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Abstract: Understanding the population size of animals is crucial for formulating scientific man-
agement policies, especially for endangered species. The central area of the Qinling Mountains in
Shaanxi is a vital area for forest musk deer, but research is insufficient and estimates of its population
size are lacking. In this study, we constructed a species distribution model for the forest musk deer
in the central Qinling Mountains in Shaanxi using topography, land-use, and bioclimatic variables
alongside forest musk deer occurrence data. The Time-to-Event (TTE) model was employed to
estimate the population density of forest musk deer in the selected survey area. By utilizing the
suitable habitat area provided by the species distribution model, the population density in the central
Qinling Mountains of Shaanxi was estimated by extrapolating from the survey area. Our estimate of
the population size of forest musk deer in the central Qinling Mountains of Shaanxi is approximately
2722 ± 788. Similar population estimation methods could be more widely applied, especially in areas
with limited survey resources.

Keywords: camera traps; forest musk deer; population size estimation; species distribution model;
TTE model

1. Introduction

The forest musk deer (Moschus berezovskii) belongs to the Moschidae family in the
Artiodactyla [1]. It is found in Central and Southwestern China, as well as northeastern
Vietnam [2,3]. Due to severe poaching and habitat loss, the number of forest musk deer has
been decreasing [4,5]. In the 1950s, the wild forest musk deer population was estimated
to be between 2 and 3 million; by the 1980s, it had dropped to below 600,000; and in the
2010s, there were approximately 50,000 [6]. Currently, the forest musk deer is listed as an
endangered species on the IUCN Red List and urgently needs stronger protection [7,8].

Understanding population size is essential for wildlife conservation efforts [9,10]. In
reality, since every field survey requires considerable effort, it is sometimes impractical
to intensively survey the entire research area [11]. This presents a significant challenge
for large-scale population assessments. More commonly, researchers have broader species
occurrence data from sources such as citizen science, historical literature, news reports, etc.,
while conducting intensive field surveys in smaller areas [12]. Scientifically combining these
data sources to obtain broad population estimates is an essential and practical application.

Due to the secretive nature and low density of the forest musk deer, coupled with
their partial habitats (such as extremely steep slopes) which are difficult for humans to
access [13,14], it is challenging to observe or survey all of the individuals using traditional
methods like transect or strip methods [10,15]. Recently, an increasing number of studies
have proposed using analysis methods based on camera traps to estimate population
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sizes [16–18]. Remote cameras are non-invasive, function continuously over protracted
periods, save manpower, and can monitor animals day and night [19,20]. Recently de-
veloped methods allow the use of camera trap data to estimate the abundance/density
of individuals without distinctive markings [10,21], such as the forest musk deer. The
Time-to-Event (TTE) model is one such model that has been applied in several studies,
including those on low-density species [22].

The central area of the Qinling Mountains in Shaanxi is a vital distribution area for the
forest musk deer. Nevertheless, besides the national survey of terrestrial wildlife resources
over a decade ago [23], there have been no recent estimates of the population size of
the forest musk deer in this area. It is imperative to estimate the population size of the
forest musk deer in the central area of the Qinling Mountains in Shaanxi for conservation
purposes. In this study, we aimed (1) to employ the TTE model to calculate the population
density of forest musk deer within the survey area, (2) to utilize species distribution models
to estimate the suitable habitat area for forest musk deer in the central Qinling Mountains
of Shaanxi, providing vital data related to the distribution of forest musk deer, (3) to
innovatively combine the calculated population density with the suitable habitat area for
the forest musk deer in the central Qinling Mountains in Shaanxi in order to estimate the
population size of forest musk deer in the region. This provides foundational data for
conservation efforts and scientific grounds for future researchers to estimate population
sizes.

2. Materials and Methods
2.1. Research Area

The Qinling Mountains act as the geographical, climatic, and biogeographical bound-
ary between Northern and Southern China [24], and also as the watershed between the
Yangtze and Yellow River basins. Its main body is located in southern Shaanxi [25]. The
Qinling Mountains are the climate transition belt in China where the typical subtropical
zone changes gradually toward the warm temperate zone and the humid zone changes
gradually toward the semi-humid zone [26]. This significant delineation has resulted
in the Qinling Mountains being listed as a key area of terrestrial biodiversity of global
importance [27].

