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Abstract

Assessing a species’ threatened status and then developing specific conservation
strategies accordingly rely heavily on knowing that species’ complete and accu-
rate spatial distribution. In this study, we used the Asiatic black bear (Ursus
thibetanus) in China to represent a large threatened species for which distri-
bution information is limited and spatially biased. We grouped the two main
sources of black bear occurrence data into two different resolutions: (1) coarse
resolution data corresponded to specific management units (e.g., nature reserves)
that cover large areas, and (2) fine resolution data was composed of longitude
and latitude records that were bias in their geographic range. Our distribution
mapping approach integrated those two data types to examine black bear spatial
patterns across the country. We used both presence and absence data in the

Random Forest algorithm to predict black bear distribution at coarse (30 km)
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and fine (3 km) resolutions, and then refined the coarse-scale prediction with the
fine-scale prediction using a map fusion technique based on the Bayes theorem.
We thus generated an integrated high-resolution range map that was both more
accurate than the coarse-scale map and more representative of the black bear
geographic range than was the fine-scale map. Our results showed that the total
estimated range of Asiatic black bears in China was 462.3 x 10® km?, 77.50% less
than the most recent IUCN range map and 70.90% less than the area of habitat
(AOH) estimation. Using those results, we identified two island and six mainland
management units in China and, based on the predicted habitat conditions, pro-
posed specific conservation strategies for each unit. Our study’s results provide
practical knowledge and pragmatic guidance for future conservation planning and
action for this species, and our framework provides an example and template for
range estimations of species with similar types of occurrence records.

Keywords: Asiatic black bear, IUCN species distribution map, species

distribution modeling, management unit, conservation strategy,

1. Introduction

Assessing threatened species’ statuses and then developing effective conser-
vation policies relies greatly on the extents and accuracies of the target species’
spatial distributions (Boitani et al., 2011). However, one challenge facing con-
servationists and policymakers is that they usually have poor data on the most
threatened species. This is especially true for large terrestrial carnivores that
have long life spans, low population densities, large home ranges, and elusive
behaviors (Louys, 2014). Among those species, the large carnivores in devel-

oping countries urgently need attention since they are typically under great risk
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of regional extinctions (Louys, 2014; Ripple et al., 2014). Lack of distribution
data, especially high resolution data, is a primary obstacle to determining accu-
rate distributions of those species, and that hinders the development of effective
management strategies and conservation policies for them.

Conventionally, distribution maps for threatened species are created using
expert knowledge to roughly delineate their ranges (Hortal, 2008). This method
has been used in both global and regional species assessments, such as in the
IUCN Red List of Threatened Species (IUCN, 2021). Because of limited knowl-
edge of species’ extant ranges, the resolutions of those maps may be restricted to
1 degree longitude/latitude or even coarser (Hurlbert and Jetz, 2007). To down-
scale a species’ extent-of-occurrence map to a finer resolution, Brooks et al.
(2019) proposed using that species’ suitable habitat types and elevation range to
produce its area of habitat (AOH). Although AOH has been increasingly used for
conservation planning (Hanson et al., 2020), its application at fine resolutions is
questionable due to various limits such as spatial mismatch and inaccurate maps
drawn from expert opinion (Peterson et al., 2018). With recent advances in
online, open biodiversity depositories (e.g., the Global Biodiversity Information
Facility and e-Bird), using species distribution models (SDMs, Austin (2002))
integrated with environmental variables that predict the geographic range of a
species provides a more rigorous method of range mapping (Peterson, 2002;
Peterson et al., 2018).

The accuracy and robustness of SDMs rely not only on the quality and quan-
tity of species occurrence data, but also on the data type (i.e., presence-only or
presence with true absence) (Norberg et al., 2019). Occurrence data obtained

from different sources often vary in resolution, as well as in spatial and temporal
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extent. Also, the canonical situation for many large, threatened mammals is that
it is relatively easier to obtain occurrences of those species at coarse resolutions
(e.g., in a reserve or a study site), but high-resolution occurrence data (e.g.,
locations with exact longitude/latitude coordinates) are limited and spatially bi-
ased. This has created a daunting challenge for conservationists, park managers,
and policymakers to integrate such heterogeneous data of varied resolutions from
multiple sources to create reliable species distribution maps.

