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Microbial resistance and persistence increase during estuarine succession 
and promote nutrient accumulation
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A B S T R A C T

Understanding how belowground ecosystems maintain stability in the face of environmental change remains a 
fundamental challenge in ecology. In this study, we examined both the topological resistance and temporal 
persistence of microbial communities, including bacteria, fungi, and protists, across tidal and non-tidal zones in 
the Yellow River Delta (YRD), sampled across four seasons. Using amplicon sequencing, combined with mo
lecular ecological networks and the iDIRECT framework, we found that succession from tidal wetland to non- 
tidal land significantly enhanced microbial diversity (average increase: 44.0 %) and temporal persistence 
(373.0 %), while simplifying network complexity (a 36.3 % reduction in intra- and inter-domain associations). 
Non-tidal land exhibited higher topological resistance and temporal persistence, indicating stronger ecological 
memory and reduced turnover. Multivariate analyses, including the Mantel test and structural equation modeling 
(SEM), confirmed that these changes were primarily driven by decreases in environmental stress (e.g., lower 
salinity and pH) and increases in soil nutrient accumulation (i.e., soil organic matter and soil nitrogen). These 
results suggest that microbial relationships played critical roles in the succession of the estuary landscape. Our 
findings provide a practical basis for using microbial network stability as an indicator for ecological monitoring 
and management in various ecosystems.

1. Introduction

Ecosystems worldwide are under increasing pressure from both 
natural and anthropogenic disturbances, threatening their ability to 
maintain essential functions (De Keersmaecker et al., 2014; Pennekamp 
et al., 2018). Assessing ecosystem stability in the face of such pressures is 
critical, yet particularly challenging in natural habitats with limited 
aboveground biological indicators (Pennekamp et al., 2018). In such 
cases, microbial communities provide a promising alternative for 

monitoring ecosystem responses to change. Microorganisms are the 
most diverse and functionally significant life forms in soil, playing 
critical roles in organic matter decomposition, nutrient cycling, and 
energy flow (Angeloni et al., 2006; Li et al., 2021a). Recent studies have 
increasingly recognized microbial assemblages as sensitive bioindicators 
of environmental perturbations in aquatic and terrestrial systems (Ma 
et al., 2022). Thus, microbial stability may mirror the stability of the 
entire belowground ecosystem (Hernandez et al., 2021; Wu et al., 2021; 
Yuan et al., 2021).
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Among the various aspects of ecosystem stability, three primary di
mensions are often considered: (i) resistance, the state of staying 
essentially unchanged upon disturbance; (ii) resilience, the ability to 
return to the reference state after a temporary disturbance; and (iii) 
persistence (opp. variance), that describes the fluctuation of returning to 
the equilibrium across a time series (De Keersmaecker et al., 2014; 
Grimm and Wissel, 1997). While resistance and resilience have been 
widely studied, temporal persistence remains underexplored, particu
larly in the context of microbial communities. Persistence offers a dy
namic measure of stability that captures how communities fluctuate or 
remain consistent across time under natural or anthropogenic stressors 
(Yuan et al., 2021). To quantify these dimensions of microbial stability, 
network theory has become an increasingly powerful tool. Microbial 
molecular ecological networks (MENs), adapted from concepts in food 
web theory, provide a structural framework for examining species in
teractions and the organization of communities (Deng et al., 2012; 
Dunne et al., 2002). Recent advances, such as iDIRECT, further enhance 
the reliability of inferred associations by distinguishing between direct 
and indirect relationships (Xiao et al., 2022). This study uses MENs to 
quantify both topological resistance (robustness and vulnerability) and 
temporal persistence (compositional stability, node persistence, and 
constancy of nodes and links).

Additionally, there is a long-standing debate regarding the rela
tionship between community complexity and stability. Earlier theories 
suggested that more complex ecosystems with numerous species and 
interactions are more stable (MacArthur, 1955). In contrast, later 
models indicated that greater complexity may reduce stability due to 
increased sensitivity to perturbation and cascading effects (May, 1973). 
This question remains unresolved in microbial systems, which are 
inherently complex. Network-based metrics, such as average degree, 
clustering coefficient, geodesic distance, and cohesion, offer quantita
tive proxies for exploring this relationship in microbial ecology 
(Hernandez et al., 2021; Herren and McMahon, 2017).

Estuarine wetlands are ideal systems to study how microbial com
munities respond to environmental succession. The Yellow River Delta 
(YRD), shaped by sediment deposition and dynamic tidal action, is un
dergoing natural landscape succession, transitioning from tidal salt 
marshes to non-tidal vegetated lands, with seaward advancement at a 
rate of approximately 0.15 km/year (Fang et al., 2005). These con
trasting environments provide an opportunity to assess how microbial 
communities respond to environmental filtering and ecological stabili
zation over time (Zhang et al., 2021).

In this study, we assessed the composition, structure, complexity, 
and stability of bacterial, fungal, and protistan communities in both tidal 
and non-tidal zones across four seasons. We specifically emphasize the 
role of temporal persistence as a core dimension of microbial stability. 
Our objectives were to test the following hypotheses: (i) estuarine suc
cession significantly alters microbial diversity and increases temporal 
and topological stability; (ii) changes in stability are linked to shifts in 
community diversity and interaction complexity; and (iii) microbial 
stability correlates with increased soil nutrient accumulation. While 
some of these relationships are known (e.g., diversity correlates with 
stability, or nutrient-rich soils harbor more microbes), we aim to provide 
novel insights by disentangling the interactions among diversity, 
complexity, and persistence using integrated ecological network and 
statistical modeling approaches. Therefore, this study aims not only to 
examine how estuarine succession shapes microbial communities, but 
also to investigate how microbial stability may contribute to nutrient 
accumulation, forming a potential feedback loop between biotic struc
ture and abiotic processes.

2. Materials and methods

2.1. Site characterization

The sampling sites (tidal wetland 37◦47′14.496′’N, 

119◦09′58.347′’E; non-tidal land 37◦45′59.36′’N, 118◦56′56.14′’E) are 
located in the Yellow River Delta (YRD), along the southern shore of the 
Bohai Sea and the western Laizhou Bay, China. The YRD experiences a 
warm-temperate and continental monsoon climate, and is characterized 
by extensive saline and wet soils (Fig. 1a). Both the tidal wetland (initial 
stage) and the non-tidal land (succession states) were located within the 
core area of the Yellow River Delta National Nature Reserve. These 
zones are strictly protected and represent undisturbed natural habitats, 
with no evidence of land utilization or anthropogenic activities during 
the study period. The distance from the tidal wetland sampling site to 
the non-tidal land sampling site was about 19 km. The annual average 
temperature is 12.9 ◦C, with January’s lowest and July’s highest mean 
daily temperatures of − 2.8 ◦C and 26.7 ◦C, respectively. The average 
annual precipitation is 560 mm. The soil type, ranging from tidal 
wetland to non-tidal land in the YRD, eventually changed from fluvo- 
aquic to saline soil, with the primary soil types identified as Calcaric 
Fluvisols, Gleyic Solonchaks, and Salic Fluvisols (FAO) (Han et al., 
2015). The major vascular vegetation species for tidal and non-tidal 
zones were Suaeda salsa (L.) Pall. and Phragmites australis (Cav.) Trin. 
ex Steud., respectively (Zhao et al., 2020). This study employs a chro
nosequence approach (i.e., space-for-time substitution), where spatially 
distinct sites representing different stages of estuarine succession, tidal 
wetland and non-tidal land, are compared to infer successional dy
namics (Zaplata et al., 2013).

