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Abstract23

Effective assessment of marine ecosystems increasingly requires approaches that go24

beyond static biodiversity indices to capture cross-trophic organization and dynamic25

stability based on network topology.26

In this study, we applied a multi-marker (12S, 18S, COI) eDNA metabarcoding27

approach to compare the ecological organization of two subtropical ecosystems, Mirs Bay28

and Daya Bay nearshore and marine habitats, representing contrasting environmental29

settings. Species co-occurrence networks were reconstructed to examine topological30

features such as degree distribution, modularity, centrality, and species-pair rank, and31

to relate those to ecological fitness. Two ecological allometric laws were then evaluated:32

(1) Taylor’s Power Law (TPL), which quantifies species aggregation; and (2) the Network33

Kleiber’s Law (NKL) attributing relative species abundance (RSA) variance to network34

hyperconnectivity. Correlations among these ecological indicators and environmental35

factors were used to explore potential causal determinants of ecological organization.36

The two ecosystems exhibited strikingly different network architectures. Daya Bay37

supported higher biodiversity and a larger, more densely connected homogeneous net-38

work, while Mirs Bay showed lower diversity and richness but a more hierarchical and39

compartmentalized structure. TPL described both systems well (R2
> 0.86), with Mirs40

Bay showing stronger aggregation (ν=1.697) than Daya Bay (ν=1.460), and a more41

organized NKL pattern. The TPL exponent nu’s sensitivity to several environmental42

is higher for more organized ecosystems, and increases with depth and average species43

biomass, suggesting its potential as a systemic ecofitness indicator of multitrophic orga-44

nization. In contrast, no significant scaling relationship was found between RSA variance45

and network hyperconnectivity.46
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Significance Statement47

Traditional network analyses describe structural interactions within communities, whereas48

ecological allometric laws summarize dynamical aggregation in species dynamics. However,49

these two perspectives—structural and dynamical—are rarely integrated, limiting our ability50

to evaluate how community organization reflects environmental adaptation and ecological fit-51

ness. The study highlights a multi-dimensional ecological fitness framework where ecological52

network structure and environmental dynamics jointly characterize ecosystem organization.53

The integration of allometric laws as morphological patterns with network topology, provides54

a scalable and quantitative approach for assessing ecological fitness and adaptive capacity in55

marine ecosystems useful for prioritized conservation and restoration under systemic envi-56

ronmental change and ecological dependencies.57
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1 Introduction58

”Can One Hear the Shape of a Drum?”, Mark Kac, 196659

60

In a seminal and elegant paper, Kac (1966) posed the question of whether a listener with61

perfect pitch could determine the exact shape of a drum solely by hearing its fundamental62

tone and overtones. This question formalizes a classic inverse engineering problem, one that63

is highly relevant to ecology, where the functioning of ecosystems is inferred from observed64

ecological patterns. A wide range of studies has engaged with this inferential challenge,65

for instance by looking into how space shapes time and puntuated evolution (Convertino,66

2025b). However, very few studies have moved beyond morphological descriptions to examine67

the topology of species organization—namely, how species are assembled and interact with68

one another based on multimedia sensor features (such as genetical, sound, texture, etc.,69

and their integration)—and fewer still have investigated how such topological organization70

can be intentionally leveraged for ecosystem engineering (including the species collective,71

i.e. the food web, as ecosystem engineers for nutrient, sediment and water cyclying), so72

as to make ecosystems ”sound”, that is, functioning in an optimal or desired way (i.e.,73

bioterraformation, including the triggering of nature self-emergence from bottom-up actions,74

and nature eco-evolution with sensors, actuators, and infrastructure). More specifically,75

very few studies have investigated high-resolution, bidirectional eco–environmental flows and76

feedbacks structured by species’ collective and vehicled by water (”eco-waves”), despite their77

fundamental role in habitat formation, ecosystem function (e.g., carbon cycling) and fitness78

(i.e., how function evolves over time). The considerations of these elements is essential in79

the formulation of prediction-based valuable information for ecosystem decisions (ecodesign80

plan, precision eco-engineering, and policy) contemplating the enhancement of ecological81

multifunctionality for the Earth’s future. The overall idea is to charcaterize the morphology82

of ecological communites, via topological and functional analyses, to detect the morphology83

of optimal decisions triggering positive eco-environmental feedbacks.84

1.1 Marine Ecosystem Criticality and eDNA85

Coastal bays are among the most productive and biodiverse marine ecosystems on Earth –86

comprising Blue Carbon Ecosystems (Zhang and Convertino, 2024, 2025; Convertino et al.,87

2025) as interfacial ecosystems – providing critical habitats, nursery grounds, and ecosys-88

tem services including fisheries, water purification, and climate regulation (Halpern et al.,89

2008; Barbier et al., 2011; Wu and Convertino, 2025) affecting both interconnected terres-90
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trial and oceanic systems. However, these ecosystems face increasing pressures from climate91

change, pollution, and habitat degradation, highlighting the urgent need for comprehensive92

and timely biodiversity monitoring (Doney et al., 2012; Worm et al., 2006) that targets their93

ecohydrological connectivity to influence teleconnected risks and services. This is also be-94

cause these ecosystems offer the highest opportunity in nature-grounded services, such as95

enhanced carbon sequestration, biodiversity, and water-risk reduction. Traditional survey96

methods, such as trawling and diving, are often invasive, costly, and heavily reliant on taxo-97

nomic expertise, limiting their effectiveness in capturing rare, cryptic, or microscopic species98

that affect the carbon cycle (Thomsen and Willerslev, 2015; Coleman et al., 2023).99

Environmental DNA (eDNA) metabarcoding has emerged as a transformative approach for100

aquatic biodiversity assessment (Rishan et al., 2023; Trevathan-Tackett et al., 2019), includ-101

ing in the global ocean (Zhang et al., 2024b; Pierella Karlusich et al., 2025). By sequencing102

DNA fragments released into environmental compartments (water, soil, or air, etc), eDNA al-103

lows non-invasive, high-throughput detection of multiple species (Deiner et al., 2017; Nguyen104

et al., 2020). Yet, most studies have focused on single taxonomic groups (e.g., fish), over-105

looking the complex interactions among organisms across trophic levels (Yao et al., 2022;106

Djurhuus et al., 2020). To address this limitation, we employed three molecular markers-12S107

rRNA (fish), 18S rRNA (eukaryotes), and COI (animals, fungi, and algae)-to construct an108

integrated cross-trophic community framework spanning producers to consumers (Djurhuus109

et al., 2017; Kumar et al., 2022) in different habitats characterized by different environmental110

pressure. Adopting this holistic perspective allows us to probe ecosystem processes such as111

material cycling, energy flow, and stability (Blackman et al., 2022; McCann, 2000), and more112

importantly, to assess ecostem fitness.113

1.2 Ecosystem Fitness as Network Topology114

The common and main stake in the struggle for existence under environmental pressure is115

energy manifested as self-emerging networks. Energy must be divided among individuals of a116

species, and among different species. How this division occurs depends on self-emerging biotic117

interactions, both direct and indirect, shaped by feedbacks with the physical environment.118

These interactions may result in evolutionary changes or collapse. An evolutionary advantage119

in a given environmental context by one taxon instantaneously produces a net negative effect120

of the same magnitude across other taxa in the same adaptive zone (Liow et al., 2011), and121

this advantage is related to the interconnections among species. The Van Valen Red Queen122

Hypothesis (Liow et al., 2011; Žliobaitė, 2024) states that in comparable ecological contexts,123
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the probability for a taxon to survive to the next time interval is independent of how long124

it has already existed. However, we argue that these probabilities are largely related to the125

ecological community and environmental structures that are often overlooked. It is likely that,126

when the community’s ecological network is largely random, then adaptation and evolution127

occur randomly, therefore species dissipate energy at much higher rate and compromise the128

stability and function of all interconnected ecological communities.129

Maintaining stability in feedback systems, such as complex ecosystems, relies on species sens-130

ing and encoding their dynamics as a function of environmental stress (that is eco-information131

with decision value across trophic scales), yet by continuously adjusting their collective or-132

ganization. Incremental or acute damage can make such control fragile or unstable, leading133

to sudden collapse or slow decay. Therefore, it is critical for species, and stakeholders, to134

monitor ecosystems and guranatee their rigid-flexible structure is balanced and prone to135

adjust ansd improve under environmental change. Ideally, positive and negative feedbacks136

become neutral the more the system reaches the critical state, that is the optimal metastable137

configuration in between order/rigidity and chaos/unpredictable instability. However, crit-138

icality can assume many forms depending on the level of organization and magnitude of139

eco-environmental features that define ecosystem fitness. For this reason, quantifying and140

mapping of ecological and environmental organization (ecograph and envirome) are necessary141

(Wang and Convertino, 2023b).142

Building on the integrated multicommunity framework (Figure 1), cross-trophic eDNA data143

enable a shift from traditional species inventories toward a network-based understanding of144

how ecological interactions shape ecosystem structure and function (Bascompte and Jordano,145

2007; Fortunato, 2010). In co-occurrence network analysis, species (or operational taxonomic146

units, OTUs) are represented as nodes, and their potential biotic interactions—such as mu-147

tualism, competition, or predation—are inferred from statistically significant co-occurrence148

patterns (Deng et al., 2012; Freilich et al., 2018). Of course these inference approaches are149

purely dependent on the quality of the data but they offer a powerful way to generate a150

topological representation of the community structure that facilitates quantitative analy-151

ses of ecosystem complexity. A growing body of evidence suggests that correlation-based152

co-occurrence networks, despite their inferential nature based on linearity, can effectively153

uncover non-random patterns of species association and potential ecological interactions due154

to heterogeneous abundance distributions (Barberán et al., 2012; Berry and Widder, 2014).155

This is particularly the case in absence of time series data for which strong causality as-156

sessment is not feasible. Moreover, the structural attributes of the inferred networks—such157
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as degree distribution, connectivity, modularity, and nestedness—offer powerful descriptors158

for assessing trophic and cross-trophic organization, ecological stability, and the system’s159

resilience to environmental perturbations (Landi et al., 2018; Olesen et al., 2007; Zhang160

et al., 2024a; Thompson et al., 2012): a spatial blueprint of ecosystem dynamics over time161

(Convertino, 2025b). Consequently, network-based approaches have become an increasingly162

important framework for linking biodiversity patterns to ecosystem function and robustness163

under global change beyond classical macroecology (Delmas et al., 2018; Harte et al., 2022;164

Yan et al., 2025). The objective should be to structure species assemblage vs. counting165

species.166

The architecture of co-occurrence networks in nearshore marine ecosystems is strongly shaped167

by freshwater and oceanic environmental conditions (Eskuche-Keith et al., 2023; Rogers et al.,168

