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A B S T R A C T   

Functional and structural regime shifts have been observed among many ecosystems. Understanding regime 
shifts in watershed ecosystems is crucial for landscape management and sustainable development. We propose 
the perspective that the relationship dynamics of ecosystem services (ESs) can reflect watershed ecosystem 
regime shifts. An assessment of the critical transitions in watershed landscape patterns is integrated to support 
the regime shift analysis. The downstream basin of the Nu-Salween River (NSR) was selected as the study area to 
demonstrate regime shifts occurring from 1999 to 2019. To detect the functional critical transition, changes in 
the relationships among various ESs, including in the habitat quality for biodiversity (HQ), carbon storage (CS), 
water yield (WY), soil conservation (SC) and grain production (GP), were revealed using time series correlation 
analysis. To identify the critical structural transitions of watershed, the Pettitt test and principal component 
analysis (PCA) were used to display changes in landscape patterns. The results showed that (1) WY and GP were 
key ESs that could define watershed stable states; (2) three states, the “coordinated state” from 1999 to 2008, the 
“transient state” from 2009 to 2013 and the “trade-off state” from 2014 to 2019, were identified in the down
stream basin of the NSR; and (3) the watershed functional critical transition had a 1-year time lag with the 
structural critical transition. This research revealed the nonlinear dynamics of a complex system in watersheds, 
and the detection of regime shifts that integrate the interaction dynamics of ESs can better serve watershed 
management to cope with abrupt changes.   

1. Introduction 

Globally, the ecosystem state is affected by human activities and 
climate change (Sasaki et al., 2015). When an ecosystem suffers excess 
disturbances that are beyond its resilience capacity, an ecosystem state 
transition occurs (Suding and Hobbs, 2009). Multiple ecosystems can 
exhibit alternative stable states under certain environmental conditions 
(Scheffer et al., 2001). When ecosystems occur as alternative stable 
states, transitions between stable states often occur abruptly or suddenly 
(Kéfi et al., 2016). Human well-being may be further impacted by 
changes in ecosystem status by the ongoing provision of ecosystem 
services (ESs) (Biggs et al., 2018). The critical changes in ecosystem 
states are probably irreversible (Scheffer et al., 2001). Hence, for 
ecosystem management and sustainable development, it is essential to 
comprehend the changes in the state of ecosystem (Wu, 2013). 

Regime shifts can be reflected in functional and structural ecosystem 
changes that are tremendous and often abrupt (Biggs et al., 2009). As 
nonlinear behaviors are widespread in ecosystems, internal variables 
often change nonlinearly when ecosystem regime shifts occur (Mayer 
and Rietkerk, 2004). Therefore, ecosystem indicator time series were 
employed to analysis whether abrupt change occur in ecosystem by a 
series of statistical methods (Andersen et al., 2009), including in marine 
(Tomczak et al., 2013b), grassland (Bestelmeyer et al., 2018), forest 
(Ospina et al., 2019), and urban ecosystems (Zhang et al., 2015). The 
recognition of tipping points among ecosystem indicators provides a 
common perspective for analyzing regime shifts. This method is widely 
used to detect social-ecological systems, natural ecosystems and social 
system shifts (Milkoreit et al., 2018). To avoid undesirable regime shifts, 
some statistical indicators have been developed as early warning signals. 
Abrupt increases in spatial correlation in a low-connectivity 
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environment and in temporal autocorrelation in a high-connectivity 
environment can be applied to foretell regime shifts (Dakos et al., 
2010). Likewise, when ecosystems approach the tipping point, the 
abnormal fluctuations among ecological and environmental variables 
can be early warning signals (Scheffer et al., 2012). However, the re
lationships between ecological components have not been taken into 
account in previous studies on regime shifts (Wu et al., 2020). Essential 
ecosystem functions can be represented by ecosystem services (ESs) that 
derived from ecosystems (De Groot et al., 2002). The interactions among 
ESs can shift through time when ecological processes change (Bennett 
et al., 2009). Different ESs can interact as trade-offs, or synergy (Jon 
Paul Rodriguez, 2012), or as neutral (Lee and Lautenbach, 2016). 
Quantifying the temporal characteristics of the ES relationship can 
create an opportunity to detect ecosystem regime shifts. On this basis, 
tipping point assessments of ecosystem structure are jointly employed to 
analyze whether ecosystem regime shifts occur. The components of 
ecosystems underpin the ecological processes that ultimately determine 
the provision of ESs (Fu et al., 2013). Landscape pattern evolution is 
directly linked to the dynamics of ecosystem structure (Ma et al., 2019). 
And landscape indices are useful to quantify landscape pattern at 
different levels (Tischendorf, 2001). We selected sets of landscape 
indices to estimate temporal changes in ecosystem structure at the 
landscape level. When ecosystem appear as alternative stable states, 
state variables will maintain stability within limits before and after 
tipping point (Beisner et al., 2003). The Pettitt Test is a sophisticated 
method for detection of tipping point in the mean value of indicators 
time series (Zhou et al., 2011). The fitted mean value of landscape 
indices can capture this important characteristic in alternative stable 
states. Therefore, Pettitt Test is adopted to investigate the time when a 
significant transition occurs in landscape indices; the transition is re
flected in a shift in the ecosystem structural regime. Based on analysis of 
abrupt change of ecosystem function and structure, exploring whether 
watershed ecosystems can occur as alternative stable states is essential 
for watershed management. In addition, integrating the ES perspective 
into the study of the nonlinear dynamics of important ecological func
tional watershed ecosystems can provide insight into regional sustain
ability and human well-being.. 