2.2. Sample collection

Soil samples were collected from two habitats (tidal wetland and 
non-tidal land) across four seasons, as autumn (2019-sep-21), winter 
(2020-Jan-4), spring (2020-Apr-7), and summer (2020-Jul-5) following 
a nested design within an 8 km2 area (Fig. 1b), in which smaller sample 
regions are nestled inside bigger ones (Li et al., 2021b; Li et al., 2022). 
We used a soil auger with a 5 cm inner diameter, which was able to 
collect samples to a depth of 20 cm. For each season, 70 soil samples 
(tidal wetland, 37 samples; non-tidal land, 33 samples) were collected, 
where each sample was a composite of five replicates collected within a 
square meter area. In total, 280 soil samples (70 samples per season) 
were obtained. All samples were divided into two halves, one of which 
was maintained at 4 ◦C for the measurement of physicochemical char
acteristics, and the other at − 80 ◦C for DNA extraction.

2.3. Soil physicochemical analyses

As previously mentioned, measurements of the soil moisture, pH 
value, salinity, total organic matter (OM), total nitrogen (TN), ammo
nia–nitrogen (NH4

+-N), and nitrate nitrogen (NO3
− -N) contents in each 

soil sample were conducted (Du et al., 2021). In detail, moisture was 
determined by freeze-drying for 48 h. The salinity of the soil was 
quantified as electrical conductivity using a 1:2.5 soil-to-water ratio 
with a salinity meter (PAL-06S, ATAGO), and the pH was measured 
using a glass electrode (FiveEasy, METTLERTOLEDO). Total nitrogen 
(TN) and total phosphorus (TP) were determined using the alkaline 
potassium persulfate digestion method (K2SO8), followed by colori
metric detection with a UV–Vis spectrophotometer (UV-2550, SHI
MADZU) (De Borba et al., 2014). Ammonium nitrogen (NH4

+-N) and 
nitrate nitrogen (NO3

− -N) were extracted using 2 M KCl and measured 
using UV spectrophotometry following standard protocols. OM was 
measured by the K2CrO7 oxidation-colorimetric method.

2.4. DNA extraction, PCR amplification, and sequencing

Soil total DNA was extracted from 0.5 g of mixed soil using the Mobio 
DNeasy® PowerSoil® Kit. Universal primers were used to amplify the 
16S rRNA genes of bacteria (515F: 5′-GTGCCAGCMGCCGCGGTAA-3′, 
806R: 5′-GGACTACHVGGGTWTCTAAT-3′), ITS genes of fungi (5.8F: 5′- 
AACTTTYRRCAAYGGATCWCT-3′, 4R: 5′- 
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AGCCTCCGCTTATTGATATGCTTAART-3′), and 18S genes of protistan 
(first step primer: 615F of 5′-AGTGTCGATTCGGTTAAAARGCTCGTAG
TYG-3′, 963R of 5′-:AAGATCGTACTGAAGARGAYATCCTTGGTG-3′; 
second step primer: 615F of 5′-AGTGTCGATTCGGTTAAAARGCTCG
TAGTYG-3′, 947R of 5′-AAGARGAYATCCTTGGTG-3′), and were sup
plemented with sample-specific barcodes (Caporaso et al., 2012; Yarza 
et al., 2014). PCR amplification was carried out in a total volume of 50 
μL, consisting of 25 μL of 2 × Phusion High-Fidelity PCR Master Mix 
(New England Biolabs), 1 μM of each primer, and approximately 1 μL of 
template DNA (~10 ng). For bacterial 16S rRNA gene amplification (V4 
region), the thermal cycling conditions included an initial denaturation 
at 98 ◦C for 30 s, followed by 30 cycles of denaturation at 98 ◦C for 10 s, 
annealing at 55 ◦C for 30 s, and extension at 72 ◦C for 30 s, with a final 
extension at 72 ◦C for 5 min. Fungal ITS region amplification was con
ducted under the following program: an initial denaturation at 95 ◦C for 

3 min, followed by 35 cycles of 95 ◦C for 30 s, 55 ◦C for 30 s, and 72 ◦C 
for 45 s, and a final extension step at 72 ◦C for 10 min. Protistan 18S 
rRNA gene amplification involved a two-step nested PCR. The first 
round consisted of an initial denaturation at 95 ◦C for 3 min, followed by 
25 cycles of 95 ◦C for 30 s, 57 ◦C for 30 s, and 72 ◦C for 45 s, with a final 
extension at 72 ◦C for 10 min. The second round used the same thermal 
cycling conditions with nested primers. All PCR products were examined 
on 2 % agarose gels, purified using AMPure XP beads (Beckman 
Coulter), and quantified before library preparation. Magigene Biotech
nology Co., Ltd. (Guangzhou, China) sequenced the samples using the 
Illumina HiSeq platform with paired-end 2 × 150 bp read configuration.

2.5. Sequence processing

A total of 840 samples from the three microbial groups were 

Fig. 1. Seasonal and tidal zone variations in microbial communities. (a) Overview of the sampling area. (b) Nested design of central sampling area and total sampling 
area. (c) Shannon index of bacterial diversity across different seasons (Autumn, Winter, Spring, Summer) and tidal zones (Tidal wetland in red, non-tidal land in 
blue). Significant differences in bacterial diversity are observed between tidal and non-tidal zones (*** p < 0.001). (d) Principal Coordinate Analysis (PCoA) plot of 
bacterial community based on weighted distance. Differed shape represents different seasons, while tidal wetland in red, non-tidal land in blue. (e) The relative 
abundance of major bacterial phyla in different seasons across tidal and non-tidal zone. (f) A phylogenetic tree of the bacterial community structure. The tree shows 
distinct groupings for different taxa, with colors indicating different phyla. (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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obtained. All raw reads from the 16S rRNA, ITS, and 18S genes were 
uploaded to a publicly accessible sequence analysis pipeline (https://d 
map.denglab.org.cn/) that was integrated with multiple bioinformatics 
tools (Feng et al., 2024; Yang et al., 2024). First, the raw reads were 
allocated to samples based on their barcodes using the “Detected barc
odes” tool, and then trimmed the barcode sequences. Second, The 
FLASH tool (Magoc and Salzberg, 2011) was used to combined forward 
and reverse reads, and the combined reads without ambiguous bases 
were filtered by using the Btrim tool (Kong, 2011). Then, the Greengene 
database (DeSantis et al., 2006), ITS RefSeq database (Schoch et al., 
2014), and PR2 database (Guillou et al., 2012) were used as references 
for chimera checking for the bacterial, fungal, and protistan commu
nities, respectively. Singletons were preserved as uncommon species 
(Jousset et al., 2017), and sequencing clustering into operational taxo
nomic units (OTUs) was conducted at a 97 % threshold using UPARSE 
(Edgar, 2013). Moreover, for ITS gene sequences, the ITSx tool was used 
to identify ITS sequences and extract the ITS regions. After obtaining 
OTU tables, we randomly resampled the reads with 60,000, 25,000, and 
30,000 sequences for per bacterial, fungal, and protistan datasets, 
respectively. The Ribosomal Database Project (RDP) classifier was used 
to assign bacterial, fungal, and protistan OTUs with the Greengene ri
bosomal database (Wang et al., 2007), UNITE database (Abarenkov 
et al., 2010) and PR2 database (Guillou et al., 2012), respectively, with 
confidence values >0.8 (Wang et al., 2007).

