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Abstract: The survival and sustainability of regional species is constrained by habitat quality. In
recent decades, the intensification of human activities on a global scale has had a profound impact
on regional ecosystems and poses a serious threat to regional sustainable development. Scientific
measurement of the drivers of habitat quality can provide important support for the development of
effective biodiversity conservation and sustainable land-use policies. Taking the Hung River Valley as
an example, the InVEST model was used to assess the habitat quality of the study area in 2000, 2005,
2010, 2015, and 2020 and to explore its spatial and temporal variation and distribution characteristics
in combination with the spatial autocorrelation model, and the geographically weighted regression
(GWR) model was used to explore the drivers of habitat quality change. The results show the
following: (1) The overall habitat quality shows an increasing trend during 2000–2020, but the
expansion of construction land in the central region plays a dominant role in the degradation of
regional habitat quality. (2) The “Guide-Ledu” line is the dividing line of habitat quality in the Hung
River Valley, with a general distribution of “south is good, north is bad” and “south is hot, north
is cold”. (3) Natural factors such as slope and elevation basically shape the overall distribution
pattern of habitat quality, while urbanisation factors such as population density, gross domestic
product, and the night-time lighting index are generally negatively correlated with habitat quality.
The results of the study can reveal the linkage between ecosystems and land-use change in the context
of urbanisation.
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1. Introduction

Habitat quality is an important indicator of an ecosystem’s ability to provide suit-
able conditions for the growth, development, and distribution of species, based on the
availability of subsistence resources [1,2]. Since the beginning of industrial society, human
activities have caused a series of ecological problems, such as habitat fragmentation and a
loss of species diversity, which have led to serious threats to the overall ecological security
of the region. In this context, the spatial and temporal distribution characteristics and
evolutionary mechanisms of habitat quality have gradually become a hot topic in related
research fields [3–6].

At present, the research on habitat quality in China and abroad has achieved advanced
results from macroscopic to microscopic scales. Whether at the local, watershed, or regional
scales, scholars have conducted in-depth studies on the spatial and temporal evolution [7],
distribution characteristics [8], influencing factors [9–11], driving mechanisms [12–15],
and pathways to enhance habitat quality [16–18]. Although more research results have
been achieved, the current research on the drivers of habitat quality needs to be further
explored. There are many factors that influence habitat quality, and the degree of influ-
ence of the same influencing factor on habitat quality in different spaces can be spatially
heterogeneous [11,19,20]. Simply explaining which influencing factors lead to changes in
habitat quality tends to ignore the processes and relationships between subjective and
objective elements, which in turn affects the accurate mining of habitat quality influencing
factors in the future [21]. Habitat quality is primarily a matter of selecting an evaluation
model, and most habitat quality evaluations are based on landscape pattern-based indicator
systems and model-based approaches, compared to the more scientific role of models in
predicting future habitat distribution and siting protected areas [22,23]. The Integrated
Valuation of Environmental Services and Tradeoffs model (InVEST), developed by Stanford
University, the World Wildlife Fund, and the Nature Conservancy, has a high data de-
mand. The InVEST (Integrated Valuation of Environmental Services and Tradeoffs) model,
developed jointly by the Nature Conservancy and the Nature Fund, has been gradually
applied to related studies because of its relatively small data requirements and the high
visibility of the results [24–26]. In revealing the drivers of habitat quality, ordinary least
square (OLS) and geographically weighted regression (GWR) models are good at detecting
subtle changes in the process mechanism of habitat quality over time and space, and are an
important research method for exploring the drivers of objective objects [27].

The Hung River Valley is in the transition zone between the Qinghai–Tibet Plateau
and the Loess Plateau. Its ecological environment is fragile and regarded as a “sensitive
area”, and the current literature on the ecology of the region is relatively small [22–24]. In
the context of the comprehensive pilot work of new urbanisation, the Xining–Haidong
metropolitan area will be established in Qinghai Province, and the Hung River Valley area,
represented by Xining and Haidong, will usher in a new round of rapid development and
become the core growth pole, leading the development of Qinghai and even the northwest
region. The development potential brings greater ecological risks. Based on the above
research status and regional background, the main research of this paper includes (1) quan-
titatively assessing the spatial and temporal evolution of the landscape type, landscape
pattern, and habitat quality in the Hung River Valley with the help of a land transfer matrix,
a landscape pattern analysis method, and the InVEST model; (2) exploring the spatial and
temporal coupling relationship between habitat quality change and urbanisation in the
Hung River Valley based on the GWR model; (3) finally determining, through the above
research, the habitat quality of the Hung River Valley over a 20-year period and the drivers
of habitat quality, providing a scientific reference for biodiversity conservation and regional



Land 2021, 10, 1369 3 of 20

ecological development in the eastern Tibetan Plateau, providing decision support for land
use, ecological red line delineation, and coordinated and sustainable economic and social
development, and providing new ideas for habitat quality assessments in ecologically
sensitive areas.