We assume that in a stable ecosystem, the relationships among 
different ESs are perennially stable. When internal or external distur
bances extend beyond ecosystem resilience, an ecosystem functional 
regime shift occurs, and the relationships of the ESs will change and 
stabilize again in the new phase. To test this hypothesis, we selected the 
downstream basin of the Nu-Salween River (NSR) as the study area to 
analyze abrupt changes among ES interactions and identify the alter
native stable states within the watershed ecosystem. The NSR is one of 
the free-flowing rivers that still connect to the ocean in the world, 
exposing the sustained pressure faced by this watershed (Grill et al., 
2019). As a transboundary river, the growing eco-security issues (e.g., 
species invasion, biodiversity losses) affect both China and neighboring 
countries (He et al., 2014). The downstream basin of the NSR is located 
in southwest China and is an ecological security shelter that supports 
biodiversity hotpot conservation (Su et al., 2022). Besides, the down
stream basin of the NSR has a significant “corridor-barrier” function 
because its terrain is complicated and diversified, with deep canyons 
and high mountains (Yu et al., 2017). Moreover, the downstream basin 
of the NSR is the component of the Three Parallel Rivers of Yunnan 
Protected Areas, and most areas of this region are international 
ecological protection hotpots with sensitive and fragile ecosystems 
(Chen et al., 2019). In contrast to grazing in the upper reaches, the main 
agricultural activities are dry farming and irrigation farming in the 
downstream basin of the NSR, which serves as a key hub for the pro
duction of grains in western Yunnan Province (Chen et al., 2019). 
However, the quality of the vegetation in this region has decreased in 
recent decades (Huo and Sun, 2021). And the land cover has changed 
significantly, while the ecosystem service value has experienced varia
tions, including a decrease and then an increase, in this important 

ecological functional area over decades (Wang et al., 2018). 
In this study, we propose the perspective that the relationship dy

namics of multiple ESs can reflect watershed ecosystem regime shifts. An 
assessment of the critical transitions of the watershed landscape pattern 
is integrated to support the regime shift analysis. The objectives of this 
study were (1) to identify the change of interactions between pairs of ESs 
from 1999 to 2019, (2) to detect the tipping point of landscape patterns 
and (3) to estimate the regime shifts of watershed ecosystems. 

2. Materials and methods 

2.1. Study area 

The study area is a downstream basin of the NSR located in north
western Yunnan Province, China (23◦19′-28◦12′N, 98◦21′-100◦12′E) 
(Fig. 1). The upper part of this region includes high mountain passes and 
valleys, where the topography is precipitous and narrow, and has a 
distinct “corridor-barrier” function and significant vertical climatic 
differences (Yang et al., 2021a,b). The bottom part of this region is 
relatively flat and contributes substantial grain production for Yunnan 
Province. The elevation ranges from 355 m to 5063 m. The annually 
precipitation is approximately 1336.7 mm, which is higher than the 
average level of Yunnan Province. The downstream basin of the NSR is 
an important part of the ecological corridor that links southern China 
and southeastern Asia (Wu et al., 2005). This region involves multiple of 
the ecosystem types present in the Northern Hemisphere, except deserts 
and oceans, and is a global gene reserve with extremely rich biodiversity 
(He et al., 2005). 

2.2. Workflow and data collection 

The workflow to estimate the regime shift of downstream basin of the 
NSR was shown in Fig. 2. Firstly, spatiotemporal distribution of ESs and 
time-series landscape pattern indices were quantified from 1999 to 
2019. Secondly, Pettitt test analysis was used to detect abrupt change 
among two principal components of landscape pattern indices and 
average provision of ESs. Then, the interaction dynamics of multiple ESs 
were quantified through correlation analysis. On this basis, the regime 
shift of downstream basin of the NSR was estimated in function and 
structure two aspects to demonstrate our hypothesis. We acquired six 
types of data from 1999 to 2019 as Table 1 shown. The multisource 
observation data were appropriate for ESs mapping that by Integrated 
Valuation of Ecosystem Services and Tradeoffs (InVEST) software and 
assessment of landscape pattern that by Fragstats software. 

