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Synergistic Convergence of Multiple Environmental Drivers 

Triggered a Multi‑taxa Regime Shift in the Yangtze Estuary 

  



Abstract 

Understanding regime shifts in large estuaries requires integrating long-term biological and 

environmental evidence. Here we showed that the Yangtze Estuary ecosystem underwent a 

fundamental reorganization centered on 2009–2010, based on two decades of summer data 

from four biotic groups and eight environmental variables. The ecosystem state (PC1) shifted 

from a stable negative regime to a highly variable state, corroborated by synchronous 

biodiversity declines and dominant species turnover across all trophic levels. We identified 

critical thresholds for dissolved oxygen, dissolved inorganic nitrogen, phosphate, and the 

nitrogen‑to‑phosphorus ratio. During 2007–2010, coordinated directional changes in these 

four drivers, rather than any single factor crossing an absolute threshold, drove the ecosystem 

transition. These thresholds mark the ranges where directional environmental trends, 

including nutrient imbalance alleviation and oxygen stress intensification, govern state 

changes rather than absolute concentrations. Our findings provide empirically grounded 

reference points for threshold‑based management in the Yangtze Estuary. 
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Introduction 

Estuarine and coastal ecosystems rank among the most productive environments, providing 

essential habitats for a wide range of plankton, fish, and benthic organisms that hold 

considerable commercial and ecological importance1,2. However, these systems are 

particularly vulnerable to destabilization due to their position at the land-sea interface, where 

natural hydrodynamics including tidal currents, seasonal freshwater pulses, and storm surges 

create inherent environmental variability3,4. Cumulative anthropogenic pressures such as 

coastal urbanization, watershed modifications, nutrient over-enrichment, and climate change, 

often exceed the adaptive capacity of keystone species, eroding ecosystem resilience through 

trophic cascades5,6. 

The rapid, persistent reorganizations of ecosystem structure and function, which was 

termed as ecological regime shifts, has gained prominence as a framework for understanding 

non‑linear changes in marine and coastal systems7. Regime shifts are characterized by abrupt 

transitions from one relatively stable community state to another, often driven by the crossing 

of critical environmental thresholds8. In complex ecosystems such as marginal seas, estuaries, 

coastal areas, and lakes, the detection of regime shifts requires the integration of multi‑taxa 

observations and robust analytical frameworks capable of capturing coherent patterns of 

change across biological groups9-11. This concept forms the scientific basis for interpreting 

contemporary ecosystem responses to perturbations while enabling predictive insights into 

future ecological trajectories3,12.   

A variety of statistical approaches have been developed to detect regime shifts from 

ecological time series13. Principal component analysis (PCA) has been widely employed to 

reduce high‑dimensional community data to a few composite variables, and PC1‑based 

trajectory analysis has proven effective in identifying regime shifts in diverse systems 

including the North Sea, the German Bight, and the North Pacific8,11,14,15. To enhance the 

robustness of breakpoint identification, multi-method consensus approaches combining PELT 

change point detection, Ba-Perron structural change tests, sliding-window analyses, and 

UPGMA clustering algorithms have been increasingly adopted9,16. This multi-method cross 

validation approach has been successfully applied in studies of regime shifts in lakes, marine 



ecosystems, and forests, demonstrating its effectiveness in detecting the timing and direction 

of abrupt ecological transitions10,15. Additionally, distance‑based redundancy analysis 

(db‑RDA) has been used to quantify the relative contributions of environmental drivers to 

community variation17, while threshold analysis methods including non‑parametric derivative 

estimation, GAM‑based permutation tests, and the exploratory SiZer method have been 

employed to identify critical ecological thresholds along environmental gradients18-20. The 

integration of these complementary analytical tools enables a more comprehensive 

understanding of both the timing of regime shifts and their underlying environmental 

mechanisms21. 

The Yangtze Estuary, one of the largest river‑dominated estuaries worldwide, has 

experienced profound environmental changes over recent decades22,23. Escalating 

anthropogenic pressures including nutrient over-enrichment, dam induced alterations to 

material fluxes, and climate warming, have significantly modified the estuary’s physical and 

chemical environment24,25. These changes have driven a series of ecological responses, 

including shifts in nutrient stoichiometry, expansion of hypoxic zones, and restructuring of 

phytoplankton communities from siliceous to non siliceous dominated assemblages26,27. 

Despite these well-documented environmental shifts, regime shift research in the Yangtze 

Estuary has largely focused on single biotic groups or individual environmental drivers, 

leaving the ecosystem wide response to multi-factor forcing insufficiently understood28,29. 

Most existing studies have examined phytoplankton community responses to nutrient changes, 

fish assemblage shifts following dam construction, or hypoxia dynamics in isolation30-32. 

Consequently, critical questions regarding whether the Yangtze Estuary has undergone a 

multi-taxa regime shift, what environmental thresholds are associated with such a transition, 

and how multiple drivers interact to push the ecosystem across a tipping point remain 

inadequately addressed.  

Here we address these questions by synthesizing a 20 year summer monitoring dataset 

encompassing four biotic groups including phytoplankton, zooplankton, nekton, and benthos, 

alongside eight environmental variables derived from integrated in‑situ measurements and 

satellite‑based reanalysis products in the Yangtze Estuary. We employ a multi‑method 

analytical framework combining PCA‑based ecosystem state characterization, multi‑method 



breakpoint detection, clustering validation, and threshold analysis. Specifically, the study 

seeks to ascertain whether a multi‑taxa regime shift occurred in the Yangtze Estuary during 

the study period, to pinpoint the environmental factors and their critical thresholds associated 

with the transition, and to elucidate the mechanisms through which the convergence of 

multiple environmental trends drove the ecosystem across a tipping point and fundamentally 

reorganized community structure across trophic levels.  



Results 

1 Biological Community Composition and Diversity in the Yangtze Estuary 

From 2004 to 2023, the total number of species recorded in the Yangtze Estuary amounted 

to 540 for phytoplankton, 596 for zooplankton, 571 for benthos, and 273 for nekton. Among 

these, summer datasets were the most complete across all four taxonomic groups, comprising 

466, 545, 488, and 224 species, respectively. Accordingly, all subsequent analyses were 

primarily based on summer data. 

Inter-annual trends in diversity and richness indices revealed a sharp decline across all 

biotic groups during 2009–2010 (Fig.1a & b). Phytoplankton diversity reached its lowest 

value in 2009 (0.51±0.61), while species richness fell from 25.42±6.67 in 2008 to 11.79±7.52 

in 2009, experiencing a reduction of 54%. Although richness began a gradual recovery from 

2010, reaching 34.33±15.79 in 2011, the diversity index remained low at 0.91, suggesting a 

proliferation of low‑abundance phytoplankton species and a persistently uneven community 

structure. Subsequent years exhibited strong fluctuations, with diversity dipping again in 2016  

to 0.53±0.41 before recovering to 1.51±0.64 in 2022 and 1.56±0.60 in 2023. Richness showed 

no sustained directional trend but remained highly variable, ranging from 11.8 to 34.3 without 

a clear recovery trend (Fig. 1a & b). 

