model evaluation and comparison

The performances of logistic GWR and global logistic regression models were examined based on AICc and adjusted R2

(Miller, 2012). In general, the models are considered to have different goodness of fit if the difference between the two
models’ AICc values is greater than four (Saefuddin et al., 2012). We also compared the ability of each model to predict
panda presence/absence based on the area under the receiver operating characteristic curve (AUC; Zou et al., 2007).
Spatial autocorrelation of regression residuals was examined by the Moran’s I statistics (Moran, 1950). Furthermore, we
calculated and compared each model’s classification accuracy (i.e., the percentage of correct predictions), the degree of
model agreement (measured by Cohen’s Kappa coefficient), and the true skill statistic (TSS). All statistical analyses were
conducted using the ‘gwrr’ package (Wheeler, 2007) and the ‘GWmodel’ package (Lu et al., 2013) in the R environment (R
Core Team, 2018).

2.6. Mapping spatial variability in panda-environment relationships

To explicitly show how environmental effects on giant pandas varied over space, we converted a set of local parameter
estimates from logistic GWR, including local coefficients, local R2 values, and local residuals, to continuous surfaces via the
Inverse Distance Weighting (IDW) interpolation (Windle et al., 2009). We further conducted k-means clustering on logistic
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GWR-derived local coefficients to detect specific zones of distinct panda-environment relationships (Windle et al., 2009). The
number of clusters (k) was set a priori to 2 to 5, and the best number of clusters was estimated based on a gap statistic
(Tibshirani et al., 2001; Windle et al., 2009; Liu et al., 2019). Mean regression coefficients were calculated for each cluster. All
continuous surfaces of local parameters as well as the spatial patterns of the clusters were mapped in ArcGIS software (ESRI,
v10.2).
3. Results

The results of our global logistic regressionmodel suggested that the distribution of giant pandas was significantly affected
by topographic roughness, climate heterogeneity, distance between forest patches, distance to road, and distance to settle-
ment (p < 0.05; Table 2). Among them, the distance to road had the strongest positive associationwith giant panda presence,
while the distance between forest patches had the strongest negative effect on giant pandas, followed by climate hetero-
geneity and topographic roughness (Table 2). However, mean forest patch size was less correlated with panda presence in the
study area (p > 0.05).

The range of logistic GWR-derived local coefficients for each variable was much wider than that in the global logistic
regression model (Table 3 & Fig. 2). It is notable that climate heterogeneity and distance to settlement had both negative
and positive coefficient values, exhibiting self-inconsistency in their effects on giant panda distribution through the study
area (Table 3). Non-stationary effects of environmental variables were further revealed by the maps of their local co-
efficients, as shown in Fig. 3. For instance, topographic roughness had a significant negative effect on giant panda
presence in the central part of the study area, but the influence became weaker in directions east and west (Fig. 3a). In
contrast, the influence of climate heterogeneity was strong in the eastern part but had a decreasing trend to the west part
of the study area (Fig. 3b). Distance to road was the only variable that had a significant positive effect throughout the
study area (Fig. 3e), while the distance to settlement had a weak negative effect on panda distribution in both western
and eastern parts of the study area (Fig. 3f). The association between giant panda presence and mean forest patch size
was not significant in almost the entire study area, except for a small part in the central-southern part of the study area
(Fig. 3c).

The logistic GWR model showed a marked improvement over the non-spatial logistic regression model. A lower AICc
value and higher adjusted R2 and AUC values for the logistic GWR model (AICc ¼ 230; local adjusted R2 ¼ 0.337e0.589;
AUC ¼ 0.965) suggested that logistic GWR fitted data better than the global logistic regression model. The map of logistic
GWR-derived local R2 showed that logistic GWR had greater explanatory power in the central part of the study area
(Fig. 4). Moreover, the residuals of the logistic GWR model had much weaker spatial autocorrelation (Moran’s I ¼ 0.088;
p ¼ 0.293) than that of the logistic regression model (Moran’s I ¼ 0.327; p ¼ 0.002). Regarding the percentage of correctly
classified points, the overall percentage of success for the logistic GWR model was 89.7% with a Kappa value of 0.794,
whereas the overall success for the logistic regression model was 73.8% with a much lower Kappa value of 0.475 (Table 4).