Here, we have explored a way to use differently resolved types of data to
create a reliable range map for the Asiatic black bear (Ursus thibetanus, referred
hereafter as the black bear). This large mammal, classified as Vulnerable by the
IUCN Red List of Threatened Species, is threatened by poaching and habitat loss
that contributes to its decreasing population and shrinking range (Garshelis and
Steinmetz, 2020). Black bears are widely distributed from East to Southeast Asia
and inhabit various forested habitats from boreal forests to tropical rainforest
(Garshelis and Steinmetz, 2020). More than half of its total range area and
the largest wild population (Garshelis and Steinmetz, 2020) are found in China.
But unlike some other large carnivores (e.g. tiger [Panthera tigris, Carroll and
Miquelle (2006)] and snow leopard [P. uncia, Hussain (2003); Xu et al. (2008)]),
that have long been flagship species with substantial socio-political resources
and public enthusiasm, the black bear draws much less attention. In China,
specific black bear conservation programs are scarce, more a byproduct of general
conservation policies such as the hunting ban enacted in 1988 and the logging
ban in 1998 (Huang and Li, 2007).

Compared to the well-researched, mainland Southeast Asia population, the

black bear population within the Chinese border is one of the least studied and
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thus least known populations across its range (Liu et al., 2009). Because black
bears are large and easily recognized, they can be by-catch of certain survey
methods (e.g. camera traps and sign surveys). So, much of the information
we have on the black bear in China has been collected in nature reserves during
baseline surveys and routine monitoring, especially in Southwestern China where
they overlap with the giant panda distribution range. This information, found
mostly in the Chinese literature, has not been shared in a timely manner with the
global conservation community. Additionally, black bear encounters with people
and human-bear conflicts are often reported in the news. Those diverse sources
of data exemplify how the black bear is a species having distribution data of
varying quality.

In this study, we created a framework using gleaned data to map the black
bear distribution, and we developed a hierarchical modeling approach using both
presence and absence data at various resolutions. Using our approach, we pro-
duced a detailed country-wide map of the black bear distribution and identified
the environmental factors affecting that distribution. Habitat patches differed in
size and connectivity and were in different parts of China that each have distinct
economic, social, and ecological backgrounds. Therefore, we divided the black
bear range into eight management units (two island and six mainland units) and
proposed specific management guidelines for each. Our framework provides an
example of distribution mapping and conservation planning that may be used for

other species that suffer from data deficiency.
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2. Material and methods

2.1. Data Collection

To overcome the weakness of using presence-only data for SDMs (Soberén
and Nakamura, 2009), we collected both presence and absence data for model
construction, training, and evaluation (Lobo et al., 2010). We collected black
bear occurrence (both presence and absence) data between 2008 and 2018, con-
sidering the data collected prior to 2008 unsuitable because of the rapid land
use and socioeconomic changes in China (Liu et al., 2003, 2010). All data
were defined at two spatial resolutions: 1) coarse-resolution data, which had
no exact coordinates but could be placed in specific nature reserves or other
land units (e.g., forest park, timberland, or township) typically within an area
of 30 km x 30 km, and 2) fine-resolution data that either were longitude and
latitude records or could be placed within a 3 km x 3 km, area, the size closest
to the smallest home range of black bears reported in East Asia (approximately

10 km?. Hwang et al. (2010); Yamamoto et al. (2016), Table.1).

2.1.1. Coarse resolution data

Using the keywords “terrestrial mammals”, “camera trapping”, “trail cam-
era”, and “China” in both Chinese and English, we searched pertinent on-
line databases, including the Web of Science, Google Scholar, the Chinese Na-
tional Knowledge Infrastructure, and the Chinese Science and Technology Journal
Database, for peer-reviewed articles published since 2008. That search yielded
199 articles that used camera-traps to detect the occurrences of terrestrial mam-
mals in China. Twenty-three of those articles reported black bears in 22 study
sites, primarily nature reserves, and we considered those to be coarse resolution

presence sites. We identified another 23 presence sites from public news reports
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Table 1: Sources, sample sizes, and primary uses of data collected for model construction,
training, and evaluation. Later, all training points went through a thinning process