2. Materials and Methods
2.1. Study Site

The geographical location of the Hung River Valley is 100◦51′~103◦04′ E, 35◦01′~38◦ N
(Figure 1), with a total area of about 35,273.77 km2, covering Xining City, Haidong City,
Huangnan Tibetan Autonomous Prefecture, Hainan Tibetan Autonomous Prefecture, and
Haibei Tibetan Autonomous Prefecture, which is the political, economic, and cultural
centre of Qinghai Province. It is the political, economic, and cultural centre of Qinghai
Province. The Hung River Valley is located in the Yellow River and the Huangshui River
basin triangle and is the transition area between the Loess Plateau and the Tibetan Plateau,
whose elevation is 1659~5149 m, from the north to the south distribution of the Datong
River, the Huangshui River, the Yellow River, and Qilian Mountain, a block of two parallel
ridge valleys that has created a unique “three mountains between two valleys” landform. It
is in the eastern monsoon area of Qinghai Province and at the end of the eastern monsoon
zone in Qinghai Province, the intersection of three natural zones: the arid zone of Northwest
China, the eastern monsoon zone, and the Tibetan Plateau zone. The climate is mild, the
water is abundant, and the sunshine is long, making the region a natural environment for
biological reproduction, with plants such as Qilian cypress, Pinellia pinnata, and Bashan fir
and wild animals such as Sumen antelope, rock sheep, and plateau partridge.

Figure 1. Location of the Hung River Valley area.

2.2. Data Source

The data used in this study include the following: (1) 5 periods of land-use data
(precision: 100 × 100 m): 2000, 2005, 2010, 2015, and 2020, and the land-use types are
divided into 6 primary categories: grassland, arable land, forest land, construction land,
water, and bare land. The data come from the Resource and Environment Science Data
Center of the Chinese Academy of Sciences (http://www.resdc.cn (accessed on 3 October
2021)), the accuracy of which meets the needs of the study [28]. (2) Basic geographic
data, mainly including the carrier data of the borders of cities in Qinghai Province and

http://www.resdc.cn
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four types of highways: national highways, provincial highways, highways, and railways.
Road data are used to calculate habitat quality, and they were provided by the National
Geographic Information Resource Directory Service System National Basic Geographic
Database (http://www.webmap.cn (accessed on 3 October 2021)). (3) A digital elevation
model (DEM) from the Geospatial Data Cloud (http://www.gscloud.cn (accessed on
3 October 2021)) with a spatial resolution of 30 m. (4) Corrected DMSP/OLS night-time
lighting data (with an accuracy of 500 × 500 m) from the China Research Data Service
Platform (CNRDS) and the National Basic Geographic Information Centre (GIC); National
Polar-Orbiting Operational Environmental Satellite System Preparatory Project-Visible
Infrared Imaging Radiometer (NPP-VIIRS) night-time light data (accuracy: 500 × 500 m)
for 2015 and 2020; DMSP/OLS night-time light data with NPP-VIIRS night-time light
data from the Earth Observation Group (EOG) website. The data resolution will affect the
accuracy of the research results and facilitate spatial calculation and analysis. Therefore,
the land-use data are used as the standard, and other data are sampled as 100 × 100 m.
The unified coordinate system of all data is WGS_1984_UTM_Zone_50N.

2.3. Research Methodology
2.3.1. InVEST Model

InVEST is a model used for ecosystem service function assessments, in which the
habitat quality evaluation module is based on the linkage between land cover and habitat
threat sources. It calculates the threat intensity of threat sources by considering the radius
of stress, spatial weights, and spatial attenuation types and combines the habitat adaptation
of other land types and the sensitivity to threat sources to obtain the habitat quality of the
area with the following equation:

Qxj = Hj

[
1−

(
Dz

xj

Dz
xj + kz

)]
(1)

where Qxj represents the habitat quality index of raster x in landscape type j within the
Hung River Valley; the value range of Hj is [0,1], representing the habitat suitability score
of landscape type j; Dxj is the habitat degradation degree of grid unit x in land category
j; k is the half-saturation constant; because all the resolutions in this study are 100 m, k is
50; z is the scale constant, generally taken as 2.5.

In this study, the Habitat Quality module parameter tables (Tables 1 and 2) were set
based on the InVEST model manual and related studies [25].

2.3.2. Spatial Autocorrelation Analysis

The global clustering test is used for global spatial distribution patterns of habitat
quality, i.e., high value aggregation or low-value aggregation [26,27,29], and is expressed as:

G(d) =
∑n

i=1j=1 ∑n
ij wij(d)xixj

∑n
i=1 ∑n

j=1 xixj
(2)

Z(G) = [G(d)− E(G)]/
√

var(G) (3)

where wij is the spatial weight defined by the distance rule; xi denotes the value of the
variable in region i; xj denotes the value of the variable in region j; E(G) denotes the
expected value of G(d); var(G) denotes the variance of G(d). Based on the value of Z(G),
whether G(d) meets the significance level and whether there is a positive or negative spatial
correlation can be determined. When G(d) is positive and Z(G) is statistically significant,
there is a high value cluster of habitat quality in the region; when G(d) is negative and
Z(G) is statistically significant, there is a low-value cluster of agricultural habitat quality in
the region.

http://www.webmap.cn
http://www.gscloud.cn
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Table 1. The maximum impact distance, weight, and the attenuation type of the threat sources.

