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Abstract: Given the importance of net primary productivity (NPP) as an indicator of ecosystem
productivity and its role in the global carbon cycle, understanding the factors that influence its
stability can greatly improve our understanding of shrubland ecosystems and their response to global
change. Between 2015 and 2022, we visited most of the primary shrubland in China and surveyed
751 shrubland patches. We collected data on community structure (canopy cover), shrub and herb
species diversity, and soil physicochemical properties (soil nitrogen content and soil phosphorus
content). We also used remote sensing data to obtain NPP from 2001 to 2022. We quantified
temporal trends in shrubland stability in China and used structural equation modeling to disentangle
the direct and indirect effects of climate, soil, and shrub community structural properties. We
found that 85.3% of China’s shrublands remained stable in terms of productivity from 2001 to 2022,
10.6% of the shrublands increased in stability, and 4.1% of the shrublands need to be alerted to a
significant decrease in stability. These changes in stability were mainly related to precipitation changes.
We found that changes in precipitation directly affected the stability of net productivity and also
indirectly through changes in shrub cover and species richness. Some aspects of community structure
moderated these effects. We further found that the portion of shrubland with an upward trend in
stability did not have a significant correlation between the stability of net primary productivity and
community structure and soil N. Instead, soil phosphorus was the largest direct influence.

Keywords: net primary productivity stability; driving factor; precipitation variability; soil nutrients;
species richness; structural equation modeling

1. Introduction

As the global climate is rapidly changing [1], a number of features of ecosystems are at
risk of undergoing their own dramatic changes, which can in turn alter ecosystem services
and human well-being [2]. Key climate variables (e.g., temperature and precipitation) are
changing over time, which can affect key ecosystem and vegetation processes [3]. Net
primary productivity (NPP), a fundamental ecosystem function that reflects its ability to
convert inorganic matter into organic matter through photosynthesis over time, serves as
a pivotal indicator for assessing global climate change and human activities [4–6]. The
inter-annual variability of NPP, which reflects its stability, offers valuable insights into the
adaptive resilience and disturbance resistance of ecosystems in the face of climate change
and anthropogenic disturbances [7,8]. The productivity of ecosystems is indeed often
influenced by climate change, including the increased occurrence of extreme weather events
that may pose a threat to the overall stability of the entire ecosystem [9–11]. Therefore,
quantifying inter-annual variation in NPP can serve as a valuable indicator of ecosystem
stability and provide insights into the response of ecosystems to climate change [12–15].
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While temperature and precipitation exert significant influences on ecosystem produc-
tivity and stability [16–18], compensatory mechanisms play a pivotal role in maintaining
the stability of NPP within ecosystems [19–21]. Soil resources can serve as a compensatory
mechanism for mitigating the impact of climate on ecosystem NPP and contribute to the
maintenance of ecological stability [22]. Nutrient-rich soil plays a crucial role in provid-
ing essential elements for plant growth and facilitating normal physiological activities in
plants [23,24]. The incorporation of organic matter and minerals in the soil can enhance soil
structure and augment its water retention capacity, thereby facilitating plants to maintain
adequate water supply during drought conditions [25]. Additionally, nutrient-rich soil pro-
motes plant growth by fostering stronger biomass and root systems, leading to improved
water and nutrient uptake efficiency [26]. Furthermore, the availability of soil nutrients
exerts an influence on plant gene expression, leading to enhanced expression of resistance
genes in nutrient-rich environments [27].

Similar to soil characteristics, the community attributes of vegetation also contribute
to the stability of ecosystem NPP [28–30]. For instance, tree canopies play a crucial role
in regulating solar radiation availability, above- and below-ground respiration, as well
as evapotranspiration processes, thereby mitigating the impacts of climate warming and
drought on productivity changes [28]. Similarly, vegetation and its diversity within an
ecosystem can influence the magnitude of NPP stability alterations in response to climate
change [31,32]. For instance, during periods of drought or other disturbances, species
diversity plays a crucial role in stabilizing ecosystem productivity by enabling more tolerant
species to compensate for declines in production caused by less tolerant species [33,34].
Despite widespread support for the diversity–stability hypothesis [33,35], controversies
and challenges have emerged [36]. For instance, certain studies suggest that the influence
of species diversity on ecosystem stability may be contingent upon specific environmental
conditions and ecosystem types, indicating that not all ecosystems exhibit enhanced stability
due to species diversity [24,37].