Spatial Resolution Data type Source n Primary use
Coarse Presence  Literature 22 training
Coarse Presence News media 23 training
Coarse Presence  Li et al. (2020b) 8  training
Coarse Absence Literature 4 test
Coarse Absence Baseline survey report 38  training
Coarse Absence  Liu et al. (2009) 18  training
Fine Presence  Li et al. (2020b) 132 training
Fine Absence  Liu et al. (2009) 128 training
Fine Presence  unpublished camera-trap data 12  test
Fine Absence unpublished camera-trap data 20  test

after using "black bear” and "bear” in Chinese to search Baidu and WeChat for
reports from officially accredited news outlets. We only used reports that con-
tained 1) the sight location name, and 2) photographs or videos of black bears
at the location (rather than from an image server), thus proving the presence
of the species at that location. Additionally, we identified eight sites from the
Camera-Trapping Network for the Mountains of Southwest China database, an
unpublished camera-trap dataset of a regional camera-trap network maintained
by the authors in Southwest China (including Sichuan, Shaanxi, and northern
Yunnan provinces; Li et al. (2020b)). Thus, the total number of coarse resolu-
tion presence sites was 53. To collect coarse resolution absence data, we first
reviewed the 23 previously mentioned camera-trap papers that reported sightings
of black bears and then calculated the average black bear detection rate when

data was available (n = 10). It took on average 1,292 camera-days for each
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detection (range 17-1,896) with a minimum of eight survey stations. Assum-
ing that detection was random and followed a Poisson process, we estimated a
1/1,292 detection rate and a 4.5% (range 0%—-12%) probability that one does
not detect a black bear in less than 4,000 days when the species is present. Based
on that information, we defined sites with 40 camera stations AND that had a
survey effort of 4,000 camera-days without detecting black bears as black bear
absence sites, subsequently identifying four absence sites. Those four absence
sites were used only in the test set because of the possibility of false absents and
for case balance during training. We next examined baseline surveys, compiled
mainly in the 2000s and 2010s, of 125 Chinese nature reserves and found 38
surveys that reported no black bears, thus giving us another 38 absence sites.
Given the large body size and easy-to-recognize signs of black bears, as well as
an acute awareness of bear presence among local residents (Liu et al., 2011), we
decided that the bear absences in those surveys were not false-negatives. We
did not include the black bear presence records found in the baseline surveys be-
cause they may contain historical records and the advanced age of those surveys
meant that presence data was not reliable, especially given the rapid habitat loss
over the last few decades. Finally, we obtained 18 additional absence sites from
Liu et al. (2009) who determined black bear presence/absence from interviews
and sign transect surveys of each 15 km x 15 kmcell of a 128-cell grid covering
Sichuan Province. Thus, the total number of absence sites for black bears added

up to 60 (56 for training and 4 for testing).

2.1.2. Fine resolution data
We extracted 132 fine resolution presence locations (i.e., from camera survey

stations with longitude/latitude coordinates) from data collected during 2008 to
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2018 and compiled in the Camera-Trapping Network for the Mountains of South-
west China database (Li et al., 2020b). Another 12 presence points collected from
camera-trap or sign transect surveys in Yunnan (southern China), Zhejiang (east-
ern China), and Jilin (northern China) Provinces (unpublished data) were used
in the test set.

We used the Sichuan Province grid data gathered by Liu et al. (2009) (see
section 2.1.1) to determine fine resolution absence sites. Specifically, we ran-
domly selected one 3 km x 3 km section from each of their 15 km x 15 km
absence site grid cells as fine resolution absence sites. We collected 20 additional
absence points from camera-trap or sign transect surveys in Yunnan (southern
China), Zhejiang (eastern China), and Jilin (northern China) Provinces (unpub-
lished data) and used them in the test set. Thus, we had 144 presence (132
for training and 12 for the test) and 148 absence fine resolution sites (128 for
training and 20 for the test).

For subsequent modeling and analysis, we used ArcGIS (ESRI, 2011) to gen-
erate geo-referenced vectorial point layers from all presence/absence data, using
the centers of the grid cells as coarse resolution data points. To reduce redun-
dancy and class imbalance prior to model construction (Breiman, 2001; Cutler
et al., 2007), we conducted spatial thinning using OccurrenceThinner v. 1.04
(Verbruggen et al., 2013). This procedure estimated the (normalized) kernel den-
sity of points, discarding points with the highest 10% density, retaining points
with the lowest 10% density, and randomly choosing points in between. The
resulting dataset had 41 presence and 54 absence coarse resolution sites and 96
presence and 103 absence fine resolution sites. Coarse-scale data were spaced

out and covered the black bear’s known range, while fine-scale data points were
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clustered in Sichuan and part of Shaanxi Provinces (Fig. S1).

