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ABSTRACT: Microplastic mixtures are ubiquitously distributed in
global ecosystems and include varying types. However, it remains
unknown how microplastic diversity affects the biotic interactions of
microbes. Here, we developed novel experiments of 600 microcosms
with microplastic diversity ranging from 1 to 6 types and examined
ecological networks for microbial communities in lake sediments after 2
months of incubation at 15 and 20 °C. We found that microplastic
diversity generally enhanced the complexity of microbial networks at
both temperatures, such as increasing network connectance and reducing
average path length. This phenomenon was further confirmed by
strengthened species interactions toward high microplastic diversity
except for the negative interactions at 15 °C. Interestingly, increasing
temperatures further exaggerated the effects of microplastic diversity on
network structures, resulting in higher network connectivity and species interactions. Consistently, using species extinction
simulations, we found that higher microplastic diversity and temperature led to more robust networks, and their effects were
additionally and positively mediated by the presence of biodegradable microplastics. Our findings provide the first evidence that
increasing microplastic diversity could unexpectedly promote the complexity and stability of microbial networks and that future
warming could amplify this effect.
KEYWORDS: microplastic diversity, lake sediments, global warming, microbial network

■ INTRODUCTION
Microplastics are ubiquitously distributed in the Earth’s
ecosystems and are becoming increasingly diverse.1−3 In global
lakes and reservoirs, microplastic concentrations range from
0.001 to 10 particles m−3 as revealed by a recent standardized
large-scale survey.4 Those small plastic debris with size less
than 5 mm could comprise various types and cause serious
ecological environmental problems such as posing multiple
threats to micro- and macroorganisms.5−7 These problems
may be exaggerated by the interactive effects of microplastic
mixtures, as different types of microplastics should be blended
in the environments instead of existing separately.7 For
instance, rainwater samples collected in urban and peri-urban
areas of Eastern India contained nine types of microplastics.8

Thus, environmental microplastic mixtures also contain
immense diversity such as the number of microplastic types.9

However, to date, few experiments have considered the effects
of microplastic mixtures and their diversity on biotic
communities in ecosystems, which led to a lack of
comprehensive understanding of microplastic pollution.
The effects of microplastics on microbial communities could

be complex, such as influencing their structural hierarchy,
biotic interaction, activity, and biodiversity.10−13 On the one
hand, various types of microplastics such as polypropylene

could release more bioavailable carbon sources during
degradation than natural organic matters, which further
stimulate the metabolism of microorganisms.14,15 On the
other hand, microplastics could function as unique and active
substrates that attract surrounding microorganisms and further
affect microbial species interactions.16,17 More intriguingly,
these effects may be further complicated by the mixing of
various types of microplastics. For instance, microbial networks
are more complex on the surface of polybutylene-adipate-
terephthalate/polylactide mixtures (PBAT/PLA) compared to
single polyethylene (PE).18 We expect that as the diversity of
microplastics increased (e.g., types of microplastics), the
complexity and stability of microbial networks could be further
influenced, such as the enhanced network connectance and
robustness (Figure 1a). We also expect that the biodegrad-
ability of microplastics could have potential impacts on shaping
microbial networks.18,19 Thus, predicting alterations in micro-
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bial interaction affected by various microplastics in the real
world presents a challenge, especially considering the addi-
tional influences of various global change factors, such as
climate warming.20−22

Here, we examined the effects of microplastic diversity on
bacterial ecological networks by developing novel microcosm
experiments (Figure 1b). Specifically, we added in each
microcosm 3 g of dried sediments, 9 mL of sterile water, 1
mL of microorganism solution, and 0.12 g of microplastic
mixtures. The sediments were obtained from the Taihu Lake,
the third largest lake in China, with a mean annual temperature

of 16.2 °C and microplastic abundance varying from 460 to
1,380 items/kg.23 We selected 12 types of microplastics that
are widely found in global lakes, which included 6 conventional
microplastics (CMPs) and 6 biodegradable microplastics
(BMPs).24 To establish microplastic diversity, we considered
three possible mixing strategies as observed in nature, that is,
the mixing of only CMPs or BMPs (CCM or BBM) and
another comixing of the CMPs and BMPs (CBM, where the
weight ratio of CMPs and BMPs was 1:1), and obtained a
microplastic richness gradient of 1, 2, 3, 4, and 6 using a
random partition design25 (Table 1). The random partition