2024), raising the question of how deeply ecological networks encode the systemic environ-169

mental pressures. Biogeochemical gradients such as temperature, salinity, and nutrient avail-170

ability not only determine species dispersal and distributions through environmental filtering171

(”ecotaxis”) but also modulate interaction strengths and configurations, thereby reshaping172

ecosystems’ network topology and overall stability (Hou et al., 2017; Röthig et al., 2023). For173

instance, the combined presence of high salinity and fish predation pressure in mesotrophic174

waters can suppress zooplankton populations and indirectly promote algal proliferation, al-175

tering trophic link strength and community modularity (Ersoy et al., 2022; Yang et al.,176

2023). Beyond natural variability, anthropogenic disturbances —including nutrient enrich-177

ment, heavy metal contamination, and compounds of emerging concerns— and global climate178

change–induced ocean warming and acidification further intensify these environmental effects179

(Mok et al., 2023; Trégarot et al., 2024). Such compounded pressures can trigger pronounced180

shifts in community composition and interaction dynamics, making co-occurrence networks181

increasingly fragile and less resilient to perturbations (Convertino, 2025a). Consistent with182

these findings, Johnson and Angeler (2014) observed that nutrient enrichment in European183

streams reduced macrophyte diversity while enhancing benthic diatom diversity, reflecting a184

reorganization of interactions under environmental stress. Recent advances further demon-185

strate that eco-environmental disturbances can propagate through trophic pathways to in-186

duce systemic biogeochemical stress and early-warning shifts in chlorophyll-a dynamics, as187

revealed by network-based algal bloom studies (Wang and Convertino, 2023a; Wang et al.,188

2023). Therefore, developing a mechanistic understanding of how environmental factors reg-189

ulate the structure and stability of co-occurrence networks is critical for diagnosing marine190

ecosystem fitness and predicting community responses in a changing ocean (Padmanabha191

et al., 2024; Merz et al., 2023).192
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1.3 Scaling Patterns, Allometric Laws, and Ecological Networks: a193

Unified Framework194

Network-based approaches, which provide detailed structural descriptions, often lack gen-195

erality across systems and scales because they do not look into how much network-defined196

patterns are stable and universal. Allometric laws provide a complementary framework for197

quantifying ecological organization, specifically by looking into how ecosystems’ parts change198

with scales. More deeply, allometry is grounded in the search for ecological invariance and199

universality, that is, the stability of scaling relationships across ecological scales and geo-200

graphic contexts defined by systemic environmental pressure. Typically, these allometric201

laws do not consider network features that define the structural and functional backbone of202

ecosystems, nor how these laws lead to ecosystem patterns over space. Two scaling rela-203

tionships inform about the multiscale ecological organization: (i) Taylor’s Power Law (TPL)204

captures predictable mean–variance relationships in population relative species abundance205

(RSA) across spatial and temporal scales (Taylor, 1961; Kilpatrick and Ives, 2003; Cohen206

et al., 2013; Anderson et al., 2013), and (ii) Kleiber’s Law that describes how metabolic rate207

(related to the collective species interactions (Galbraith et al., 2022)) scales with biomass at208

the level of individual organisms (Kleiber, 1947; Glazier, 2014) community, or ecosystems.209

These patterns can be used to assess eco-fitness and to train predictive models of ecosystem210

change. Specifically, the Taylor’s Power Law is a byproduct of species organization, while211

the proposed Kleiber’s Law explicitly accounts for network connectivity or interaction fluxes212

as in Galbraith et al. (2022).213

As emphasized by Marquet et al. (2005), scaling relationships are particularly valuable be-214

cause they exhibit scale invariance or their breaking—retaining their form across spatial,215

temporal, and biological dimensions—and may reflect universal processes that structure and216

constrain ecological systems. In contrast to system-dependent network descriptors, and asso-217

ciated predictive models, scaling laws provide a parsimonious, dimensionless framework and218

functions capable of revealing emergent regularities that transcend particular communities219

or ecosystems. Their predictable patterns allow deviations from expected exponents to serve220

as diagnostic indicators of environmental suitability, resource-use efficiency, and system-level221

stability, offering a generalized means to assess how ecosystems respond to environmental222

stress or perturbation. Yet, deviations from optimal scaling is an assessment of ecosystem223

fitness as shown by Galbraith et al. (2022) and Wang and Convertino (2023b) in the context224

of marine ecosystems by tracing eco-environmental networks for different ecological condi-225

tions. Additionally, if the underpinning variables of allometrical laws are manageable network226
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factors, those factors can be used for the management and design of complex ecosystems by227

accounting for systemic function and fitness (Convertino, 2025b).228

Recent work has begun to bridge scaling theory and ecological network: energy fluxes in food229

webs follow allometric regularities (Zhang and Guo, 2010), species’ degree distributions in230

ecological networks often show power-law forms (Montoya et al., 2006; Dunne et al., 2002),231

and species’ network centrality frequently scales with RSA (VÁZQUEZ et al., 2005; Riede232

et al., 2010). Complementary advances in optimal network theory likewise highlight how eco-233

logical and microbiome systems evolve toward network configurations that maximize relative234

stability, criticality, and information flow (Li and Convertino, 2019; Servadio and Convertino,235

2018). Extending this framework, Galbraith et al. (2022) demonstrated an entropic analogue236

of Kleiber’s Law, where total directed interactions of bacterioplankton phyla scale with com-237

munity RSA organization. Building on these insights, we explore whether similar scaling238

regularities emerge between network topology and population variability across the inferred239

ecological networks under different environmental conditions. Instead of assuming a fixed240

relationship (such as a power-law form with a specific exponent), we tested how the form241

of these relationships varies across environmental contexts and network architectures. This242

exploratory integration aims to link structure-based and dynamics-based perspectives (i.e.,243

topology of the network and scaling variability under environmental change) into a unified244

empirical framework, providing a pathway toward a predictive ecology that connects commu-245

nity organization and environmental pressure into ecosystem fitness (Winemiller et al., 2001;246

Pietro et al., 2018; Deyle et al., 2016; Zhang and Convertino, 2024, 2025). This information247

is highly useful to prioritize conservation and restoration efforts that enhance the function of248

ecosystems as a whole including eco-environmental flows.249

250

1.4 Pearl River Delta Marine Ecosystems as Archetypes for Eco-251

Fitness252

This study leverages the ecological data gathered from two weakly dependent and environ-253

mentally distinct subtropical marine ecosystems in the Pearl River Delta, South China Sea:254

Mirs Bay and Daya Bay sites. By implementing a comprehensive multi-marker eDNA strat-255

egy (12S rRNA for fish, 18S rRNA for eukaryotes, and COI for animals, fungi, and algae),256

we reconstructed cross-trophic co-occurrence networks, spanning producers to consumers,257

enabling a comparative analysis of community structure, network topology (including degree258

distribution, modularity, and connectivity), and the underlying environmental drivers. Cru-259
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cially, we integrated network analysis with aloometric laws—specifically, Taylor’s Power Law260

(TPL) describing mean–variance relationships and a novelly introduced ”Network Kleiber’s261

Law” (NKL) linking hyperconnectivity (as the total number of interdependent species) to262

the variance of species—to establish a quantitative framework for diagnosing deviations from263

expected laws and ecological organization that signal environmental stress or adaptive re-264

sponses. The overarching goal is to establish an ”eco-informatic” framework for assessing265

ecological fitness by deciphering the eDNA-based core structural and functional differences266

between these nearshore marine ecosystems, thereby advancing our fundamental understand-267

ing of marine ecohealth, stability, and resilience under global and local anthropogenic change268

(Winemiller et al., 2001; Pietro et al., 2018; Deyle et al., 2016). Ultimately, this work is269

designed not only to provide new perspectives for biodiversity assessment but also to deliver270

a scalable scientific framework for predicting multiscale population features that can guide271

regional monitoring, global marine resource management, and strategic responses to climate272

and local change informed by high-resolution ecological information.273

274

2 Materials and Methods275

2.1 Eco-Environmental Data Collection276

This study is based on samples collected from two marine ecosystems in the eastern waters277

of Hong Kong, both belonging to the South China Sea: Mirs Bay and Daya Bay (Fig. 2); the278

former a coastal site, and the latter is a marine island site. Sampling was conducted in Mirs279

Bay in September 2023 across four microhabitats—Shallow Reef (SR), Coral Nursery (CN),280

Deep Rocky (DR), and Rocky Reef (RR) (Fig. 2C)—with water samples collected at three281

depths (surface, middle, bottom). See Figure 2 for locations, and the Glossary for specifics282

about the sampled sites. In Daya Bay, surveys took place in September 2022 at four stations283

(HO1, HO2, XI, and IL) (Fig. 2C), with samples taken at two depths (surface and middle).284

All samples were preserved in sterile bottles, transported on ice to the laboratory within 4285

h, and immediately filtered through 0.45 µm mixed cellulose ester (MCE) membrane filters286

(Li et al., 2018). Filters were then sealed in sterile tubes and stored at –20 °C until DNA287

extraction (Spens et al., 2016).288

Environmental data (Table S1) (temperature, dissolved oxygen, nitrogen oxides, chlorophyll-289

a, and salinity as shown in Fig. 2D) were obtained from WavyOcean (The Hong Kong290

University of Science and Technology, 2025), a GIS-based dynamic visualization system for291
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multi-source, heterogeneous marine data. Corresponding environmental values for each sam-292

ple were extracted based on its geographic coordinates and sampling depth. Environmental293

values are year averages considering predicted daily data from 1992. This platform visualizes294

observational data from marine stations alongside multi-scale simulations and forecasts of295

the marine-atmospheric-biogeochemical environment for the Guangdong-Hong Kong-Macao296

Greater Bay Area, enabling three-dimensional reconstruction, real-time rendering, and dy-297

namic display of massive datasets.298

2.2 DNA Extraction, Sequencing, and Processing299

Genomic DNA was extracted from all samples by Magigene, Shenzhen and Guangzhou, China300

(https://www.magigene.com/) using commercial kits according to the manufacturer’s pro-301

tocols (Deiner et al., 2017; Hinlo et al., 2017), and the DNA concentration was quantified302

using a Qubit fluorometer. For PCR amplification (Leray and Knowlton, 2015), barcoded303

primers were designed to target specific regions of the mitochondrial 12S, 18S, and COI genes304

(see Table S2 for details). The resulting amplicons were sequenced on an Illumina NovaSeq305

6000 platform by Magigene (Shenzhen and Guangzhou, China) (Ruppert et al., 2019).306