The likelihoodmaps of giant panda presence obtained from bothmodels show that giant pandas weremore likely to occur
in the central part of the study area (Fig. 5). However, the logistic regression model produced a spotty probability distribution
and over-estimated the possibility of giant panda presence around the peripheral regions (Fig. 5a). In contrast, the prediction
map of the logistic GWR model generally coincides with the spatial pattern of giant panda occurrences in the study area
(Fig. 5b).

Results of the k-means cluster analysis on logistic GWR-derived local coefficients were mapped in Fig. 6. Based on the gap
statistics, the best number of clusters for panda-environment relationships in the study area was five (k ¼ 5). When k ¼ 2, a
western zone (Cluster 1) was differentiated from the rest (Cluster 2) by a positive relationship with climate heterogeneity
(Fig. 6a; Table 5), while Cluster 2 was further divided into two groups at k ¼ 3 because of the counter effects of mean forest
patch size (in Fig. 6b; Table 5). As k changed to 4 and 5, Cluster 4 (Fig. 6c) and Cluster 5 (Fig. 6d) were further differentiated
from previous Cluster 1 and Cluster 3 respectively, largely due to the different effects of climate heterogeneity and distance to
settlement (Table 5).
Table 2
Coefficient estimates for the explanatory variables in the global logistic regression model of giant panda distribution.

Variable Coefficient Std. error z-value p-value VIF

Intercept �0.098 0.160 �0.616 0.538 e

Topographic roughness �0.466 0.175 �2.658 0.008 1.147
Climate heterogeneity �0.545 0.188 �2.898 0.004 1.344
Mean forest patch size �0.406 0.210 �1.936 0.053 2.034
Dist. between forest patches �1.683 0.499 �3.371 0.001 1.974
Distance to road 1.192 0.197 6.038 <0.001 1.265
Distance to settlement 0.359 0.171 2.103 0.035 1.222



Table 3
Coefficient estimates for explanatory variables in the logistic GWRmodel of giant panda distribution, including the overall percentage of negative (% e) and
positive (% þ) values. The optimal bandwidth was 21 (number of nearest neighbors).

Variable Minimum Lower quartile Median Higher quartile Maximum % e % þ
Intercept �0.661 �0.090 0.489 1.138 1.924 26.3 73.7
Topographic roughness �1.006 �0.674 �0.489 �0.410 �0.330 100.0 0.0
Climate heterogeneity �1.992 �1.418 �0.973 �0.143 0.375 81.8 18.2
Mean forest patch size �0.835 �0.468 �0.306 �0.232 �0.104 100.0 0.0
Distance between forest patches �2.451 �2.003 �1.741 �1.400 �0.935 100.0 0.0
Distance to road 0.805 1.152 1.395 1.443 1.626 0.0 100.0
Distance to settlement �0.351 0.094 0.309 0.486 0.761 17.8 82.2

Fig. 2. Comparison of coefficient estimates for each environmental variable in global logistic regression and logistic GWR models. For the global logistic
regression model, the mean coefficients and 95% CIs are presented. For the logistic GWR model, the coefficients are shown as median, IQR, minimum, maximum,
and range.
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4. Discussion

This study evaluated the capability of logistic GWR for characterizing the local relationships between giant panda dis-
tribution and environmental variables in the Qinling Mountains of China. Consistent with prior GWR applications (e.g.,
Windle et al., 2009; Li et al., 2018), we found that logistic GWRwas able to characterize how local environmental factors affect
the distribution of giant pandas over the study area. Unlike the global logistic regression model that ignores local variability,
GWR can explicitly delineate spatial variations in the significance and direction of the panda-environment relationships
across space. The global logistic regression analysis suggested that topographic roughness, climate heterogeneity, distance
between forest patches, and distance to settlements were significant factors affecting giant panda distribution, which are
similar to the results of previous panda research with non-spatial models (e.g., Wang et al., 2010; Kang et al., 2014). However,
the GWR-derived estimates of these variables indicated that their effects were not significant in many subareas. For example,
the effect of climate heterogeneity was strong in the eastern part but had a decreasing trend to thewest part of the study area,
indicating that giant pandas prefer more stable weather conditions as in the west part of the Qinling Mountains. We also
found that giant pandas were sensitive to the distance to roads but generally insensitive to the size of forest patches
throughout the study area, implying that road network was the critical factor limiting giant panda presence and more efforts
should be made to reduce the impacts from road traffics. Moreover, the global model suggested that climate heterogeneity
had a negative association and distance to settlement a positive association with giant panda distribution, yet the logistic
GWRmodel indicated that they had both positive and negative relationships over the study area, a pattern that had not been
reported by previous panda research. The findings may not come as a surprise since the eastern portion of the study area
generally has a lower ruggedness as well as a higher density of human settlements than the western part does (Shaanxi
Provincial Forestry Department, 2017). The major implication of changing coefficients across space is that the strength of
environmental effects on giant panda distribution was non-stationary because of the spatial variability of the environmental
variables, showing the importance of spatial heterogeneity in examining interactions between giant pandas and its envi-
ronmental context.