In this study, we selected Chinese shrublands as our research focus due to their signifi-
cant ecological contributions. China encompasses approximately 743,000 km2 of shrubland,
which accounts for 13.7% of the total terrestrial ecosystem area [38]. Shrubland ecosys-
tems in China exhibit remarkable water-holding capacity (165.289 km3), soil conservation
capacity (26.733 Pg), windbreak and sand-fixing capacity (2.21 Pg), and carbon seques-
tration capacity (128.996 Pg) [39]. These data demonstrate the pivotal role of shrubland
ecosystems in upholding the natural environment and preserving ecological equilibrium.
We assessed the stability of NPP in shrublands and examined its temporal patterns across
diverse climatic conditions, ranging from cold to warm and dry to wet. Specifically, we
quantified NPP stability and its correlation with climate variables, as well as examined
the compensatory effects of soil nutrients, community structure, and species richness on
NPP stability using satellite-derived NPP data and climate records encompassing China’s
extensive and heterogeneous shrublands from 2001 to 2022.

To assess the role of local-scale processes, including soil nutrient availability, vegetation
structure, and diversity, we selected 751 primary sample plots from diverse administrative
regions in China. We specifically focused on shrubland types found in primary shrubland
sites (excluding those formed after disturbances such as deforestation and fire). Our data
collection encompassed measurements of the vegetation structure (canopy cover), species
diversity (shrubs and herbs), and soil nutrient content (soil N, soil P) to evaluate their
contribution towards maintaining NPP stability in shrubland ecosystems. Specifically, we
asked the following questions: (1) How does the temporal variation of NPP stabilization
manifest in Chinese shrubland ecosystems? (2) Which characteristics of climate, local soil
conditions, and local vegetation conditions are associated with NPP stabilization, and are
they directly or indirectly related?
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2. Materials and Methods
2.1. Shrubland Sample Plots and Vegetation Sampling

To quantify the structural characteristics and diversity of shrubland vegetation from
across China’s shrublands, we collected data from 751 sites as part of the China Science
and Technology Basic Work Program (2015FY110300) supported by the Ministry of Science
and Technology of the People’s Republic of China. Our criteria for selecting sample sites
were as follows: firstly, to exclude disturbed or damaged shrublands, particularly those in
the recovery stage; secondly, to avoid selecting shrubland in ecological transition zones
adjacent to forests or grasslands; and finally, in mountainous environments, shrubland
occurring at higher elevations was chosen as sample sites. In these areas, factors such
as altitude and climate prevent the growth of forests, making shrubland the dominant
vegetation type. The shrubland sample sites ranged from 75.5◦ to 132.8◦ E longitude and
18.6◦ to 52.4◦ N latitude, with altitudes ranging from 0 to 5300 m a.s.l (Figure 1). The
shrubland data included four shrubland types that are the most widely distributed in
China: bamboo shrubland; evergreen broad-leaved shrubland; deciduous broad-leaved
shrubland; and evergreen coniferous shrubland. We sampled these plots during June to
September, 2015–2020.

Figure 1. Location of the study area and map of sampling sites.

To sample vegetation, three sample plots of 25 m2 (5 m × 5 m) were set up in each of
the 751 shrubland communities, and the latitude, longitude, and elevation of the center
point of each plot were recorded. Field surveys were conducted from July to October
2015–2020 to record the number of shrub species and the canopy cover in the sample plots.
At the same time, three 1 m × 1 m subplots were set up diagonally in each sample plot for
herbaceous plant surveys, and the number of herbaceous plant species were recorded in
the subplots. In summary, shrub species richness data came from 2253 shrub samples and
herb species richness data came from 6759 herb samples (Table 1).

Table 1. Shrubland sampled in this study.