Presently, the Qinling Mountains are known to host 94 species of mammals, consti-
tuting 18.5% of the total species in the country; 338 species of birds, making up 28.4% of
the national total; over 68 species of amphibians and reptiles, accounting for 8% of the
total species in China; and over 100 species of fish [25]. The Qinling Mountains also house
3451 species of seed plants, 311 species of mosses, and over 270 species of ferns. The
Qinling Mountains provide refuge to seven species of wild ungulates, including the forest
musk deer; golden takin (Budorcas taxicolor bedfordi), Chinese goral (Naemorhedus griseus),
mainland serow (Capricornis milneedwardsii), tufted deer (Elaphodus cephalophus), reeves
muntjac (Muntiacus reevesi), and wild boar (Sus scrofa) [28].

The central region of the Qinling Mountains in Shaanxi, located between 106◦24′ E
and 111◦15′ E longitude and 32◦58′ N and 34◦24′ N latitude (Figure 1), contains the
most important forest areas in Shaanxi and is an essential distribution area for the forest
musk deer.
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Figure 1. Study area and occurrence points of forest musk deer.

2.2. Species Distribution Model

Species Distribution Models (SDMs) leverage the relationships between environmental
factors and species occurrence points to estimate species niches and project them onto the
landscape [29,30]. This allows for the establishment of predictive models to analyze habitat
suitability, species habitat preferences, and occurrence probabilities, among others [31,32].
The MaxEnt model is one such species distribution model. This model was first proposed
by Phillips in 2006 [33]. It is not only versatile in operation but also boasts high predictive
accuracy. As such, it has garnered the favor of many scholars and is widely used in species
distribution simulations [34,35]. In this study, the occurrence data of the forest musk deer,
combined with topographical variables, land-use variables, and bioclimatic variables, are
incorporated into a MaxEnt model, aiming to calculate the suitable habitat area for the
forest musk deer.

2.2.1. Forest Musk Deer Occurrence Data

We collected a total of 205 occurrence points for the forest musk deer in the central
Qinling Mountains of Shaanxi. Among them, 115 were from 2015–2021 camera trap
monitoring data, 8 were from a 2021–2022 sample line survey, and 82 were from the
historical literature [36,37]. To prevent spatial autocorrelation, records were filtered using
the SDMtoolbox plugin in ArcGIS. The spatial filtering range was set to 1 km2, based on
the home range area of the forest musk deer [38]. After filtering, 167 spatially independent
forest musk deer occurrence points were obtained (Figure 1).

2.2.2. Environmental Variable Data

Nineteen bioclimatic variables, three topographical variables (elevation, slope, slope
direction), land-use, and distances to water systems were considered as environmental
factors in the central Qinling Mountains of Shaanxi (Table S1). Using R (version 4.1.1), we
analyzed twelve environmental variables using the Variance Inflation Factor (VIF), selecting
those with a VIF less than 3 [39]. After filtering, two bioclimatic variables (BIO2, BIO15),
three topographic variables (elevation, slope, slope direction), land-use, and distance to
water systems remained.

Three topographic variables, elevation, slope, and aspect, were calculated from the
30 m resolution digital elevation data from GDEM V3 (www.gscloud.cn, accessed on 1 June

www.gscloud.cn
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2023), using ArcGIS spatial analysis tools. To prevent circularity issues with the aspect
variable, it was converted to a continuous variable between 0 and 1 using the formula

Aspect = [1 − cos((π/180) × (α − 30))]/2

where α is the circular aspect. This conversion assigns a value of 0 to the coolest and wettest
north—northeast slope and a value of 1 to the hotter and drier south—southwest slope [40].

The ENMeval package (version 2.0.3) in R was used to optimize the parameters of the
MaxEnt model [41]. The regularization multiplier (RM) was set to 0.5–8, with a 0.5 increase
each time. Six feature combination (FC) multipliers were used: L, LQ, H, LQH, LQHP, and
LQHPT. Finally, the RM was set to 4 and the FC was set to LQHPT.

A bias file was created using the Gaussian kernel density function in the SDMtoolbox
and imported to MaxEnt to correct for sampling bias [42].

The maximum iterations were set to the default value of 500.

2.2.3. Model Evaluation

In total, 25 replications were performed to run the model. The closer the value of the
result was to 1, the more suitable the area was for forest musk deer survival [43]. A binary
habitat suitability map was created using the maximum training sensitivity plus specificity
Cloglog threshold [44,45]. The variable contributions were assessed using the jackknife test.

Model performance was assessed based on the area under the curve (AUC) of the
receiver operating characteristic (ROC) curves and true skill statistic (TSS). An AUC closer
to 1 indicated better performance [46]. TSS ranges from −1 to 1, and TSS values closer to 1
indicate higher prediction accuracy of the model [47]. When TSS is greater than 0.75, model
performance is very good.