2.2. Species Distribution Modeling

We collected a set of 24 candidate variables (19 climate from Fick and Hi-
jmans (2017), 2 topology, 1 land cover, and 2 anthropogenic impact variables)
that could affect the suitability of black bear habitat. We first examined paired
correlations between the 19 climate variables and excluded the ones that had a
Pearson correlation coefficient > 0.7 with one or more of the other variables.
We chose the smallest subset of predictors where all selected predictors were
not highly correlated (p < 0.7). After that culling, six climate variables re-
mained: Annual Mean Temperature (BIO1), Mean Diurnal Temperature Range
(B102), Isothermality (BIO3), Temperature Seasonality (BIO4), Annual Precipi-
tation (BIO12), and Precipitation Seasonality (BIO15). We also retained all the
other variables: elevation (ELEV), topographic ruggedness (RUGG), forest cover
(COVER), human population density (POPU), and protection status (PROT)
(Table.S1), where protection status was defined as whether a pixel was covered
or partly covered by a nature reserve. We constructed coarse- and fine-scale
models by resampling those 11 predictors to raster layers of either 30 km or 3 km
resolutions (bilinear for the continuous and nearest neighborhood for categorical)
for coarse- and fine-scale models, respectively. The fine-resolution points were
spatially biased (Fig.S1), and thus did not represent the gradient of all envi-
ronmental variables at the national scale. Therefore, to properly construct the
fine-scale model, we compared the range of variables of those points with the
range of our 11 variables across China and retained five environmental variables
that represented the conditions across China. We used the Random Forest al-

gorithm (Cutler et al., 2007; Breiman, 2001) to construct species distribution
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models that predict the probability of black bear existence at the coarse- and
fine-scales using data points at the corresponding scale. We used 10-fold cross-
validation and Receiver Operating Characteristic curves (ROC) (Thuiller et al.,
2016) to evaluate model performances. We used the average Gini importance
computed by the Random Forest algorithm during the 10-fold cross-validations
to evaluate the relative importance of the environmental variables at different

resolutions (Cutler et al., 2007; Breiman, 2001).

2.3. Map Integration and Habitat Patch Analysis

We combined species distribution modeling with map fusion techniques widely
used in remote sensing (Chen and Stow, 2003; Lu and Weng, 2007; Weng,
2012) to synthesize predictions of black bear distributions at the two resolutions.
We adopted the strategy of “comparing a posteriori probabilities from multiple
resolutions” (Chen and Stow, 2003) to generate an integrated map that used
the Bayes rule to calculate posterior probabilities of existence. To begin, we
resampled the coarse-scale map to a 3 km resolution so that both the fine-
and coarse-scale maps had the same grid system. We combined the two maps'’
predicted probabilities of the existence by viewing the coarse-scale map as the
prior probability of existence and the fine-scale map as the likelihood probability
of existence at each pixel. We denoted the coarse-scale prediction at pixel &
as pi(exist) = 1 — pi(absent), while the fine-scale prediction at pixel k& was
P(k|exist) =1 — P(k|absent) (Chen and Stow, 2003). Then, according to the

Bayes theorem, we calculated the posterior probability of existence at pixel k as
pr(exist) P(klexist)
pr(exist) P(klexist) + pr(absent) P(k|absent)

We randomly paired the 10 sets of coarse- and fine-scale maps obtained

from the 10-fold cross-validation process to generate 10 integrated maps, each

11
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with a spatial resolution of , 3 km x 3 km and then we validated those maps
using presence and absence points that were not used for model training. We
used both coarse- and fine-resolution points to test the model because the fine-
scale data points were spatially biased. Considering that black bear presence
in a 30 km x 30 km grid did not ensure the presence of black bears in every
3 km x 3 km grid within the larger grid, we drew a 15-km buffer around a
coarse-scale point and used the average prediction within the buffer as the re-
sponse corresponding to that point during the ROC-area under the curve (AUC)
analysis. To examine whether integrating fine-scale data improved predictive ac-
curacy, we calculated the ROC-AUC values of the coarse-scale map with fine-scale
test set (see Table 1) and compared the values of the coarse and corresponding
integrated maps. We produced final predictions for the coarse, fine, and inte-
grated maps by taking the average probability of the set of 10 maps. Finally,
by setting a threshold of 0.39 when the maximum sum of sensitivity and speci-
ficity on the test set was achieved, the prediction of the integrated map was
converted to a binary distribution map and then processed using a low-pass filter
with default parameters in ArcGIS 10.3.1 to eliminate noise. The resulting map
was compared with the IUCN and AOH range maps. We divided the predicted
black bear habitats into multiple management units. Each unit was a group of
habitat patches that were separated from other groups by large geographic or
anthropogenic barriers (e.g., large mountains, rivers and channels, and human-
dominant landscapes). We calculated two metrics for each unit: the total core
area, using a buffer depth of 5 km, and the area-weighted average of the Core
Area Index (the average percentage of core area weighted by the total area of a