Shrubland Types
Number of

Geographical
Locations

Number of Shrub
Sample Plots

Number of
Herbaceous Sample Plots

Number of Soil
Samples

Altitude Range
(m. a.s.l)

Deciduous broad-leaved shrubland 430 1290 3870 3870 0–5300
Evergreen broad-leaved shrubland 283 849 2547 2547 0–4800

Evergreen coniferous shrubland 22 66 198 198 1200–4700
Bamboo shrubland 16 48 144 144 30–3300
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2.2. Soil Sampling and Nutrient Estimation

To measure soil characteristics, in each sample plot, after removing the surface apopto-
sis, three sample points were randomly selected to collect 0–20 cm of surface soil, which
was mixed homogeneously to remove debris such as gravel and roots, and then returned to
the laboratory in self-sealing bags, numbered, and brought back to the laboratory for the de-
termination of total soil nitrogen and total soil phosphorus. Total nitrogen was determined
by Kjeldahl method and total phosphorus was determined by molybdenum-antimony
colorimetric method [40,41].

2.3. Climate Data

We obtained monthly data on temperature and precipitation from worldclim’s
historical monthly climate data from 2001 to 2022 with a spatial resolution of 2.5′

(https://www.worldclim.org/data/monthlywth.html, accessed on 9 October 2023) [42].
The mean annual temperature in the shrubland sampling area was 8.56 ± 6.12 ◦C, and the
limit range of the mean annual temperature was −5.25 ◦C (minimum value) to 25.19 ◦C
(maximum value). The mean annual precipitation in the shrubland sampling area was
668.5 ± 461.6 mm and the limit range of annual precipitation was 32 mm (minimum value)
to 2166 mm (maximum value).

2.4. NPP Data and Calculation of Productivity Dynamics

We collected NPP data from NASA’s MOD17A3HGF product (https://lpdaac.usgs.
gov, accessed on 9 October 2023), which has a spatial resolution of 500 m MODIS/Terra
imagery. Specifically, we calculated net photosynthesis every 8 days as the difference
between total primary productivity and respiration maintenance [43]. We calculated NPP
at a one-year temporal resolution from 2001 to 2022.We used mean annual NPP from
2001 to 2022 to characterize the productivity level. We further used the coefficient of
variation of the NPP time series from 2001 to 2022 to characterize the stability. Hereafter,
we refer to variation coefficient as CV with smaller CV of NPP values indicating more
stable productivity.

2.5. Terrain Data

To investigate elevation gradient patterns in shrubland NPP stability, we used ele-
vation data from the SRTM (Shuttle Radar Topography Mission), an international project
conducted jointly by NASA and the National Geospatial-Intelligence Agency (NGA) since
11–22 February 2000 on the Space Shuttle Endeavour. The SRTM mission lasted 11 days
and collected data via radar interferometry, an onboard/outboard antenna system, and
a single data acquisition, which was used to generate a near-global land elevation data
product. We used SRTM1 with an accuracy of 1arc-second, and the SRTM1 file contains
height data from 3600 × 3600 sampling points inside, with an accuracy of about 30 m.

2.6. Data Analysis

We obtained the geographic location and area of shrubland from a vegetation map
of the People’s Republic of China (1:1,000,000) [44] and divided the statistical units into
counties in China, so we obtained 1434 county-scale shrubland patches (Figure 2). These
shrubland patches were matched with the NPP data from 2001 to 2022 in ArcMap10.2
software according to geographic coordinates, and spatial statistics were performed on
each shrubland patch to obtain the mean value of NPP for each year. The CV of NPP
for 2001–2022 for each shrubland patch was calculated as the temporal stability index of
shrubland in the county.

We partitioned the elevation range of 0–6100 m into 61 statistical units at intervals
of 100 m. Utilizing the SRTM data, we generated a digital elevation model (DEM) and
integrated it with the distribution data of shrubland coefficient of variation (CV) based
on the spatial coordinate system in ArcGIS 10.2 software. This enabled us to derive the
mean value and area of shrubland CV for each statistical unit, facilitating an analysis of the

https://www.worldclim.org/data/monthlywth.html
https://lpdaac.usgs.gov
https://lpdaac.usgs.gov
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elevation gradient pattern in shrubland NPP stability. The evaluation of CVs for shrubland
NPP along elevational gradients was conducted using R version 4.2.2 with assistance from
the stats package.

Figure 2. Methodology flowchart. CV is coefficient of variation. NPP is net primary productivity.
DEM is a digital elevation model.

In order to analyze the trend of shrubland stability, we divided the years 2001–2022 into
five time segments: 2001–2005, 2006–2010, 2011–2015, and 2016–2022. Then, we compared
the difference in the CV of NPP for each time segment with that of the last, respectively.
A larger CV value represents a decrease in stability for this time period relative to the
previous time period, and vice versa for an increase in stability.