Figure 1. Study objectives and experimental design. (a) We expect that more types of environmental microplastics will enhance, weaken, or show
nonsignificant effects on the complexity or stability of microbial networks (e.g., network connectance and modularity), which may be driven by the
diversity (e.g., numbers of microplastic types) and biodegradability of microplastics. (b) Experimental layout. We selected 12 types of conventional
and biodegradable microplastics (that is, CMPs and BMPs) and combined them to create the microplastic diversity gradients from 1 to 6 types
using a random partition design.25 We examined three possible microplastic mixing strategies presented in the natural environments, including
mixing only CMPs and BMPs (CCM and BBM groups) and nesting the CMPs and BMPs with a consistent ratio of 1:1 (CBM group). We added
each microcosm (sterilized 20 mL glass bottle) with 3 g of homogenized dried sediment, 0.12 g of microplastic mixtures, 1 mL of microbial
suspension obtained from sediments of Taihu Lake, and 9 mL of sterile water. Each sample was performed with four replicates. Totally, we
obtained 600 microcosms and incubated them at two temperatures of 15 and 20 °C. After 45 days of incubation, we determined the bacterial
community structures in the microcosms and constructed the networks using the method of SparCC. Detailed information on experimental design
is available in the Materials and Methods Section and Table 1.

Table 1. Information about Microplastic Compositions of Experimental Designa

microplastic
richness

groups
(numbers) compositions

1-microplastic CCM (6) PP/PE/PET/PS/PA/PVC
BBM (6) PLA/PHA/PVA/PBAT/PBS/PCL

2-microplastics CCM (9) PP, PA/PE, PS/PET, PVC/PP, PS/PE, PET/PA, PVC/PP, PVC/PE, PA/PS, PET
BBM (9) PLA, PCL/PBS, PBAT/PVA, PHA/PVA, PBAT/PLA, PHA/PBS, PCL/PLA, PBS/PHA, PBAT/PCL, PVA
CBM (18) PP, PLA/PE, PCL/PA, PVA/PS, PBS/PET, PHA/PVC, PBAT/PP, PVA/PE, PBS/PA, PHA/PS, PCL/PET, PBAT/PVC,

PLA/PP, PBAT/PE, PHA/PA, PBS/PS, PLA/PET, PCL/PVC, PVA
3-microplastics CCM (6) PP, PA, PVC/PE, PS, PET/PP, PS, PVC/PE, PA, PET/PP, PA, PET/PE, PS, PVC

BBM (6) PLA, PBS, PBAT/PCL, PVA, PHA/PLA, PVA, PBAT/PCL, PBS, PHA/PLA, PCL, PHA/PVA, PBS, PBAT
4-microplastics CBM (9) PP, PA, PLA, PCL/PE, PS, PBS, PBAT/PET, PVC, PA, PVA/PP, PS, PVA, PBAT/PE, PET, PLA, PHA/PA, PVC, PBS, PCL/PP,

PVC, PLA, PBS/PE, PA, PHA, PBAT/PS, PET, PCL, PVA
6-microplastics CBM (6) PP, PA, PVC, PLA, PBS, PBAT/PE, PS, PET, PCL, PVA, PBAT/PP, PA, PET, PLA, PVA, PHA/PE, PS, PVC, PCL, PBS,