Zooplankton communities followed a similar trajectory. Diversity and richness peaked in 

2008 at 2.55±0.55 and 41.43±23.49 respectively, then dropped sharply in 2010 to 1.77±0.60 

and 14.00±4.24 respectively. Over the following decade, zooplankton diversity fluctuated 

between 1.5 and 2.1, and despite occasional moderate increases, it never recovered to the 

pre-decline peak observed in 2008 (Fig. 1a). Richness displayed pronounced variability but 

never approached the 2008 maximum, averaging around 25 to 30 in recent years (Fig. 1b). 

Benthic and nekton datasets were comparatively sparse, precluding robust trend analysis. 

Nonetheless, nekton diversity showed a decline from 2.60 ± 0.04 in 2007 to 1.01 ± 0.52 in 

2017 and 1.51 ± 0.57 in 2023, suggesting a possible long‑term decrease. Benthic diversity 

peaked in 2015 and 2016 with value of 2.08 ± 1.12 and 2.16 ± 0.84 respectively, but 

subsequently declined to low levels in recent years (Fig. 1a). 



The synchronous collapse of diversity and richness across multiple taxonomic groups, 

particularly in phytoplankton and zooplankton, followed by only partial and inconsistent 

recovery, points to a fundamental reorganization of community structure during 2009–2010 

that persisted in subsequent years. 

2 Historical Physico‑Chemical Conditions and Nutrient Dynamics 

Physico-chemical variables were assembled from three complementary sources, namely 

in‑situ measurements from the National Marine Data and Information Service (NMDIS), 

satellite‑derived reanalysis products from the Copernicus Marine Service (CMEMS), and the 

gridded dataset of Lin et al. (2023), with their source composition varying by variable. Sea 

surface temperature (SST) and pH were derived exclusively from CMEMS products, as no 

concurrent in‑situ measurements were available. Dissolved oxygen (DO), dissolved inorganic 

nitrogen (DIN), and phosphate were each supported by all three sources, with the Lin dataset 

providing additional spatial coverage for these nutrients. Salinity and chlorophyll a (Chl a) 

combined CMEMS satellite data with NMDIS in‑situ measurements. Cross‑validation 

between satellite‑derived and in‑situ data was conducted for variables with both data types 

available, including DO, DIN, phosphate, salinity, and Chl a, showing consistent seasonal and 

inter‑annual patterns (Figs. S1a-e). For SST and pH, only satellite data were available and 

were used directly without in‑situ validation. The N/P ratio was calculated from the DIN and 

phosphate concentrations. For each variable, summer means from 2004 to 2023 were 

calculated by averaging all available observations across June, July, and August, as shown in 

Figures 2a–h.  

SST exhibited a fluctuating upward trend, rising from 25.13°C in 2004 to a peak of 

29.46°C in 2010, then dropping to 26.25°C in 2011 before oscillating between 26.25 and 

28.70°C. The 20‑year mean was 27.43°C (Fig. 2a). DO declined steadily over the study 

period, from 7.64 mg/L in 2004 to 7.20 mg/L in 2023, with an anomalous low of 6.50 mg/L 

recorded in 2010 and extended lows below 6.50 mg/L in 2017 and 2020. The 20‑year average 

was 7.04 mg/L, although the post-2010 mean was substantially lower than the pre-2010 

average (Fig. 2b). Salinity exhibited extreme inter-annual variability, with values ranging 

from 28 to 31 psu during 2004 through 2009, then dropping anomalously to 3.24 psu in 2010. 



Additional low salinity episodes occurred in 2014 and 2015, with values of 18.04 and 16.22 

psu respectively, while from 2017 to 2023 salinity fluctuated between 23 and 26 psu. These 

low salinity events primarily reflected the proximity of sampling sites to the coast, making 

them susceptible to substantial riverine freshwater input. The 20‑year mean, including 

anomalous year, was 25.20 psu (Fig. 2c). pH varied within a narrow range from 7.96 to 8.06, 

with a 20‑year mean of 8.02 (Fig. 2d). Chl a concentrations fluctuated considerably over the 

study period, starting at 4.40 μg/L in 2004, reaching a minimum of 0.47 μg/L in 2010, 

recovering to 2.30 μg/L in 2012, and ranging between 3.22 and 4.10 μg/L from 2022 to 2023. 

The 20‑year mean was 3.41 μg/L (Fig. 2e).  

DIN concentrations showed pronounced fluctuations, peaking at 3.14 mg/L in 2007, 

declining after 2009 to 0.83 mg/L in 2011, and generally ranging between 0.5 and 1.0 mg/L 

after 2015. The overall mean was 1.38 mg/L (Fig. 2f). Phosphate concentrations ranged from 

0.010 to 0.038 mg/L, with a notable peak of 0.038 mg/L in 2010, and a 20‑year mean of 0.024 

mg/L (Fig. 2g). The N/P ratio, calculated from DIN and phosphate concentrations, exhibited 

extreme inter-annual variability, reaching a high of 177 in 2004, declining to 80 in 2009 and 

39 in 2010, and generally remaining between 20 and 40 after 2015. The 20‑year mean was 

73.2, which was strongly influenced by the exceptionally high values recorded in the early 

years of the record (Fig. 2h). 

A closer examination of the 2007–2010 window revealed a distinct pattern of coordinated 

directional changes across multiple variables. While SST rose sharply to its record high in 

2010 and salinity plummeted to its minimum, the most ecologically relevant shifts occurred in 

the nutrient and oxygen regimes. DO declined from 7.67 mg/L in 2007 to 7.09 mg/L in 2009 

and further to 6.50 mg/L in 2010. DIN decreased from 3.14 mg/L in 2007 to 1.65 mg/L in 

2009 and to 1.48 mg/L in 2010, a reduction of more than 50% over three years. Concurrently, 

phosphate rose from 0.015 mg/L in 2008 to 0.020 mg/L in 2009 and reached 0.038 mg/L in 

2010, an increase of more than 150% over the same period. The N/P ratio declined 

correspondingly from 144 in 2008 to 80 in 2009 and to 39 in 2010. These synchronous 

changes, with DIN and N/P decreasing while phosphate increased and DO declined, represent 

a fundamental shift in nutrient and oxygen regimes in the Yangtze Estuary during this period. 



3 Temporal heterogeneity of environmental drivers revealed by year-specific dbRDA 

The overall influence of environmental variables on the inter-annual variability of 

community composition across the four biotic groups was assessed using distance‑based 

redundancy analysis (dbRDA). The constrained model explained 22.8% of the total variation, 

and among the eight variables examined, only dissolved oxygen (DO) emerged as a 

statistically significant driver (F = 2.436, p = 0.008), suggesting that DO was the predominant 

long-term regulator of community variation in the Yangtze Estuary (Fig. 3a).  