The raw sequencing data (Raw Reads) were first subjected to rigorous quality control. Magi-307

gene used Fastp software to perform quality control on the raw sequences, removing adapter308

sequences, low-quality bases, and sequences of insufficient length, resulting in high-quality309

clean data (Clean Reads). Then, the filtered paired-end reads were assembled using the310

USEARCH software (v11.0.667) (default selection of 350,000 reads, or all reads if fewer than311

350,000 were available) (Edgar, 2010). The VSEARCH software was used to remove primer312

sequences based on the alignment results at both ends of the primers, as well as sequences313

with sequencing errors exceeding 1% (Rognes et al., 2016). All assembled sequences from314

all samples were merged, and duplicate sequences were removed using VSEARCH software,315

retaining only representative sequences with RSA greater than 4. Subsequently, sequences316

were clustered based on similarity levels to generate operational taxonomic units (OTUs)317

and their RSA tables. OTUs were classified and annotated at the species level using BLAST318

(v2.2.31) against the Magigene company’s proprietary database.319

2.3 Species Composition and Biodiversity Analysis320

After obtaining species annotation information for each OTU, we performed statistical anal-321

ysis of species composition at the family taxonomic level. By calculating the RSA of each322

family across different samples, we analyzed and compared the dominant groups revealed323

11
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by the two bays under different molecular markers. To quantify and compare species diver-324

sity across samples, we used the vegan package to calculate alpha diversity indices based on325

OTUs, including species richness and Shannon diversity index (Oksanen et al., 2022).326

2.4 Co-occurrence Network Construction and Characterization327

2.4.1 Network Inference328

To explore the interaction patterns among species in the ecosystems of the two bays, we329

constructed co-occurrence networks for Mirs Bay and Daya Bay, respectively. The networks330

were constructed based on the RSA data of all OTUs integrated from the 12S, 18S, and331

COI markers. To reduce the interference of rare species on correlation calculations, we first332

filtered the data, retaining only OTUs present in more than 25% of the samples for subsequent333

analysis.334

Co-occurrence networks across trophic levels were constructed based on Spearman’s corre-335

lation. A significant co-occurrence relationship between two OTUs was defined when the336

absolute value of the correlation coefficient exceeded 0.75 and the associated P -value was337

less than 0.05, following Friedman et al. (2012). Each node in the network represents an338

OTU, and edges denote significant pairwise associations. The networks were visualized using339

the igraph library (v2.1.4) (Csárdi and Nepusz, 2006). Node classification was determined340

according to OTU taxonomic annotation, including algae, arthropods, fungi, fish, mollusks,341

protists (non-algal), other animals, and unclassified groups. To further illustrate the com-342

position of inter-group interactions, pie charts were generated to display the proportional343

distribution of links among different node categories.344

2.4.2 Network Topological Analysis345

To further characterize the structural features of the constructed co-occurrence networks,346

we calculated a series of topological metrics, that systemic features and their distributions,347

using the igraph package (v2.1.4) in R (Csárdi and Nepusz, 2006). These metrics are divided348

into node-level and network-level properties (i.e., OTUs and communities), providing a349

comprehensive view of both local connectivity and global network organization.350

Node-level metrics. Node-level metrics describe the local connectivity and structural351

importance of individual node within the network.352

12



• Degree (ki) — the number of direct connections of node i:353

ki =

N∑

j=1

aij (2.1)

where aij = 1 if nodes i and j are connected, otherwise aij = 0.354

• Shortest path length (Li) — the average shortest distance from node i to all other355

nodes:356

Li =
1

N − 1

∑

j ̸=i

dij (2.2)

• Clustering coefficient (Ci) — quantifies the tendency of node i’s neighbors to be357

mutually connected, forming closed triangles:358

Ci =
2ti

ki(ki − 1)
(2.3)

where ti is the number of triangles including node i, and ki is the degree of node i.359

• Betweenness centrality (Bi) — quantifies the fraction of shortest paths passing360

through node i:361

Bi =
∑

s ̸=i ̸=t

σst(i)

σst

(2.4)

where σst is the total number of shortest paths between nodes s and t, and σst(i) is the362

number of paths passing through node i.363

Network-level metrics. Network-level metrics capture global structural features of the364

co-occurrence network. They include direct network properties as well as network-wide sum-365

maries of node-level metrics.366

• Number of nodes (N) — total number of OTUs in the network.367

• Network density (D) — the ratio of observed edges (E) to the maximum possible368

number of edges in an undirected network:369

D =
2E

N(N − 1)
(2.5)

• Network diameter (Lmax) — the longest shortest path between any two nodes:370

Lmax = max
i,j

dij (2.6)
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• Average node-level metrics — network-wide summaries of node-level properties,371

including: Average degree, shortest path length, clustering coefficient, and betweenness372

centrality:373

⟨k⟩ =
1

N

N∑

i=1

ki, ⟨L⟩ =
1

N

N∑

i=1

Li, ⟨C⟩ =
1

N

N∑

i=1

Ci, ⟨B⟩ =
1

N

N∑

i=1

Bi (2.7)

2.5 Taylor’s Power Law (TPL)374

To quantify species aggregation patterns within the marine ecosystems, Taylor’s Power Law375

(TPL) was applied to OTU RSA data. The mathematical expression for this law is (Taylor,376

1961):377

σ2(RSA) ∼ c · µ(RSA)
ν

(2.8)

where c and ν are fitted constants. The exponent ν serves as an index of aggregation: ν > 1378

indicates aggregated (clumped) distribution, ν ≈ 1 indicates random distribution, and ν < 1379

indicates uniform or regular distribution (Cobain et al., 2018b).380

2.6 Network-theoretic Kleiber’s Law (NKL)381

To explore how the functional role of species within ecological networks relates to their382

stability in terms of RSA variance (instead of entropy based on distributions that are hard383

to infer without long time series), we proposed a Network-theoretic Kleiber’s Law (NKL).384

This approach extends the classical scaling theory to network topology, using co-occurrence385

networks constructed from Mirs Bay and Daya Bay microbial communities.386

Relative Species Abundance Fluctuations. This metric quantifies the variability of387

each OTU’s RSA with respect to the mean, represented by its variance across sampling sites.388

A higher variance reflects greater stability or fluctuations in RSA that are highly correlated389

with each other according to different distribution in between order and chaos.390

σ2
i =

1

N − 1

N∑

t=1

(RSAi,k − ⟨RSA⟩i)
2 (2.9)

where:391

• σ2
i is the RSA variance of OTU i;392

• RSAi,k is the RSA of OTU i at sampling site k;393
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• ⟨RSA⟩i is the mean RSA of OTU i across all sampling sites;394

• N is the total number of samples (communities at different depths).395

Hyperconnectivity. The hyperconnectivity (Hi) of each OTU characterizes its total inter-396

action capacity within the network, integrating, implicitly, both direct and indirect connec-397

tions. Here, hyperconnectivity is expressed as the cumulative connectivity of a node/species,398

quantified through the sum of shortest path lengths, forming tree-like networks, to all other399

nodes, as:400

Hi =
∑

j ̸=i

di,j , (2.10)

where:401

• Hi denotes the hyperconnectivity (sum of all shortest paths, i.e. trees, from i to j) of402

OTU i;403

• di,j represents the shortest path length (number of steps) between OTUs i and j.404

Hypothetical NKL Scaling. To examine the intrinsic coupling between RSA fluctuations405

and hyperconnectivity, we hypothesized a power-law scaling analogous to Kleiber’s law:406

H ∼ (σ2)ϵ (2.11)

where H represents the hyperconnectivity of the species in the inferred co-occurance network,407

σ2 denotes the variance of RSA, and ϵ is the hypothetical scaling exponent describing how408

RSA fluctuations scale with hyperconnectivity. This hypothesis was tested against the data409

assuming the correlation-based inference of species networks.410

2.7 Statistical Analyses411

Spearman correlation analysis was used to assess the strength and significance of correla-412

tions among environmental factors (Chen et al., 2019). For sampling sites in Mirs Bay and413

Daya Bay, Spearman correlation coefficients (r) were calculated between each environmental414

factor (temperature, dissolved oxygen, chlorophyll-a, salinity, and nitrate), and significance415

levels were determined using two-tailed tests (p ¡ 0.05 indicates significant, p ¡ 0.01 indicates416

extremely significant).417

Mantel tests were used to assess the correlation between community composition and environ-418

mental factors . By constructing an environmental distance matrix (based on standardized419

environmental factor data using Euclidean distance) and a biological distance matrix (based420
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on community composition data using Bray-Curtis distance), the Mantel test was used to421

calculate the correlation (Mantel’s r) and significance (p-value) between the two matrices.422

To investigate local network structure at individual sampling sites, sub-networks were ex-423

tracted using the subgraph() function in the igraph package (Csárdi and Nepusz, 2006),424

retaining only nodes and edges corresponding to OTUs detected at the focal site. This425

allowed site-specific network topology to be analyzed independently. Univariate linear re-426

gression models were fitted to evaluate the relationships between environmental factors and427

network topology metrics. Each topological parameter (e.g., degree, clustering coefficient,428

average shortest path length, betweenness centrality) was treated as a response variable, and429

each environmental factor was treated as a predictor. Models were fitted using the lm()430

function in R, with goodness-of-fit assessed by the coefficient of determination (R2) and sig-431

nificance determined via p-values.432

433

3 Results434

3.1 Community Composition and Diversity Structure435

3.1.1 Species Composition Across Multiple Taxonomic Groups436

Analyses based on the 12S, 18S, and COI markers consistently distinguished the species of437

Mirs Bay and Daya Bay, while each marker captured complementary dimensions of biodiver-438

sity.439

For the 12S rRNA gene, the two bays harbored distinct fish faunas (Fig. 3A). In Mirs Bay,440

fish communities showed high intra-bay heterogeneity, with dominant families (Gerreidae,441

Clupeidae, Siganidae, and Mugilidae) varying across sites and depths. In contrast, fish com-442

munities in Daya Bay were relatively uniform, with Clupeidae, Siganidae, and Cyprinidae443

consistently dominant across most samples.444

The 18S rRNA gene analysis indicated the opposite pattern in eukaryotic communities (Fig.445

3B). In Mirs Bay, nearly all samples were dominated by Rhizosoleniaceae (¿50% RSA),446

resulting in low within-bay variability. In Daya Bay, however, the eukaryotic community447

was more evenly distributed among several dominant families, including Thalassiosiraceae,448

Stephanodiscaceae, and Cymatosiraceae.449

The COI gene analysis, targeting animals, fungi, and algae, reinforced the distinction between450

the two bays (Fig. 3C). Communities in Mirs Bay displayed high internal variability, with451
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dominant groups such as Rhizosoleniaceae (algae), Bacillariaceae (algae), Gymnodiniaceae452