Threat Source Maximum Stress Distance/km Weight Attenuation Type

Paddy field 0.5 0.5 Linear
Non-irrigated arable land 0.5 0.5 Linear

Urban land 10.0 1.0 Exponential
Rural settlement 2.0 0.7 Exponential

Industrial and mining land 1.0 0.5 Exponential
Traffic land 3.0 1.0 Linear

Table 2. Habitat suitability of different types of land and its sensitivity to threats.

Type Habitat Type Habitat
Suitability

Sensitivity

Paddy
Field

Non-Irrigated
Arable Land

Rural
Settlement

Urban
Land

Industrial and
Mining Land

Traffic
Land

Cropland Paddy field 0.4 0 0.3 0.35 0.5 0.1 0.1
dry land 0.4 0.3 0 0.35 0.5 0.1 0.1

Woodland

Forestland 1.0 0.8 0.5 0.2 0.5 0.8 0.8
Irrigate forestland 1.0 0.8 0.9 0.7 1.0 0.5 0.5
Sparse forestland 0.7 0.7 0.8 0.8 0.9 0.6 0.6

Others 0.7 0.7 0.8 0.8 0.8 0.6 0.6

Grassland
High coverage 0.8 0.5 0.5 0.5 0.6 0.3 0.3

Medium coverage 0.7 0.5 0.5 0.6 0.6 0.4 0.4
Low coverage 0.6 0.5 0.5 0.5 0.6 0.3 0.3

Water areas

Canal 0.8 0.3 0.2 0.3 0.3 0.2 0.2
lake 0.8 0.3 0.2 0.3 0.3 0.2 0.2

Reservoir pond 0.7 0.2 0.2 0.3 0.3 0.1 0.1
Snowfield 0.5 0.2 0.2 0.2 0.7 0.1 0.1

Beach 0.5 0.2 0.2 0.2 0.7 0.1 0.1

Construction
Urban land 0 0 0 0 0 0 0

Rural settlement 0 0 0 0 0 0 0
Others 0 0 0 0.6 0 0 0

Bare land

Sandy land 0.2 0.1 0.5 0.6 0.9 0.6 0.6
Gobi 0.2 0.1 0.5 0.6 0.9 0.6 0.6

Marsh land 0.6 0.8 0.8 0.8 1.0 0.6 0.6
Bare land 0.2 0.1 0.5 0.6 0.9 0.6 0.6

Bare rock land 0.2 0.1 0.5 0.6 0.9 0.6 0.6
Alpine desert 0.2 0.1 0.5 0.6 0.9 0.6 0.6

2.3.3. Hotspot Analysis

Spatial hotspot detection analysis is a test for the presence of significant high and low
values in an area and can be used to reveal “hotspots” and “coldspots” in a spatial visual
representation. The main study here is on habitat quality differentiation [27,29,30]. It is
calculated by the formula:

G∗i (d) =
∑n

j=1 wij(d)xj

∑n
j=1 xj

(4)

where G∗i (d) is normalised in the same way as in Equation (3) to obtain Z
(
G∗i
)
. If Z

(
G∗i
)

is
positive and statistically significant, the value around i is higher and belongs to the “hot
spot zone”; otherwise, it belongs to the “cold spot zone”.

2.3.4. Land-Use Change Transfer Matrix and Landscape Pattern Analysis

With the help of ArcGIS vectorisation calculations, the process of land-use change can
be analysed quantitatively. The land-use transfer matrix can clearly reflect information on
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the dynamic process of inter-transformation between the area of each category at the begin-
ning and end of a period of time in the study area [21–23], with the following expression:

Sij =


S11 S12 . . . S1n
S21 S22 . . . S2n

...
...

. . .
...

Sn1 Sn2 . . . Snn

 (5)

where Sij denotes the area of the land type, n denotes the number of types of land use, and
i and j denote the serial numbers of land-use types at the beginning and end of the study
period, respectively.

According to the landscape pattern characteristics of the Hung River Valley region
and the purpose of the study, this paper selected the number of patches (NP), patch density
(PD), maximum patch index (LPI), average patch area (AREA_MN), landscape separation
index (DIVISION), landscape edge density (ED), landscape shape index (LSI), sprawl
index (CONTAG), Shannon Diversity Index (SHDI), and Shannon Evenness Index (SHEI),
10 indices calculated with the help of Fragstats 4.2 software, to analyse the degree of
fragmentation, shape complexity, and diversity at the landscape level. NP, PD, LPI, and
AREA_MN are used to describe the scale and quantity of various types of land and reflect
the spatial pattern characteristics of the land; DIVISION, ED, LSI, CONTAG, SHDI, and
SHEI are used to describe the connection degree and patch shape of various types of land,
diversity, etc., reflecting the spatial structure characteristics of the land. The specific indices
and calculations are detailed in the methodology of references [22–24].