2.3. Estimation of Forest Musk Deer Population
2.3.1. Camera Traps Survey

Four representative areas of forest musk deer in the central Qinling Mountains of
Shaanxi were selected as the survey areas. In total, 135 camera traps were deployed across
these sites to record the activity of the forest musk deer (Figure 2).
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From August 2016 to June 2017, 37 camera traps were deployed in the Huangbaiyuan
Nature Reserve. From February to May 2021, 60 camera traps were deployed in the
Changqing National Nature Reserve. From April 2020 to April 2021, 24 camera traps
were deployed in the Niubeiliang National Nature Reserve. From February to May 2022,
14 camera traps were deployed in the Shaanxi Yingzuishi Provincial Nature Reserve.
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All camera traps points were placed more than 500 m apart without any bait. The
average maximum detection range of the camera traps was 18 m, with an average FOV of
55 degrees.

2.3.2. Estimation of Forest Musk Deer Population Density in the Survey Area

The TTE model requires an estimate of the animal’s movement speed to set appropriate
sampling periods [22]. The movement speed of the forest musk deer was calculated by
multiplying the travel speed (µ) by the proportion of active time spent (p). The travel speed
(µ) was determined by dividing the distance travelled while in the detection zone by the
time the animal was seen on the video. The proportion of time spent active (p), and its
variance, was obtained using the R package activity [48]. Ultimately, the sampling periods
were set to 15 min, with sampling occasions of 1 day, and a total of 96 sampling periods.

R was used for the analysis of the TTE model. To avoid violating the demographic
and geographic closure assumption of the TTE model [22], the mating season of the forest
musk deer from October to January was excluded from the analysis [49].

2.3.3. Model Accuracy Assessment

At the Shaanxi Yingzuishi Provincial Nature Reserve site, we conducted a long-term
census of the forest musk deer population in 2022. We searched for traces of forest musk
deer through sightings, tracks, and infrared cameras and identified individual forest musk
deer through sightings and infrared camera photos, combined with the territoriality of the
forest musk deer. Eventually, we determined the accurate number of forest musk deer to
be four.

On the other hand, using the TTE model, the number of forest musk deer within the
site was calculated. This estimate was compared to the actual number obtained through
the forest musk deer census to assess the model’s accuracy.

2.3.4. Integrating Density Estimation with the Species Distribution Model

The average population density of the forest musk deer in the survey area was calcu-
lated and extrapolated to the central Qinling Mountains of Shaanxi to estimate the overall
population of the forest musk deer. The specific calculation formula is as follows:

N = D × S

where
N represents the number of forest musk deer in the central Qinling Mountains of

Shaanxi,
D represents the average population density of the forest musk deer in the survey

area, and
S represents the area of suitable habitat for the forest musk deer in the central Qinling

Mountains of Shaanxi.

3. Results
3.1. Species Distribution Model

The AUC value of the MaxEnt model was 0.884, and the mean TSS was 0.763, indicating
that the accuracy of prediction was found to be “excellent”.

Results from the Jackknife test showed that when used in isolation (Figure 3), the
variable with the highest gain is BIO2 (mean diurnal range of temperature), followed
by land-use, elevation, and BIO15 (seasonality of precipitation). The model performed
significantly worse after removing the land-use variable, suggesting that land-use provided
the most effective information.
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By analyzing the response curves of environmental variables, the suitable range of
environmental variables for forest musk deer habitats can be elucidated. The four most
important environmental variables for forest musk deer were selected for response curve
analysis (Figure 4).
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Figure 4A shows that forest is the most suitable land-use type for forest musk deer.
Figure 4B indicates that forest musk deer are most likely found in areas with a mean

diurnal range of 7.75 ◦C.
Figure 4C shows that the suitability gradually increases with an elevation gradient

from 0 to 2500 m, peaks at 2500 m, then declines and slowly rises at around 2600 m.
Figure 4D reveals that the most suitable seasonality of precipitation for forest musk

deer is around 72.5.
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The suitable habitat area for the forest musk deer in the central Qinling Mountains of
Shaanxi is approximately 6189.76 km2 (Figure 5). This suitable habitat is primarily located
in the central part of the research area, with a relatively concentrated distribution.
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3.2. Population Estimation
3.2.1. Camera Traps Method

Based on the TTE model calculations, we found the following:
The population abundance of forest musk deer in the Huangbaiyuan Nature Reserve

was estimated at 59.4272± 13.4721 individuals, with a population density of approximately
0.6064 ± 0.1375 individuals/km2.