(algae), and Ostreidae (animals) alternating among samples. By contrast, almost all Daya453

Bay samples were consistently dominated by Skeletonemataceae (algae) and Mamiellaceae454

(algae) (together ¿50%).455

Overall, all three genetic markers revealed clear compositional differences between Mirs Bay456

and Daya Bay. The species richness distribution dependent on the Relative Species Abun-457

dance (Preston’s plot), shown in Fig. S1 and S2, shows patterns in between the Fisher’s458

logseries and the lognormal distribution. The tail of these distribution is longer for Mirs Bay459

than Daya bay; yet, the maximum abundance is one order of magnitude larger for Mirs Bay460

despite richess is larger for the latter. This confirms the hypothesis that species organization,461

also manifested by the more lognormal Preston’s plot, is a sign of ecofitness rather species462

count.463

3.1.2 Contrasting Diversity Patterns Between and Within Bays464

Alpha diversity analysis (Fig. 4) revealed two consistent patterns: (1) overall biodiversity465

was significantly higher in Daya Bay than in Mirs Bay across all metrics, and (2) the spatial466

organization of diversity differed markedly within each bay.467

The strongest disparity occurred in species richness. For the fish community (12S), Daya468

Bay harbored substantially more OTUs (44–118) than Mirs Bay (2–49). This contrast was469

even greater for 18S and COI markers, where richness in Daya Bay (2091–2800 and 3993–5339470

OTUs, respectively) was several-fold higher than in Mirs Bay (451–606 and 747–1026 OTUs).471

Shannon indices mirrored these trends: values derived from 18S and COI were consistently472

higher in Daya Bay, indicating both greater richness and more even communities, whereas473

12S-based Shannon values were closer between bays but remained higher in Daya Bay.474

Within-bay patterns further emphasized these contrasts. In Mirs Bay, 18S-derived Shannon475

indices varied little among sites, consistent with the dominance of Rhizosoleniaceae (Fig.476

3B). In contrast, 12S and COI datasets exhibited pronounced spatial heterogeneity, with477

large differences among sites (CN, DR, RR, SR). In Daya Bay, the opposite pattern was478

observed: 12S and COI communities were relatively uniform across sites (HO1, HO2, IL,479

XI), while 18S displayed marked heterogeneity, with HO1 and HO2 showing notably higher480

Shannon values (∼5.6) than IL and XI (∼4.15).481

Taken together, these observations highlight the contrasting diversity structures of the two482

bays. Daya Bay exhibits higher overall biodiversity, characterized by relatively homogeneous483
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fish and metazoan–algal–fungal communities but greater heterogeneity among eukaryotic484

assemblages, whereas Mirs Bay shows lower total diversity, yet stronger spatial variability485

across markers.486

3.2 Co-occurrence Network Structure and Topological Analysis487

3.2.1 Network Architecture and Interaction Distribution488

Cross-trophic co-occurrence networks (Fig. 5A) revealed clear contrasts between the two bays489

in scale, complexity, and interaction patterns. The Daya Bay network (5,862 nodes, 9,634490

edges) was substantially larger than that of Mirs Bay (842 nodes, 1,154 edges). Node cate-491

gories in both networks included algae, arthropods, fungi, fish, mollusks, non-algal protists,492

other animals, and unclassified groups.493

Despite similar node categories, the distribution of edge types (Fig. 5B) differed markedly. In494

Mirs Bay, interactions were dominated by algae, with algae–algae (27.8%), algae–unclassified495

(25.6%), and algae–protist (7.7%) edges comprising the majority of links. In contrast,496

Daya Bay displayed a more balanced edge distribution. The most frequent interactions in-497

volved unclassified groups (unclassified–unclassified, 23.8%; algae–unclassified, 15.1%; arthro-498

pod–unclassified, 13.2%), followed by algae–protist (9.4%) and algae–algae (9.1%).499

3.2.2 Network Topological Features500

Distributions of node-level key topological parameters (Fig. 5C) revealed clear contrasts501

between the Daya Bay and Mirs Bay networks.502

Degree values were distributed across a wider range in Daya Bay compared to Mirs Bay. In503

Mirs Bay, degrees were strongly right-skewed, concentrated at low values below 200, while504

Daya Bay exhibited an extended right tail, with degrees exceeding 1,500 and several promi-505

nent peaks between 400 and 600.506

Average Path Length (APL) distributions showed a clear distinction between the two sites.507

Mirs Bay displayed a bimodal pattern, with one sharp peak at approximately 1.0 and a508

broader distribution centered near 2.7. Daya Bay, by contrast, exhibited a narrower, multi-509

modal distribution between 1.7 and 2.3, with the majority of nodes around 1.9.510

Betweenness Centrality (BC) values were right-skewed in both bays. In Mirs Bay, most nodes511

had BC values near zero, while a small number exhibited high BC values above 1×105. Daya512

Bay also showed a concentration near zero but with a broader spread, extending into the low-513

to-medium BC range (up to 5× 104).514

18



Clustering Coefficient (CC) distributions differed markedly between the two bays. In Mirs515

Bay, the CC distribution was strongly bimodal, with most nodes exhibiting low to moderate516

values (0.0–0.5, peak around 0.35) and a sharp secondary peak at 1.0. In contrast, Daya Bay517

showed a narrower, unimodal distribution concentrated between 0.25 and 0.50 (centered at518

0.35–0.40), with a minor secondary peak near 0.90.519

3.3 Ecological Patterns: Aggregation and Network Organization520

3.3.1 Species Aggregation: Taylor’s Power Law521

Using Taylor’s Power Law (TPL) as an analytical framework, we examined RSA variability522

patterns in Mirs Bay and Daya Bay. Both datasets closely followed the power-law relationship523

defined by TPL (Fig. 6 A and B). On loglog scales, the mean and variance of RSA exhibited524

a significant power-law relationship, with coefficients of determination (R2) of 0.916 for Mirs525

Bay and 0.861 for Daya Bay, and systemic aggregation exponents (ν) of 1.697 and 1.460,526

respectively, indicating strong community-level aggregation.527

Taxon-specific TPL analyses (Fig. S5 and S6) of eight major groups confirmed pervasive528

aggregation across taxa, with all groups showing ν values greater than 1. In most groups,529

Mirs Bay exhibited higher aggregation than Daya Bay, with ν values ranging from 1.58 to530

1.85, compared with 1.31 to 1.74 in Daya Bay; specifically, algae (1.67 vs. 1.48), arthropods531

(1.62 vs. 1.55), fungi (1.65 vs. 1.44), mollusks (1.79 vs. 1.74), other animals (1.85 vs. 1.72),532

non-algal protists (1.63 vs. 1.49), and unclassified taxa (1.58 vs. 1.31). Fish assemblages533

were an exception, showing the highest aggregation in both bays, with ν values approaching534

2.0; Fish in Daya Bay had a slightly higher ν (2.05) than in Mirs Bay (1.95).535

3.3.2 RSA Variability and Hyperconnectivity: Network Kleiber’s Law536

To quantify the relationship between RSA variability and network structure, we plotted537

the variance of each OTU’s RSA against its hyperconnectivity (the sum of shortest-path538

lengths to all other nodes, i.e. a branching tree maximizing information dependency among539

interconnected components) on log–log axes for Mirs Bay and Daya Bay (Fig. 6 C and D).540

Across both ecosystems, no significant scaling relationship was observed between RSA vari-541

ance and hyperconnectivity. The data points formed scattered clusters with an overall near-542

zero slope on log–log axes, indicating that RSA variability was independent of network posi-543

tion.544

Further validation (Fig. S7 and S8) was obtained through separate analyses of eight major545
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taxonomic groups (algae, arthropods, fish, fungi, mollusks, non-algal protists, other animals,546

and unclassified OTUs). Across all groups, the relationship between RSA fluctuations and547

hyperconnectivity was consistent with the overall pattern, showing no detectable scaling548

relationship in either species.549

3.4 Envirome-Biocomplexity Nexus550

3.4.1 Contrasting Environmental Regimes on Communities: Ecograph-Envirome551

Coupling552

Analyses of community–environment relationships revealed fundamentally different degrees of553

environmental coupling in the two bays (Fig. 7 A and B). Mirs Bay displayed tightly coupled554

environmental variables, whereas Daya Bay exhibited more loosely associated environmental555

variables.556

In Mirs Bay, the upper correlation matrix shows a dense web of associations, with temperature557

serving as a central hub—positively correlated with salinity and chlorophyll-a, and negatively558

with oxygen (Spearman’s r, all p < 0.001). In contrast, the Daya Bay matrix was much559

sparser. A striking difference was the role of chlorophyll-a: highly interconnected in Mirs560

Bay, but statistically isolated in Daya Bay, showing no significant correlations with other561

measured variables.562

These divergent regimes were reflected in community–environment linkages revealed by Man-563

tel tests (Fig. 7 A and B). In Mirs Bay, multiple environmental variables broadly influenced564

community structure, with chlorophyll-a emerging as the predominant driver, exhibiting565

strong correlations with most biological groups (Mantel’s r > 0.7, p < 0.01). By contrast,566

Daya Bay communities were shaped primarily by salinity and chlorophyll-a, both of which567

showed robust associations with several key taxa.568

3.4.2 Environmental Imprinting on Ecological Network Structure569

talk about the magnitude of env factors beyond their organization To assess environmental570

responses, sub-networks were extracted from each sample, and their topological parameters571

were calculated (Figs. S3, S4, S9 and S10). At this fine-grained scale, network sizes were572

consistently larger in Daya Bay than in Mirs Bay. Node counts per station in Mirs Bay573

ranged from 608 to 725 (edges: 761–995), whereas in Daya Bay they ranged from 3,540 to574

4,704 (edges: 4,373–7,400), reflecting higher potential interaction complexity in Daya Bay.575

However, just the sheer number of edges does not reveal the organization of complexity, and576

yet the ecological fitness of an ecosystem.577
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Sub-networks within each bay exhibited distinct topological patterns. Mirs Bay sites (SR,578

CN, DR, RR) displayed centralized structures, with a core of hub nodes (primarily algae)579

surrounded by peripheral nodes. In contrast, Daya Bay sites (HO1, HO2, XI, IL) showed580

more diffuse structures, lacking a single dominant hub and exhibiting widespread connections581

among nodes. Networks for all communities highlight the same network topology at the582

ecosystem scale (Figs. S3 and S4).583

Linear regression analysis indicated a contrasting response of network topology to environ-584

mental factors. In Mirs Bay, several topological parameters were significantly correlated585

with multiple variables (P < 0.05). For example, the clustering coefficient was negatively586

correlated with chlorophyll-a and salinity (R = −0.83), and positively correlated with dis-587

solved oxygen and temperature (R = 0.83). Network diameter showed correlations of similar588

magnitude (absolute R ≈ 0.65) but in the opposite direction to the clustering coefficient.589