2.6. Molecular ecological networks (MENs) and inter-domain ecological 
networks (IDENs) construction, characterization, and visualization

Random matrix theory (RMT) (Deng et al., 2012), the general 
framework iDIRECT and the Link Test for Environmental filtering or 
Dispersal limitation (LTED), were used to construct bacterial commu
nities by Spearman correlation in the open-access analysis pipeline 
available at https://ieg4.rccc.ou.edu (Deng et al., 2012; Jizhong Zhou 
et al., 2010). Furthermore, inter-domain ecological networks (IDENs) 
based on the sparse correlations for compositional data (SparCC) 
method (Friedman and Alm, 2012), were constructed for bacterial- 
fungal, bacterial-protistan, and protistan-fungal networks through the 
open-accessible analysis pipeline available at https://inap.denglab.org. 
cn (Peng et al., 2024). All links, including inter- and intra-kingdom, 
were recovered, but only inter-kingdom links were retained. The 
Spearman correlations of RMT results of the bacterial community were 
filtered by the threshold r > 0.78, and SparCC results of bacterial-fungal, 
bacterial-protistan, and protistan-fungal communities were filtered by 
the thresholds r > 0.5, >0.6, and >0.4, respectively, and a false dis
covery rate < 0.05. Gephi (0.9.2) was used to display all the resulting 
networks. Due to the high dominance of a few taxa in the fungal and 
protistan datasets, where over 60 % of the total sequences were 
contributed by the top 20 OTUs, the number of nodes retained for 
network construction fell below the minimum threshold (i.e., fewer than 
50 nodes per network after prevalence filtering at a 0.5 occurrence rate). 
As a result, co-occurrence networks could not be reliably constructed for 
fungal and protistan communities using the RMT-based approach. 
Therefore, ecological networks based on molecular ecological network 
analysis (MENA) and iDIRECT were constructed only for the bacterial 
communities.

For MENs, various network topological indices were measured to 
characterize the topological structure (Deng et al., 2012), such as nodes, 
links, power-law fitting of node degrees, average degree (avgK), density 
(D), average clustering coefficient (avgCC), average path distance (GD), 
geodesic efficiency (E), harmonic geodesic distance (HD), transitivity 
(Trans), connectedness (Con), modularity, and keystone and module 
numbers. For IDENs, for each number of two interacting communities’ 
species and total links, the connectance, cluster coefficient, web asym
metry, number of compartments, nestedness, checkerboard score, 
modularity, and specialization asymmetry were calculated (Feng et al., 
2019). For each observed MEN and IDEN, the Maslov-Sneppen approach 

was used to generate 100 randomly rewired networks (Bascompte et al., 
2003), and the topological properties of each of the 100 random IDENs 
were examined for each index. Importantly, cohesion, a powerful 
method for measuring the degree of cooperative behaviors or competi
tive interactions correlation (Herren and McMahon, 2017), which can 
indirectly represent the complexity, was used. While robustness (Dunne 
et al., 2002; Montesinos-Navarro et al., 2017), vulnerability (Deng et al., 
2012), node and links constancy (Hautier et al., 2014), compositional 
stability (Tamara Jane Zelikova et al., 2014), and node persistence 
(Landi et al., 2018) were powerful indices to measure microbial stability 
(Yuan et al., 2021).

2.7. Microbial stability and complexity

Robustness (Dunne et al., 2002; Montesinos-Navarro et al., 2017) 
and vulnerability indices were used to evaluate community resistance. 
Robustness was calculated using the following two steps: First, the 
abundance-weighted mean interaction strength of node i (wMISi) was 
calculated using the equation below. 

wMISi =

∑
j∕=ibjsij

∑
j∕=ibj

(1) 

Where bj is the relative abundance of species j and sij is the association 
strength between species i and j, which is measured by the Pearson 
correlation coefficient. Second, nodes having wMISi values of 0 were 
eliminated from the network, and finally, the fraction of remaining 
nodes was reported as the network robustness. And, the vulnerability 
was calculated by the following equation. 

max(
E − Ei

E
) and E =

1
n(n − 1)

∑

i∕=j

1
dij

(2) 

Where E represents global efficiency, Ei represents global efficiency after 
removing node i and all of its links, n represents the total number of 
nodes, and dij represents the shortest path between node i and j.

The indices of compositional stability, node persistence, node con
stancy and links constancy (Cang and Melodie, 2014; Yuan et al., 2021) 
were used to calculate the community persistence (Landi et al., 2018), 
which could be measured by the equations: 

Compositional stability =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑s
k=1v(min

i
yi,k)

∑s
k=1

∑v
i=1yi,k

√
√
√
√ (3) 

and 

Node persistence =

∑s
k=1

∏v
i=1δi,k

S
(4) 

Where v is the number of samples taken from the same field plot at 
multiple consecutive time points, S is the total species number of the 
network, yi,k is the abundance of species k in sample I, and δi,k is a Dirac 
delta function evaluating whether species k present in sample i. Node 
and links constancy (Cang and Melodie, 2014; Yuan et al., 2021) were 
defined as: 

Node constancy =
μi

σi
(5) 

and 

lij(+/− ) =
μlij(+/− )

σlij(+/− )

(6) 

Where lij was the link of node i and j, the +/- mean the positive/negative 
correlation between node i and j. The μi and μlij were the mean abun
dance of node i and links lij across different sampling time point. The σi 
and σlij were the standard deviation of abundances of node i and links lij 
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across different sampling time point.
In addition, we used the cohesion index to calculate network 

complexity, which was a null model-corrected metric considering 
abundance-weighted based, and could quantify the degree of connec
tivity. Positive and negative cohesion, which are all obtained from 
pairwise correlations, may show the degree of cooperative or competi
tive behavior in a sample of community members. Negative correlations 
might emerge from competition among species representing dissimilar 
niche needs (Freilich et al., 2018; Zelezniak et al., 2015), whereas pos
itive correlations can be induced by facilitation/mutualism among taxa 
showing ecological or functional similarities (Barberán et al., 2012; 
Durán et al., 2018). The following equations were used to compute two 
cohesion values (positive and negative): 

cpos
j =

∑n

i=1
ai • ri,r > 0(PositiveCohesion) (7) 

and 

cneg
j =

∑n

i=1
ai • ri,r < 0(NegativeCohesion) (8) 

Where ai is the abundance of OTU i in the sample j and ri,r is the 
connectedness.