In order to detect the significance of the CV trend, we used joinpoint regression to
avoid the error caused by the unequal length of the four time periods. We evaluated the
average annual percentage change (AAPC) and corresponding 95% confidence intervals
(CI) for the CV data. The weights are equivalent to the length of time interval. All AAPCs
with 95% CI above and below zero, respectively, were considered as upward and downward
trends. A value of 95% CI coinciding with zero was considered as a stable trend [45]. In all
statistical analyses, we set α = 0.05 as the significance criterion. The joinpoint regression
analysis was conducted using the Joinpoint software (Version 5.0.2.; Statistical Research
and Applications Branch, National Cancer Institute, Calverton, MD, USA), which was
developed by the National Cancer Institute.

By matching geographic coordinates, we obtained monthly precipitation data and
monthly maximum and minimum air temperatures for each shrubland vegetation survey
sample site from 2001 to 2022. We labeled the monthly precipitation as annual precipitation,
and the average temperature of each month as annual average temperature, and calculated
the CV of annual precipitation and the CV of annual average temperature for each shrub-
land vegetation survey sample site. They were analyzed together with soil nutrient content,
shrubland cover, and species richness as factors influencing the CV values of NPP.

Structural equation modeling (SEM) was used to determine the structural relationships
between climate, soil, and community characteristics and CV of NPP. We first developed
a hypothetical model based on the existing knowledge and previous findings [46–49],
which contained CV of annual precipitation, CV of annual mean temperature, soil nitrogen
content, soil phosphorus content, canopy cover, shrub species richness, and herbaceous
species richness All plausible interaction paths between shrub species richness and CV of
NPP were further refined based on SEM techniques [50]. The data on species richness of
shrub/herb were log-transformed to normalize the error term [51]. Model fit was assessed
using a set of criteria, with maximum likelihood χ2/df, less than 5, being considered
goodness of fit [52]. And, goodness of fit index (GFI) values closer to 1 indicated higher
model fit, and vice versa for lower model fit [53]. Traditionally, a comparative fit index (CFI)
of 0.9 or above is considered a good fit [54,55]. Furthermore, the smaller the standardized
root mean square residual (SRMR), the better the model fit; SRMR = 0 indicates perfect fit
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and less than 0.05 is generally referred to as good fit [56]. In addition, root mean square
error of approximation (RMSEA) less than 0.08 indicates an acceptable model [57,58]. The
analysis of SEM is conducted in the in R version 4.2.2 by applying the lavaan package.

3. Results
3.1. Dynamics of Shrubland Productivity

The stability of shrubland ecosystems in China is characterized by large spatial
heterogeneity. At the spatial scale, shrubland stability is relatively high in the south
and northwest, while shrubland on the northeast–southwest continuum is less stable
(Figure 3a). This may be due to environmental factors, such as climate, or the characteristics
of the shrubs themselves. Within the same region, shrubland stability changes over time
(Figure 3b). For example, shrubland stability generally declined between 2011 and 2015
(Figure 3c) but began to increase in most regions between 2016 and 2022 (Figure 3d). This
phenomenon may be related to changes in environmental factors, especially climate, across
the region. In addition, the stability of shrubland ecosystems is closely linked to spatial het-
erogeneity. Heterogeneous diversity can lead to more complex landscapes and ecosystem
functions, and at the same time provide suitable survival environments and opportunities
for different species, thus increasing ecosystem stability and stress resistance. Overall, the
spatial heterogeneity of the stability of shrubland ecosystems in China is a complex issue
involving various factors such as geographic location, climate, environmental factors, and
the characteristics of the shrublands themselves.

Figure 3. (a) CV of shrubland NPP during 2001–2022; (b) difference in CV between 2006 and
2010 compared to 2001–2005. (c) Difference in CV between 2011 and 2015 compared to 2006–2010;
(d) difference in CV between 2016 and 2022 compared to 2011–2015.