In Daya Bay, most topological parameters were not significantly correlated with environmen-590

tal factors (P > 0.05). Where correlations existed, their magnitude was generally higher than591

in Mirs Bay (Figs. S9 and S10). For instance, network diameter showed a strong positive592

correlation with salinity (R = 0.91) and strong negative correlations with dissolved oxygen593

and temperature (R = −0.81 vs. R ≈ −0.65 in Mirs Bay). This indicates that while fewer594

factors shape the Daya Bay network, its structure is exceptionally sensitive to shifts in key595

physical drivers.596

3.4.3 Environmental Drivers of Taylor’s Power Law597

To evaluate the influence of environmental factors on community structure, we analyzed the598

linear relationships between the Taylor’s Power Law (TPL) exponent and five key environ-599

mental variables (Fig. 7C): chlorophyll-a, nitrate, dissolved oxygen, salinity, and tempera-600

ture.601

The TPL exponent exhibited strong and statistically significant response to multiple envi-602

ronmental factors (Fig. 7C). Specifically, TPL was highly positively correlated with temper-603

ature (R2 = 0.85, P < 0.001) and significantly positively correlated with dissolved oxygen604

(R2 = 0.45, P = 0.001), while it showed a significant negative correlation with chlorophyll-a605

concentration (R2 = 0.51, P < 0.001). In contrast, no significant linear relationships were606

detected between the TPL exponent and either nitrate or salinity.607

A pronounced regional differentiation was also observed: across all environmental gradients,608

samples from Mirs Bay consistently exhibited higher TPL exponents and stronger aggregation609
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than those from Daya Bay. The median TPL exponent in Mirs Bay (∼ 1.81) was significantly610

higher than in Daya Bay (∼ 1.65), with non-overlapping distributions, confirming systematic611

inter-regional differences in aggregation patterns.612

3.4.4 Ecological Integration: Coupling of TPL Aggregation and Network Topol-613

ogy614

We further examined the relationships between the TPL exponent and key network topo-615

logical parameters (Fig. S10). Networks characterized by higher community aggregation616

(higher TPL exponent) tend to have smaller size (node number, strongly negatively corre-617

lated, R2 = 0.97), higher overall connectivity (network density, strongly positively correlated,618

R2 = 0.96), greater structural centrality (betweenness centrality, strongly positively corre-619

lated, R2 = 0.90), and lower modularity (clustering coefficient, strongly negatively correlated,620

R2 = 0.94).621

Across all metrics, samples from Mirs Bay and Daya Bay formed distinct clusters, with Mirs622

Bay consistently exhibiting higher TPL values, indicating tighter internal coupling between623

aggregation intensity and network structure.624

4 Discussion625

4.1 eDNA: A New Perspective for a Systemic Biocomplexity Fitness626

Mirs Bay and Daya Bay, as important and interconnected ecosystems in the South China627

Sea, harbor rich biodiversity that carries valuable ecological and biogeographical information.628

This biodiversity reflects regional environmental gradients and adaptive processes, providing629

a crucial baseline for marine research and conservation. However, systematic biodiversity sur-630

veys, especially those targeting entire multi-trophic communities, have long been challenged631

by the region’s complex hydrodynamics and intense anthropogenic disturbances (Diao et al.,632

2022). Consequently, previous studies in these bays have often been limited to specific bio-633

logical groups, such as fish or plankton, failing to provide a holistic view of the ecosystems634

(Wu et al., 2023).635

Our research addresses this gap by systematically mapping the biodiversity patterns of both636

bays using multi-marker eDNA analysis. The results confirm that these bays not only harbor637

abundant aquatic life but also that communities in different water layers and sub-regions con-638

tribute unique and irreplaceable components to the overall biodiversity. Specifically, analyses639

across the 12S, 18S, and COI markers consistently distinguished the species compositions of640
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Mirs Bay and Daya Bay, with each marker capturing complementary dimensions of biodiver-641

sity: 12S highlighting distinct fish faunas, 18S revealing eukaryotic community patterns, and642

COI reinforcing differences in metazoan-algal-fungal assemblages. Alpha diversity metrics643

further underscored these contrasts, showing significantly higher overall biodiversity in Daya644

Bay across all markers, coupled with bay-specific spatial heterogeneity—such as uniform fish645

and COI communities in Daya Bay versus high variability in Mirs Bay.646

However, it is essential to acknowledge the sources of uncertainty inherent in eDNA metabar-647

coding for whole communities, as highlighted in recent analyses (Jones et al., 2025). These648

uncertainties arise across multiple stages: (1) sampling variability, including spatial and649

temporal heterogeneity in eDNA shedding, transport, and degradation influenced by envi-650

ronmental factors like water flow and temperature; (2) technical biases during laboratory pro-651

cedures, such as DNA extraction efficiency, PCR amplification preferences for certain taxa,652

and sequencing errors due to depth or platform variations; (3) bioinformatics challenges,653

encompassing OTU clustering thresholds, chimera removal, and inaccuracies in taxonomic654

assignment stemming from incomplete reference databases; and (4) interpretive limitations,655

where false positives/negatives or quantification issues can affect community metrics and656

biomonitoring reliability. Despite these challenges, careful experimental design, replication,657

and integration with traditional methods can mitigate uncertainties, ensuring robust infer-658

ences for ecosystem assessment.659

Therefore, our work confirms that eDNA-based analysis is not only an effective approach660

for comprehensively characterizing bay ecosystems but also provides a powerful new tool for661

biodiversity assessment and conservation across broader ecological scales — by simultaneously662

capturing multiple trophic level organization, revealing spatial biodiversity gradients between663

and within bays. These findings lay the groundwork for exploring ecological processes through664

species co-occurrence and interaction patterns, as detailed in the following section.665

4.2 Advantages and Ecological Implications of Multi-trophic Co-666

occurrence Networks667

Building upon the biodiversity patterns revealed by multi-marker eDNA analysis, we further668

examined the underlying ecological interactions by constructing multi-trophic co-occurrence669

networks integrating 12S, 18S, and COI data. This network-based framework extends tradi-670

tional diversity assessments by linking taxonomic composition to the structural and functional671

organization of marine ecosystems.672

23



Consistent with the diversity contrasts between the two bays, the networks exhibited pro-673

nounced differences in scale and topology. The Daya Bay network contained over seven674

times more nodes and nine times more edges than that of Mirs Bay, reflecting both higher675

biodiversity and greater interaction complexity (in terms of magnitude and not organiza-676

tion that is reflected by the distribution of network features). While node categories were677

broadly similar—comprising algae, arthropods, fungi, fish, mollusks, protists, and unclassi-678

fied groups—the interaction composition diverged substantially. Mirs Bay was dominated679

by algae-centered links (e.g., algae–algae and algae–unclassified), suggesting a relatively sim-680

plified, phytoplankton-driven structure. In contrast, Daya Bay displayed a more balanced681

interaction profile, with frequent associations among unclassified taxa, arthropods, and algae,682

indicative of denser cross-trophic linkages and enhanced functional connectivity.683

Despite its smaller scale, the Mirs Bay network exhibited a more pronounced scale-free topol-684

ogy. Its degree distribution followed a steep right-skewed pattern dominated by numerous685

low-degree nodes and a few highly connected hubs. This structure is characteristic of self-686

organized, scale-free systems that are robust to random species loss but vulnerable to targeted687

removal of key nodes. The scale-free topology is likely shaped by the more log-normal Preston688

plot of RSA as show in Figure S1. Daya Bay, by contrast, displayed a broader, multimodal689

degree distribution with a more even spread of medium- to high-degree taxa. Such a pat-690

tern suggests greater overall connectivity but a departure from strict scale-free organization,691

potentially increasing vulnerability to cascading effects once perturbations occur in densely692

linked regions.693

Average Path Length (APL) and Betweenness Centrality (BC) patterns supported these694

contrasting organizational modes. The bimodal APL distribution in Mirs Bay indicates695

a compartmentalized network where communication is efficient within clusters but limited696

across modules—an architecture consistent with localized stability under variable conditions.697

Daya Bay exhibited shorter and narrower APL values, suggesting more cohesive but less698

modular connectivity. Meanwhile, Mirs Bay’s BC distribution was dominated by a few crit-699

ical intermediaries, reinforcing the idea of hierarchical control typical of scale-free systems,700

whereas Daya Bay displayed more evenly distributed BC values, implying greater redundancy701

in cross-module interactions.702

Clustering Coefficient (CC) distributions further differentiated the two systems. Mirs Bay703

displayed a pronounced bimodal “U-shaped” pattern, combining both loosely connected taxa704

and highly clustered local modules. Daya Bay, in contrast, exhibited a single dominant705

peak at moderate CC values (0.35–0.40), reflecting a more homogeneous modular structure.706
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These differences suggest that Mirs Bay supports a compartmentalized but resilient topology707

shaped by selective environmental pressures, while Daya Bay represents a dense, interaction-708

rich system that may facilitate energy transfer but randomly, yet at the cost of higher energy709

dissipation and structural fragility under stress (that is the antithesis of resilience).710

Overall, these findings highlight that higher biodiversity and connectivity do not necessarily711

translate into greater network resilience. Mirs Bay’s scale-free, hierarchically organized net-712

work appears optimized for persistence under resource limitation, whereas Daya Bay’s highly713

connected but less modular structure supports high productivity and interaction turnover. By714

integrating cross-marker molecular data and network topology, multi-trophic co-occurrence715

analysis provides a powerful framework to interpret how diversity patterns translate into716

structural resilience, functional redundancy, and ecological stability in marine ecosystems.717

The average value of network metrics for both bays are show in Table S3.718

4.3 Species Aggregation Revealed by Taylor’s Power Law719

Our application of Taylor’s Power Law (TPL) revealed distinct aggregation patterns between720

Mirs Bay and Daya Bay, with both bays conforming to the expected power-law relationship721

between mean RSA and variance (high R2 values of 0.916 and 0.861, respectively). The722

higher overall TPL exponent in Mirs Bay (ν = 1.697) compared to Daya Bay (ν = 1.460)723

indicates stronger community-level aggregation in the former, a pattern largely consistent724

across taxonomic groups, where Mirs Bay exhibited elevated ν values in most categories725