Year-specific dbRDA analyses, however, revealed pronounced temporal heterogeneity in 

the identity and number of significant environmental drivers, with a clear contrast between 

the pre-shift and post-shift periods. During 2004–2008, significant factors were detected only 

in 2006 and 2007, with combinations of SST, DO, salinity, and N/P ratio emerging as 

significant drivers. From 2009 to 2010, however, the number of significant drivers dropped 

sharply. In 2009, only NP ratio emerged as a significant driver (p = 0.004), while in 2010 

analyzed with a simplified DO + SST model due to limited sample size, neither DO nor SST 

was significant, reflecting a temporary breakdown of the previously established 

environmental and community coupling during this period. From 2011 to 2018, the number of 

significant factors remained variable and relatively low. Most years showed only one or two 

significant drivers, with SST in 2011 and 2014, SST and DO in 2013, DIN, salinity, and N/P 

ratio in 2016, and DO, phosphate, Chl a, and N/P ratio in 2017. Years such as 2012, 2015, and 

2018 exhibited no significant factors at all, implying a prolonged period of weakened 

environmental control over community composition. From 2019 onward, however, the 

number of significant factors increased markedly. In 2021 and 2022, nearly all eight 

environmental variables became significant simultaneously, and in 2023, all variables 

including N/P ratio were significant, indicating a transition toward strong multi‑factor 

regulation of community structure (Fig. 3b).  

SST and DO were the most consistently significant factors across the entire time series, 

underscoring their role as core long-term regulators (Figs. 3b). DIN and phosphate exerted 

strong influence in specific years, including 2006, 2016, and 2017, and years after 2019, 

while salinity effects were more sporadic, appearing mainly in 2006, 2007, 2016, and after 



2020, likely reflecting inter-annual variability in riverine discharge. Collectively, these results 

reveal a clear temporal pattern in environmental forcing, that is, moderate multi-factor control 

during the early period (2004–2008), a transient loss of significant drivers during 2009–2010, 

a prolonged phase of reduced environmental coupling (2011–2018), and a subsequent return 

to strong multi-factor regulation from 2019 onward (Fig. 3). This temporal heterogeneity 

underscores the non-stationary nature of community and environment relationships and 

provides a basis for identifying potential structural changes in the ecosystem. 

4 Identification of Regime Shifts in the Yangtze Estuary Ecosystem 

As an objective integrative variable derived from PCA based on multi-taxa biological data 

including phytoplankton, zooplankton, nekton, and benthos, PC1 captured the most prominent 

signal of variation in the high‑dimensional ecological community matrix, thereby maximally 

representing the coherent patterns of change across diverse biological groups. For the summer 

ecosystem of the Yangtze Estuary, PC1 explained 41.57% of the total variance of 1642 

species, indicating that it effectively condenses the major synoptic variability in community 

composition (Fig. S2a). Analysis of the PC1 time series (2004–2023) using three independent 

breakpoint detection methods, PELT, strucchange, and a sliding‑window bootstrap test, 

revealed a consensus breakpoint in 2009 (Fig S2b). The sliding‑window method identified 

only 2009, strucchange additionally detected breakpoints in 2018 and 2020, while PELT did 

not detect any breakpoints ( Fig. S2b). 

To further validate this statistical breakpoint, we performed hierarchical clustering using 

Bray‑Curtis distance and the UPGMA method on the multi‑taxa community matrix. 

Silhouette analysis identified an optimal cluster number of k = 2 (Fig. S3a), and the temporal 

trajectory of cluster membership revealed that the system shifted between these two states 

multiple times (Fig. S3b). The system shifted from Cluster 1 to Cluster 2 during the period of 

2009 to 2010, then returned to Cluster 1 from 2010 to 2011, followed by another shift from 

Cluster 1 to Cluster 2 between 2018 and 2019, and finally a shift from Cluster 2 back to 

Cluster 1 from 2020 to 2021 (Fig. S3b). Cross‑validation between the PC1‑derived consensus 

breakpoint and the cluster shifts confirmed 2009–2010 as the definitive regime‑shift period, 

representing the most substantial structural reorganization of the ecosystem, when PC1 shifted 



from a stable negative regime to a highly variable state (Fig. 4). Importantly, separate PCA 

performed on each individual biotic group yielded divergent PC1 temporal patterns and 

inconsistent breakpoints across groups (Figs. S4a–d), precluding a consensus regime‑shift 

year. This finding underscored that when assessing ecosystem‑wide regime shifts, using the 

combined community composition of all biotic groups as the analytical baseline offered a 

more comprehensive and robust reflection of changes in ecosystem stability. 

Prior to the shift, from 2004 to 2008, PC1 values were consistently negative, ranging from 

-0.30 to -0.19, indicating a relatively stable community state dominated by a particular 

compositional configuration corresponding to Cluster 1. After 2009, the PC1 trajectory 

exhibited a marked transformation, as the index became highly variable with pronounced 

positive excursions. The shift from 2009 to 2010 saw PC1 rise from -0.26 to 0.71, an increase 

of nearly one unit, representing the first and most fundamental departure from the pre‑shift 

negative regime (Fig. 4). Subsequent fluctuations, including the decline from 0.71 in 2010 to 

-0.26 in 2011 and the rises to 0.82 in 2019 and 0.79 in 2020, exhibited comparable or even 

greater amplitudes. However, these excursions occurred within a post‑shift regime that had 

already been fundamentally reorganized, whereas the 2009–2010 transition represented the 

initial crossing from a long‑established stable state into a new dynamic regime. The system 

shifted from a narrow negative range to a wide‑amplitude fluctuating regime, indicating a 

fundamental reorganization of community structure (Fig. 4). The post‑shift period was 

characterized by the multiple cluster changes after 2009, including the shifts from 2010 to 

2011, from 2018 to 2019, and from 2020 to 2021 (Fig. S3b). This pattern suggested that the 

ecosystem did not settle into a single new stable state but rather entered a dynamic regime 

with recurrent compositional shifts, highlighting the loss of previous stability and the 

increased susceptibility to environmental forcing. Collectively, the convergence of PC1‑based 

breakpoint detection and clustering evidence delineates the 2009–2010 interval as the critical 

regime‑shift window. Over this period, PC1 shifted from a low‑variance, persistently negative 

state to a high‑variance, multi‑modal pattern, while the cluster analysis recorded the first and 

pronounced transition from Cluster 1 to Cluster 2, together indicating a fundamental 

biological reorganization of the Yangtze Estuary summer ecosystem (Fig. 4).  



5 Dominant Species Turnover Before and After the Regime Shift 

To further corroborate the ecological reality of the 2009 regime shift, we examined changes 

in dominant species composition across the four biotic groups using data from the full 2004–

2023 time series (Fig. 5). The dominant species turnover across all groups revealed a coherent 

pattern of community restructuring centered around the 2009–2010 period.  