2.3. ES assessment 

We selected the key ESs on the strength of major ecological problems 
and the extremely low economic level of downstream basin of the NSR; 
we included habitat quality for biodiversity (HQ) as the support service; 
water yield (WY), soil conservation (SC) and carbon storage (CS) as the 
regulation services; and grain production (GP) as the provision service. 

2.3.1. Grain production 
Vegetation indices are often used for crop monitoring, and the NDVI 

has a linear correlation with grain production (Kuri et al., 2014). We 
chose the NDVI allocation method to calculate the GP within each arable 
land grid. The total grain output of Yunnan Province was extracted from 
the statistical yearbook. Then, the ratio of the time-series NDVI data 
within cultivated lands was associated with the grain output. The final 
results were clipped to our study area. The GP was calculated as follows: 

GPi = GPsum ×
NDVIi

NDVIsum
(1)  

where GPi is the output of grain products allocated to grid unit i, GPsum is 
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the total output of grain products, NDVIi is the normalized vegetation 
index of grid unit i, and NDVIsum is the sum of NDVI values for cultivated 
lands. 

2.3.2. Carbon storage 
The CS was assessed using the Carbon Model of the InVEST software. 

This model estimated CS via four carbon sinks that aboveground and 
belowground biomass, soil and dead organic matter (Sharp et al., 2018). 

The data required for the model were LULC and relevant carbon storage 
values for each LULC. The four carbon pools were obtained from the 
results of literature reviews (Terrado et al., 2016; Yang et al., 2018; Zhou 
et al., 2019). The CS was calculated as follows: 

CS = Cabove +Cbelow +Csoil +Cdead (2)  

where CS is the total carbon fixation supply (t/ha), Cabove is the above
ground biochar, Cbelow is the underground biochar, Csoil is the organic 

Fig. 1. Location of downstream basin of the NSR.  
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carbon in the soil, and Cdead is the dead organic carbon. 

2.3.3. Water yield 
The WY was assessed using the Water Yield Model of the InVEST 

software. Combined with precipitation and evaporation, this model 
estimated the water runoff in each grid and whole watershed respec
tively (Sharp et al., 2018). The data required for this model include plant 
available water content (PAWC), precipitation, DEM, soil depth, 
empirical constant (Z parameter), biophysical table data, watershed 
boundary and reference evapotranspiration (ET0). 

Both chemical and physical features of soil in China were applied to 
evaluate the PAWC (Zhou et al., 2005). The PAWC formula was 
expressed as follow: 

PAWC =54.509 − 0.132SAN − 0.003SAN2 − 0.055SIL − 0.006SIL2

− 0.738CLA+ 0.007CLA2 − 2.688C+ 0.501C2 (3)  

where SAN, SIL, CLA, and C are the proportions of sand, silt, clay, and 
organic matter in the soil (%), respectively. 

The modified Hargreaves equation was utilized to calculate the 
annual ET0 as proposed by Hargreaves and Allen. (2003). The Har
greaves equation is given as follows: 

ET0 = 0.0013 × 0.408 × RA × (Tav + 17) × (TD − 0.0123P)0.76 (4)  

where ET0 is the reference evapotranspiration (mm/d), RA is the 
extraterrestrial radiation (MJ‧m− 2‧d-1), Tav is the average of the mean 
daily maximum and mean daily minimum temperatures for each month, 
TD is the difference between the mean daily maximum and mean daily 
minimums for each month, and P is the precipitation per month. 

Watersheds and subwatersheds were exacted by the ArcSWAT model 
based on the DEM. The watershed area covered the whole study area. 
The biophysical coefficients which model required were prepared in 
view of users’ guide of the InVEST model and previous studies (Sharp 
et al., 2018; Wei et al., 2021; Yu et al., 2022). The Z parameter is a 
climate seasonality factor. Here, the default value was adopted (Borselli 
et al., 2008). 

Fig. 2. The workflow chart for detecting the regime shift of downstream basin of the NSR.  

Table 1 
The data sources.  