(e.g., Algae: 1.67 vs. 1.48), except for fish, which showed high aggregation in both bays726

approaching 2.0. Furthermore, Mirs Bay displayed a narrower range of ν values, suggesting727

more defined aggregation strategies across trophic levels, while Daya Bay’s wider spectrum728

reflects greater variability among groups.729

These findings underscore TPL’s feasibility as an indicator of ecological fitness, as the ex-730

ponent ν quantifies species aggregation (or portfolio effects as in Anderson et al. (2013)) in731

response to environmental conditions (Cobain et al., 2018a). Mechanistically, TPL captures732

how environmental variability influences community structure. While lower ν values can in-733

dicate more uniform distributions, the higher ν value in Mirs Bay suggests that intensified734

aggregation may be a key adaptive strategy. This stronger aggregation, coupled with Mirs735

Bay’s tighter environmental coupling, implies a highly structured and specialized community736

co-evolved with its environment, potentially reflecting higher ecological fitness compared to737

the looser associations in Daya Bay. In our study, the strong positive correlations of TPL738

exponents with temperature (R2 = 0.85) and dissolved oxygen (R2 = 0.45), alongside a neg-739
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ative correlation with chlorophyll-a (R2 = 0.51), demonstrate how physicochemical gradients740

precisely modulate this adaptive aggregation.741

Integrating TPL with network topology further elucidates these mechanisms: higher ex-742

ponents correlated with increased density (R2 = 0.96), greater centrality (R2 = 0.90), and743

reduced modularity (R2 = 0.94), patterns that clustered distinctly by bay. This strongly sug-744

gests that the stronger aggregation (high ν) in Mirs Bay fosters a more efficient, centralized,745

and densely connected network, even though its overall size is smaller. This low-modularity,746

high-centrality structure is not a sign of instability, but rather indicates a highly optimized747

and robust configuration for resource and information flow, reinforcing TPL’s role in assessing748

this specialized form of high fitness.749

Overall, by linking aggregation to environmental drivers and network structure, TPL offers750

a robust, scale-invariant metric for diagnosing ecosystem fitness, with potential applications751

in monitoring marine responses to global and local anthropogenic change.752

4.4 RSA Variability and Node Hyperconnectivity Pattern753

The analysis revealed no significant scaling relationship between RSA variability and node754

hyperconnectivity (Fig. 6 C and D), indicating a decoupling between species dynamics and755

network structure in both bays. While prior studies have suggested that species with high756

RSA variability may serve as hubs influencing network stability and function, our results757

diverge—showing near-zero slopes on log–log axes, where highly connected nodes exhibit758

neither enhanced nor reduced variability compared to peripheral ones.759

This independence also suggests that network centrality does not directly determine species760

stability. Instead, ecological resilience may emerge from structural redundancy and compen-761

satory dynamics, where perturbations at one node are buffered by alternative interaction762

pathways (Thébault and Fontaine, 2010; Stouffer and Bascompte, 2011). Such a configura-763

tion allows ecosystems to sustain global stability even when local fluctuations occur, consis-764

tent with theories emphasizing modularity, substitutability, and multiple stabilizing routes765

(MONTOYA and SOLÉ, 2002; Jordán, 2009; Berlow et al., 2009).766

From an ecological suitability perspective, this decoupling highlights that structural inte-767

gration (hyperconnectivity) and dynamic stability (RSA variability) constitute distinct yet768

complementary dimensions of ecosystem function. Whereas Taylor’s Power Law captures the769

dynamical response of species to environmental fluctuations, hyperconnectivity reflects their770

potential for information flow and structural embedding within the network. The absence of771
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a scaling link between these two metrics thus points to a multidimensional stability frame-772

work, where ecosystems maintain functional robustness without a direct dependence between773

structure and dynamics.774

Finally, it is important to note that this pattern may partly reflect methodological con-775

straints. Correlation-based networks, as used here, capture undirected co-variation but may776

obscure causal dependencies. Approaches incorporating bidirectionality—such as Transfer777

Entropy—have revealed variance-centrality relationships under stronger environmental forc-778

ing (Galbraith et al., 2022). Future work integrating causal inference and temporal dynamics779

could therefore clarify when and how structural and dynamical stability become re-coupled780

under environmental change.781

782

4.5 Methodological Innovation and Reliability for Ecological Fitness783

Assessment784

Our integrated analytical and computational framework—linking Taylor’s Power Law (TPL)785

with network-based hyperconnectivity (Network Kleiber’s Law)—introduces a conceptually786

and operationally innovative approach to ecosystem fitness assessment. Traditional indicators787

of ecological conditions often rely on static diversity indices or structural metrics that fail to788

capture the dynamic interplay between species variability and interaction topology. By com-789

bining a scale-invariant descriptor of species dynamics (TPL) with a topological descriptor of790

network organization (hyperconnectivity), our method bridges this gap and allows the quan-791

titative inference of ecosystem fitness manifesting ecological adaptability to environmental792

stress across multiple biological hierarchies.793

From a methodological standpoint, this framework demonstrates three key advantages. First,794

it provides cross-scale comparability: TPL and NKL are dimensionless and invariant to sam-795

pling scale, enabling integration across taxa, habitats, and time. Second, it enhances di-796

agnostic sensitivity: the covariance between aggregation intensity or organization (ν) and797

structural centrality metrics (density, clustering, path length) allows early detection of struc-798

tural optimization or degradation before conventional community indices exhibit significant799

change. Third, it ensures interpretative transparency, as both components are ecologically in-800

terpretable—TPL quantifies behavioral and physiological aggregation responses, while NKL801

reflects structural embedding and redundancy that regulate abdundance fluctuation. Yet,802

TPL embeds the complex network structure contained in NKL.803
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These advantages collectively establish the framework as a robust and transferable diagnos-804

tic tool for ecosystem fitness and environmental suitability. The absence of a strict scaling805

relationship between species variability and structural centrality further supports its reli-806

ability: rather than imposing a single deterministic linkage, the approach accommodates807

context-dependent, multidimensional stability, aligning with real ecological complexity. This808

flexibility makes it particularly suitable for long-term environmental monitoring, cross-site809

comparison, and model calibration in systems where both structure and function evolve under810

anthropogenic and climatic pressures.811

5 Conclusions812

Facing increasing anthropogenic and climatic pressures on coastal and marine ecosystems, this813

study aims to move beyond the limitations of conventional biodiversity fitness assessment that814

rely on macroecological indicators or environmental factors considered independently. Using815

a multi-marker (12S, 18S, COI) eDNA metabarcoding approach, we compared the systemic816

community structures between two epitomic site in the Greater Bay Area, China, i.e., Daya817

Bay and Mirs Bay communities, to construct an integrative quantitative framework that818

combines co-occurrence species network topology with ecological allometric laws (Taylor’s819

Power Law, TPL, and Network Kleiber’s Law, NKL). The two communities are considered as820

”archetypes” of ecological fitness along ”phenotypic” features related to ecological network821

organization, environme organization, and fluctuations beyond mere species count. This822

framework was designed to provide new insights into the assessment of ecosystem fitness823

based on ecological organization and systemic environmental pressure.824

Our results revealed contrasting patterns of ecological and environmental organization be-825

tween the two bay ecosystems, alongside converging eco–environmental patterns within each826

bay. Daya Bay exhibited higher biodiversity, a larger and more densely connected ecological827

network, and a relatively even topological structure resembling a small-world configuration.828

In contrast, Mirs Bay supported a smaller but more hierarchically organized and compart-829

mentalized network, characteristic of a scale-free structure. The environmental network (en-830

virome) further highlighted this divergence: Mirs Bay showed a stronger scale-free topology831

centered on chlorophyll-a at reasonably low concentrations. Conversely, Daya Bay exhibited832

a more disordered envirome rooted in salinity as the central node—reflecting stronger ma-833

rine dynamics—while chlorophyll-a, although not central, reached high levels associated with834

elevated nitrate concentrations, consistent with the frequent harmful algal blooms (HABs)835

reported in the area. This Mirs–Daya Bay dichotomy likely reflects (i) the higher exposure836

28



of Daya Bay communities to the Pearl River Delta effluents, and (ii) the local restoration837

actions in Mirs Bay, including marine protection, fishing bans, and coral nursery initiatives.838

Two major findings and one methological innovation stand out.839

• First, TPL proved highly informative for ecosystem fitness, where TPL is proportional840

to species bioomass and depth. TPL provided a strong fit for both ecosystems (R2 >841

0.86), with higher fitness ecosystems like the Mirs Bay showing stronger aggregation842

(ν = 1.697) than lower fitness ecosystems like Daya Bay (ν = 1.460) regardless of843

specific habitats or trophic scales. Moreover, the TPL exponent (ν) demonstrated844

strong correlations with both environmental variables (e.g., temperature, R2 = 0.85)845

and network properties (e.g., network size, R2 = 0.97; centrality, R2 = 0.90), suggesting846

that it may serve as an integrative systemic indicator linking environmental forcing847

and ecological network organization. This highlights how ecological networks reflect848

the organization of environmental networks, where increased randomness in the latter849

– together with worse levels for each environmental driver – acts as a detrimental factor850

for the former.851

• Second, the decoupling between dynamics and structure was consistently observed in852

both systems: RSA variability (manifested by the Taylor’s law) showed no significant853

scaling relationship (like the Kleiber’s law for communities) with node hyperconnectiv-854

ity as hypothesized. This might be due to the lack of temporal data, or the correlative855

network-inference model used, or it can indicate that structural centrality does not nec-856

essarily predict species variability. NKL is however showing a more structured bimodal857

distribution for healthier communities like the Mirs Bay. The results may highlight858

a context-dependent balance between redundancy and specialization of species (sepa-859

rated by two topological classes as highlighted by two hyperconnectivity classes, that860

is evident for algae, arthropods, and protists) in maintaining ecosystem resilience.861

• Third, methodologically, we introduce a multi-scale diagnostic ecograph framework that862

integrates the aggregated Taylor’s scaling with detailed network topology and species863

identification. This integration connects the “microscopic” aggregative behavior of864

species with the “macroscopic” interaction architecture within communities, enabling865

a systemic assessment of ecosystem function (ecosystemic fitness) that is overcoming866

the limitations of static biodiversity indices alone such as species richness, and environ-867

mental factors considered independently.868

Finally, some limitations must be acknowledged. Co-occurrence networks derived from cor-869
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relation analyses do not necessarily capture direct or causal species interactions. There-870

fore, simple correlation-based network inference should be used with care when interested871

in assessing causal interactions. eDNA metabarcoding also faces inherent challenges such872

as incomplete reference databases and PCR amplification bias, which may affect taxonomic873

resolution. Furthermore, the present study is based on two bays during a single temporal874

window; therefore, the generality of the findings should be validated across broader spatial875

and temporal scales, and in general eDNA sampling requires numerous samples over crirtical876

ecological corridors for large-scale ecosystems.877
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Glossary878