2.3.5. Geographically Weighted Regression (GWR) Model

The GWR model calculates regression coefficients for each location, which accurately
characterise the spatial characteristics of relationships by constructing local regression
equations on each grid of the study area. The GWR model reflects the differences in the
influence of different regional influences on the dependent variable due to the presence
of spatial autocorrelation and spatial heterogeneity [31–34]. The formula is calculated
as follows:

Yi = β0(ui, vi) +
p

∑
k=1

βk(ui, vi)xik + εi (6)

where β0 is the model constant; (ui, vi) is the coordinate of the ith sample point; βk is the
k regression parameter of the i sample point; εi is the residual of the i sample point. The
difference from the general linear regression is that β is a function of the geographical
coordinates (ui, vi).

3. Results
3.1. Land-Use Change Characteristics

The land-use types in the Hung River Valley region are diverse and structurally
complex. Dividing the land-use types in the study area into cropland, woodland, grassland,
water, construction land, and bareland, the five-phase landscape type distribution map
shows (Figure 2) that the land-use types in the study area are mainly woodland, grassland,
and arable land, of which woodland and grassland both account for more than 32% of the
total area of the study area, followed by the area of arable land, which accounts for about
20% of the total area of the region. Overall, the woodland, grassland, and arable land cover
90% of the total area of the study area and have a greater impact on the overall landscape,
while the proportion of construction land, water, and bare land is smaller, accounting for
about 10% of the total area of the study area. From 2000 to 2020, the area of arable land
decreased, and the area of water bodies continued to increase; from 2000 to 2020, the area
of arable land transferred out was the largest, and the proportion of construction land
increased the most.
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Figure 2. Sankey Diagram of Land-Use Transfer.

To fully understand the structural characteristics of land-use changes in the Hung
River Valley during this period, a land-use transfer matrix was constructed to calculate the
number of mutual land-use transfers from 2000 to 2020 (Table 3). As shown in the table,
from 2000 to 2005, land-use shifts mainly occurred between arable land, grassland, and
forest land, with a larger amount of arable land shifting to grassland and construction land.
During the period 2010–2015, the trend of the previous period continued, with arable land
always being the source of inflow of construction land and grassland, while the inflow
and outflow of grassland and forest land were basically the same. From 2015 to 2020, the
interconversion of various land uses made the inflow and outflow basically the same.
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Table 3. Land-use transfer matrix for the Hung River Valley (km2).

Years Type Cultivated Land Forestland Grassland Water Areas Construction Bare Land

2000–2005

Cultivated land — 4.29 49.7 0.9 0.96 0.25
Forestland 3.44 — 33.78 0.37 0.1 0.63
Grassland 88.55 35.57 — 1.49 0.8 13.32

Water areas 8.91 1.04 4.85 — 0.1 0.15
Construction 33.93 0.48 2 0.09 — 0.01

Bare land 2.97 0.68 8.56 0.23 0.03 —

2005–2010

Cultivated land — 10.52 135.32 3.61 7.5 2.26
Forestland 6.61 — 63.14 0.85 0.21 5.6
Grassland 105.6 61.06 — 2.55 4.56 604.67

Water areas 13.08 2.14 6.19 — 0.51 10.38
Construction 29.51 0.52 5.75 4.22 — 0.24

Bare land 0.35 1.54 80.23 9.02 —

2010–2015

Cultivated land — 4.87 70.84 3.63 7 0.36
Forestland 6.52 — 62.74 1.06 0.21 0.69
Grassland 70.02 64.34 — 2.45 1.83 20.45

Water areas 4.41 0.85 6.07 — 0.23 0.22
Construction 56.04 0.46 12.62 0.2 — 0

Bare land 0.44 0.87 23.97 0.23 0 —

2015–2020

Cultivated land — 26.22 219.07 15.84 104.28 1.43
Forestland 25.19 — 376.38 11.26 1.89 4.88
Grassland 218.72 374.21 — 17.65 21.28 91.87

Water areas 16.17 7.09 21.97 — 1.26 1
Construction 46.66 1.49 11.83 0.91 — 0.05

Bare land 1.69 6.23 91.92 10.12 0.05 —

The land-use changes in the Hung River Valley in the past 20 years are mainly in-
fluenced by policies and urban expansion. In ecological protection policies, agricultural
and livestock production and urbanisation, industrialisation, and other factors under the
comprehensive effect of the Hung River Valley grassland, arable land, and construction
land change dramatically. Each landscape flows between each other. Since 2002, Qing-
hai Province has fully implemented the policy of returning farmland to forest and grass,
coupled with the establishment of many nature reserves. Arable land is in a net outflow
situation, manifested in the expansion of grassland scale. At the same time, the Hung
River Valley is an important axis of economic development in Qinghai Province, with
intense human activity, high levels of urbanisation and industrialisation, and a continuous
increase in the demand for construction land, the main source of which is the occupation
of arable land.