Since ecological relationships are likely to vary intrinsically over space, incorporating spatial information into
modeling can help to identify dominant drivers causing spatial inconsistency in species-environment relationships and
therefore, greatly improve model predictability in a complex system (Saefuddin et al., 2012). In the present study, the
logistic GWR model yielded a more realistic map of giant panda’s presence in comparison with the global logistic
regression model, where the latter apparently over-estimated the probability of giant panda presence around the pe-
ripheral areas which is not congruent with the actual distribution pattern of giant pandas. This can be expected because
our study area covers about 50 thousand km2. In this situation, the non-spatial analytical methods that frequently used by



Fig. 3. Interpolated continuous surfaces of the logistic GWR-derived local coefficient estimates for variables (a) topographic roughness, (b) climate heterogeneity,
(c) mean forest patch size, (d) distance between forest patches, (e) distance to road, and (f) distance to settlement. Filled circles denote the samples where the
relationship between panda distribution and the variable were significant (p < 0.05), and unfilled circles the not significant samples.

X. Ye et al. / Global Ecology and Conservation 21 (2020) e00894 7
decision-makers could not explore spatially varying relationships and induce biased inferences, and ultimately misguide
practices in habitat restoration and designing effective reserve networks. Given the risks of using global parameters to
model species distribution in a large heterogeneous region, we suggest future panda-habitat analysis should consider
using the GWR technique to improve our understanding of the spatial ecology of giant pandas, for instance, by combining
the global regression and GWR methods to improve the prediction of panda presence in heterogeneous landscapes.

The present study further underscores the importance of considering spatial non-stationarity when exploring the envi-
ronmental niche of species across scales.When data are collectedwithin a large spatial extent, it is anticipated that the shapes
and strengths of relationships between variables in one or more subareas are different from “global” situations. Our k-means
cluster analysis on GWR-derived parameters successfully identified five distinct zones of spatial associations between giant
panda distribution and environmental covariates, implying that using global logistic regression (with a single set of pa-
rameters) to model species distribution in a large region could be problematic and may lead to ineffective conservation
policies and practices. However, designing broad-scale approaches to panda conservation is commonly based on range-wide
analyses of species. If we fail to identify the species-environment differentiations and its underlying mechanisms, there
would be a danger of mismatch between policy decisions and species’ real needs. Therefore, we need to partition the region
into smaller subareas and fit the model separately in each of them to avoid such issues. The GWR technique can be used to
spatial partitioning of the data by characterizing distinct areas of unique spatial associations between environmental cova-
riates across space, as noted byWimberly et al. (2008). This is particularly helpful for decision-makers or landscape managers
to design reserve networks or functional management units (MU) for species at a landscape scale. Conventionally the MU
boundaries for giant pandas were designed based on administrative boundaries and socioeconomic concerns (e.g., human-



Table 4
Summary of model performances for logistic regression and logistic GWR models of giant panda distribution.

Model n Deviance AICc Pseudo R2 AUC PSuccess
a Kappa TSS

Global logistic regression 270 273 288 0.270 0.832 73.8 0.475 0.478
Logistic GWR 270 192 230 0.337e0.589 0.965 89.7 0.794 0.795

Fig. 5. Probability of giant panda presence predicted by (a) global logistic regression and (b) logistic GWR models in the study area.
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inhabited or not). Such MUs are convenient for administrative management but may to some extent lack ecological signif-
icance. When comparing the five distinct zones characterized by the k-means cluster analysis (k ¼ 5) for giant pandas with
current MUs planning for The Giant Panda National Park, three different clusters of panda-environment relationships were
found within the core distribution areas of the Qinling Mountains. Therefore, a comprehensive analysis of unique zones and
refinement of the current MUs with consideration of non-stationarity in ecological processes would greatly benefit the
regional conservation of giant pandas.