SR: Shallow Reef, Heart Island, Mirs Bay (∼1.5 m max depth)879

CN: Coral Nursery, Heart Island, Mirs Bay (∼2.5 m max depth)880

DR: Deep Rocky, Heart Island, Mirs Bay (∼10 m max depth)881

RR: Rocky Reef, Heart Island, Mirs Bay (∼2 m max depth)882

HO1: Hongshenggong Island site 1, Daya Bay (∼5 m max depth)883

HO2: Hongshenggong Island site 2, Daya Bay (∼8 m max depth)884

XI: Xiaosanmen Island, Daya Bay (∼10 m max depth)885

IL: Ilha Verde Island, Daya Bay (∼ 15 m max depth)886

SW: Surface Water887

DW: ”Deep” Water (intermediate depth)888

BO: Bottom Water (from 1.5 to 15 meters depending on the location)889

890
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Figure Captions915

Figure 1. Conceptual scheme of ecograph-envirome nexus for ecosystem fitness916

assessment. Ecosystems at the macroscale are the bays comprimising the set of habitats917

considered in the study. Habitats are locations characterized by distinct environmental fea-918

tures (hydrogeomrophic and biogeochemical) (Fig. 2); communities are meso-ecosystems at919

different depth; populations are OTUs at the family level as a trophic level spanning multiple920

taxa (molucular markers, i.e. 12S, 18S, and COI). Each taxa or OTU are micro-ecosystem921

composed by multiple individuals of different or equivalent individuals manifesting collective922

behavior at different organization. The envirome is the set of hydro-biogeochemical features923

characterizing the ecosystems.924

925

Figure 2. Map of the study areas, sampling sites, and environmental variables.926

(A) Location of the two study areas in the eastern waters of Hong Kong. The yellow box927

indicates the sampling site in Mirs Bay and the red box indicates the site in Daya Bay.928

(B) Aerial view (by M. Convertino) of the sampling site in Mirs Bay (yellow box in panel929

A), detailing the four microhabitats: Shallow Reef (SR), Coral Nursery (CN), Deep Rocky930

(DR), and Rocky Reef (RR). (C) Panoramic view (by M. Convertino) of the sampling site931

in Daya Bay (red box in panel a), showing the locations of sampling stations HO1, HO2,932

XI, and IL. put the full name of acronyms for Daya. (D) Environmental factors considered933

from https://ocean.hkust.edu.hk:8443/SiteMapApi/new/index.jsp with values as year934

averages considering predicted daily data from 1992.935

936

Figure 3. Relative Species Abundance of samples based on different molecular937

markers. A, B, and C show the RSA of communities at the family level based on 12S rRNA,938

18S rRNA, and COI gene markers, respectively. The vertical axis represents the RSA of each939

family (%), and the horizontal axis represents different samples, whose names are composed940

of sampling point-water layer. The Mirs Bay includes four sampling points: CN, DR, RR,941

and SR sampling points, and the Daya Bay includes HO1, HO2, IL, and XI sampling points.942

Among these, SW represents surface water, DW represents deep water, and BO represents943

bottom water. The legend lists the top ten families by relative abundance, with the remain-944

ing families of lower RSA grouped under “Others”.945

946
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Figure 4. Macroecological local diversity of communities in Mirs Bay and Daya947

Bay based on three molecular markers. Box plots display species richness (a-c) and948

the Shannon diversity index (d-f) calculated from OTUs. Diversity metrics are shown for949

communities identified via the 12S rRNA (a, d), 18S rRNA (b, e), and COI (c, f) genes.950

Orange and green colors represent samples from Mirs Bay (sites: CN, DR, RR, SR) and951

Daya Bay (sites: HO1, HO2, IL, XI), respectively.952

953

Figure 5. Co-occurrence networks, key interaction patterns, and four key topo-954

logical network metrics for communities in Mirs Bay and Daya Bay. (A) Co-955

occurrence networks for Mirs Bay (left) and Daya Bay (right). Each node represents an956

OTU, colored by its major taxonomic group (e.g., Algae, Fish, non-algal Protists). Edges957

indicate significant statistical correlations between OTUs. (B) Proportional distribution of958

major inter- and intra-group interaction types (e.g., Algae-Algae, Algae-Arthropoda) as a959

percentage of total network connections. (C) The panels represent Degree, Average Path960

Length, Betweenness Centrality, and Clustering Coefficient from top-left to bottom-right.961

962

Figure 6. Taylor’s Power Law and Network Kleiber’s of species variance-mean963

and hyperconnectivity. (A and B) The logscale relationship between RSA mean and vari-964

ance in Mirs Bay and Daya Bay is shown. The slope of the fitted regression line represents the965

TPL exponent ν, which quantifies the degree of aggregation that is increasing with biomass966

and depth. (C and D) show the logscale relationship between hyperconnectivity and abun-967

dance variance (NKL), with an assumed scaling low that does not support the hypothesis of968

scaling due to the strong bimodality of OTU distribution for all taxa. Each point represents969

a taxon, color-coded by functional type—Algae, Arthropods, Fish, Fungi, Mollusks, Other970

Animals, Non-algal Protists, and Unclassified groups.971

972

Figure 7. Envirome-Ecograph correlation networks, and sensitivity of Taylor’s973

Power Law Exponent (TPL) to key environmental factors in Mirs Bay and Daya974

Bay. (A and B) The matrix shows Spearman correlations (r) between environmental fac-975

tors, with color intensity indicating strength and symbols denoting significance (∗, p < 0.05;976

∗∗, p < 0.01; ∗∗∗, p < 0.001). The network displays Mantel correlations between communities977

and environmental factors, with line thickness representing r and color indicating significance.978

(C) Assumed linear relationships between the TPL exponent and five key marine environ-979

mental variables: chlorophyll-a, nitrate, dissolved oxygen, salinity, and temperature. Each980
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point represents an individual sample. Colors distinguish sample origins (red: Mirs Bay; teal:981

Daya Bay), while shapes indicate sampling depths (circle: surface; triangle: deep; square:982

bottom). Dashed lines represent linear regression fits, with shaded gray areas indicating the983

95% confidence intervals. Regression equations, coefficients of determination (R2), and sig-984

nificance levels (P -values) are annotated within each subplot.985

986
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Pietro Landi, Henintsoa O Minoarivelo, Åke Brännström, Cang Hui, and Ulf Dieckmann.1118

Complexity and stability of ecological networks: a review of the theory. Population ecology,1119

60(4):319–345, 2018.1120

Matthieu Leray and Nancy Knowlton. DNA barcoding and metabarcoding of standardized1121

samples reveal patterns of marine benthic diversity. Proceedings of the National Academy1122

of Sciences, 112(7):2076–81, 2015.1123

Jianlong Li, Lori-Jayne Lawson Handley, Daniel S. Read, and Bernd Hänfling. The effect of1124

filtration method on the efficiency of environmental DNA capture and quantification via1125

metabarcoding. Molecular Ecology Resources, 18(5):1102–1114, 2018.1126

Jie Li and Matteo Convertino. Optimal microbiome networks: Macroecology and criticality.1127

Entropy, 21(5):506, 2019. doi: 10.3390/e21050506.1128

Lee Hsiang Liow, Leigh Van Valen, and Nils Chr Stenseth. Red queen: from populations to1129

taxa and communities. Trends in ecology & evolution, 26(7):349–358, 2011.1130

Pablo A. Marquet, Renato A. Quinones, Sebastian Abades, Fabio Labra, Marcelo Tognelli,1131

Matias Arim, and Marcelo Rivadeneira. Scaling and power-laws in ecological systems.1132

Journal of Experimental Biology, 208(9):1749–1769, May 2005. ISSN 0022-0949. doi:1133

10.1242/jeb.01588.1134

Kevin Shear McCann. The diversity–stability debate. Nature, 405(6783):228–233, 2000.1135

Ewa Merz, Erik Saberski, Luis J. Gilarranz, Peter D. F. Isles, George Sugihara, Christine1136

Berger, and Francesco Pomati. Disruption of ecological networks in lakes by climate change1137

and nutrient fluctuations. Nature Climate Change, 13(4):389–396, 2023.1138

Wen Jye Mok, Mazlan Abd Ghaffar, Mohd Iqbal Mohd Noor, Fathurrahman Lananan, and1139

Mohamad Nor Azra. Understanding climate change and heavy metals in coastal areas: A1140

macroanalysis assessment. Water, 15(5):891, 2023.1141

40
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Stevens, Eduard Szöecs, and Helene Wagner. vegan: Community Ecology Package, 2022.1152

URL https://CRAN.R-project.org/package=vegan. R package version 2.6-4.1153

Jens M Olesen, Jordi Bascompte, Yoko L Dupont, and Pedro Jordano. The modularity of1154

pollination networks. Proceedings of the National Academy of Sciences, 104(50):19891–1155

19896, 2007.1156

Prajwal Padmanabha, Giorgio Nicoletti, Davide Bernardi, Samir Suweis, Sandro Azaele,1157

Andrea Rinaldo, and Amos Maritan. Landscape and environmental heterogeneity support1158

coexistence in competitive metacommunities. Proceedings of the National Academy of1159

Sciences, 121(44), 2024.1160

Juan J Pierella Karlusich, Karen Cosnier, Lucie Zinger, Nicolas Henry, Charlotte Nef, Guil-1161

laume Bernard, Eleonora Scalco, Etienne Dvorak, Fabio Rocha Jimenez Vieira, et al.1162

Patterns and drivers of diatom diversity and abundance in the global ocean. Nature1163

Communications, 16(1):3452, 2025.1164
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Elisa Thébault and Colin Fontaine. Stability of ecological communities and the architecture1208

of mutualistic and trophic networks. Science, 329(5993):853–856, 2010.1209
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Supplementary Information1270

S1 Supplementary Tables1271

Table S1. Environmental variables at sampling sites in Mirs Bay and Daya1272

Bay. Hydrodynamical and biogeochemical parameters were retrieved from the WavyOcean1273

database based on the geographic coordinates and sampling depths of each site. Values are1274

year averages considering predicted daily data from 1992. The Mirs Bay includes four sam-1275

pling habitats (Fig 2b): CN, DR, RR, and SR sampling points, and the Daya Bay includes1276

HO1, HO2, IL, and XI sampling habitats (Fig 2c) (see Glossary for acronyms). Among these1277

habitats, three communities where sampled: SW represents surface water, DW represents1278