Data type Data resolution Access References 

Land use and 
land cover 
(LULC) 

wetland, 
barren, forest, 
impervious, 
cropland, 
snow/ice, 
shrub, water, 
and grassland 

30 m 30 m annual 
land cover and 
its dynamics in 
China from 
1990 to 2019 
public domain 
at https://doi. 
org/10. 
5281/zenodo. 
4417810 

(Yang and 
Huang, 
2021) 

Topography ASTER GDEM 
data 

30 m Geospatial Data 
Cloud 
(http://www. 
gscloud.cn)  

Soil data Soil property 1000 m National 
Cryosphere 
Desert Data 
Center (htt 
ps://www. 
ncdc.ac.cn)  

Meteorological 
data 

Precipitation 
and 
temperature 

1000 m National 
Tibetan 
Plateau/Third 
Pole 
Environment 
Data Center 
(https://data.tp 
dc.ac.cn) 

(Peng, 
2020a, 
2020b, 
2020c) 

Socioeconomic 
data 

grain 
production 

county statistical 
yearbooks of 
Yunnan 
Province  

Vegetation data normalized 
difference 
vegetation 
index (NDVI) 

30 m Resource and 
Environment 
Science and 
Data Center 
(http://www. 
resdc.cn)   
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2.3.4. Soil conservation 
The SC was assessed using the Sediment Delivery Ratio Model of the 

InVEST software. Combined with potential soil erosion and actual soil 
loss, this model estimated the sediment retention using the revised 
universal soil loss equation (RUSLE) and required LULC, DEM, rainfall 
erosivity (R), soil erodibility (K) and watershed boundary data. R was 
calculated using the empirical formula put forward by Wischmeier as 
follows: 

R =
∑12

i
1.735 × 10

[(

1.5×log10
pi

2
p

)

− 0.8188

]

(5)  

where R is the rainfall erosivity, MJ•mm/(ha•hr•yr); Pi is the monthly 
precipitation (mm/month); and P is the annual precipitation (mm/ 
year). 

K is the soil erodibility and was calculated using the erosion pro
ductivity impact calculator (EPIC) model (Williams et al., 1984) as 
follows: 

K =

{

0.2+ 0.3exp
[

0.256SAN
(

1 −
SIL
100

)]}

×

(
SIL

CLA + SIL

)0.3

×

(

1 −
0.25C

C + exp(3.72 − 2.95C)

)

×

(

1 −
0.7(1 − SAN)

(1 − SAN) + exp[2.29(1 − SAN) ] − 5.51

)

(6)  

where SAN, SIL, CLA, and C are the percent proportions of sand, silt, 
clay, and organic matter in the soil, respectively. 

2.3.5. Habitat quality for biodiversity 
The HQ was assessed using the Habitat Quality Model of the InVEST 

software. This model estimated HQ by analyzing LULC and threats. The 
threat sources included farmland and city settlement. The data required 
for the model were LULC and threat data which represent human- 
dependent influences include farmland and city settlement (in text 
and raster format). 

2.4. Ecosystem regime shift detection 

2.4.1. Correlation analysis 
The values of multiple ESs within grids were exacted to points. Then, 

the relationships between pairs of ESs were identified by Pearson’s test 
from 1999 to 2019. When the correlation coefficients and significance 
test changed in a specific year and continued to be stable after that year, 
it was assumed that that year was the tipping point of the ecosystem 
function that caused the ES interactions to transition to different phases. 

2.4.2. Principal component analysis 
Correlated time-series data that reflect ecosystem states can be 

compressed using principal component analysis (PCA) (Möllmann et al., 
2009). Here, we used the PCA method to quantify the transformed 
values and contributions of time-series landscape indices in two com
ponents (i.e. PC1 and PC2). Ten landscape indices (Table 2) were 
selected to estimate regional landscape patterns (i.e. watershed 
ecosystem structure) from 1999 to 2019 in shape, aggregation and di
versity aspects. The yearly scores of PC1 and PC2 were extracted against 
years for subsequent step. 

2.4.3. Pettitt test analysis 
The rank-based nonparametric statistical test method called Pettitt 

test analysis was applied to detect abrupt changes (Pettitt, 1979). The 
yearly PC1 and PC2 scores were analyzed by the Pettitt test to detect 
whether and when abrupt changes had occurred. Additionally, yearly ES 
mean grid provisions were analyzed to identify tipping points. The 
Pettitt test is expressed as follows: 

Ut,T =
∑t

i=1

∑T

j=t+1
sgn

(
xj − xi

)
, 1 ≤ t < T (7)  

where 

sgn(θ) =

⎧
⎨

⎩

1if θ > 0;
0if θ = 0;
− 1if θ < 0.

(8) 

The test statistic Ut,T can also be obtained by the following recursive 
relation when the series has a continuous distribution. 