2.8. Statistical analysis

Every statistical analysis was also carried out using the analytic 
pipeline https://dmap.denglab.org.cn. To evaluate the richness of mi
crobial communities, two indices of alpha-diversity were computed. To 
be more specific, the resampled OTU table’s observed species counts 
were counted to calculate the Richness index, and Phylogenetic diversity 
was calculated after selecting the OTUs both in the tree file and OTU 
table. Locally weighted scatterplot smoothing (LOESS) was applied to 
visualize site-specific seasonal dynamics, implemented via “geo
m_smooth ()” in the “ggplot2” R package (v3.4.2). To quantify the 
strength and significance of monotonic seasonal associations, Spear
man’s rank correlation coefficients (ρ) were calculated for tidal and non- 
tidal zones separately using the “stat_cor ()” function from the “ggpubr” 
package (v0.6.0). The Mantel test determined the relationship between 
microbial communities and soil characteristics. The community’s 
dissimilarity was tested using MRPP, ANOSIM, and PERMANOVA 
(Anderson, 2001). By ensuring the normal distribution, the differences 
in soil physicochemical variables and diversities between two habitats 
across four seasons were tested using the analysis of variance (ANOVA) 
implemented through the least significant difference (LSD) test, and 
Tukey post-hoc tests. The significance of link constancy and network 
features was evaluated using a one-sample Student’s t-test by comparing 
the observed values to the distribution of 100 randomized networks 
generated using the Maslov–Sneppen rewiring method. The number of 
randomizations (n = 100) was selected to ensure reliable estimates of 
the null distribution. Using AMOS 21.0 (Amos Development Corpora
tion), a structural equation model (SEM) was constructed. The fit of the 
suitable model was judged by the χ2 test (P > 0.05) (Bentler and Bonett, 
1980; Marsh and Hocevar, 1985), Chi-Square Test df value (df ≤ 5, 
indicating relatively good model-data fit in general) (Schumacker and 
Lomax, 2004), root mean square error of approximation (RMSEA) 
(≤0.05, indicating relatively exact fit) (Browne and Cudeck, 1992; 
MacCallum et al., 1996; McDonald and Ho, 2002), comparative fit index 
(CFI) (≥0.95, indicating relatively exact fit (Satorra and Bentler, 1988)), 
goodness of fit index (GFI) and adjusted goodness fit index (AGFI) 
(≥0.90, indicating relatively exact fit (Tanaka and Huba, 1985)), 
normed fit index (NFI) (≥0.90, indicating relatively exact fit (Bentler 
and Bonett, 1980)) and relative fit index (RFI) (≥0.90, indicating rela
tively exact fit (Bollen, 1986)).

3. Results

3.1. Seasonal variations in environmental conditions and spatial 
heterogeneity

Soil physicochemical properties showed significant differences be
tween tidal and non-tidal zones across all four seasons, as determined by 
one-way ANOVA followed by Tukey’s post-hoc tests (P < 0.05) (Fig. 2). 
Non-tidal land soils consistently had lower pH and salinity, but higher 
organic matter (OM) and total nitrogen (TN) contents. Seasonal varia
tions were more pronounced in tidal wetlands, where TN peaked in 
autumn and dropped in winter (Spearman’s rank correlation coefficient, 
R = 0.22, P = 0.011). In contrast, non-tidal land TN showed some sea
sonal fluctuations, but the statistical analysis revealed no significant 
year-round variation (R = 0.08, P = 0.36), indicating that TN levels 
remained relatively stable throughout the year. Ammonium nitrogen 
(NH4

+-N) fluctuated significantly in both zones (paired t, P < 0.05), 
peaking in spring and declining in summer, likely driven by seasonal 
mineralization and plant uptake. Nitrate nitrogen (NO3

− -N) exhibited 
clearer seasonal dynamics (P < 0.001), with higher concentrations in 
spring and autumn. Organic matter (OM) content was higher in spring 
and lower in autumn in both zones, with stronger fluctuations in tidal 
wetlands (R = 0.35, P < 0.001) compared to non-tidal soils (R = 0.29, P 
< 0.001). Soil pH also varied seasonally in both zones (P < 0.001), 
highest in winter and lowest in summer. Salinity changes were more 
pronounced in tidal wetlands, reflecting stronger seawater intrusion 
(Fig. 2a).

The spatial structuring of environmental heterogeneity, assessed 
through distance-decay relationships (DDRs) of environmental varia
tions, also showed clear seasonal and habitat-specific differences 
(Fig. 2b). In the non-tidal land, environmental dissimilarity exhibited 
relatively weak distance-decay patterns across all seasons, with the slope 
of the relationship (β) ranging from 0.0479 to 0.159, and the explana
tory power (R2) varying between 0.01 and 0.25. This suggests relatively 
homogeneous environmental conditions within the non-tidal land, with 
only weak spatial structuring. In contrast, the tidal wetland exhibited 
stronger and more seasonally variable distance-decay patterns. The 
steepest slope was observed in summer (β = 0.163), coupled with the 
highest explanatory power (R2 = 0.32, P < 0.001), indicating that 
spatial environmental heterogeneity was most pronounced during this 
season. In winter, although the slope (β = 0.0375) was lower, the 
distance-decay relationship remained statistically significant (R2 =
0.03, P < 0.001), highlighting the persistent spatial structuring driven 
by tides even under more homogeneous winter conditions. These results 
demonstrate that environmental factors in tidal wetlands not only un
dergo more pronounced seasonal fluctuations compared to non-tidal 
land, but also exhibit stronger spatial structuring, particularly during 
warmer seasons.

3.2. Succession-driven shifts in microbial diversity and composition

Microbial alpha diversity, as measured by the Shannon index, was 
consistently higher for bacterial and fungal communities in non-tidal 
land than in tidal wetlands across all seasons (P < 0.05), whereas pro
tistan diversity remained relatively unchanged except in autumn 
(Fig. 1c; Fig. S1a, b). At the temporal scale, the proportion of the change 
for bacterial, fungal, and protistan communities within a year long time 
frame in non-tidal land (752.1, 103.43, and 9.975, respectively) was 
significantly lower (P < 0.05) than in tidal wetland (1083.7, 231.03 and 
75.416, respectively). The above results indicated that wetland succes
sion increased microbial community diversity and resistance to seasonal 
change. Beta diversity analyses (PCoA) revealed clear compositional 
separation between tidal and non-tidal zones, with fungal communities 
showing the strongest habitat-driven divergence (Fig. 1d; Fig. S2c-d). 
Along the first principal coordinate (PCoA1), tidal and non-tidal samples 
were distinctly separated across all community types, with the fungal 
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community showing the most pronounced separation (explaining 33.4 
% of the variation), followed by bacterial (33.13 %) and protozoan 
communities (28 %).