”deep” water (intermediate depth), and BO represents bottom water.1279

1280

Table S2. Primers for eDNA metabarcoding amplification. List of primer pairs1281

employed for environmental DNA (eDNA) amplification and subsequent sequencing. Each1282

primer set is shown with its forward (F) and reverse (R) sequences in the 5’–3’ orientation,1283

expected amplicon length (bp), and the targeted genomic region. The MiFish-U/E primers1284

target a highly conserved region of the mitochondrial 12S rRNA gene, widely used for fish1285

metabarcoding. The DIV4 primer pair amplifies the eukaryotic nuclear 18S rRNA gene re-1286

gion, suitable for detecting a broad range of taxa. The Sauron-S878 and jgHCO2198 primers1287

amplify a fragment of the mitochondrial cytochrome c oxidase subunit I gene (COI-5P), a1288

standard barcode region for metazoans.1289

1290

Table S3. Network topological metrics calculated for co-occurrence networks of1291

microbial communities across sampling sites in Mirs Bay and Daya Bay. For each1292

sample, the network was constructed based on molecular marker data, and key topologi-1293

cal properties were quantified, including the number of nodes, average degree, average path1294

length, betweenness centrality, network diameter, network density, and clustering coefficient.1295

These metrics reflect differences in network complexity, connectivity, and modularity across1296

sites and depths.1297

1298

S2 Supplementary Figures1299

Figure S1. Preston’s plot between Species Richness and Relative Species Abun-1300
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dance for different taxonomic class. The Preston’s plot is shown dependent on molecular1301

barcode markers, and for all markers (ecosystem scale).1302

1303

Figure S2. Preston’s plot between Species Richness and Relative Species Abun-1304

dance for different habitats. The Preston’s plot is shown dependent on different habitats1305

in Mirs and Daya bay for all markers.1306

1307

Figure S3. Co-occurrence networks for communities in Mirs Bay. Each node repre-1308

sents an OTU, colored by its major taxonomic group (e.g., Algae, Fish, non-algal Protists).1309

Edges indicate significant statistical correlations between OTUs.1310

1311

Figure S4. Co-occurrence networks for communities in Daya Bay. Each node rep-1312

resents an OTU, colored by its major taxonomic group (e.g., Algae, Fish, non-algal Protists).1313

Edges indicate significant statistical correlations between OTUs.1314

1315

Figure S5. Taylor’s Power Law of species variance-mean in Mirs Bay. The slope1316

of the fitted regression line represents the TPL exponent ν, which quantifies the degree of1317

aggregation. Each plot represents a taxon, color-coded by functional type—Algae, Arthro-1318

pods, Fish, Fungi, Mollusks, Other Animals, Non-algal Protists, and Unclassified groups.1319

1320

Figure S6. Taylor’s Power Law of species variance-mean in Daya Bay. The slope1321

of the fitted regression line represents the TPL exponent ν, which quantifies the degree of1322

aggregation. Each plot represents a taxon, color-coded by functional type—Algae, Arthro-1323

pods, Fish, Fungi, Mollusks, Other Animals, Non-algal Protists, and Unclassified groups.1324

1325

Figure S7. Network-theoretic Kleiber’s Law between RSA variance and node hy-1326

perconnectivity for taxa in Mirs Bay. Panels correspond to different taxonomic types1327

(Algae, Arthropods, Fish, Fungi, Mollusks, Other Animals, Non-algal Protists, Unclassified),1328

with regression lines indicating group-specific trends.1329

1330

Figure S8. Network-theoretic Kleiber’s Law between RSA variance and node hy-1331

perconnectivity for taxa in Daya Bay. Panels correspond to different taxonomic types1332

54



(Algae, Arthropods, Fish, Fungi, Mollusks, Other Animals, Non-algal Protists, Unclassified),1333

with regression lines indicating group-specific trends.1334

1335

Figure S9. Assumed linear relationships between environmental factors and1336

cross-trophic network properties in Mirs Bay and Daya Bay. Plots display the1337

assumed linear correlations between key topological parameters (nodes, degree, average path1338

length, clustering coefficient, betweenness, network density, and network diameter) and en-1339

vironmental variables (chlorophyll-a, nitrate, dissolved oxygen, salinity, and temperature).1340

Blue lines indicate regression fits, shaded areas represent 95% confidence intervals, and sig-1341

nificance levels are reported for each test.1342

1343

Figure S10. Relationships between Taylor’s Power Law Exponent (TPL) and1344

Network Topological features. This figure shows the linear relationships between the1345

TPL exponent and seven key network topological parameters. Each point represents the1346

network of a single sample. Colors indicate sampling regions (red: Mirs Bay; teal: Daya1347

Bay), while shapes distinguish sampling depths. Dashed lines denote linear regression fits,1348

with shaded gray areas representing the 95% confidence intervals.1349

1350
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Name Location
Temperature

(°C)
Nitrate

(mmol/m3)

Dissolved
Oxygen
(m/s)

Chlorophyll-a
(mg/m3)

Salinity
(PSU)

Depth

SR-SW Mirs Bay 26.1639 0.0363 6.2742 0.0560 33.9294 surface

SR-DW Mirs Bay 26.1628 0.0366 6.2693 0.0565 33.9295 deep

SR-BO Mirs Bay 26.1626 0.0369 6.2663 0.0562 33.9295 bottom

CN-SW Mirs Bay 26.3724 0.0347 6.3626 0.0347 33.9070 surface

CN-DW Mirs Bay 26.3693 0.0348 6.3588 0.0353 33.9073 deep

CN-BO Mirs Bay 26.3661 0.0351 6.3551 0.0355 33.9077 bottom

DR-SW Mirs Bay 26.3428 0.0355 6.3461 0.0438 33.9108 surface

DR-DW Mirs Bay 26.3362 0.0350 6.3385 0.0456 33.9115 deep

DR-BO Mirs Bay 26.3267 0.0344 6.3276 0.0476 33.9125 bottom

RR-SW Mirs Bay 26.1396 0.0317 6.2433 0.0695 33.9327 surface

RR-DW Mirs Bay 26.1326 0.0315 6.2303 0.0720 33.9334 deep

RR-BO Mirs Bay 26.1213 0.0312 6.2096 0.0749 33.9346 bottom

HO1-SW Daya Bay 24.7454 0.0255 5.7625 0.8201 34.0578 surface

HO1-DW Daya Bay 24.6258 0.0453 5.5077 1.1897 34.0738 deep

HO2-SW Daya Bay 24.7790 0.0232 5.7736 0.7818 34.0513 surface

HO2-DW Daya Bay 24.6038 0.0509 5.4767 1.2707 34.0764 deep

XI-SW Daya Bay 25.2604 0.0117 6.1568 0.3258 33.9555 surface

XI-DW Daya Bay 25.2646 0.0092 6.2106 0.2527 33.9552 deep

IL-SW Daya Bay 25.5813 0.0188 6.4571 3.4470 32.8072 surface

IL-DW Daya Bay 24.9124 0.0840 5.8418 1.7811 33.9253 deep

Table S1:
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Primer Pair Sequences (5′–3′) Length (bp) Region

MiFish-U/E-F 5′–GTYGGTAAAWCTCGTGCCAGC–3′ ∼183 12S
MiFish-U/E-R 5′–CATAGTGGGGTATCTAATCCYAGTTTG–3′ ∼183 12S
DIV4 F 5′–GCGGTAATTCCAGCTCCAATAG–3′ ∼315 18S
DIV4 R 5′–CTCTGACAATGGAATACGAATA–3′ ∼315 18S
Sauron-S878 5′–GGDRCWGGWTGAACWGTWTAYCCNCC–3′ ∼313 COI-5P
jgHCO2198 5′–TAIACYTCIGGRTGICCRAARAAYCA–3′ ∼313 COI-5P

Table S2:
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Name
Network

Size
Average
Degree

Average
Shortest

Path
Length

Average
Betweenness
Centrality

Average
Clustering
Coefficient

Network
Density

Network
Diameter

SR-SW 679 2.698 7.890 0.052 0.362 0.00398 26.656

SR-DW 688 2.654 8.041 0.059 0.359 0.00386 26.708

SR-BO 675 2.631 8.554 0.088 0.361 0.00390 30.380

CN-SW 725 2.745 7.189 0.044 0.431 0.00379 20.394

CN-DW 692 2.725 7.299 0.047 0.436 0.00394 21.300

CN-BO 677 2.792 7.344 0.051 0.430 0.00413 21.300

DR-SW 667 2.564 8.806 0.067 0.373 0.00385 26.677

DR-DW 623 2.629 7.520 0.080 0.366 0.00423 25.856

DR-BO 623 2.626 7.913 0.080 0.368 0.00422 24.915

RR-SW 608 2.503 6.983 0.057 0.365 0.00412 21.144

RR-DW 678 2.584 8.823 0.074 0.363 0.00382 30.380

RR-BO 663 2.658 8.394 0.066 0.362 0.00401 26.708

HO1-SW 4635 2.861 8.495 0.004 0.712 0.00062 28.570

HO1-DW 4315 2.693 8.378 0.004 0.700 0.00062 29.527

HO2-SW 4220 2.742 8.411 0.005 0.711 0.00065 28.570

HO2-DW 4416 2.770 8.963 0.005 0.718 0.00063 30.521

IL-SW 4099 2.546 4.211 0.000 0.796 0.00062 19.710

IL-DW 3711 2.357 8.713 0.003 0.802 0.00064 25.644

XI-SW 4704 3.146 8.355 0.004 0.744 0.00067 28.570

XI-DW 3540 2.493 8.477 0.005 0.710 0.00070 28.570

Table S3:
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SR−SW: Nodes=679, Edges=916 CN−SW: Nodes=725, Edges=995

SR−DW: Nodes=688, Edges=913 CN−DW: Nodes=692, Edges=943

SR−BO: Nodes=675, Edges=888 CN−BO: Nodes=677, Edges=945

DR−SW: Nodes=667, Edges=855 RR−SW: Nodes=608, Edges=761

DR−DW: Nodes=623, Edges=819 RR−DW: Nodes=678, Edges=876

DR−BO: Nodes=623, Edges=818 RR−BO: Nodes=663, Edges=881
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HO1−SW: Nodes=4635, Edges=6630 HO2−SW: Nodes=4220, Edges=5785

HO1−DW: Nodes=4315, Edges=5810 HO2−DW: Nodes=4416, Edges=6116

HO1−SW: Nodes=4635, Edges=6630 HO2−SW: Nodes=4220, Edges=5785

XI−SW: Nodes=4704, Edges=7400 IL−SW: Nodes=4099, Edges=5219

XI−DW: Nodes=3540, Edges=4412 IL−DW: Nodes=3711, Edges=4373

Protists non−algal
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