3.2. Analysis of the Evolution of the Landscape Pattern Features

Since the magnitudes of different indicators are different, to facilitate comparison, the
sampling of Z is standardized, as are all landscape pattern index values. As can be seen in
Figure 3, NP and PD showed an increasing trend between 2000 and 2005, which is related
to the partial conversion of arable land in the study area into forest land and grassland,
and a large amount of arable land outflow, causing arable land fragmentation. After 2005,
PD and NP gradually decreased, combined with the actual situation of the Hung River
Valley. It can be seen that urban construction land encroachment on arable land, where
there are many construction enclaves, merged with the original construction land, the main
reason for the decline in PD and NP, in addition to the demolition and merging of rural
settlements. LPI and AREA_MN increased slightly between 2000 and 2005 and fluctuated
little after 2005, while DIVISION decreased slightly, indicating that the overall landscape
pattern of the Hung River Valley showed a clustering trend after 2005.
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Figure 3. Hung River Valley overall landscape pattern trend evolution map, 2000–2020.

The ED and LSI decreased slightly from 2000 to 2020, indicating that the overall
landscape shape of the study area tends to be clustered, with the shape changing from
complex to simple. conTAG increased relatively over the 20-year period, indicating that
the overall landscape connectivity in the study area has increased. The Shannon Diversity
Index (SHDI) decreased, and landscape heterogeneity diminished; the Shannon Evenness
Index (SHEI) shows a decreasing trend, and the landscape type dominant over the overall
landscape in the study area increased.

Changes in habitat quality are an indirect reflection of changes in different land types.
To reveal in more detail the relationship between landscape changes in the study area
and their impact on habitat quality, the characteristics of changes in different land types
between 2000 and 2020 were calculated using Fragstats 4.2 (Figure 4). Grassland and
woodland are important landscapes regarding the quality of habitat, with a decrease in
the number of patches (NP), a decrease in density (PD), an increase in the mean patch
area (AREA_MN), and a decrease in ED, LSI, and DIVISION from 2005–2020, indicating
an overall clustering of landscape patterns and an increase in disturbance resistance in
grassland. It is particularly important to note that the patches of built-up land in the study
area decreased, and density decreased over the 20-year period, but ED increased slightly,
and LSI and DIVISION remained largely unchanged, indicating that the landscape pattern
in some areas became dispersed, which may be related to the extensive expansion of towns
in Xining.
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Figure 4. Evolution of landscape pattern indices for different land types in the Hung River Valley,
2000–2020.

3.3. Spatial and Temporal Variation of Habitat Quality

The Habitat Quality Index (HQI) reflects the fragmentation of habitat patches in
the study area, on the one hand, and the ability of habitat patches to resist the threat
of habitat degradation brought about by human activities. On the other hand, its value
is a continuous value between 0 and 1: the closer to 1, the better the habitat quality,
indicating that biodiversity is better maintained. The raster areas of different classes and
their percentages were counted (Table 4). To more accurately portray the evolution of
habitat quality, using the Re-classify tool of the ArcGIS 10.6 software platform, habitat
quality was classified into five levels: very low (0–0.2), low (0.2–0.4), medium (0.4–0.6),
high (0.6–0.8), and very high (0.8–1), based on the actual situation in the Hung River Valley
and with reference to existing studies [13,18].
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Table 4. Habitat quality percentage statistics for the Huangshan Valley, 2000–2020.

Level
2000 2005 2010 2015 2020

Area/km2 Percentage/% Area/km2 Percentage/% Area/km2 Percentage/% Area/km2 Percentage/% Area/km2 Percentage/%

Very low 2939.82 8.3 2972.32 8.4 2458.76 6.9 2554.65 7.3 2485.86 7.0
Low 3803.14 10.8 3760.62 10.7 3760.60 10.7 3714.35 10.5 3738.7 10.6

Medium 5726.48 16.3 5754.36 16.3 6633.74 18.8 6595.7 18.7 6632.13 18.8
High 16,038.43 45.5 16,012.46 45.4 15,606.80 44.3 15,583.67 44.2 15,573 44.0

Very high 6727.01 19 6735.09 19 6773.13 19.2 6786.52 19.3 6788.54 19.3

From 2000 to 2020, the overall habitat quality showed an upward trend, and the
global average habitat indexes were 0.656, 0.657, 0.661, 0.661, and 0.662, respectively. The
main reason for this is that around 2000, Qinghai Province, based on its development
orientation, successively carried out a series of ecological protection and restoration work,
e.g., returning farmland to forest, returning farmland to grassland, and constructing nature
reserves, which promoted the transformation of some medium- and high-grade habitat
patches to higher-grade habitat patches.

On a spatial scale (Figure 5), the quality of habitats in the concentrated areas of
woodland, grassland, and watersheds is high, while the quality of habitats on arable land,
construction land, and bare land is low. The whole area is dominated by habitat patches
of excellent grade. Habitat quality in the north, east, and west districts of Xining is low
compared to other areas, due to the deteriorating ecological conditions in the central areas
of Xining as a result of increasingly intense human activities. Among all areas, the habitat
quality indexes of Datong County, Guide County, Mutual Aid County, Menyuan County,
and Zunhua County all exceed 0.7, with Guide County being the highest, maintaining a
level of 0.9; Hualong County, Jianzha County, Ping’an County, and Minhe County all show
an increasing trend, with Hualong County being the highest and Minhe County being
relatively low; the socio-economic development of Huangyuan County and Huanzhong
County is strongly affected by the radiation of Xining City, and the social and economic
development has a greater impact on the ecological environment.