In addition to the GWRmethod, there are a few other spatial modeling techniques that also deal with spatial dependency
and non-stationarity. P�aez et al. (2008) compared GWR with moving windows regression and moving windows kriging
techniques and found that GWR performs best for interpolation. In general, kriging can incorporate systematic residual in-
formation (i.e. error autocorrelation) to get an improved predictive model, while GWR is designed to model spatially het-
erogeneous processes as well as locational effects. The present study demonstrated that logistic GWR not only had more



Fig. 6. Mapped results of k-means cluster analyses of the local coefficient estimates from the logistic GWR for giant panda distribution, (a) k ¼ 2, (b) k ¼ 3, (c)
k ¼ 4, and (d) k ¼ 5.

Table 5
Mean logistic GWR coefficient estimates (s.d. in parentheses) for each cluster identified by the k-means cluster analyses.

k Cluster n Topographic
roughness

Climate
heterogeneity

Mean forest patch
size

Distance between forest
patches

Distance to
road

Distance to
settlement

2 1 91 �0.414 (0.058) �0.002 (0.277) �0.396 (0.211) �1.304 (0.298) 1.043 (0.163) 0.322 (0.155)
2 179 �0.618 (0.174) �1.259 (0.391) �0.350 (0.150) �1.905 (0.282) 1.436 (0.073) 0.251 (0.316)

3 1 91 �0.414 (0.058) �0.002 (0.277) �0.396 (0.211) �1.304 (0.298) 1.043 (0.163) 0.322 (0.155)
2 76 �0.480 (0.072) �1.567 (0.274) �0.263 (0.089) �1.748 (0.143) 1.395 (0.039) 0.559 (0.112)
3 103 �0.720 (0.155) �1.032 (0.300) �0.414 (0.154) �2.021 (0.303) 1.467 (0.078) 0.024 (0.207)

4 1 64 �0.398 (0.036) 0.087 (0.209) �0.273 (0.092) �1.133 (0.116) 0.967 (0.113) 0.401 (0.092)
2 76 �0.480 (0.072) �1.567 (0.274) �0.263 (0.089) �1.748 (0.143) 1.395 (0.039) 0.559 (0.112)
3 103 �0.720 (0.155) �1.032 (0.300) �0.414 (0.154) �2.021 (0.303) 1.467 (0.078) 0.024 (0.207)
4 27 �0.453 (0.079) �0.212 (0.308) �0.688 (0.088) �1.709 (0.178) 1.222 (0.118) 0.134 (0.103)

5 1 64 �0.398 (0.036) 0.087 (0.209) �0.273 (0.092) �1.133 (0.116) 0.967 (0.113) 0.401 (0.092)
2 76 �0.480 (0.072) �1.567 (0.274) �0.263 (0.089) �1.748 (0.143) 1.395 (0.039) 0.559 (0.112)
3 49 �0.627 (0.148) �1.005 (0.262) �0.312 (0.102) �1.772 (0.243) 1.485 (0.098) �0.128 (0.144)
4 27 �0.453 (0.079) �0.212 (0.308) �0.688 (0.088) �1.709 (0.178) 1.222 (0.118) 0.134 (0.103)
5 54 �0.804 (0.106) �1.058 (0.331) �0.507 (0.133) �2.247 (0.117) 1.450 (0.048) 0.161 (0.152)
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explanatory power but also identified spatial non-stationarity in relationships between giant pandas and their environments.
Furthermore, GWR is ‘GIS-friendly’ and can interact seamlessly with GIS platforms to spatially visualize the results such as
local coefficient estimates, predictions, residuals, etc. Spatial mapping of these statistics enables us to examine geographic
“hotspots” in the data that would be missed in a global analysis (Kimsey et al., 2008), which further helps explore the critical
relationships generating the patterns uncovered by GWR. In these regards, the GWRwould be a promising tool in the analysis
of the distribution of a species in heterogeneous landscapes.