patch McGarigal and Marks (1995)). We also calculated one connectivity index

12
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for each unit as the averaged proximity index of all patches within the unit. The
proximity index of a focal patch is defined as the sum of the ratio between the
size of a patch within or overlapping the 5-km buffer area of the focal patch
and the minimum edge-to-edge distance between the two patches squared. An
index with a high value indicates that the patches around the focal patch are
both nearby and large (Gustafson and Parker, 1992). All indexes were calculated
using FRAGSTATS v.4 (McGarigal and Marks, 1995). To finish, we ranked all
management units by their potential risks and conservation priorities based on

the characteristics of the black bear habitats within each unit.

3. Results
3.1. Predicted Range and Important Environmental Factors

The 10-fold cross-validation revealed an average AUC of 0.925 (SD = 0.058)
for the coarse-scale map (Fig.1) and 0.996 (SD = 0.007) for the integrated
map. When using fine-scale data as the test set, the coarse-scale map had an
AUC of 0.610, while the integrated map’'s was 0.867, indicating that using the
fine-scale map to refine the prediction of the coarse-scale map greatly improved
range prediction accuracy. Black bear range size in our final integrated map
was 462.3 x 10> km2. In the ten coarse-scale models, the three most impor-
tant distribution range predictors were Mean Diurnal Range (BIO2), topographic
ruggedness (RUG), and Precipitation Seasonality (BIO15) in the ten coarse-scale
models, and changed to human population density, topographic ruggedness , and
forest coverage in the ten fine-scale models (Fig.2). Those three variables were
also the most important predictors evaluated by the average Gini importance

calculated during the 10-fold cross-validation in the fine-scale model (Fig.2).
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Figure 1: Coarse- (A) and fine- (B) resolution models predicting the Asiatic black bear distri-
bution in China. The four inset maps are enlarged to show the details of the Hengduan (1,2)
and Qinling Mountains (3,4) as examples.
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Figure 2: Relative importance of each variable in the coarse- (left) and fine-scale (right) models
from Fig. 1. BIO2: mean diurnal range, RUGG: topographic ruggedness, BIO15: precipitation
seasonality, BIO12: annual precipitation, BIO3: isothermality, COVER: forest cover, BIO1:
annual mean temperature, POPU: human population density, ELEV: elevation, BIO4: tem-
perature seasonality, PROT: protection status. Error bars show the standard deviation of 10
Gini importance calculations made during the 10-fold cross-validation.

3.2. Management Units and Their Habitat Characteristics

We identified eight management units, two on islands (i.e., Hainan and Tai-
wan) and six on the mainland (Fig.3, Table 2). The Northeast China unit was
far from the other five mainland units which included two in Southeast China
(i.e., the Wuyi Mountains in Zhejiang, Fujian, and Jiangxi provinces, and the
Nanling Mountains in Guangdong Province), one in central China (the Qinba
Mountains), and two in Southwest China (the Hengduan Mountains and East
Himalayas). The Hengduan Mountains unit, followed by the Northeast China
and the East Himalayas units, contained the largest areas of black bear habitat
in China. Because they were much larger than the other units, we placed those
three units at the lowest risk of loss of both habitat and core habitat areas (Table

2). The Qinba Mountains unit and the Taiwan unit were ranked having medium
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risk because of their moderate core areas and fragmentation statuses. Because
they contained small, highly fragmented areas of habitat, the units of Wuyi and
Nanling Mountains were both ranked high risk and urgently in need of attention
(Table 2). The Hainan unit habitat was small and fragmented and no black bears
were detected on that island despite extensive, island-wide camera-trapping sur-
vey efforts (e.g., Li et al. (2020a)). Thus, the black bear population on Hainan

Island is likely either extirpated or existing at very low density.
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Figure 3: Final predicted distributions of Asiatic black bears in China include a heat map of
presence probability as predicted by the final, integrated model (upper) and the eight man-
agement units (A-H) outlined on the binary distribution map (lower), which was drawn from
the predictions of the integrated map. The units overlay the [IUCN and area of habitat (AOH)
distributions (See Table 2). A: East Himalayas unit, B: Hengduan Mts. unit, C: Qinba Mts.
unit, D: Wuyi Mts. unit, E: Nanling Mts. unit, F: Northeast China unit, G: Hainan unit, H:

Taiwan unit.
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Table 2: Habitat characteristics and conservation priorities of the eight Asiatic black bear
management units in China.