In the Changqing National Nature Reserve, the population abundance is 17.8599 ± 6.3224
individuals, with a population density of approximately 0.2977 ± 0.1054 individuals/km2.

The Niubeiliang National Nature Reserve has an estimated population abundance
of 11.1912 ± 4.5676 individuals, with a population density of about 0.3197 ± 0.1305
individuals/km2.

In the Shaanxi Yingzuishi Provincial Nature Reserve, the population abundance
was estimated at 4.3180 ± 1.6279 individuals, with a density of about 0.2399 ± 0.0900
individuals/km2.

3.2.2. Model Accuracy Estimation

The TTE model estimates a forest musk deer population abundance of 4.3180 ± 1.6279
individuals in the Shaanxi Yingzuishi Provincial Nature Reserve. When compared to the
actual number of forest musk deer in this area, which is four, it can be observed that
the number of forest musk deer calculated by the TTE model is overestimated by 7.95%.
However, the confidence interval of this estimation overlaps with the true value.

3.2.3. Integration of Density Estimation and Species Distribution Model

Upon calculation, the Habitat Suitability Index (HSI) for the locations where the
camera traps were placed ranged from 0.577 to 0.994. This essentially covers the upper and
lower limits of the HSI values in suitable habitats, indicating high representativeness.

The estimated density of forest musk deer in the survey area is shown in Table 1.
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Table 1. Population density of forest musk deer in the survey area.

Survey Area Area (km2)
Population Density of Forest
Musk Deer (Individuals/km2)

Huangbaiyuan Nature Reserve 98 0.6064 ± 0.1375
Changqing National Nature Reserve 60 0.2977 ± 0.1054
Niubeiliang National Nature Reserve 35 0.3197 ± 0.1305

Shaanxi Yingzuishi Provincial Nature Reserve 18 0.2399 ± 0.0900

After calculation, the average density of the forest musk deer in the survey area is
approximately 0.4398 ± 0.1232 individuals/km2. According to the results of the MaxEnt
model, the total area of suitable habitats for the forest musk deer in the central Qinling
Mountains of Shaanxi is approximately 6189.76 km2. Using the formula N = D × S, the
forest musk deer population in the central Qinling Mountains of Shaanxi was estimated to
be around 2722 ± 788 individuals.

4. Discussion
4.1. Species Distribution Model

The MaxEnt model results reveal that the significant influencing factors for the dis-
tribution of forest musk deer in the central Qinling Mountains of Shaanxi are elevation,
BIO2 (mean diurnal range), BIO15 (precipitation seasonality), and land-use, with a suitable
habitat area of about 6189.76 km2.

It is widely recognized that land-use and climate factors have a significant impact on
the distribution of wildlife. For instance, climate and land-use changes play a significant
role together in shaping the spatial distribution patterns of ticks [50]. Liu et al. emphasized
the importance of an integrated approach to predicting future species distributions by
assessing the combined impacts of future climate and land-use changes on the potential
distribution range of the Giant Panda (Ailuropoda melanoleuca) in Sichuan Province,
China [51].

Consistent with the findings of previous studies, we discovered that the suitable
habitats for forest musk deer are closely related to elevation, forest type, and climate. For
instance, forest areas are more suitable for forest musk deer compared to other woodland
types, aligning with previous studies [13,37], which could be because closed forest cover
can provide more food and safer shelter for them [14]. Additionally, the lower elevation
areas are densely populated and have a high level of human activity; therefore, forest musk
deer mainly inhabit the middle and higher mountain areas. On the other hand, as some
high-elevation areas in certain regions have lacustrine landscapes and forest musk deer are
forest-dwelling species [52], such landscapes are evidently unsuitable for the survival of
forest musk deer, making an elevation of around 2500 m the most suitable for them.

To enhance the reliability of population estimates, it is imperative to ensure accuracy
in calculating the suitable habitat areas. This requires researchers to take into consideration
all limiting factors for the survival of the forest musk deer to minimize computational
errors. However, currently, there are no studies discussing the combined impact of climate
and land-use factors on the forest musk deer. This might lead to the previous predictions
of suitable habitats for forest musk deer being inaccurate. After combining land-use and
climate factors, this study predicts the suitable habitats for forest musk deer and indicates
that the mean diurnal range, elevation, land-use, and precipitation seasonality significantly
influence the forest musk deer population. This finding has crucial implications for efforts
to conserve the forest musk deer, it not only provides accurate predictions for the suit-
able habitats of forest musk deer but also emphasizes that maintaining suitable climatic
conditions and land-use patterns is equally important when conserving forest musk deer.