Phytoplankton exhibited a clear transition from a single‑species diatom dominance to a 

more diversified diatom assemblage with increasing dinoflagellate representation. Before 

2009, Skeletonema costatum overwhelmingly dominated the community, accounting for 56.7% 

to 85.0% of total abundance. In 2009, S. costatum still maintained its dominance at 65.0%. A 

pronounced shift occurred in 2010, when S. costatum plummeted to 13.1% and was replaced 

by a suite of new dominant taxa, including the diatom Coscinodiscus jonesianus (49.7%) and 

Melosira granulata (25.0%), chlorophyte Pediastrum simplex (4.2%), and the 

cyanobacterium Microcystis sp. (2.7%), marking the first major departure from the pre‑shift 

Skeletonema‑dominated state. After 2011, when S. costatum rebounded to 72.1%, its 

dominance declined progressively, falling to 50.6% in 2012 and remaining low thereafter 

despite occasional fluctuations. Concurrently, multiple Chaetoceros species, Pseudonitzschia 

pungens, and Thalassiosira sp. co‑occurred as dominant taxa, indicating increased diatom 

species richness and functional diversity. Notably, the dinoflagellates Ceratium fusus (33.9% 

in 2014) and Prorocentrum donghaiense (4.0% in 2023) appeared among the dominant taxa, 

suggesting a trend toward greater dinoflagellate representation in the post‑shift community 

(Fig. 5a).  

Zooplankton underwent a fundamental shift from small copepod dominance to a mixed 

assemblage of larger copepods, cladocerans, and gelatinous forms (Fig. 5b). Before 2009, the 

community was dominated by small size copepods including Paracalanus parvus (10.9 to 

19.5%), Acartia bifilosa (15.4%), P. crassirostris (8.2%), and A. clausi (6.0%). In 2010, 

immediately after the shift, A. pacifica surged to 62.5% and Labidocera euchaeta reached 

26.4%, while Paracalanus species diclined and the hydrozoan Blackfordia virginica appeared 

as dominant species. During 2011–2012, Centropages dorsispinatus became the primary 

species (14.1% and 29.2%, respectively), accompanied by the cladoceran Evadne tergestina, 



the larvacean Oikopleura dioica, and the chaetognath Sagitta enflata. In 2017, the cladoceran 

Daphnia sp. dominated at 71.1%, while Acartia spp reached 51.9% in 2021 and Noctiluca 

scintillans dominated in 2022–2023 (50.8% and 64.6%, respectively). This post‑shift 

assemblage represented a transition from small filter‑feeding copepods to larger raptorial 

forms, cladocerans, larvaceans, and chaetognaths, indicating a major shift in trophic structure 

and energy transfer pathways (Fig. 5b). 

 Nekton data revealed a directional shift from large fish juveniles to small‑sized, lower 

trophic level taxa. In 2006, the community was dominated by juveniles of large fish species 

including Trichiurus haumela (21.4%), Lepidotrigla alata (7.7%), and Pseudosciaena 

polyactis (7.2%). By 2007, the dominant composition shifted to small shrimps (Exopalaemon 

carinicauda and Palaemon gravieri, each 14.8%) and the small fish Coilia mystus (15.1%). 

This shift toward smaller size and lower trophic taxa persisted in later years, as observed in 

2017 when Engraulis japonicus (55.6%) and Pseudosciaena polyactis (30.1%) dominated, 

and in 2023 when Exopalaemon annandalei (18.9%) and Isopoda sp. (18.5%) were among 

the top species (Fig. 5c). 

Benthos showed a substantial turnover from bivalve‑dominated to polychaete‑ and 

shrimp‑dominated assemblages. In 2010, the bivalve Corbicula fluminea accounted for 40.0% 

of abundance and co‑dominated with polychaetes including Heteromastus filiformis (20.0%) 

and Nephtys species (20.0%). During 2011–2012, polychaetes including Heteromastus 

filiformis (7.3% and 6.5%), Lumbrineris sp. (5.7% and 6.5%), and Cossurella dimorpha (4.0% 

and 10.5%) became dominant while C. fluminea declined, and the shrimp Acetes chinensis 

entered the top‑five species (5.2% in 2012), reflecting a shift toward more opportunistic, 

pollution‑tolerant taxa (Fig. 5d).  

Collectively, these changes demonstrated a consistent pattern of community reorganization  

across all trophic levels associated with the 2009–2010 regime shift. Before the shift, each 

group was characterized by a single or few dominant species: phytoplankton by S. costatum, 

zooplankton by small Paracalanus and Acartia copepods, nekton by large fish juveniles, and 

benthos by the bivalve C. fluminea. After the shift, all groups transitioned toward more 

diversified and functionally distinct assemblages. Phytoplankton developed greater diatom 

species richness with increasing dinoflagellate presence; zooplankton shifted to larger 



raptorial copepods, cladocerans, and gelatinous forms; nekton moved toward smaller, lower 

trophic level taxa; and benthos transitioned to polychaete‑ and shrimp‑dominated 

communities (Fig. 5). These transformations collectively indicated a substantive 

reorganization of ecosystem structure and function across all trophic levels, consistent with 

the marked change in community state represented by the multi-taxa PC1 trajectory (Fig. 4). 

6 Threshold Analysis of Environmental Factors Driving Ecosystem Regime Shift 

To identify environmental thresholds associated with the 2009 regime shift, we examined 

the response of PC1 to eight environmental variables using a non‑parametric derivative 

method as the primary approach, with GAM‑based permutation tests and the exploratory 

SiZer method used for cross‑validation. Among the eight variables, DO, DIN, phosphate, and 

N/P ratio exhibited significant threshold effects within the historical observation range 

according to the derivative method with p < 0.05; Figs. 6a–d), whereas SST, salinity, Chl a, 

and pH did not show significant thresholds using any of the three methods (Figs. S5a-d). 

Derivative-based analysis identified a significant DO threshold of 6.309 mg/L with a 

derivative of -3.393 and a 95% confidence interval (CI) from -4.630 to -0.131 (p<0.05) (Figs. 

6a & S6a). GAM permutation yielded the identical threshold with p = 0 (Figs. S7a). SiZer 

detected a slightly higher value of 6.794 mg/L (Fig. S8a), but we consider the 

derivative‑GAM consensus results more robust. The negative derivative at the threshold 

indicates that PC1 declines as DO increases beyond the threshold along the response curve. 

Historical DO concentrations remained above the threshold throughout 2004–2008, ranging 

from 7.30 to 7.67 mg/L, then began a rapid decline from 7.30 mg/L in 2008 to 7.09 mg/L in 

2009, followed by a further drop to 6.50 mg/L in 2010, approaching the threshold and 

coinciding precisely with the PC1 jump (Fig. 2b). This temporal synchrony between the DO 

decrease and the PC1 jump, rather than the threshold itself being crossed, underscores the 

ecological importance of the declining trend and the approach towards a critical level. The 

persistent high DO levels maintained the system's well‑oxygenated baseline, while its sharp 

decline towards the threshold deteriorating oxygen condition that, through the negative slope 

of the response curve, drove the ecosystem towards a new community state through the 2009 

regime shift. 