Across all seasons, Proteobacteria, Acidobacteria, and Actinobacteria 
dominated both tidal and non-tidal zones, with distinct habitat prefer
ences (Fig. 1e). Non-tidal land harbored higher proportions of Acid
obacteria and Verrucomicrobia, while Chloroflexi and Bacteroidetes 
were more enriched in tidal wetlands, highlighting the strong filtering 
effect of tidal regimes. Fungal communities were similarly shaped by 
habitat and seasonality (Fig. S2a). Ascomycota dominated across all 
seasons, with Basidiomycota and Chytridiomycota showing transient 
increases in tidal wetlands during spring and summer. Non-tidal land 
exhibited greater fungal compositional stability. Protistan communities 

(Fig. S2b) were largely dominated by Stramenopiles and Rhizaria, with 
tidal wetlands showing elevated Apusozoa and Archaeplastida, partic
ularly in warmer seasons. Non-tidal land retained a simpler, more stable 
community structure. Phylogenetic analysis (Fig. 1f) revealed distinct 
clustering patterns between habitats, with taxa in non-tidal land forming 
tighter, more conserved lineages.

3.3. Complexity and stability of bacterial community

More than 60 % of the total sequences came from the top 20 OTUs in 
the fungal and protistan communities. Thus, each of the resulting 
community networks contained less than 50 nodes when the majority 
value of 0.5 was chosen for the whole community, and we were unable 

Fig. 2. Seasonal Patterns of Environmental Variables and Their Spatial Structuring in Tidal and Non-Tidal Wetlands. (a) Distribution of environmental factors across 
seasons (Autumn, Winter, Spring, Summer) and tidal zones (tidal wetland in red, non-tidal land in blue). Tidal wetland and non-tidal land are represented by orange 
and green, respectively. Asterisks indicate statistical significance between tidal and non-tidal zones (*, P < 0.05; **, P < 0.01; ***, P < 0.001). (b) Relationship 
between geographic distance (log-transformed) and environmental factors dissimilarity (log-transformed) for each season. Regression lines for tidal (red) and non- 
tidal (blue) zones are presented across the four seasons. (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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to construct the ecological networks for fungal and protistan commu
nities. Thus, only bacterial networks were constructed with the Molec
ular Ecological Network Approach (MENA) integrated with iDIRECT 
(Fig. 3a). Additionally, the contributions of environmental factors or 
dispersal limitation to the observed network links were disentangled by 
the Link Test for Environmental filtering or Dispersal limitation (LTED) 
that was further used to discard indirect associations caused by covariate 
patterns from environmental factors (Fig. 3b-e).

Multiple stability indices were calculated to elaborate on the effect of 
succession from tidal wetland to non-tidal land. The microbial temporal 
persistence, including compositional stability, node persistence, node 
constancy, and links constancy indices of the MENs were significantly 
higher (P < 0.05) in non-tidal land (Fig. 4a-d). Additionally, microbial 
topological resistance (e.g. vulnerability) was also, on average, signifi
cantly lower (P < 0.05) in non-tidal land (0.063 ± 0.029) than in tidal 
wetlands (0.156 ± 0.150) (Fig. 4e). Thereafter, the network topologies 
were measured. The range of average path lengths (GD) was 2.227 to 
9.097, which was near the logarithm of the total number of nodes, 
indicating that all bacterial MENs possessed the characteristic small 
world. Since the empirical networks’ modularity was much higher (P >
0.05) than the comparable randomized networks’, these MENs seemed 
modular. Except for autumn, the tidal wetland networks possessed a 
higher avgK, D, avgCC, E, Trans and Con, and a smaller GD and HD, 
suggesting the tidal wetland had higher network complexity than non- 
tidal land (Table S1). Furthermore, the networks’ scale (nodes and 
links), avgK, GD, Con, and number of keystone organisms and modules 
of the two habitats displayed a seasonal change. It was observed that the 
networks in winter and spring possessed a higher degree of complexity 
than in summer and autumn. We also calculated the cohesions value of 
communities to reflect the degree of cooperative behaviors or compet
itive interactions. The positive cohesion was observed to be significantly 
higher in tidal wetland than non-tidal land in autumn, winter, and 
summer, while a higher absolute value of negative cohesion was 
observed in tidal wetland in autumn and winter (Fig. 4f). In summary, 
wetland succession decreased the communities’ complexity.

3.4. Microbial stability and complexity of the bipartite communities

To further discern the microbial existence pattern in these natural 
ecosystems, microbial IDENs (inter-domain ecological networks) were 
used to calculate the correlation of bipartite communities (i.e., bacterial- 
fungal, bacterial-protistan, and fungal-protistan communities) in the 
two habitats across four seasons (Fig. S3). The bipartite networks also 
demonstrated certain fundamental network topological characteristics 
(Table S2, S3, and S4), such as nestedness and modularity. When 
observed and random IDENs were compared, nested structure, asym
metric specialization, and modularity were identified as nonrandom 
characteristics of the observed topological topologies for all bipartite 
networks at the local scale.

Some IDENs’ properties (i.e., connectance, cluster coefficient, and 
nestedness) presented the network complexity were listed as follows. 
The connectance (the proportion of the possible links observed as 
microbe-microbe associations) of bacterial-fungal, bacterial-protistan, 
and fungal-protistan communities’ networks for all four seasons were, 
on average, all significantly lower (P < 0.05) in non-tidal land (0.036 ±
0.007, 0.042 ± 0.011 and 0.08 ± 0.049) than tidal wetland (0.07 ±
0.038, 0.08 ± 0.042 and 0.148 ± 0.096). Cluster coefficient (average 
cluster coefficient of all species) of the bacterial-protistan and fungal- 
protistan communities’ networks in all four seasons were also, on 
average, significantly lower (P < 0.05) in non-tidal land (0.022 ± 0.014 
and 0.05 ± 0.043) than tidal wetland (0.032 ± 0.023 and 0.123 ±
0.100), but the opposite trend was observed in bacterial-fungal com
munity networks. The higher cluster coefficient of IDENs revealed a 
higher possibility of bacteria-fungi, bacteria-protist, and fungi- protist 
associations. The nestedness was used to measure the nested structure 
with a range from 0 (high nestedness) to 100 (chaotic structure). 

Significantly lower (P < 0.05) nestedness of the bacterial-fungal, bac
terial-protistan, and fungal-protistan communities’ bipartite networks 
in non-tidal land was observed for all four seasons (one-sample Student’s 
t-test, P < 0.001). These basic properties of networks indicated that 
habitat succession could significantly decrease the complexity of 
bipartite communities.