Ut,T = Ut− 1,T +Vt,T (9)  

For t = 2,…,T, where 

Vt,T =
∑T

j=1
sgn(xj − xt) (10)  

and 

U1,T = V1,T (11)  

The most likely change point, τ, is found to satisfy the following criteria: 

Kτ =
⃒
⃒Uτ,T

⃒
⃒ = max

⃒
⃒Ut,T

⃒
⃒ (12) 

The significance probability p is evaluated as follows: 

p = 2exp
(

− 6K2
T

T2 + T3

)

(13)  

2.4.4. Heatmap analysis 
Heatmap analysis is helpful to visualize time series patterns which 

may contain abundant indicators (Tomczak et al., 2013a). Ten land
scape indices were normalized and plotted by five levels to visualize the 
temporal patterns. 

3. Results 

3.1. Spatiotemporal patterns and provision of multiple ESs 

The distribution of multiple ESs was mapped to analyze the dynamics 
of the spatial pattern (Appendix Figure S1). From 1999 to 2019, the 

Table 2 
Selection of landscape indices (Jaeger, 2000; McGarigal and Marks, 1995).  

Landscape indices Description 

Mean perimeter-area ratio 
(PARA_MN) 

The average ratio of the patch perimeter to area, 
reflecting complexity of landscape shape 

Continuity index 
(CONTIG) 

The spatial connectedness of patch shape, the higher 
the CONTIG the higher the adjacency of patch. 

Mean shape index 
(SHAPE_MN) 

The average patch shape for all patches in landscape, 
reflecting complexity of landscape shape 

Landscape shape index 
(LSI) 

A perimeter-to-area quantify the amount of edge 
present in landscape, reflecting complexity of 
landscape shape 

Patch density (PD) The number of patches per unit area, reflecting 
fragmentation of landscape 

Splitting index (SPLIT) The number of patches that landscape is divided into 
same DIVISION with a constant patch size 

Patch cohesion index 
(COHESION) 

The physical connectedness of the corresponding patch 
type 

Landscape division index 
(DIVISION) 

The probability that two selected places are not locate 
in one patch of landscape. The higher the DIVISION the 
higher landscape fragmentation 

Shannon’s diversity index 
(SHDI) 

The amount of “information” per patch that is based on 
information theory, reflecting heterogeneity of 
landscape 

Shannon’s evenness index 
(SHEI) 

The relative abundance of patch types, reflecting 
evenness of landscape  
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overall spatial pattern of multiple ESs remained steady. At the grid level, 
each ES did not exhibit any significant spatial clustering property. The 
mean, maximum and minimum WY values were 283.65 mm, 2103.22 
mm (in 2016) and 6 mm (in 2014), respectively. The mean provisions of 
HQ, CS, GP, and SC were 0.9021, 13.48 kg/km2, 36.68 kg/km2, and 
350.24 kg/km2 over 21 years, respectively. The maximum mean HQ was 
0.9021 in 1999, and the minimum mean HQ was 0.8985 in 2018. The 
maximum mean CS was 13.58 kg/km2 in 2011, and the minimum mean 
CS was 13.40 kg/km2 in 2018. The maximum mean GP was 44.48 kg/ 
km2 in 2018, and the minimum mean GP was 28.92 kg/km2 in 1999. The 
maximum mean SC was 526.37 kg/km2 in 2016, and the minimum 
mean SC was 238.31 kg/km2 in 2018. The spatial distributions of WY, 
HQ and CS were highly similar in the southern study area, where a high 
provision of GP was mainly located. 

The fitted average provision of regulation services decreased while 
provision service increased after abrupt changes, meaning that potential 
trade-offs occurred between regulation and provision services after 
regime shifts, as shown in Fig. 3(a-d). The tipping points of WY and GP, 
CS and HQ were the same, which were identified in 2008 and 2012, 
respectively. Therein, WY and GP exhibited consistency with abrupt 
changes in the landscape (see Fig. 3a, 3b and Fig. 6b). Relative to the 
provision of ESs that fluctuate randomly (i.e. SC, see Appendix 
Figure S2) or consistently but the interaction was always stable (i.e. CS 

and HQ, see Fig. 3c, 3d and Fig. 4), WY and GP might be the key ESs 
linked with ecosystem states. 

3.2. Interactions among multiple ESs 

From 1999 to 2019, there were 193 pairs of ESs among 210 possible 
pairs that were high correlation (Fig. 4(a-u)). The interactions of WY- 
HQ, WY-CS, HQ-CS, HQ-GP, HQ-SC, CS-GP, CS-SC, and GP-SC were 
stable except in 2001 and 2003, when the Pearson correlation co
efficients (r) of HQ-GP and CS-GP were<0.1. The mean r values among 
the 8 stable interactions of pairs of ESs were − 0.52, − 0.56, 0.97, 0.29, 
0.40, 0.34, 0.38, and 0.26 during the study period. The interaction be
tween WY and SC fluctuated randomly with a weakly positive correla
tion or neutral correlation apart from the negative correlation found in 
2015 (r < 0.1). The relationship between WY and GP appeared to be 
positively correlated from 1999 to 2008, except in 2005. However, from 
2009 to 2013, this relationship changed frequently. Since 2014, this 
relationship had a steady strong negative correlation (r < -0.2 and p <
0.001). According to the dynamic change in the interaction between WY 
and GP, a regime shift in ecosystem function occurred compared with 
synergy in the previous ecosystem state, which ranged from 1999 to 
2008. GP exhibited a trade-off with WY in the new ecosystem state. 