3.4. Hotspot Analysis of the Spatial Distribution of Habitat Quality
3.4.1. Overall Clustering Characteristics

To explore the spatial differentiation characteristics of habitat quality in the Hung
River Valley in more detail, the study area was divided into 2328 4 × 4 km grids using
grid analysis. The mean values of habitat quality in 2000, 2005, 2010, 2015, and 2020 were
extracted from 18 counties and cities in the Hung River Valley based on grid scale, and the
ArcGIS 10.6 platform was used to calculate the spatial clustering of habitat quality in the
study area from 2000 to 2020.

The Moran’s I calculations for the five periods of 2000, 2005, 2010, 2015, and 2020
showed that the Z scores of the five periods were all above 75 and much higher than 2.58,
and the p-values passed the 1% significance test, indicating that the spatial distribution
of habitat quality values in the Hung River Valley was not random at a 99.9% confidence
level and that there was significant spatial correlation (Table 5).

The Moran’s I index for all five periods was greater than 0.65, showing a significant
pattern of aggregation, i.e., high values of habitat quality clustered in space, and low values
tended to be adjacent to each other. Since 2000, the aggregation effect of habitat quality in
the Hung River Valley has been increasing on the whole; however, from 2015 to 2020, the
aggregation effect has been on the decline, mainly because the areas with high habitat qual-
ity are affected by the expansion of urban land, eroding the original woodland, grassland,
and other ecological landscapes and causing habitat fragmentation. The development of
a large amount of urban land has led to an increasingly widespread distribution of areas
with a low habitat quality. This is shown in Table 5.
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Figure 5. Spatial Distribution of habitat quality in the Hung River Valley, 2000–2020.

Table 5. Global Moran’s I Index table.

Year
Global Autocorrelation Index Statistics

Result
Moran’s I Z-Score p-Value

2000 0.699 46.929 0.0000 Gather
2005 0.698 46.886 0.0000 Gather
2010 0.705 47.344 0.0000 Gather
2015 0.777 51.755 0.0000 Gather
2020 0.706 47.427 0.0000 Gather

3.4.2. Local Agglomeration Characteristics

The global spatial autocorrelation can only reflect whether there are agglomerative
features in the study area as a whole and cannot clarify the location distribution of agglom-
erative features. Based on the ArcGIS 10.6 platform, a hotspot analysis was conducted
based on a grid, and cold spots and hotspots with a confidence level above 90% were
selected to reflect the distribution of high- and low-value habitat quality clusters in the
Hung River Valley (Figure 6).

During 2000–2020, the Hung River Valley habitat quality changes show obvious
regional differences “Guide-Ledu”, south of the line of the habitat quality index, including
Ping’an County, Ledu District, Tongren County, and Guide County, generally improved.
This is mainly due to the implementation of ecological protection policies, e.g., returning
farmland to forest and grass, and establishing establishment many nature reserves, scenic
spots, forest parks, and geoparks, such as the Mengda Nature Reserve and the Sanjiangyuan
Nature Reserve. The overall habitat quality north of the “Guide-Ledu” linkage has a
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significant spatial aggregation effect, but the change effect is not obvious, and there are cold
spots in Xining City and surrounding counties. The cold spot area is concentrated in Xining
City, which is the political and economic centre of Qinghai Province and the gathering area
of arable land, and the intense production and construction and agricultural activities have
interfered with the ecological environment, resulting in the clustering and distribution of
low habitats in the area. Mutual Aid County and Ping’an County are adjacent to Xining.
Mutual Aid County has the largest population and the most intense human activities in
Haidong, thus showing a secondary cold point concentration distribution, and the habitat
cold point rose and then declined between 2000 and 2020, dropping to the lowest point in
2015 with the worst habitat quality.

Figure 6. Habitat quality “hotspots” analysis in the Hung River Valley, 2000–2020.

3.5. Spatial Response of Habitat Quality to Urbanisation

The spatial pattern of habitat reflects that human activities and natural elements are
important influencing factors of spatial differentiation of habitat quality. Among these
factors, human activity status has gradually become the main independent variable of
habitat quality. Natural factors, such as slope, average annual rainfall, average annual
temperature, and elevation, and urbanisation process elements such as population density,
gross domestic product, and the night light index, are selected as independent variables.
The optimal model was selected by a comparative analysis of GWR and ordinary least
squares (OLS). The coefficient of variance expansion is a measure of the severity of multiple
(multiple) collinearities in a multiple linear regression model. It represents the ratio of
the variance of the regression coefficient estimator to the variance, assuming that the
independent variables are not linearly correlated. Usually, 10 is used as the judgment
boundary. When VIF < 10, there is no multicollinearity; when 10 ≤ VIF < 100, there is
strong multicollinearity; when VIF ≥ 100, there is severe multicollinearity.