Derivative-based analysis identified a significant DIN threshold of 1.57 mg/L with a 

derivative of -0.243 and a 95% CI from -1.015 to -0.069 (p < 0.05), indicating a negative 

slope (Figs. 6b & S6b). GAM permutation yielded the same threshold but with a 

non-significant p value of 0.231) (Fig. S7b), and SiZer did not detect any threshold. DIN 

remained mostly above the threshold from 2004 to 2009, ranging from 1.51 to 3.14 mg/L, 

with values exceeding 2.0 mg/L in most years. DIN fell most abruptly from 2008 to 2009, 

dropping from 2.18 to 1.65 mg/L, the largest single‑year decline in the entire time series, and 

then further declined to 1.48 mg/L in 2010, crossing below the threshold (Fig. 2f). The rapid 

downward movement towards and across the threshold, rather than the mere fact of being 

above it, was the critical feature associated with the regime shift. 

A significant phosphate threshold of 0.0381 mg/L was identified via the derivative method 

with a derivative of 46.27 and a 95% CI from 12.12 to 116.87 (p < 0.05), with a positive slope 

which implies that an increasing phosphate trend could drive PC1 upward (Figs. 6c & S6c). 

generalized additive model (GAM) permutation yielded a nearly identical threshold of 0.0383 

mg/L (p = 0.010), while SiZer detected a lower value of 0.0228 mg/L (Figs. S7c & S8b). 

Phosphate remained below the threshold throughout the study period, yet increased from 

0.015 mg/L in 2008 to 0.0205 mg/L in 2009 and then jumped sharply to 0.0379 mg/L in 2010, 

approaching the threshold with the steepest rise in the entire record. This rapid upward 

movement towards the threshold was the key process driving the ecosystem response. 

For the N/P ratio, the derivative method detected a significant threshold of 23.14 with a 

derivative of -0.0065 and a 95% CI from -0.0229 to -0.0014 (p < 0.05) (Figs. 6d & S6d). 

GAM permutation yielded the same threshold with a significant p-value of 0.045, while SiZer 

detected a much higher value of 113.30 (Figs. S7d & S8c). N/P remained far above the 

threshold from 2004 to 2009, yet declined most sharply from 144 in 2008 to 80 in 2009, the 

largest single‑year reduction in the entire time series, before falling further to 39 in 2010, 

approaching the threshold. The rapid downward trajectory towards the threshold, rather than 

the threshold itself being crossed, was the critical driver of the regime shift. 

All three methods consistently yielded non‑significant results for SST, salinity, Chla, or pH, 

with p‑values exceeding 0.05 for both the derivative method and GAM permutation tests, and 

SiZer failing to identify any significant derivative regions (Fig. S5). The consistency of 



non‑significant results across all three methods indicated that these environmental factors did 

not exhibit detectable threshold effects within their historical ranges of variation. 

Integrating the threshold analysis, historical trajectories, and abrupt change of PC1 during 

the regime shift, four significant environmental factors, namely DO, DIN, phosphate, and N/P 

ratio exhibited coordinated changes during the 2009 transition (Fig. 6a–d). All four factors 

exhibited accelerated changes during the 2008–2009 period immediately preceding the shift, 

and these directional trends continued into 2009–2010, coinciding precisely with the PC1 

jump. For DO and phosphate, the changes were even more pronounced in the latter year, 

while DIN and N/P ratio showed the sharpest declines in the preceding year. Despite these 

differences in timing, the convergence of these directional changes within the two‑year 

window from 2008 to 2010, rather than the action of any single factor, was the key feature 

associated with the regime shift. The nutrient‑related factors including DIN, phosphate, and 

N/P ratio all shifted towards alleviation of their respective extreme states, namely DIN surplus, 

phosphate deficiency, and N/P imbalance, whereas DO moved towards lower oxygen levels 

and increased hypoxia risk. Despite this fundamental difference in ecological context, all four 

factors changed simultaneously during 2009–2010 and, and each contributed mathematically 

to the observed abrupt PC1 rise during the regime shift period through the response‑curve 

relationships between PC1 and the respective environmental drivers.  

  



Discussion 

Community Reorganization as Evidence of a Regime Shift 

The Yangtze Estuary represents a typical estuarine ecosystem heavily influenced by 

anthropogenic activities22, and its high dynamism and complex land-sea interactions confer 

unique value for revealing the mechanisms of regime shifts in coastal ecosystems28,33. Based 

on a 20-year biological and physio-chemical datasets, our results revealed a coherent 

ecological story that unfolds across temporal and organizational scales.  

At the community level, compositional reorganization manifested as shifts in dominant 

species and their relative abundances, which preceded any detectable change in α-diversity 

(Figs. 1a–b)34. Phytoplankton diversity reached its lowest value in 2009, while species 

richness fell by 54% from 2008 to 2009. Zooplankton diversity and richness peaked in 2008 

and dropped sharply in 2010. Although species richness began a gradual recovery after 2010, 

diversity indices remained low, which is consistent with observations from other aquatic 

systems where rare species proliferate35. This decoupling between richness recovery and 

diversity stagnation indicates that the post‑shift community, despite being numerically 

comparable in species count, had not regained its structural integrity prior to the regime 

shift36.  

Examination of dominant species turnover across all four biotic groups further corroborated 

the ecological reality of the 2009 to 2010 regime shift period (Figs. 5a–d). Dominant 

phytoplankton shifted from near monopoly of a single diatom species to a diversified diatom 

assemblage with increased species richness (Fig. 5a)37. Zooplankton transitioned from small 

filter‑feeding copepods to a mixed assemblage of large raptorial copepods, cladocerans, 

larvaceans, and chaetognaths, reflecting a major reconstruction of trophic structure and 

energy transfer pathways (Fig. 5b). Nekton shifted from large fish juveniles to small shrimps 

and the small fish (Fig. 5c), while benthos changed from bivalve‑dominated to polychaete and 

shrimp dominated community (Fig. 5d)38,39. These concurrent turnovers across all four trophic 

levels, despite their differing ecological functions and life histories, point to a common driver 

operating at the ecosystem scale rather than group‑specific responses. 



This compositional signal was captured by the first principal component (PC1) of the 

multi-taxon community matrix, which exhibited a distinct breakpoint around 2009, 

corroborated by three independent change-point algorithms and further validated by UPGMA 

clustering (Figs. 4 & S5b). PC1 values were consistently negative prior to the shift, and then 

became highly variable with pronounced positive excursions after 2010, indicating a 

fundamental reorganization of the estuarine ecosystem from one persistent community state to 

another40. Critically, the PC1 breakpoint coincided with concurrent changes in independent 

biological indicators, including the collapse of phytoplankton diversity, reduction in species 

richness, and comprehensive dominant species turnover across all four taxonomic groups 

(Figs. 1 & 5)41,42. The sharpest biological response occurred precisely when PC1 crossed from 

negative to positive values, demonstrating that the multivariate community state captured by 

PC1 was not merely a statistical abstraction but a faithful reflection of real ecological change. 