4.2. Population Size Estimation

In this study, the TTE model was used to estimate the population density of forest musk
deer in the survey area, and by combining this with the suitable habitat area determined
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using the species distribution model, the average population density in the survey areas was
extrapolated to the central Qinling Mountains of Shaanxi. The estimated population size of
forest musk deer in the central Qinling Mountains of Shaanxi is 2722 ± 788 individuals.

High-quality data are vital. Due to the elusive and low-density nature of forest musk
deer, traditional survey methods, such as transect or strip methods, rarely allow for direct
sightings of the forest musk deer in the field [52]. Fecal count could be a useful and straight-
forward method, but identification based on fecal morphology may lead to misidentification
of species. In areas with dense vegetation, feces may be hard to detect [53]. Additionally,
the fecal count method requires knowledge of the defecation rate of the target population,
which is challenging to ascertain in practice. Recent technological advancements have
made camera traps a desirable alternative for estimating animal densities, particularly for
models involving unmarked individuals, such as the TTE model, which eliminates the
need for individual animal identification [22].

In this study, some remote camera locations were not randomly placed but were
positioned around roads or areas where forest musk deer are frequently active. This may
introduce unknown biases into the estimation results. However, the comparison between
the TTE model calculation results and the actual population size of forest musk deer in the
Shaanxi Yingzuishi Provincial Nature Reserve indicates that the TTE model’s estimates
were about 7.95% higher than the actual numbers, but the confidence intervals overlapped
with the true values, suggesting the TTE model’s estimates are of some referential value.

Due to factors such as localized extinction from hunting and incomplete dispersal
throughout all suitable distribution areas, the distribution of species within the suitable
habitat areas may not be uniform. Hence, it is crucial to ensure that the chosen small-scale
intensive survey area accurately represents the broader suitable habitat areas. In this study,
the HSI values for the chosen locations where camera traps were set up ranged from 0.577
to 0.994, which essentially covers the upper and lower limits of the HSI values for suitable
forest musk deer habitat, which suggests a high level of representativeness.

When using the TTE model or other unmarked individual count models to estimate
the population density in the future, researchers should aim to adhere to the underlying
assumptions of the model whilst accurately determining the required parameters, such as
the random placement of remote cameras and precise estimation of target animal movement
rates in the survey areas. Under these premises, using camera traps for population density
estimation may become a superior alternative to traditional survey methods like transect
surveys for forest musk deer.

In 1985, Jiang, by setting up 12 sampling plots in the hinterland of the Qinling Moun-
tains, Fengxian County, and using the ratio of musk production per unit area (km2) in other
producing counties to that of Fengxian County as a correction value, estimated that the
population of forest musk deer in Shaanxi Province was between 74,800 and 95,600 individ-
uals [54]. In contrast, a 2009 report from the State Forestry Administration of China guessed
a population size of 1300 individuals in Shaanxi Province [23]. This significant decline
indicates a worrying trend. The population size of the forest musk deer in the central
Qinling Mountains of Shaanxi estimated in this study is higher than the overall population
size reported for Shaanxi Province by the State Forestry Administration, possibly indicat-
ing some population recovery. The central Qinling Mountains of Shaanxi are the main
distribution area for forest musk deer in Shaanxi Province. The population of forest musk
deer in the central Qinling Mountains of Shaanxi estimated in this study is significantly
lower than the overall population size of Shaanxi estimated by Jiang, suggesting that there
is substantial room for the forest musk deer population to recover, underlining the urgent
need for intensified protection efforts.

4.3. Management Recommendation

By estimating the population size of a species, we can assess the species’ long-term
viability and understand its risk of extinction. Related studies suggest that a population size
of 500 individuals is required to maintain the evolutionary potential of a population [55],
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and 5000 individuals is required to prevent the loss of genetic variation [56,57]. Increased
conservation efforts are urgently needed to ensure the survival of the forest musk deer.

To better protect the forest musk deer, it is recommended to ensure that all suitable
habitats for forest musk deer are turned into protected areas, and within these areas, the
logging of forest area should be reduced or prohibited. In addition to protecting the
habitat of forest musk deer, strengthening efforts to combat poaching and intensifying law
enforcement are also crucial for the protection of forest musk deer. Concurrently, there
is a need to establish an effective monitoring system to periodically survey and protect
the wild populations of forest musk deer, ensuring their prosperous reproduction and
survival status.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/d15101071/s1, Table S1: List of environment variables used in
MaxEnt modelling.
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