The cohesion index was also used to calculate the complexity degree 
(i.e., the degree of competition or cooperation) of bipartite communities. 
For bacterial-fungal communities, a significantly higher positive value 
of cohesion was observed in tidal wetland for spring and summer, while 
a higher absolute value of negative cohesion was also observed in tidal 
wetland in autumn, winter, and spring (Fig. S4). For bacterial-protistan 
communities, a significantly higher positive cohesion value was 
observed in tidal wetland in autumn, winter, and summer, while a 
higher absolute value of negative cohesion was observed in tidal 
wetland in autumn and winter. For fungal-protistan communities, a 
significantly higher value of positive cohesion was observed in tidal 
wetland in autumn and winter and non-tidal land in spring, while a 
higher absolute value of negative cohesion was observed in tidal 
wetland in winter. These cohesion analysis results indicated that the 
habitat succession could also significantly decrease the complexity de
gree of bipartite communities.

Also, we evaluated the influence of habitat succession on bipartite 
communities’ stability. Multiple stability indices were computed using 
the empirical data to elaborate the effect of succession from tidal 
wetland to non-tidal land on bacterial-fungal, bacterial-protistan and 
fungal-protistan communities. The persistence property of stability 
including compositional stability, node persistence, node constancy, and 
links constancy were all observed to be significantly higher (P < 0.05) 
for the three bipartite communities in non-tidal land than tidal wetland 
(Fig. S5). The vulnerability index of community resistance in the four 
seasons possessed a significantly lower value (P < 0.05) in non-tidal land 
(Fig. S5d). And robustness index (the resistance of microbial networks to 
node loss) of community resistance possessed the significantly higher 
value (P < 0.05) in non-tidal land for the three communities in all four 
seasons (Table S5). Together these results indicated a significantly 
higher (P < 0.05) community temporal and topological stability after 
wetland succession.

3.5. Linking soil properties, microbial community, and microbial stability

A sub-community in our study was defined as a community that 
consisted of the OTUs which only observed within a network. The 
Mantel test, which is based on the Bray-Curtis distance, was employed to 
assess the link between soil characteristics and the sub-community. The 
results showed that, except for moisture, all measured soil properties 
significantly correlated with the sub-community of tidal wetland and 
non-tidal lands (Fig. 5a). TN, NH4+-N, NO3

–-N, OM, pH, and salinity 
were significantly correlated to the subcommunity of tidal wetland, 
while TN, NO3

–-N, OM, pH, and salinity were significantly correlated to 
subcommunity of non-tidal land. These results showed that there were 
significant correlations between all networked communities with soil 
nutrients and environmental stress regardless of the coastal wetland 
habitat.

To evaluate the potential pathways linking environmental stress, soil 
nutrients, microbial communities, and network stability, we used 
structural equation modeling (SEM) for both bacterial and inter-domain 
sub-communities (Fig. 5b). Our model explained 97.95 % of the variance 
of total community diversity (i.e., richness) 94.79 % of the variance in 
microbial stability (i.e., compositional stability) and 46.9 % variance in 
microbial network complexity (i.e., positive cohesion). Significant pos
itive correlations of paths (P < 0.001) were found from salinity and pH 
value, which changed with the succession of wetland habitats to mi
crobial communities’ diversity and stability. However, significant pos
itive interaction paths were found from pH value to network complexity, 
suggesting soil pH and salinity possessed a negative effect on microbial 
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Fig. 3. Link Test for Environmental filtering or Dispersal limitation (LTED) for disentangling the contributions of environmental filtering or dispersal limitation to 
the observed network links, and disentangling direct associations from indirect associations between variables by a general framework through iDIRECT. (a) Tidal 
wetland and non-tidal land soil microbial RMT networks over time from fall to summer. Large modules, with ≥5 nodes, are shown in different colors, and smaller 
modules are shown in grey. L and n are links and nodes, respectively. The total numbers of nodes (b) and links (c) of normal and the reconstructed networks in the 
frameworks generated by iDIRECT and LTED with the same cutoff. The number above the bars is the percentage of removed nodes and indirect edges. (d) Potential 
taxon-taxon-geodistance links. The proportions of links in normal MENs and the MENs based on the framework in iDIRECT satisfying p < 0.05 with r > 0. (e) 
Potential taxon-taxon-environment links. We tested all taxon-taxon-environment links in all empirical iDIRECT MENs presented in this study. We used Spearman 
correlation and first set the correlation threshold |r| equal to network correlation cutoff detected by RMT-based approach (0.78), while there was no links observed 
correlated to the environment factors.
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community diversity and stability but a positive effect on network 
complexity. For the relationships among diversity, complexity and sta
bility, the model revealed that the communities’ diversity negatively 
influences the network complexity, and network complexity negatively 
influences the microbial stability. Furthermore, a significant positive 
correlation of path from microbial stability to TN and the significant 
positive interaction path from community diversity to OM were 
observed. These could reveal the role played by the microbiome during 
the succession of wetland habitats.

4. Discussion

In this study, we attempted to assess two aspects of microbial sta
bility (i.e., resistance and persistence) from two types of microbial 
ecological networks (i.e., within and between microbial trophic levels) 
in a rapidly changing estuarine ecosystem (i.e., tidal wetland and non- 
tidal land). Our results demonstrated some of the complicated re
lationships among diversity, complexity and stability, that support the 
notions that more diverse communities enhance ecosystem stability 

(MacArthur, 1955), and that lower complexity also increases the sta
bility (Fan et al., 2018a; Jordán, 2009; Wu et al., 2021). Moreover, our 
results show that microbial communities, beyond passively responding 
to environmental changes, actively influence soil biogeochemistry. The 
reduction in salinity and pH during succession enhances microbial sta
bility, which in turn promotes nutrient retention, creating bidirectional 
feedback that supports ecosystem development.

4.1. Microbial diversity increases as environmental stress is alleviated 
during estuarine succession

Natural estuarine succession phase, from tidal wetlands to inland 
non-tidal land, profoundly alters environmental conditions by miti
gating external stressors such as tidal erosion, seawater intrusion, and 
seasonal salinity shifts. In the Yellow River Delta (YRD), this transition 
was associated with significantly reduced salinity and more neutral pH 
in non-tidal soils, consistent with previous reports on estuarine succes
sion (Barbier et al., 2008; Murray et al., 2019). Our results confirm this 
pattern, showing that both salinity and pH were significantly lower in 