The convergence of multiple independent lines of evidence firmly establishes the 2009–

2010 interval as an ecologically meaningful regime shift, rather than a mere statistical 

breakpoint43,44. The multiple cluster changes after 2009 indicate that the system did not settle 

into a single stable state but entered a dynamic regime of recurrent compositional adjustments,  

with cluster shifts observed in 2010–2011, 2018–2019, and 2020–2021 (Fig. S3b). This 

pattern aligns with the recognition that regime shifts often lead to alternative dynamic regimes 

marked by recurrent fluctuations, with the post-shift state potentially reinforced by hysteresis 

even when environmental conditions revert11. This pattern aligns with the recognition that 

regime shifts often lead to alternative dynamic regimes marked by recurrent fluctuations, with 

the post-shift state potentially reinforced by hysteresis even when environmental conditions 

revert. The persistence of post-shift community configurations, despite the partial return of 

some environmental variables towards pre-shift conditions, supports the hysteresis hypothesis 

and underscores the importance of considering both the magnitude and the direction of 

ecological change when assessing ecosystem stability7,45.  

Environmental Drivers and Ecological Thresholds of the Regime Shift 

dbRDA revealed that at the decades scale, dissolved oxygen (DO) was the only statistically 

significant driver, explain 22.8% of total community variation (Fig. 3a). The predominance of 

DO is consistent with the well-documented long-term oxygen depletion in the Yangtze 



Estuary, where DO in the nearshore low-DO core descending at a rate of -0.07 mg/(L·a) from 

1997 to 201432, and the hypoxia intensity has increased over the last half century primarily 

due to anthropogenic eutrophication22. However, year‑specific dbRDA analyses revealed 

pronounced temporal heterogeneity: during the pre‑shift period (2004–2009), significant 

drivers varied across years, typically involving combinations of DO, SST, salinity, and N/P 

ratio (Fig. 3b). Notably, N/P ratio emerged as a significant driver in 2006, 2007, and again in 

2009, when it was the only significant driver. DO also appeared as a significant driver in 2006, 

while DIN and phosphate did not become significant until the post‑shift period. This pattern 

suggests that the factors driving community variation changed substantially over time. This 

temporal heterogeneity underscores that no single variable acted as a persistent, exclusive 

driver of community change throughout the study period9. Instead, the ecosystem responded 

to a shifting suite of environmental stressors, with the relative importance of individual 

factors changing over time.  

Threshold analyses using the non‑parametric smooth derivative method captured exactly 

this multi‑driver mechanism (Figs. 6 & S6). GAM‑based permutation tests and the 

exploratory SiZer method were used for cross‑validation, with GAM permutation confirming 

the DO threshold and yielding consistent estimates for the other three factors (Fig. S7 & S8). 

The negative derivatives for DO, DIN, and N/P ratio indicated that PC1 declined as these 

variables increased along the response curves, while the positive derivative for phosphate 

indicated the opposite (Figs. 6a–d). Critically, the trajectories of all four factors during 2007–

2010 moved in concert towards or across these boundaries. This synchronized movement, 

through the response‑curve relationships between PC1 and each environmental driver, 

mathematically contributed to the observed positive PC1 change during 2009–2010 (Fig. 3). 

Thus, while dbRDA identified DO as the most influential factor over the entire time series, 

the threshold analyses revealed that the transition was triggered by the synchronized approach 

of multiple drivers to their respective critical levels, a pattern that would have been obscured 

if only decadal‑scale average relationships were examined46,47. The consistency between the 

multi‑driver signal from the year‑specific dbRDA results and the concurrent threshold 

crossings across multiple factors reinforces the interpretation that the 2009 regime shift was a 



product of synergistic environmental forcing, rather than the consequence of any single factor 

exceeding its critical value48,49.  

The identified thresholds and their historical trajectories are strongly supported by 

independent evidence from the Yangtze Estuary ecosystem. The DO threshold of 6.309 mg/L 

and its declining trend during 2005–2010 was consistent with the long‑term oxygen depletion 

documented in the region. Liu et al. reported that from 1997 to 2014 the nearshore low DO 

core descended at -0.07 mg/(L·a), with hypoxia intensifying over the last half century 

primarily due to anthropogenic eutrophication32,50. Our dataset confirmed a sharp decline from 

7.67 mg/L in 2007 to 6.50 mg/L in 2010, consistence with the documented extremely low DO 

years of 2010 related to El Niño signals32. Under the negative slope of the PC1–DO response 

curve, the declining DO trend yields a positive change in PC1 (Fig. S6a). This indicates that 

the 6.309 mg/L level is an ecological tipping point above which the downward trend in DO, 

rather than the absolute low concentration, drives the ecosystem state change. Importantly, 

this threshold is higher than classic definition of hypoxia (<2.0 mg/L). Our threshold marks 

the concentration around which a decreasing DO trend triggers a community shift, 

highlighting that the rate and direction of DO change, not merely the crossing of a low 

oxygen boundary, are critical for structuring the estuarine community. This finding is 

supported by multiple lines of evidences. Different taxonomic groups exhibit widely varying 

hypoxia thresholds, and many organisms show behavioral and physiological responses at DO 

concentrations well above 2 mg/L51,52. Spietz et al. demonstrated that bacterial community 

structure in a seasonally hypoxic estuary shifted at DO concentrations of 5.18–7.12 mg/L53. 

Zooplankton assembly shifted from stochastic to deterministic at approximately 8 mg/L DO, 

with declining oxygen reducing plankton diversity and weakening cross-trophic interactions54. 

These studies confirm that our threshold represents an ecological early warning level, a 

concentration around which the rate of DO decline begin to restructure communities long 

before the system crosses the traditional hypoxia boundary.  

The Yangtze Estuary has long been characterized by nitrogen over surplus and chronic 

phosphorus limitation, resulting in persistently elevated N/P ratios23,55,56. From the 1960s to 

2000, the annual average DIN concentration increased sharply, while both DIN and phosphate 

concentrations showed increasing trends from 1984 to 2006, with N/P ratios exhibiting a 



decreasing trend over the same period57-60. However, this trajectory reversed after around 

2005, when DIN concentrations began to decrease, whereas phosphate showed a delayed 

response with a slow downward trend58. More recent data from 2016 to 2021 further 

confirmed that DIN concentrations in Yangtze Estuary have continued to fluctuated 

downward, consistent with our post-shift DIN observation61. Analyses of data from 2003 to 

2010 have noted phosphate concentration exhibiting increasing trends overall on both annual 

and seasonal timescales from 2007 to 201062,63. Under the negative slopes of the PC1–DIN 

and PC1–N/P response curves and the positive slope of the PC1–phosphate response curve, 

the directional changes of DIN decreasing, phosphate increasing, and N/P decreasing 

collectively produced a positive change in PC1. This indicates the coordinated alleviation of 

nitrogen over‑enrichment, phosphorus limitation, and elevated N/P ratios, rather than the 

absolute concentration levels themselves, drove the ecosystem state transition. The thresholds 

of 1.57 mg/L for DIN, 0.0381 mg/L for phosphate, and 23.14 for N/P ratio thus marked a 

vulnerability zone, indicating that the ecosystem is poised for state change when moved from 

chronic nutrient imbalance toward a more balanced regime. The directional movements of 

DIN and N/P ratio are consistent with the post-2005 reversal documented in the literature, 

while the short-term phosphate increase during the transition period aligns with the broader 

pattern of nutrient imbalance alleviation58,64. 