While GWR performs well in spatial relationship analysis, there has been some controversy about whether GWR is
appropriate for making inferences about multivariate spatial relationships (P�aez et al., 2011). Fotheringham et al. (2002)
noted that GWR should be used with caution because geographical coordinates are the only information required to esti-
mate local coefficients at unobserved locations. Li et al. (2018) mentioned that this method is not suitable for predicting
species’ future distribution under substantial changes in environmental conditions. Because local regression coefficients in
GWR are estimated based on the neighboring observations, attention should be given to potential collinearity in local co-
efficients when interpreting ecological associations between species and their environment (Wheeler and Tiefelsdorf, 2005).
Furthermore, sampling density can influence the performance of GWR (Chen et al., 2012; Ye et al., 2017), and sparse data
points may not be sufficient to produce ecologically interpretable results because the estimation of local parameters requires
large data quantities when applying GWR analysis (Fotheringham et al., 2002). Additionally, we acknowledge that the study
would undoubtedly be refinedwith the inclusion of additional explanatory variables (e.g., food quantity and quality) affecting



X. Ye et al. / Global Ecology and Conservation 21 (2020) e0089410
giant pandas’ distribution. Nevertheless, our relatively simple analysis shows that GWR is a promising tool for taking spatial
heterogeneity into account in analyzing ecological relationships, which allows us to gain deep insight into the causes and
consequences of spatial non-stationarity in ecological processes.

5. Conclusions

The study demonstrates that logistic GWR is preferable to global logistic regression in characterizing panda-environment
relationships in the Qinling Mountains, China. Using the logistic GWR technique, we successfully delineated how the sig-
nificance and direction of the relationships between giant panda distribution and environment variables varied across the
study area. Specific zones with distinct panda-environment associations were also identified by the spatial clustering of
logistic GWR-derived coefficients. The outputs of GWR are not just a reflection of the spatial variations of the covariates but
provide important insights into the relative importance of the ecological drivers at local scales. In this regard, GWR could be a
promising tool for identifying spatial-varying ecological relationships and providing useful information for species of con-
servation concern in a heterogeneous landscape.
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Appendices
Table A.1
Preliminary set of potential predictor variables for the correlation testing prior to panda-habitat analysis.

Variable name Description Source

Altitude (m) Elevation at a panda presence/pseudo-absence location SRTM 90 m DEM (downloaded from the USGS website)
Topographic roughness Measure of topographic ruggedness at a panda presence/

pseudo-absence location
Extracted from SRTM 90 m DEM using the STMtoolbox in ArcGIS

Climate heterogeneity Measure of climatic variation at a panda presence/pseudo-
absence location.

Extracted from 30 arc-seconds bioclimatic variables (downloaded
from the WorldClim website) using the STMtoolbox in ArcGIS

Largest patch area (ha) Area of the largest forest patch within a 5 km radius of a
panda presence/pseudo-absence location.

Calculated on the 30-m National LULC 2000 data in Fragstats
software

Number of patches Number of forest patches within a 5 km radius of a panda
presence/pseudo-absence location.

Calculated on the 30-m National LULC 2000 data in Fragstats
software

Percentage of
landscape occupied
by forest (%)

Proportional abundance of forest in the landscape within a
5 km radius of a panda presence/pseudo-absence location.

Calculated on the 30-m National LULC 2000 data in Fragstats
software

Mean forest patch size
(ha)

Mean size of forest patches within a 5 km radius of a panda
presence/pseudo-absence location.

Calculated on the 30-m National LULC 2000 data in Fragstats
software

Distance between
patches (km)

Nearest distance between forest patches within a 5 km
radius of a panda presence/pseudo-absence location.

Calculated on the 30-m National LULC 2000 data in Fragstats
software

Distance to road (km) Distance to the nearest public road from a panda presence/
pseudo-absence location

Calculated on the 1:100000 roadmap from National Geometrics
Center of China in ArcGIS

Distance to settlement
(km)

Distance to the nearest human settlement from a panda
presence/pseudo-absence location

Calculated on the 1:100000 residential map from National
Geometrics Center of China in ArcGIS

https://doi.org/10.1016/j.gecco.2019.e00894


Fig. A.1. Coefficients of pairwise correlations for all environmental variables.
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Fig. A.2. Maps of the six environmental variables used in the models. (a) topographic roughness, (b) climate heterogeneity, (c) mean forest patch size, (d) distance
between forest patches, (e) distance to road, and (f) distance to settlement.
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