Fig. 3. Tipping point for the average provision of each ES. Panels (a)-(c) represent the Pettitt test results for a change in the mean in the time series to the provision of 
CS (p < 0.05), WY (p < 0.5) and GP (p < 0.05), respectively; the fitted mean provision before and after the tipping point is depicted by the red dotted lines. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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3.3. Landscape pattern changes 

As shown in Fig. 5, PC1 and PC2 could explain 93.3% of all landscape 
indices. The first axis was mainly correlated with the COHESION, DI
VISION, SHDI and SHEI terms. The second axis was mainly correlated 
with the LSI, PD, PARA_MN and CONTIG terms. That is, PC1 reflected 
the characteristics of contagion/interspersion and diversity within the 
landscape, while PC2 reflected the characteristics of shape, area and 
density within the study area. 

The features of the COHESION, DIVISION, SPLIT, SHEI and SHDI 
trends were similar and could be divided into three phases, ranging from 
1999 to 2007, from 2008 to 2012, and from 2013 to 2019 (see Fig. 6). 
Since 2013, the characteristics of all landscape indices have been 
immeasurable in contrast to previous values. The Pettitt test detected 
tipping points of PC1 scores and PC2 scores in 2013 and 2008, 

respectively. The results of the tipping points indicated that the density, 
shape and area of the regional landscape were simpler after 2008 and 
the heterogeneity and fragmentation of the regional landscape increased 
after 2013. The landscape pattern of the downstream basin of the NSR 
experienced transformation from 2008 to 2012. The landscape pattern 
transitions converted to a different phase across the tipping point in 
2013. There was a 5-year lag between abrupt changes in the integral 
structure of the watershed ecosystem and the shape and density changes 
in the landscape pattern. 

4. Discussion 

4.1. Watershed ecosystem regime shift 

The uniformity of presentation among ES interactions and landscape 
patterns across tipping points shows that the regional ecosystem func
tions and spatial structures transitioned to other phases, indicating that 
the downstream watershed ecosystem of the NSR basin underwent a 
regime shift in 2014. For ecosystem function, we identified two stable 
phases, the provision-regulation service coordinated phase (from 1999 
to 2008) and the provision-regulation service trade-off phase (from 2014 
to 2019), based on the time-series correlation analysis results. In the 
coordinated phase, the WY was synergistic with the GP, although the 
correlation coefficient (0.1 < r < 0.2) was lower than the other 8 stable 
pairs of ESs (mean |r| range from 0.26 to 0.97) during most of the period. 
This result can be considered a win–win outcome for decision makers 
who are concerned with regulation services and local farmers who focus 
on agricultural incomes. It is important to note that although WY and GP 
have a positive correlation at the spatial scale, the average provision of 
GP is significantly lower than the average level in this phase (Fig. 3). In 
the trade-off phase, the relationship of WY and GP was opposite, while 
the correlations of the other ESs did not change significantly. Ecological 
restoration, such as forestation, can reduce WY after a time lag (Li et al., 
2021), so the long-term effects of the two world’s largest ecological 
restoration programs (the Natural Forest Conservation Program and the 
Sloping Land Conversion Program), which launched over two decade 
and covered most of China (Ouyang et al., 2016), may be potential in
centives for regional ecosystem regime shifts. 

Regarding the ecosystem structure, the dynamics of landscape 
indices indicate that there are also two stable phases: the complexity and 
aggregation phase (from 1999 to 2007) and the simplicity and frag
mentation phase (from 2013 to 2019). Landscape patterns are strongly 

Fig. 4. Pearson correlation coefficients between ES pairs against years. Significant correlations are represented by labels * (p < 0.05), ** (p < 0.01), *** (p < 0.001).  