Forests 2024, 15, 531 7 of 15

According to the Chinese vegetation map records, the shrubland was mainly dis-
tributed between 0 and 6100 m above sea level, with a bimodal distribution (R2 = 0.901,
p < 0.005), with the first peak value at 5100 m, and the second peak at 1000 m (Figure 3).
The lowest elevation for NPP stability was 5100 m, and the highest elevation range for NPP
stability was below 1000 m. The CVs of the elevation intervals between 0 and 1000 m and
between 2000 and 5100 m gradually increased with elevation, both NPP stability decreased
with elevation. The 2000 to 5100 m elevation ranges have CVs that gradually increase with
elevation, both NPP stability decreases with elevation. On the contrary, CV decreases with
elevation for the elevation intervals from 1000 to 2000 m and above 5100 m, both NPP
stability increases with elevation. Overall, the stability of NPP is higher at altitude than at
lower altitudes (Figure 4).

Figure 4. Elevational pattern of cv of NPP in China. The red line indicates the best fit model of
polynomial. The gray areas represent 95% confidence intervals and the black dots are the mean values
of the CVs.

Dividing 2001 to 2022 into four phases, through Joinpoint regression analysis, we
found that 85.3% of the 1434 counties in China with shrubland data have fluctuating NPP
stability, and no significant upward or downward trend was found. It is noteworthy that
the stability of NPP in 152 counties is increasing (with decreasing CV), mainly in the Loess
Plateau in northern China, the Qaidam Basin in western China, and the Liangguang Hills in
southern China, which account for 10.6% of China’s shrubland (Figure 5). However, a more
alarming phenomenon is the decreasing stability (increasing CV) of NPP in 59 counties,
widely distributed in southern and southwestern China, accounting for 4.1% of China’s
shrubland (Figure 5), which is a relatively small proportion but indicates the risk of changes
in ecosystem structure and function, and threats to ecosystem health.

3.2. Environmental Factors Affecting Productivity

To verify whether fluctuations in shrubland net productivity are caused by fluctua-
tions in annual precipitation and mean annual temperature, and the contribution of soil
nutrients and community characteristics to stabilizing shrubland net productivity, we used
structural equation modeling (SEM). Referring to the model evaluation criteria, our SEM
had a relatively good model fit. From the SEM, we found that the climatic factor that
contributes the most to the fluctuation of NPP is the fluctuation of annual precipitation,
while the fluctuation of annual mean temperature has a very relatively weak effect on
NPP (Figure 6a). Moreover, we found that soil nitrogen content was a facilitating factor
to reduce the fluctuation and increase the stability of shrubland NPP, but soil phosphorus
content was not found to play a significant role in the stability of NPP (Figure 6a). Finally,
we found that canopy cover and shrub species richness also had positive effects on main-
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taining productivity stability, but herbaceous species richness promoted fluctuations in
NPP (Figure 6a).

Figure 5. Distribution of shrubland NPP trends.

Figure 6. Cascading relationships of annual NPP coefficients of variation with environmental
variables and community characteristics. (a) Sample sites with significant increases in NPP stability
on the time series; (b) all sample sites. Gray dotted lines indicate insignificant pathways from a priori
models. Green and red arrows indicate positive and negative flows of causality (p < 0.05), respectively.
Numbers on the arrow indicate significant standardized path coefficients. CV: coefficient of variation;
Soil N: soil nitrogen; Soil P: soil phosphorous; Coverage: total shrubland canopy cover; Log Shrub
richness: Log-transformed number of shrub species; Log Herb richness: Log-transformed number of
herb species.
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The NPP stability of 59 shrubland sample plots in China has continued to increase
over the past years, from 2001 to 2022. This increasing trend may be due to the combined
effects of several environmental factors. First, the NPP stability of these samples was
decreased by precipitation variability, and the standardized path coefficient decreased from
0.33 to 0.22, but precipitation variability still negatively affected the NPP stability of these
samples. Second, the effects of temperature variability, soil nitrogen content, cover, and
species richness on NPP stability were no longer significant (Figure 6b). This may indicate
that the stabilized growing shrublands have adapted to the variations in these factors,
or that the effects of these factors on the NPP of the stabilized growing shrublands have
diminished. On the contrary, soil phosphorus content became the variable that contributed
the most to NPP stability, with higher soil phosphorus content being associated with higher
NPP stability. This may imply that soil phosphorus content has a critical influence on NPP
stability in samples with sustained stability growth.