The results show that the VIF of the natural and socio-economic factors in the OLS
model is less than 10, and there is no covariance between the variables, which satisfies
the requirements of the explanatory variables. The explanatory power of the OLS model
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for habitat quality was less than 50%, and the goodness of fit of the GWR model was
significantly higher than that of the OLS model in all five time sections, with its explanatory
power reaching more than 90%. Meanwhile, the Sigma and AICc in the GWR model
were lower than those of the OLS model, indicating that the GWR model had better
explanatory power for the factors influencing habitat quality and its model accuracy was
better (Tables 6 and 7).

Table 6. GWR model goodness of fit.

Model Parameters 2000 2005 2010 2015 2020

Bandwidth 55 55 55 55 55
Residual Squares 230.377 238.716 233.701 228.572 228.182
Effective Number 536.451 534.240 532.123 529.740 529.882

Sigma 0.353 0.359 0.355 0.351 0.351
AICC 6338.648 2661.698 2604.091 2543.320 2539.722

R2 0.903 0.900 0.902 0.904 0.904
Adjusted R2 0.875 0.871 0.874 0.877 0.877

Table 7. GWR global regression coefficients.

Global Regression Coefficients 2000 2005 2010 2015 2020

DEM (Digital elevation model) 0.119 0.127 0.247 0.236 0.246
SLOPE 0.324 0.352 0.344 0.343 0.342
RAIN 0.187 0.190 0.175 0.171 0.175
TEM 0.217 0.234 0.348 0.339 0.349
GDP −0.067 −0.012 0.036 0.017 0.036

LIGHT −0.030 −0.089 −0.177 −0.187 −0.176
POP −0.049 −0.060 −0.031 −0.015 −0.021

Slope and elevation are important natural factors influencing habitat quality. However,
due to the interaction of human activities, the correlation between habitat quality and
natural factors such as slope and elevation is complicated. As can be seen in Figure 7,
slope, elevation, and habitat quality generally show a positive relationship, with the
positive and negative effects of slope on habitat being relatively complexly distributed
within a geographical area. The positive correlation between slope and habitat is mainly
concentrated in mountainous and hilly areas and areas with continuous construction land,
and the positive correlation between height and slope is distributed in discontinuous
bands. The central region is flat. Human activities are relatively frequent, and the natural
ecological space is encroached upon by construction land, resulting in serious habitat
degradation. Some of the hilly areas are affected by human development and construction
activities, and the habitats are damaged to a certain extent, while the green areas and
water areas in the plains are better protected by ecological protection, and the overall
level of habitats is higher; under the influence of human activities, the slope of the area
is negatively correlated with habitat quality. The areas with a high positive correlation
between elevation and habitat quality are mainly concentrated in the hilly areas, with a
cluster and circle pattern of distribution. In general, natural factors such as slope and
elevation play an important role in the overall pattern of habitat distribution. With higher
slope and elevation, socio-economic activities are generally less frequent in the area, and
the disturbance factors to the ecosystem are smaller, so the impact on habitat quality is
relatively small. In plain areas, where human activities are frequent, socio-economic factors
have a more prominent impact on habitat quality than do natural factors.
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Figure 7. Spatial distribution patterns of GWR regression coefficients.
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Urbanisation factors such as population density, gross domestic product, and the
night-time light index have a more significant negative correlation with habitat quality
(Figure 6). The negative correlation between population density and habitat quality is most
significant and widely distributed: During the study period, the negative influence of the
northern and central zones was further expanded, because the central zone was influenced
by the economic radiation of Xining, and the towns were developed significantly, with
a relatively obvious population growth, which increased the pressure on the ecological
carrying capacity of the surrounding areas. The high density of economic activities also
contributed to the fragmentation of the landscape pattern and the encroachment of arable
land and construction land on ecological land.

The regression coefficients of the economic impact on habitat show that the negative
impact in the study area is less intense. The reason for this is that the study area is affected
by the policy of “returning farmland to forest” and “returning farmland to grass” in
Qinghai Province, and the GDP output value of mainly arable land is low, so the negative
impact on habitat is weak. The northern and southern parts of the city have seen rapid
economic development, and the ecological environment has been significantly disturbed
by economic activities. The night-time light index characterises the indirect disturbance
effect of urban socio-economic development and high intensity human activities on the
ecosystem: In 2000, the positively correlated areas were mainly scattered in clusters in
the plains, while the negatively correlated areas were widely distributed, with the most
intense negative impact in the mountainous hills. Between 2000 and 2010, the areas with
intense negative correlation and the positively correlated areas both decreased. However,
the negative correlation dominated the region, and the trend from the mountains to the
plains was stronger and weaker. Between 2010 and 2020, the areas with strong negative
correlations expanded again, which was related more to urban development. Overall, the
agglomeration of factors in the urbanisation process is an important driver of regional
habitat quality change, and the spatial heterogeneity of the impact of socio-economic
factors on habitat quality is more significant as the rate of urbanisation accelerates.