Fig. 4. Bacterial community topological resistance and temporal persistence. The compositional stability (a) and node persistence (b) of the network community over 
time from four adjacent seasons. Node (c) and link constancy (d) of the network community over time from four adjacent seasons. (e) Network vulnerability is 
measured by maximum node vulnerability in each network. Asterisks indicate the statistical significance. (f) The positive and negative cohesion values of the tidal 
and non-tidal communities. Box plots show inner quartiles and median positive and negative cohesion, while the detailed data are shown to the left side as points. 
Red and blue colors represent tidal wetland non-tidal land, respectively. X-axis represents the season from fall to summer. Asterisks indicate the statistical signif
icance (*, P < 0.05; **, P < 0.01; ***, P < 0.001). (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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non-tidal habitats across seasons (Fig. 2a), and their seasonal fluctua
tions were also attenuated (Fig. 2b), suggesting a more stable abiotic 
context. This environmental stabilization coincided with a marked in
crease in microbial alpha diversity, particularly for bacterial and fungal 
communities (Fig. 1c; Fig. 1a–b). Structural equation modeling (SEM) 
supported a mechanistic link, revealing significant negative effects of 
salinity and pH on microbial diversity (Fig. 5b). These findings indicated 
that alleviated environmental stress could promotes microbial coloni
zation, survival, and niche differentiation (Gu et al., 2019; Wan et al., 
2020; Zhang et al., 2021). Notably, while seasonal variation strongly 
influenced community structure, the rate of diversity change across 
seasons was lower in non-tidal habitats, indicating enhanced temporal 
consistency. This aligns with the notion that reduced stress fosters not 
only greater diversity but also more stable community (Shi et al., 2016; 
Yang et al., 2017).

4.2. Stress alleviation and the simplification of microbial networks

The progressive succession of estuarine wetlands was associated with 
a marked decline in the structural complexity of microbial co- 
occurrence networks, both within and across trophic levels. Intra- 
domain bacterial networks exhibited reductions in key topological 
properties, and similar trends were observed in inter-trophic networks, 
indicating that microbial interactions became sparser and less modular 
as succession progressed (Table S1) (Feng et al., 2022). These patterns 
align with the stress-gradient hypothesis (Bertness and Callaway, 1994), 
which posits that under high environmental stress, competitive in
teractions weaken while facilitative interactions become more prevalent 
(Hernandez et al., 2021). This shift is often attributed to the replacement 
of fast-growing competitive species with slow-growing, stress-tolerant 
taxa that are more likely to engage in cooperative or mutually beneficial 
interactions (Garcia et al., 2020; Männistö et al., 2016). Facilitative 
species, which provide direct benefits to neighboring community 
members, also tend to increase in abundance under stress conditions 
(Michalet et al., 2006). In tidal wetlands, higher salinity and pH fluc
tuations may impose physiological constraints on microbial survival, 
thereby promoting positive cohesion through cooperative or mutualistic 
interactions that enhance stress tolerance and metabolic complemen
tarity. Conversely, in non-tidal land with more stable and nutrient-rich 
soils, the relaxed environmental filtering reduces the necessity for 
cooperation, and microbial taxa may increasingly compete for shared 
resources, leading to relatively lower positive cohesion and more neutral 
or competitive interactions. Consistent with this, we observed that 
positive cohesion values consistently exceeded negative cohesion across 
all seasons and for both intra- and inter-trophic networks, highlighting 
the dominance of positive associations in these wetland microbial 
communities (Hernandez et al., 2021). This reflects an ecological trade- 
off that cooperation dominates when stress mitigation is essential, while 
competition may increase when resources are abundant and niches 
overlap. The decline in network complexity with succession thus sug
gests that reduced environmental stress not only weakens competitive 
interactions but also diminishes the need for cooperative strategies, ul
timately resulting in simpler microbial networks (Hernandez et al., 
2021; Joshua E. Goldford et al., 2018; Piccardi et al., 2019). Structural 
equation modeling (SEM) further confirmed the link between environ
mental stress and network complexity, revealing a significant positive 
path from pH to network complexity (Fig. 5b). This provides direct ev
idence that harsher environmental conditions promote more complex 
and tightly connected microbial networks, as taxa are more reliant on 
mutualistic or facilitative relationships to persist under stress. Collec
tively, these results suggest that estuarine wetland succession, through 
the alleviation of salinity and pH stress, drives a fundamental restruc
turing of microbial networks, simplifying both intra-domain connec
tivity and cross-domain trophic interactions, while shifting community 
assembly processes from stress-driven facilitation to more environ
mentally relaxed competition.

4.3. Complexity-stability trade-offs in microbial networks

According to the “complexity weakens stability” theory, higher 
complexity negatively correlates with ecosystem stability (May 1973), 
because a more connected ecosystem could be more vulnerable due to 
cascade effects, through which one event triggers subsequent events and 
leads to amplification across the entire ecosystem (Deng et al., 2012; 
Helbing, 2013). This was later supported by studies showing that 
complexity could be negatively associated with microbial stability (Fan 
et al., 2018b; Jordán, 2009; Wu et al., 2021). One of the most striking 
findings in our study is the consistent and pronounced increase in mi
crobial temporal persistence across estuarine succession (Fig. 4a-e; 
Fig. S5a-c). This trend was observed in both intra- and inter-domain 
microbial networks and persisted across all seasons. Temporal persis
tence, which reflects long-term compositional constancy and the ability 

Fig. 5. Linkages Between Environmental Stress, Microbial Attributes, and 
Nutrient Accumulation in Wetland Succession. (a) Correlations between soil 
physicochemical properties and microbial communities. The bacterial com
munity, based on Bray–Curtis distance, was related to each soil physicochem
ical property by Mantel test. Line width corresponds to the Mantel’s r statistic, 
and line color denotes the statistical significance. Pairwise comparisons of 
environmental factors are also shown, with a color gradient denoting Pearson’s 
correlation coefficient, and these factors were synthesized into two groups 
based on attribute of data surveyed. (b) Influence of wetland succession on the 
microbiome and soil nutrients by structural equation model (SEM). Diversity is 
represented by three types of community observed richness value, the network- 
stability is represented by three types of community intra and inter- kingdom 
networks’ composition stability value, and complexity is represented by three 
types of community intra and inter- kingdom networks’ positive cohesion value. 
Red lines represent negative correlations and blue lines represent positive 
correlations, while the width of lines is proportional to the degree of correla
tion. The proportion of variance explained by the response variable is shown 
alongside its variable and the goodness of fit for the SEM is shown beside the 
model. Asterisks indicate the statistical significance (*, P < 0.05; **, P < 0.01; 
***, P < 0.001). (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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of communities to maintain structure through time (Montesinos-Nav
arro et al., 2017; Waldrop and Firestone, 2006), has received less 
attention compared to resistance and resilience in the literature. Yet, our 
results suggest that it is a particularly powerful and sensitive indicator of 
ecological stability in microbial systems, especially in chronically fluc
tuating or successional environments. Non-tidal land, characterized by 
reduced salinity and more neutral pH, exhibited higher compositional 
stability, node persistence, and constancy of nodes and links (Fig. 2a; 
Fig. 4). These indices suggest that microbial communities in non-tidal 
systems exhibit slower turnover and greater ecological memory, which 
may be indicative of increased niche specialization and resource 
coupling (Yang et al., 2010). Community diversity might be another 
factor that influences ecosystem stability. Given that greater diversity 
typically fosters community resistance to successional transitions 
(Naeem et al., 1994; Pimm, 1984; Tilman and Downing, 1994), the SEM 
revealed that diversity displayed a significantly positive interaction with 
microbial stability. This decline in cross-domain complexity may also 
reflect changes in specific ecological strategies under different stress 
regimes. For example, under high salinity in tidal wetlands, bacterial- 
fungal mutualisms, such as mycorrhizal-like symbioses or nutrient- 
sharing interactions, may be favored, as cooperative associations can 
enhance stress tolerance and metabolic flexibility (Berrios et al., 2023). 
However, as environmental stress is alleviated in non-tidal land, such 
selective pressures may diminish, reducing the ecological necessity of 
tight mutualistic relationships. This shift could explain the observed 
reduction in cross-domain link density and cohesion values in our 
IDENs, consistent with the idea that functional cooperation is more 
critical under harsher conditions, while relaxed environments promote 
more autonomous microbial strategies. Accordingly, the additional 
bacterial, fungal, and protistan community richness with wetland suc
cession contributed to the observed increased stability of the non-tidal 
land microbial community. These changes of diversity and complexity 
bring about increasing stability of the community during estuary suc
cession from tidal wetland to non-tidal land.