4. Discussion
4.1. Stability Patterns and Trends

By analyzing the temporal variation of NPP in shrubland ecosystems, which is an
important component of ecosystem stability [59], we concluded that there is spatial hetero-
geneity in the ecological stability of shrubland in China. The spatial heterogeneity exhibited
in ecosystem stability is not only a result of geographic and environmental differences but
is also closely related to the structure and function of ecosystems [60], which is consistent
with our findings. Due to the enhanced temporal variability of precipitation in the tropics
in recent years, precipitation-driven ecosystem stability in the tropics showed less stability
than in the mid-northern latitudes [61], further supporting our view that temporal variabil-
ity of precipitation drives productivity stability. Another study conducted in the Chinese
region can also provide support for our view that precipitation in China has increased in
fluctuations over the last 20 years and has increased more in the northern region than in
the southern region [62], which can be used to explain our finding that southern shrubland
is more stable than northern shrubland.

Our results show that most of the shrubland in China can maintain stability, which
is related to the stability of China’s climate in the last 20 years, where the frequency of
extreme climate events and extreme conditions are relatively mild [63]. Overall, 10.6% of
China’s shrubland has increased in stability since 2001, which is mainly concentrated in the
Inner Mongolia Plateau and the Loess Plateau region, and the possible reasons for this are
twofold. One is that the implementation of ecological restoration projects and measures
such as returning farmland to forests in the region in the past 20 years has improved the
stability of local shrubland [64,65]. The second is the influence of changes in climate; in
recent years, the climate of the Inner Mongolia Plateau and Loess Plateau has undergone
certain changes, such as rising temperatures and increased precipitation, which has had a
positive impact on the growth and stability of vegetation [66,67].

Globally, most terrestrial ecosystems are in a stable state, with degraded vegetation
accounting for only 5.9% of the global vegetation area [68]. However, what is more alarming
is that 9.2% of the shrubland has declined in stability, and the percentage of shrubland
stability decline is higher than the global average. Declining vegetation stability may lead to
affected ecological functions and deterioration of the ecological environment. For example,
when vegetation stability declines, it may lead to the following: a reduction in vegetation
cover, where the soil is easily washed away by wind and water, resulting in infertile
soils and increased soil erosion [69]; declining vegetation stability, leading to the loss of
suitable conditions for the survival of many plants and animals, triggering a biodiversity
reduction [70]; a decrease in vegetation stability, weakening carbon sequestration and
exacerbating the rate of climate change [71]. There are many possible reasons for the decline
of shrubland stability. First, natural factors; for example, extreme climatic events (e.g.,
drought, floods, etc.) or natural disasters (e.g., fires, earthquakes, etc.), which can destabilize
vegetation [72,73]. Second, anthropogenic factors; human activities, such as excessive
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felling, overgrazing, and overcultivation, which disrupt ecological balance and vegetation
stability [74]. Third, the urbanization process; during urbanization, activities such as city
construction, road expansion, and industrial pollution destroy surrounding vegetation and
reduce vegetation stability [73]. However, shrubland stability is not determined by a single
factor, but is usually driven by a combination of factors [22,75,76].

4.2. Correlates of Stability

We found that the stability of NPP is mainly ensured by the stability of annual pre-
cipitation. Indeed, precipitation is commonly associated with ecosystem stability [77],
especially in arid and semi-arid regions where precipitation is a driver of productivity and
NPP increases with annual precipitation, and vice versa [78]. Globally, the interannual
variability of precipitation is increasing as climate warming intensifies and the frequency
of extreme events increases [79], which we expect to lead to a decrease in the stability
of many ecosystems. NPP responds positively or negatively to increases in precipitation
variability in different regions due to differences in hydrological conditions [80]. Globally,
precipitation variability has a negative impact on NPP, which may affect future terrestrial
carbon sinks [81].

We found that increased soil N content increased NPP stability (lower CV). Globally,
soil nutrient limitation usually leads to lower NPP, and higher soil nutrient content usually
leads to higher NPP [82]. Soil conditions increase NPP stability by increasing average
NPP [83]. Therefore, low N soils not only lead to low NPP but also decrease NPP stability.
Although China’s N reserves are slightly higher than the global average, low-N soils cover
a large area [84], which may pose a risk to NPP stability. There is a need to be alert to
the possible combined effect of low soil N content and high variability of precipitation on
NPP stability.