Mechanisms Linking Multiple Environmental Drivers to Community Reorganization 

The alleviation of nutrient imbalance has consistently triggered non-linear restructuring of 

biological communities in estuarine ecosystems worldwide. A study based on 30 year 

concurrent observations in the Dutch Wadden Sea demonstrated that long term variations in 

limiting phosphate and silicon were strongly correlated with community structures of 

phytoplankton, macrozoobenthos, and estuarine birds, indicating that nutrient reduction 

primarily drives compositional and functional reorganization65. Similarly, a comparative study 

before and after the implementation of nutrient mitigation measures in the Eden Estuary, 

Scotland, revealed that the macrobenthic community showed overall improvements in both 

structural and functional metrics, confirming that alleviation of nutrient imbalance drives 

significant changes in benthic community composition66. Researches focused on Chinese 

coastal waters with long term nutrient imbalance pointed out that the implementation of 



nutrient management measures and subsequent improvement in nutrient conditions, including 

declining DIN and phosphate concentrations and shifting N/P ratios, have driven significant 

changes in biological communities which responded more sensitively than biomass23,29.  

Our biodiversity data from 2004 to 2023 are fully consistent with these findings (Figs. 1a–b, 

5a–d). The sharp decline in diversity and richness across all biotic groups during regime shift 

precisely coincided with the period when our environmental data show obvious DIN 

declining, phosphate rising, and N/P ratio dropping (Figs. 2f-h). Neither group recovered to 

their pre-decline peaks afterwards (Figs. 1a–b). The comprehensive turnover of dominant 

species across all four biotic groups, as detailed above, further confirmed that the direction of 

nutrient change drove the community transition across multiple trophic levels (Figs. 5a–d). 

These findings collectively confirmed that in waters subject to long term nutrient imbalance, 

the alleviation of nutrient surplus and the restoration of stoichiometric balance, rather than 

changes in absolute nutrient concentrations alone, have become critical drivers reshaping 

biological communities26,67. 

In contrast to the nutrient-related factors, the mechanism for DO was fundamentally 

different but equally consequential. Rather than alleviating stress, DO moved towards lower 

oxygen levels and increased hypoxia risk (Fig. 2b)29,32,58,63. This paradoxical convergence 

suggests that the ecosystem responded to the cumulative effect of multiple simultaneous 

changes, rather than to a single trajectory of improvement or degradation68,69. The 

reorganization of trophic structure, including the shift from small filter‑feeding copepods to 

large raptorial copepods and from bivalve‑dominated benthos to polychaete‑ and 

shrimp‑dominated communities, reflects a fundamental shift in energy transfer pathways and 

ecosystem functioning (Figs. 5b, 5d). This restructuring indicates that the regime shift was not 

merely a change in species composition but a reconfiguration of energy and material flow 

through the ecosystem13. Critically, the simultaneous occurrence of nutrient alleviation and 

oxygen depletion during 2009–2010, rather than their individual effects, created a synergistic 

forcing that pushed the ecosystem across the tipping point (Figs. 2b, 2f–h, 4, 5). This 

multi‑driver synergy, in which opposing environmental changes converged to produce a 

single ecological outcome, underscores the importance of considering multiple interacting 



stressors rather than single‑factor explanations in understanding ecosystem regime shifts in 

coastal environments49,70,71. 

Implications for Ecosystem Management 

The temporal convergence of all four factors, despite their differing ecological roles, 

created a synergistic forcing that pushed the ecosystem across a critical transition. This 

pattern aligns with a growing body of evidence of regime shifts typically arised from multiple 

drivers acting in concert rather than any single factor in isolation49,72,73. Individual stressors 

may be insufficient to induce a state change, yet when multiple factors converge 

synergistically, they can erode ecosystem resilience and lower the critical thresholds for 

regime shifts12,74,75. The cumulative effects of interacting stressors often produce non-additive 

responses that would be overlooked if only average relationships or single drivers were 

examined76. This underscores the value of threshold-based diagnostics that integrate multiple 

interacting drivers to anticipate ecological regime shifts, as demonstrated in recent 

multi-factor analytical frameworks applied to coastal ecosystems75,77.  

Importantly, this regime shift does not imply movement of ecosystem towards a better or 

worse state, as PC1 is a statistical composite of species abundance patterns rather than a 

measure of ecological quality. The transition instead represents a shift from one persistent 

state to another, driven by the convergence of multiple environmental trends that collectively 

reorganized the ecosystem structure. After the regime shift, the ecosystem entered a new 

stable state in which the trigger factors became the new baseline, consistent with the theory of 

alternative stable states78. Under this framework, multiple stable states can coexist under the 

same environmental conditions, and once a transition occurs, the system may not return to its 

original state even if environmental conditions revert, a phenomenon known as hysteresis7,79. 

This is precisely what we observed: although the trigger factors remained above their 

threshold after the shift, the ecosystem did not revert to its pre‑shift configuration.  

Traditional management approaches that focus on single stressors and attempt to maintain 

conditions below a single threshold may be inadequate for systems subject to multiple 

interacting drivers. Our results instead suggest that management strategies should monitor the 

simultaneous trajectories of multiple environmental factors, particularly their rates of change, 

rather than focusing solely on absolute concentrations68,69. They should also recognize that 



alleviation of one stressor may be offset by intensification of another, as observed with DO in 

our case80. Finally, managers must consider that ecosystems may transition to new stable 

states that are resistant to reversal even when conditions are restored36. These insights call for 

a shift from single-factor management toward integrated, multi-driver approaches that 

account for the complex interactions and temporal dynamics inherent in coastal 

ecosystems69,81.  



Methods 

1. Biological and Physiochemical Dataset 

Biological data used in this study were obtained from the National Marine Data and 

Information Service (NMDIS), China, comprising field survey records in the Yangtze Estuary 

from 2004 to 2023 across four biotic compartments: phytoplankton, zooplankton, nekton, and 

benthos (Fig. S9a). Duplicate entries were merged and invalid records were removed to 

generate a standardized analytical dataset. Given that summer sampling yielded the most 

comprehensive and temporally consistent coverage over the study period, while the remaining 

seasons are characterized by considerable data deficiencies, we consequently restrict our 

investigation to the summer months. For each biotic group, species richness and the Shannon 

diversity index were calculated to characterize inter-annual variations in community 

structure34. Meanwhile, dominant species of each group were identified annually by ranking 

the relative percentage of each species' summer abundance relative to the total annual 

abundance, selecting the top five species each year, and their temporal trajectories were 

plotted to track changes in dominance over time82. 

Physico-chemical variables data were assembled from three complementary sources to 

ensure spatiotemporal continuity. The primary in‑situ measurements were sourced from the 

National Marine Data and Information Service (NMDIS), conducted concurrent with the 

biological surveys. This observational baseline was complemented by satellite‑derived 

reanalysis products from the Copernicus Marine Service (CMEMS), specifically the sea 

surface temperature product 010‑011 and biogeochemical product 001‑02983,84. Additionally 

spatial coverage was provided by the monthly gridded water quality dataset of Lin et al., 

which was derived from in-situ measurements conducted by the National Marine 

Environmental Monitoring Center (NMEMC)85. Gridded environmental data from CMEMS 

were extracted using Python following the protocols described in the Copernicus Marine Help 

Center86, while the Lin dataset was processed with ArcGIS Pro (V3.5.0)87. All environmental 

data were assigned to biological stations by nearest-neighbor extraction and then combined 

with the in-situ measurements to form a unified dataset for subsequent analyses (Fig. S9b). 