4.4. Microbial stability played an important role in accumulating soil 
nutrients during estuary succession

The interplay between microbial stability and ecosystem nutrient 
dynamics appears to be deeply intertwined and bidirectional (Zhou 
et al., 2012). SEM analyses revealed that reduced environmental stress 
enhanced microbial diversity and stability, which in turn positively 
affected soil nutrient levels, including soil organic matter and total ni
trogen (Fig. 5a–b). These patterns are consistent with previous studies 
indicating that stable microbial networks, by virtue of reduced turnover 
and consistent activity, play a crucial role in promoting long-term car
bon and nitrogen retention (Liang et al., 2017). In particular, we 
observed a significant positive path from microbial diversity to stability 
and from stability to nutrient accumulation in SEM results, suggesting a 
cascading effect whereby diverse communities stabilize microbial net
works (Moore et al., 2005; Tilman et al., 2006), which in turn enhance 
nutrient deposition. This may be facilitated by more efficient trophic 
interactions, greater niche complementarity, and sustained metabolic 
pathways (Amyntas et al., 2023). These findings support the microbial 
carbon pump (MCP) hypothesis, which posits that microbial biomass 
and metabolic by-products can become long-lived carbon pools via the 
entombing effect (Jiao et al., 2024). Thus, increased microbial persis
tence in non-tidal lands may actively contribute to soil nutrient buildup. 
Conversely, elevated nutrient levels may also reinforce microbial sta
bility (Kang et al., 2024; Usman et al., 2025). Soils with higher OM and 
TN can support richer and more resilient microbial communities by 
providing consistent energy and nutrient sources, buffering seasonal 
fluctuations (de Andrade Bonetti et al., 2017). Additionally, changes in 
nutrient status can feedback into community assembly and interaction 
strength, potentially reinforcing compositional stability. The reduced 
groundwater influence and tidal flushing in non-tidal lands may also 

contribute to the retention of soluble nutrients, further supporting this 
feedback loop (Han et al., 2015; Zhao et al., 2020). The vegetation shifts 
associated with succession from Suaeda salsa to Phragmites australis- 
dominated stands further reinforce this system. P. australis not only 
exhibits higher carbon sequestration capacity but also contributes more 
persistent organic inputs through litter deposition, which feeds micro
bial activity and reinforces long-term nutrient retention (Zhao et al., 
2020). This vegetative feedback illustrates how microbial stability may 
not only reflect but also drive ecosystem maturation. Furthermore, the 
patterns observed in this estuarine system may extend to other aquatic 
ecosystems, such as lakes or inland wetlands, where succession and 
stress alleviation similarly shape microbial networks and nutrient 
retention (Guo et al., 2024; Guo et al., 2023). In these environments, 
stable microbial communities, buffered from tidal disturbances, can 
enhance soil biogeochemistry through sustained metabolic activity 
(Chen et al., 2022). Given the sensitivity of estuaries to anthropogenic 
stressors like nutrient runoff and hydrological alterations, future studies 
should also consider human impacts when evaluating microbial-nutrient 
feedbacks (Jennerjahn and Mitchell, 2013). Taken together, these 
findings support a dual mechanism: environmental filtering initiates 
microbial community stabilization, and stable microbial networks, in 
turn, shape nutrient cycling and support further environmental devel
opment. This bidirectional coupling between microbial persistence and 
nutrient dynamics represents a self-reinforcing loop fundamental to the 
progression of estuarine succession.

5. Conclusion

This study demonstrates that natural estuarine succession from tidal 
wetlands to non-tidal land enhances belowground microbial diversity 
and stability by alleviating environmental stress and simplifying inter
action networks. Among the various stability metrics assessed, temporal 
persistence emerged as the most sensitive and integrative indicator of 
long-term microbial stability. Our findings reveal a clear trade-off that 
reduced network complexity and interaction intensity correspond with 
increased resistance and persistence. Importantly, we demonstrate that 
enhanced microbial persistence is associated with increased soil nutrient 
accumulation, highlighting a potential feedback loop in which stable 
microbial communities contribute to nutrient retention and cycling. This 
insight supports the microbial carbon pump hypothesis and underscores 
the ecosystem’s functional relevance to microbial dynamics. By 
emphasizing temporal persistence as a central ecological property, this 
study refines the conceptual framework for evaluating microbial sta
bility. This study demonstrates that natural estuarine succession from 
tidal wetlands to non-tidal land enhances belowground microbial di
versity and stability by alleviating environmental stress and simplifying 
interaction networks. Among the various stability metrics assessed, 
temporal persistence emerged as the most sensitive and integrative in
dicator of long-term microbial stability. Our findings reveal a clear 
trade-off that reduced network complexity and interaction intensity 
correspond with increased resistance and persistence. Importantly, we 
demonstrate that enhanced microbial persistence is associated with 
increased soil nutrient accumulation, highlighting a potential feedback 
loop in which stable microbial communities contribute to nutrient 
retention and cycling. This insight supports the microbial carbon pump 
hypothesis and underscores the ecosystem’s functional relevance to 
microbial dynamics. By emphasizing temporal persistence as a central 
ecological property, this study refines the conceptual framework for 
evaluating microbial stability. Moreover, our approach, linking micro
bial molecular ecological networks and iDIRECT-derived stability 
indices with soil nutrient dynamics, offers a quantitative and scalable 
tool for environmental monitoring. These indices could be integrated 
into long-term monitoring programs to detect early signs of ecosystem 
shifts and guide adaptive management in coastal and estuarine land
scapes under increasing environmental pressures. These insights may 
inform restoration ecology and the management of coastal and estuarine 
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systems facing environmental change.
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