Fig. 5. The dependencies of variables from PCA. The gradient color of each 
arrow represents the contributions of landscape indices to the PCs. The corre
lation circles represent the correlations between each landscape index and the 
two principal components. 
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correlated with the provision of hydrological ESs within watershed 
ecosystems (Yohannes et al., 2021). This correlation could be reflected 
in the synchronism of abrupt changes in the average provision of WY 
and landscape indices (Fig. 3 and Fig. 6). However, there is an incon
formity between the critical transition of ecosystem function and 
ecosystem structure, suggesting that the ecosystem structure shift is 
antecedent to the ecosystem function shift 1 year within the downstream 
basin of the NSR. Composite considered the different stable phases of 
ecosystem function and structure, the watershed ecosystem was divided 
into alternative stable states: the “coordinated state” from 1999 to 2008 
and the “trade-off state” from 2014 to 2019. Furthermore, we detected 
an early warning signal both in the ecosystem function and structure. 
Regulation services can usually define a ecosystem regime with influ
encing ecosystem resilience while other ESs not change (Bennett et al., 
2009). Likewise, before a regime shift occur, a particular spatial pattern 
would be generated (Scheffer et al., 2009; Dai et al., 2013). At 6 years 
before the ecosystem function transition, the average provision of WY 
decreased to a relatively low level, which may have led to the resilience 
of ecosystem decline. This change could result in ecosystems becoming 
sensitive to disturbances. Moreover, the abrupt changes in the shape and 
density of the landscape in 2008 can be a warning signal that the 
ecosystem structure is unstable. These results indicate that the 
ecosystem is on the verge of regime shift. According to the fluctuations 
among the interactions of pairs of ESs and landscape patterns, the period 
from 2008 to 2013 was the transition period of the ecosystem state (i.e. 
“transient state”). Hysteresis was also observed in the transition period: 
abnormal fluctuations in the correlation between WY and GP had a 1- 
year lag to abrupt changes in PC2 of landscape patterns and the provi
sion of WY and GP in 2008; the abrupt changes of average provision of 
CS and HQ also had a 1-year lag to abrupt changes in PC1 of landscape 
patterns in 2012. 

The ecosystem state is closely related to human activities and climate 
change (Rietkerk et al., 2004). Extreme weather is a significant external 
disturbance to ecosystems. From 2009 to 2010, Yunnan Province suf
fered an extreme drought that lasted 237 days (Li et al., 2015). This 
extreme event led to a change in the WY, which may have been the 
trigger of the watershed ecosystem regime shift. Moreover, GP and 
climate change play important roles in driving regime shifts, which may 
generate cascading regime shifts (Rocha et al., 2015). Therefore, guar
anteeing sufficient redundancy of capacity for the provision of GP within 
watershed ecosystems can guard effectively against unexpected regime 
shifts. 

4.2. Implications for watershed management 

Identifying regime shifts can help to cope with large and abrupt 
changes in ecosystems. However, environmental variables (e.g., bio
logical, anthropogenic and climate variables) have been focused in 
majority of regime shift studies, while ESs few have taken into consid
eration (Bi et al., 2021). The integration of ES perspectives into 
ecosystem regime shifts is a fair effort to better support the sustainable 
watershed ecosystems management. Ecosystem states are closely related 
to ESs that ultimately impact human well-being (Crépin et al., 2012). 
However, sometimes transition of ecosystem state did not affect provi
sion of ESs because of ecological robustness (Hautier et al., 2015; 
Mumby et al., 2014). Our findings noted in Fig. 7 show that the patterns 
of ESs do not appear significant changes before and after watershed 
ecosystem cross tipping point except GP. In other words, watershed 
ecosystem regime shift was likely ES pattern-free. Hence, in watershed 
management, focusing on interaction and provision level rather than 
heterogeneity of ESs might facilitate capture ecosystem dynamic state. 

ESs have a strong link with sustainable development goals (SDGs) 
from the regional to the global level (Yang et al., 2020). Watersheds are 
a natural unit of terrestrial ecosystems, and their unique ecological 
processes generate sets of ESs that contribute to the SDGs. Hence, 
obtaining precise descriptions of ecosystem state shifts based on the ES 

Fig. 6. Heatmap of landscape indices and Pettitt test results of the PC1 (P <
0.5) and PC2 (P < 0.01) scores against the years. The gradient colors of the 
grids representing the z score values of landscape indices (a), (b) and (c) 
represent the Pettitt test results indicating a change in the mean value to PC1 
and PC2 scores, respectively, with the red dotted lines representing the fitted 
mean principal component scores before and after the tipping point. (For 
interpretation of the references to color in this figure legend, the reader is 
referred to the web version of this article.) 
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approach in watershed ecosystems can advance our ability for 
ecosystem management toward the SDGs. 