Mean
Management Units I°1t§§ /::jga TOtii ﬁgii?rea Core Azza Index proximf;?ndexb Priority®
Mainland
A. East Himalayas 101.78 84.26 82.78 728.46 +
B. Hengduan Mts. 154.38 61.79 40.02 127.17 +
C. Qinba Mts. 30.36 11.78 38.79 41.64 ++
D. Wuyi Mts. 13.85 2.51 18.11 3.34 +++
E. Nanling Mts. 27.32 6.04 22.10 6.04 +++
F. Northeast China  109.32 50.00 45.74 129.82 +
Island
1. Taiwan 22.35 19.27 86.18 224.15 ++
2. Hainan® 2.86 0.65 22.72 6.32

2 Since the black bear population on Hainan Island is likely extirpated, we assigned
no conservation priority to the Hainan unit. ®The average of the proximity indexes
of all patches within a unit, where the proximity index of a patch is the sum of
the ratio between the size of a patch within or overlapping the 5-km buffer area
of the patch and the minimum edge-to-edge distance between the two patches
squared.“+, low priority; ++, medium priority; ++-, high priority.

4. Discussion

IUCN species distribution data is mainly compiled from expert knowledge, so
its accuracy and reliability rely heavily on the availability of existing data (Barve
et al., 2011; Hurlbert and Jetz, 2007; Fourcade, 2016). For lesser-studied species,
the distribution range sketched by experts may deviate greatly from that species’
actual situation (Fourcade, 2016). Although most of our predicted black bear
habitat fell within the IUCN extant range, our more refined predictions showed

77.50% less habitat area than that supposed within the IUCN range. That is
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a higher percent difference than those reported by previous studies that showed
that certain bird species occupy only 40%—65% of their proposed range (Hurlbert
and White, 2005, 2007), . This finding demonstrates that caution must be
exercised when using global-scale data for regional and local species assessments
(Fourcade, 2016; Herkt et al., 2017).

Although AOH is a refinement of the IUCN's range map (Brooks et al.,
2019), our prediction showed 70.60% less habitat area than that in the AOH.
Additionally, the AOH generated an AUC of 0.71 on the same test set we used
to test our map, while our final map had an AUC of 0.86. These results suggest
that AOH maps may not greatly improve range estimations for the generalist
species, such as black bears, that occur in a relatively wide range of ecological
conditions. (According to the IUCN, black bears occupy diverse habitat types at
an elevations between 0-4300 m. Garshelis and Steinmetz (2020)). An AOH is
more an a priori environment envelope model (Walker and Cocks, 1991) having a
rectangular envelope in which a two-dimensional niche space and no interactions
between environmental predictors are usually considered. By integrating SDMs,
our map fusion approach accounts for both more complex ecological niches in
the niche space and important factors that are missing in an AOH approach
(e.g., human pressure). Importantly, the integrated approach best uses available
distribution data to generate a distribution map. Although our fine-scale data
was spatially biased, it was still a well-covered sample in some subspaces within
the whole multi-dimensional niche space. Therefore, we chose environmental
predictors that were fully represented in our fine-scale data to construct the fine-
scale model. Compared to the fine-scale prediction, the coarse-scale prediction