4. Discussion
4.1. Scaling Effects of Land Characteristics and Habitat Quality

The coupling of landscape patterns and ecological processes reflected in land use
is a central theme in landscape ecology research [35–37]. The resolution of the spatial
characteristics of land-use has long been the focus and difficulty of scholars studying
landscape ecology [38–40]. Because the relationship between patterns and processes is often
non-linear and shows multi-factor interaction and time-lagged effects [41]. Differences in
scale and accuracy can cause the type, number, and spatial distribution characteristics and
configurations of land-use units to reflect different patterns and process couplings [42–44].

The use of the InVEST model to evaluate spatial and temporal changes in regional
habitat quality is mainly based on land-use data for model input. In the process of revealing
the drivers of habitat quality change, the drivers of the same evaluation unit will reflect
different intensities of influence on different scales of habitat quality units [41,42]. For
human activities, the study of land-use change processes and their ecological effects is
also a process impact on patterns, but such impacts often involve time scales of years or
decades, so the impact of “fast” ecological processes on landscape patterns has a lag in time
scale [44]. This and numerous studies have expressed the mismatch in time scales between
landscape patterns and ecological processes, leading to a certain lack of understanding of
feedback mechanisms and systems as a whole [44–47].

Therefore, research on the effects of land characteristics and habitat quality scales
needs to be further investigated, with a focus on the integration of natural, socio-economic,
and human factors to resolve the complexity of the landscape in breadth and on the
coupling of macroscopic patterns and microscopic processes [44,48]. Providing a reliable
basis for macro-pattern characterisation and management strategy formulation, along with
macro-pattern planning and management, will in turn strengthen the practical significance
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of micro-research [49]. The ultimate goal is to scientifically, rationally, and accurately reveal
the important influencing factors of habitat quality change due to land-use change [50,51].

4.2. Research Shortcomings

The InVEST model is relatively mature and outperforms traditional methods in terms
of spatial expression and dynamic research, but there is a certain degree of subjectivity in
the parameter settings in the calculations, and the validation of the parameters and the
assessment of their rationality are worth exploring in depth [10,24,26]. This study explores
the effects of factor agglomeration on habitat in the urbanisation process and obtains some
insights that are beneficial to ensuring ecological safety in the urbanisation process. As a
complex social-ecological system, the impact of urbanisation on habitat quality includes
not only economic and demographic factors, but also hidden factors such as culture and
policies [42,43], and there is a complex relationship between factors in the urbanisation
process, so it is necessary to introduce more social factors and clarify the interrelationships
between them for a comprehensive study. This is a direction for further research.

4.3. Policy Recommendations

The Hung River Valley is a concentrated area of arable land in Qinghai Province, which
requires the continuous optimisation of agricultural production methods and improvement
of agricultural production efficiency. At the same time, in the context of the work on
comprehensive land improvement and ecological protection and restoration, the region’s
landscape type characteristics and current ecological problems should be combined to
promote agricultural production and ecological protection and restoration in an integrated
manner using development, preparation, reclamation, and restoration. Compared to areas
such as Datong and GuiDe counties, there is more room to improve the quality of habitats
in the cities of Xining and Haidong, and there is a need to further promote the construction
of large-scale forest farms and accelerate the implementation of ecological construction
projects such as the greening of key areas in central cities, major towns and parks, and
urban wetland parks, in order to systematically improve the quality of regional habitats.
A fragmented and complex landscape distribution is not conducive to the protection and
restoration of ecosystems; thus, when formulating and implementing relevant measures,
it is necessary to adhere to the principle of integrated management of “mountains, water,
forests, fields, lakes, and grasses”, reduce the risk of excessive intervention caused by the
management of single elements, and maintain natural and semi-natural landscapes.

5. Conclusions

(1) From 2000 to 2020, the area of grassland, construction land, and watersheds in the
Hung River Valley increased year by year. The area of cropland kept decreasing. The
woodland and bareland fluctuated and changed, but was basically stable. Among
them, the main source of growth in construction land is the occupation of cropland,
which is especially obvious in Xining and Haidong; woodland, grassland, water, and
other high habitat landscape types increased steadily, thanks to the implementation
of policies returning farmland to forest and grass and establishing nature reserves at
all levels.

(2) From 2000 to 2020, the Hung River Valley Habitat Quality Index was stable, at around
0.66, with a slight increase. The regional habitat quality changed, and hot and cold
states on both sides of the “Guide-Ledu” were differently distributed. The habitat level
of Xining showed low-quality characteristics, including decreasing and gathering
cold spots, while the habitat quality index of Datong County, Guide County, Mutual
County, Menyuan County, and Zunhua County was higher. The ecological protection
pressure is relatively small.

(3) The natural elements shaped the overall habitat distribution pattern in the Hung
River Valley, with slope, elevation, and habitat quality generally showing a positive
relationship, and the effect of slope on habitat was relatively complex. The effects of
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disturbance on the ecosystem were strong, biodiversity was destroyed, ecosystem
imbalance occurred, and habitat quality was significantly degraded.
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