The five ESs (WY, HQ, GP, CS and SC) that are estimated in this study 
have critical links to SDG1, SDG2, SDG3, SDG6, SDG13 and SDG15, that 
is, No Poverty, Zero Hunger, Good Health, Clean Water, Climate Action 
and Life on Land. Thereof, SDG2, SDG1 and SDG6 are recognized as top 
priorities at both the regional and global levels (Yang et al., 2020). The 
WY and GP are deemed core ESs that provide abrupt changes in accor
dance with landscape patterns, which can define the ecosystem state. 
WY and GP are perceived to have strong levels of support for contrib
uting to the achievement of the 25 and 28 SDG targets, respectively 
(Wood et al., 2018). Food security is underpinned by the GP, which 
highly competes with WY in general (Liu et al., 2022; Mohammadi et al., 
2021). After the regime shift, the ecosystem enters the trade-off phase in 
which WY competes with GP significantly, thus impeding the achieve
ment of the SDGs. Ecosystem condition transitions are probably irre
versible (Scheffer et al., 2001), and provision services usually trade off 
with regulation services on account of human demands (Pan et al., 
2014). To mitigate the trade-off between WY and GP in the trade-off 
phase, better management of croplands, advanced agricultural produc
tion and water-saving techniques are feasible (Fu et al., 2022). Changes 
in cultivated lands, planting densities, fertilization and modern crop 
varieties all impact the provision of GP (Yang et al., 2021a,b). Affores
tation promotes regional vegetation, which contributes to a decrease in 
WY through canopy evapotranspiration (Ellison et al., 2012). The abrupt 
decline in the WY provision may be associated with afforestation ac
tivities and the increase in agricultural water utilization that underpin 
the abrupt addition of the provision of the GP. Therefore, the extent and 
proportion of ecological restoration and agricultural production within 
watersheds should give sufficient consideration to temporal accumula
tion to mitigate the probable trade-off of ESs after regime shifts. The 
balance between environmental protection and socioeconomic 

development is a long-term management objective in the downstream 
basin of the NSR. Additionally, the contribution of ESs to SDG 
achievement is a long-term process that depends on the natural resource 
endowment and background of local ecosystems that maintain the 
provision of the ESs (Xu et al., 2022). Hence, long-term watershed 
management objectives that take into account the abrupt changes in 
interactions among ESs are essential for ensuring the long-term sus
tainability provision of ESs. Long-term watershed ecosystem manage
ment objectives should be combined to fit the time scale of regime shifts 
that often suffer persistent pressures over decades (Tomczak et al., 
2013a). 

Moreover, the transition period (from 2008 to 2014) creates an un
desired regime shift. The emergent abnormal fluctuations and patterns 
within ecosystem functions and structures in this period imply that the 
ecosystem state appears less stable. Appropriate management in
terventions are practicable to escape this transient period and direct the 
ecosystem forward or backward to a stable state (Francis et al., 2021). 
The joint adoption of mitigation and adaptation strategies is wise before 
a potential regime shift occurs (Crépin et al., 2012). In this study, when 
intervening measures can mitigate the fluctuation in the interaction 
between WY and GP, mitigation strategies should be applied prior to 
adaptation strategies. When adaptation strategies can preferably prog
ress to achieve the watershed SDGs in the trade-off phase, mitigation 
strategies may not be necessary. Therefore, watershed managers should 
consider ecosystem states in stable and transient phases simultaneously 
to better deal with presently occurring and forthcoming regime shifts. 

5. Conclusion 

In this research, the interaction dynamics of ESs were verified to 
reflect regime shifts in the downstream basin of the NSR. WY and GP 
were identified as core ESs that can define the states of the downstream 

Fig. 7. Spatial patterns of multiple ESs before and after regime shift. (a) represent spatial pattern of ESs at the beginning of the study period in 1999; (b) at the 
beginning of “transient state” in 2009; (c) at the time ecosystem cross tipping point in 2014; (d) at the end of the study period in 2019. 
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basin of the NSR through time-series correlation analysis and tipping 
point methods. The results demonstrated that the regional ecosystem 
state in the downstream basin of the NSR had transferred to another 
phase in 2014. This regime shift had a 6-year delay with early warning 
signals: the PC2 of landscape patterns and the average provisions of WY 
and GP simultaneously changed abruptly in 2008. Moreover, the abrupt 
transition of ecosystem structure occurred prior to the abrupt transition 
of ecosystem function with a 1-year interval. This hysteresis was also 
observed in ESs in which the abrupt transition among the average pro
vision of WY and GP occurred prior to the abnormal fluctuations in the 
interaction between WY and GP. Our findings indicated that the 
downstream basin of the NSR ecosystem exhibited alternative stable 
states, including a “coordinated phase” from 1999 to 2008 and a “trade- 
off phase” from 2014 to 2019. In addition, there was a “transient phase” 
during which the downstream basin of the NSR ecosystem was close to 
the tipping point and lost resilience between the two stable states from 
2009 to 2013. These results provide a foundation to cope with unex
pected critical changes in watershed ecosystems. Furthermore, the 
integration of the interaction dynamics of ESs that bridge social systems 
and ecosystems with regards to regime shifts can be applied to navigate 
sustainable watershed management directly. 
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