Stations with the same sampling time and coordinates (to four decimal places) were 

considered identical across all data integration steps, including biological environmental 

matching and multi‑source spatial matching. 

2. Distance‑Based Redundancy Analysis (dbRDA) 

To assess the overall influence of environmental factors on the inter-annual variability of 

community composition across the four biotic groups, we performed distance‑based 

redundancy analysis (dbRDA) using the capscale function in the vegan R package 

(V2.7.3)17,88,89. The community composition matrix was transformed using Hellinger distance 

to reduce the weight of rare species. Environmental variables were standardized to zero mean 

and unit variance prior to analysis. A global model including all seven environmental 

variables (SST, salinity, DO, pH, Chl a, DIN, and phosphate) was fitted, and the significance 

of each variable was tested using 999 permutations. In addition to the decade scale analysis, 

year‑specific dbRDA was conducted for each year with sufficient biological data to examine 

temporal heterogeneity in the identity and number of significant environmental drivers. This 

year‑specific approach allowed us to detect whether the dominant drivers of community 

composition shifted over time, particularly before versus after the regime shift46,90. 

3. Identification of Ecosystem Regime Shift based on PCA analysis 

To identify potential regime shifts in the ecosystem, principal component analysis (PCA) 

was performed on the species abundance data of all four biotic groups combined. The first 

principal component (PC1), which explained 41.57% of the total variance, was used as an 

integrative indicator of ecosystem state. To avoid false positives from any single method, 

three independent techniques were applied to the PC1 time series for breakpoint detection: the 

PELT (Pruned Exact Linear Time) algorithm with a BIC penalty and a minimum segment 

length of 2, as implemented in the changepoint R package (V2.3)91; the Bai-Perron structural 

change test, performed via the breakpoints function in the strucchange R package (V1.5.4)92; 

and a sliding‑window procedure with a window size of four years, which combined Wilcoxon 

rank‑sum tests (α = 0.1) with bootstrap resampling (199 iterations) of mean differences to 

evaluate the statistical significance of potential shifts93. A consensus breakpoint year was 

identified only when at least two methods agreed on the same year. To further validate 



ecological continuity, we performed UPGMA hierarchical clustering based on Bray-Curtis 

dissimilarity of community composition, using the vegdist and hclust functions from the 

vegan R package94. A regime‑shift year was confirmed when a PCA‑derived breakpoint fell 

within one year of a clustering‑detected change. In addition, PCA was repeated separately for 

each biotic group to compare the breakpoints obtained from individual groups versus the 

integrated dataset, thereby demonstrating the necessity of a multi-group approach.  

4. Environmental Variables Thresholds Associated with Ecosystem Regime Shift 

To identify the ecological thresholds of environmental drivers beyond which the ecosystem 

state (PC1) is likely to undergo a regime shift, we adopted the non‑parametric smooth 

derivative method as our primary analytic tool95-97. This approach computes the first 

derivative of the fitted response curve, identifies the point of maximum absolute derivative as 

a candidate threshold, and rigorously tests its statistical significance via bootstrap‑based 

confidence intervals, thereby providing an objective and statistically defensible criterion for 

distinguishing true threshold effects from random fluctuations along the gradient73. The 

derivative method was implemented using mgcv R package (V1.9.4) for GAM fitting, while 

derivative calculations and moving average smoothing were performed with zoo R package 

(V1.8.15)97,98. 

For cross validation, both GAM‑based permutation test and the exploratory Significant 

Zero Crossings method (SiZer) were applied. GAM-based permutation tests evaluated 

threshold credibility by comparing observed deviance to a null distribution generated from 

199 permutations of the environmental variable, with thresholds considered significant when 

the p‑value fell below 0.05, also using mgcv package99,100. SiZer employs locally weighted 

polynomial regression across a range of bandwidth values to examine how the first derivative 

of the response function changes along the environmental gradient19,101. Unlike the derivative 

method, SiZer offers a graphical representation of derivative significance across multiple 

smoothing scales rather than providing a single threshold estimate with p‑value or confidence 

interval. Given the subjective bandwidth selection and the risk of over‑ or under‑smoothing21, 

we treated SiZer strictly as an exploratory corroboration tool, implemented via SiZer R 

package (V0.1.8)19.  
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Figures 

 

Fig. 1 | Inter-annual variations in summer diversity and species richness for four biotic 

groups in the Yangtze Estuary from 2004 to 2023. 

a Shannon diversity index for phytoplankton, zooplankton, nekton, and benthos. b Species 

richness for phytoplankton, zooplankton, nekton, and benthos. 



 

Fig. 2 | Inter-annual change of summer means of eight environmental variabless in the 

Yangtze Estuary from 2004 to 2023. 

a Sea surface temperature (SST). b Dissolved oxygen (DO). c Salinity. d pH. e Chlorophyll a (Chl 

a). f Dissolved inorganic nitrogen (DIN). g Phosphate. h N/P ratio. 

 



 

Fig. 3 | Distance-based redundancy analysis (dbRDA) results showing the influence of 

environmental variables on community composition across the four biotic groups. 



a dbRDA biplot of community composition against environmental drivers at decade level. b 

Year-specific significant environmental drivers identified by dbRDA from 2004 to 2023. The 

length and direction of arrows indicate the strength and sign of each variable's correlation with 

community composition. Red cells indicate significant drivers (p < 0.05) while black cells indicate 

non-significant variables.  

 

 

 

Fig. 4 | Identification of a multi‑taxa regime shift in the Yangtze Estuary summer ecosystem, 

showing the convergence of PC1‑based breakpoint detection and hierarchical clustering. 



 

Fig. 5 | Changes in dominant species composition of each biotic group during summer before 

and after the regime shift in the Yangtze Estuary. a Phytoplankton. b Zooplankton. c Nekton. 

d Benthos. 



 

Fig. 6 | Threshold responses of PC1 to four significant environmental drivers, identified by 

the non‑parametric derivative method with cross‑validation from GAM‑based permutation 

tests and the exploratory SiZer method. 

a DO threshold identified by the derivative method and confirmed by GAM permutation, derived 

from the PC1‑DO response curve, with a negative slope. b DIN threshold identified by the 

derivative method and consistent with GAM permutation, derived from the PC1‑DIN response 

curve, with a negative slope, though SiZer detected no threshold. c Phosphate threshold identified 

by the derivative method and confirmed by GAM permutation, derived from the PC1‑phosphate 

response curve, with a positive slope, while SiZer detected a lower value. d N/P threshold 

identified by the derivative method and consistent with GAM permutation, derived from the 

PC1‑N/P response curve, with a negative slope, while SiZer detected a higher value. 
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