4.3. NPP Stability and Community Characterization

As we observed in SEM, community characteristics had a significant effect on NPP
stability. Specifically, the greater the canopy cover and the higher the shrub species richness,
the higher the NPP stability, while the higher the herbaceous species richness, the lower
the NPP stability. The possible reason is that productivity and community characteristics
(canopy cover and species richness) work together to respond to climate change, and
the temporal stability of NPP is usually ensured by altering the ratio of above-ground
and below-ground NPP allocation by changing canopy cover, species richness, etc. [85].
For example, the occurrence of prolonged drought events reduces species richness and
decreases the ratio of ANPP (above ground net primary productivity) to BNPP (below
ground net primary productivity) [86].

The relationship we observed between shrub species richness and NPP stability is
consistent with the diversity–stability hypothesis. There is a close relationship between
diversity and stability, and according to the assemblage theory, communities with such
high biodiversity should exhibit high stability in terms of ecosystem functions, including
NPP [87]. In addition, the species competition model proves that the higher the species
diversity, the higher the NPP and the higher the temporal stability of the community [88].
On the other hand, according to our results, high shrub species richness leads to low
herbaceous species richness, and low herbaceous species richness instead promotes NPP
stability. Warming experiments in alpine grassland ecosystems yielded results consistent
with ours, and experimental warming and drought treatments, which increased herbaceous
species richness, decreased NPP maintained stability [88].

4.4. Future Research Directions

Our study represents a pioneering investigation into the temporal patterns and trends
of NPP stability in shrubland ecosystems across China during the period 2001–2022. Addi-
tionally, we comprehensively analyzed the influential factors impacting shrubland stability
while exploring how soil nutrients, community structure, and species richness can poten-
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tially compensate for climatic fluctuations affecting shrubland NPP. Notably, our research
bridges a critical knowledge gap by providing a comprehensive understanding of com-
pensatory effects from soil nutrients, community structure, and species richness that were
previously lacking in local-scale studies on shrubland stability in China.

According to our findings, in order to enhance the stability of NPP in shrubland
ecosystems in China, it is crucial to primarily focus on mitigating the impact of precip-
itation variability on shrubland dynamics. The effects of precipitation variation can be
counterbalanced by adjusting soil moisture through irrigation or other appropriate mea-
sures. Furthermore, ameliorating climatic fluctuations in shrubland NPP can be achieved
by augmenting soil nutrient availability, increasing cover, and enhancing shrub species
richness within the shrub community. However, regulating the phosphorus content in soil
is regarded as the primary approach to enhance the stability of shrublands with consistent
NPP stability growth.

The future research direction entails investigating the constraints on NPP stability in
China’s shrubland and devising strategies to uphold stability across diverse regions based
on climatic and topographic conditions. Furthermore, it is crucial to explore the potential
interplay or counteractive impacts of soil properties, community structure, and species
diversity on NPP stability, along with elucidating the specific underlying mechanisms
driving these influences.

5. Conclusions

Given the significance of NPP as an indicator of ecosystem function and its role in
the global carbon cycle, comprehending its stability and the factors influencing it can
significantly enhance our understanding of shrubland ecosystems and their response to
global change. At the spatial scale, we observed heterogeneous stability among shrubland
ecosystems in China, with southern shrublands exhibiting notably higher stability com-
pared to northern and southwest shrublands. Along the elevation gradient, NPP stability
was found to be lowest at 5000 m. Over time, approximately 85.3% of shrublands displayed
no significant increase or decrease in NPP stability during 2001–2022, while 10.6% exhibited
a continued increase and 4.1% showed a continued decrease in NPP stability. The variation
in shrub NPP stability is primarily attributed to climate change, particularly fluctuations
in annual rainfall patterns. Additionally, we discovered that soil nitrogen content, shrub
cover, and species richness exert compensatory effects on shrub NPP stability. Based on
our research findings, it has been observed that over the past two decades there has been a
continuous decline in shrub NPP stability across 59 counties in China. The impact of rainfall
variability can be mitigated by adjusting soil moisture levels while increasing soil nitrogen
content and enhancing shrub cover density, and promoting greater species richness can
contribute to increased stability of shrubland NPP. Investigating the interaction between
these factors and elucidating the mechanisms underlying their influence on shrubland NPP
stability will be addressed as part of our future research.
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