has a better range coverage, so after integrating the two models, we obtained a
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better map than those generated by either model alone. Black bear presence or
absence at the coarse scale was mainly determined by climate and topography,
while the fine-scale range was mainly determined by habitat conditions and hu-
man disturbances (e.g., forest cover and human population density as proxies).
The fine-scale predictors are consistent with the IUCN statement that habitat
loss and human activities are the major threats to black bears (Garshelis and
Steinmetz, 2020). Essentially, the coarse-scale predictions selected areas of the
country with suitable climate and topography for black bears, while the fine-scale
predictions refined the areas of bear distribution by focusing on the effects of habi-
tat and anthropogenic pressures. Given the differences in data resolutions and
the variables used in the model, the coarse-scale model tended to overestimate
the species’ distribution range but the fine-scale model tended to underestimate
it. The integrated map, a trade-off between those two models, will better re-
flected actual black bear distribution across the country. Those improved results
provided richer information and more reliable support than previously available
for the development of black bear conservation policies in China. By integrating
species distribution modeling with map fusion techniques widely used in remote
sensing, we demonstrated how datasets may be combined to improve species
distribution estimates for species with data from various sources and that differ
in spatial extent and resolution. However, our study differed slightly from the
remote sensing setting because our fine resolution data were spatially biased,
a common result for poorly studied species that have rather large ranges. We
successfully overcame that bias by selecting predictors that had ranges repre-
sentative of the whole study area (i.e., the whole of China). However, in other

cases such selection may yield too few environmental factors to run the models
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or may filter out potentially important predictors. In such cases, rather than
starting with the whole study area, we suggest generating fine-scale predictions
in a feasible region and then conducting regional refinement using map fusion
techniques. Even a refined regional map can provide more detailed information
for conservation than a coarse resolution map can. It would be most interesting
to integrate data from multiple sources to improve the coverage and accuracy of
a predicted, species distribution range; for example, by combining a correlative
species distribution model with expert knowledge of the target species’ biology
(Johnson et al., 2012; Reside et al., 2019). Or, a model-based approach could be
used to integrate presence/absence data and presence-only data (Gormley et al.,
2011). Compared with model-based data integration methods, our post-hoc and
model-free map fusion technique can be used to fuse output from different map-
ping methods in a way that provides great flexibility. Our refined black bear
distribution map lays the foundation for developing future surveys for this large
mammal species in China. Now, we require additional field-collected data to
further examine the differences between our map and the IUCN and AOH range
maps. For example, our predicted range in Northeast China extended much far-
ther northwest than what the IUCN range map had, and 2.50% of our entire
predicted range (11.33 x 10> km?) was located within the possibly extant IUCN
range. These new findings emphasize the need for surveys that may verify the
possible existence of black bears in our newly identified areas. Because the fine
resolution data were confined mainly to Sichuan Province, locating more black
bears in other parts of China will improve the performance of the fine-scale distri-
bution model. Moreover, to investigate whether our results underestimate black

bear habitats, field surveys are needed in the IUCN distribution range areas that
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our study did not predict to be suitable habitat. The eight management units
we identified accounted for differences in habitat patch size, fragmentation, and
connectivity—all important features upon which good black bear conservation
plans can be developed. To begin, we categorized three management units to be
at lowest risk (i.e., Northeast China, the Hengduan Mountains, and the East Hi-
malayas) because they have large, relatively intact areas connected to black bear
distribution areas outside China (Garshelis and Steinmetz, 2020; Sayakumar and
Cououry, 2007). Therefore, the primary management strategy for those units
should be to strengthen the management of existing habitats, both within and
outside the protected areas, to avoid large-scale habitat loss and degradation.
Next, the other two mainland units (i.e., the Wuyishan and Nanling Mountains)
were each small and highly fragmented. Thus, the primary management strategy
for those units should be to eliminate direct threats to local bear populations
by strengthening laws and enforcement against poaching and by mitigating pos-
sible human-bear conflicts to reduce the retaliatory killing (Liu et al., 2010).
Meanwhile, those units require forest restoration programs that gradually restore
suitable black bear habitat and increase the connectivity between current habitat
patches. Intensive investigations to determine whether there are still black bears
on Hainan Island are needed immediately. The Taiwan unit, where a small pop-
ulation of black bears is known to be distributed along the Central Mountains of
the island (Hwang et al., 2010), needs both specific management plans for small
populations (Garshelis and Steinmetz, 2020; Doko et al., 2011; Ahmadzadeh
et al., 2008) and elimination of direct threats such as poaching. Similar con-
servation strategies, as well as habitat restoration that establishes linkages with

adjacent habitat patches, are needed for bear conservation in the Qinba Moun-
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tains. We suggest that the appropriate state administrative departments and
agencies develop a national Asiatic black bear conservation action plan in which
the distribution range and management units identified in this study will serve

as a reference.
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Figure S1: Presence and absence data points of Asiatic black bears used in this study at the
coarse and fine resolutions, with the range map of the IUCN showing the extant and possibly

extant areas of black bears in China.
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