PHA/PP, PS, PVC, PLA, PCL, PHA/PE, PA, PET, PVA, PBS, PBAT
aWe setup the microplastic diversity gradients based on a random design (see Materials and Methods Section), and each sample was replicated for
4 times at two temperatures of 15 and 20 °C (CMps: PP = polypropylene, PE = high-density polyethylene, PET = poly(ethylene terephthalate), PS
= polystyrene, PA = polyamide, PVC = poly(vinyl chloride); BMps: PLA = polylactic acid, PHA = polyhydroxyalkanoates, PVA = poly(vinyl
alcohol), PBAT = poly(butyleneadipate-co-terephthalate), PBS = polybutylene succinate, PCL = polycaprolactone, respectively). The groups of
CCM and BBM represent the mixing of CMPs and BMPs only, and CBM represents mixing of CMPs and BMPs with a consistent ratio of 1:1,
respectively. The numbers of compositions in each group are shown.
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design (also called the broken stick method) could maximize
the separation of richness and compositional effects due to its
nested approach.25−30 We totally had 600 microcosms with or
without microplastics and incubated them at 15 or 20 °C for
45 days. After collecting the microcosms, we examined the
structure and composition of bacterial communities in the
sediments and constructed SparCC co-occurrence networks at
both temperatures (Figure 1b). We aimed to answer four main
questions as follows: (1) Do microplastic mixing and
temperature changes affect the microbial network structure
such as complexity and stability? (2) Are there quantitative
relationships between microplastic diversity and network
complexity as well as stability in different temperatures? (3)
Will the biodegradability of microplastics affect the microbial
network characteries? (4) Whether there are interactive
impacts of microplastic diversity, warming, and microplastic
biodegradability on the network structures?

■ MATERIALS AND METHODS
Experimental Design and Microplastic Selection. We

setup 600 microcosms to obtain microplastic gradients from 1
to 6 types for incubation. In each microcosm, we used 20 mL
headspace bottles and added 3 g of dried and homogenized
sediments, 9 mL of sterilized pure water, 1 mL of bacterial
solution, and 0.12 g of microplastic communities. We reserved
a volume of 10 mL above the interior of each bottle and
injected around 30 mL of high-purity nitrogen into the bottle
to expel the original gas and equilibrated pressure. This
allowed our systems to be rendered almost completely
anaerobic and approximated natural deep lake sediment
conditions. All microcosms were performed in the dark to
avoid uncertainty due to the potential aging of microplastics by
ultraviolet (UV) light.31

For each microcosm, we used the consistent and sterilized
sediment sampling from the Taihu Lake (31.3357 N; 120.0808
E), China, in August 2018. Taihu Lake, the third largest
freshwater lake in China, is a typical eutrophic lake with a
booming economy and a large population of 36 million. Being
strongly affected by human activities, the sediments of Taihu
Lake were heavily contaminated with microplastics (460−1380
items/kg), and most of the local microplastic types (such as
polypropylene, poly(ethylene terephthalate), and polylactic
acid) could be found around the world lakes according to the
previous study.23 We next sieved and homogenized the
sediments by grinding them to remove large debris, such as
potential stones and observed plastics. The sediments were
then sterilized at 121 °C for 30 min, dried at 110 °C for 24 h,
and then aseptically dispensed into each vial for storage before
incubating. In the week before the microcosm experiments in
August 2022, we obtained sediments at the center of the Taihu
Lake and stored them at 4 °C for 2 days to prepare for the
bacterial solutions. We used a consistent and homogenized
method to avoid other uncertainties in the experimental
incubation process. Specifically, the bacterial solutions were
obtained by serially diluting (1:10) a fresh sediment
suspension sampled in sterile water using a 0.4 mm filter
membrane (MF-Millipore), and the same bacterial solution of
1 mL was applied for each microcosm.32,33 Finally, microcosms
were preincubated in incubators at 15 or 20 °C for 45 days. As
the local mean annual temperature was 16.2 °C, we designated
the incubating microcosms at 20 °C as the warming group,
while others were controls.

For microplastic diversity, we had a gradient from 1 to 6
types, which contains mixtures of conventional and/or
biodegradable microplastics. We considered three microplastic
mixing strategies that occur in natural environments, including
the mixing of only CMPs (CCM) or BMPs (BBM) as well as
another group containing both CMPs and BMPs with a
consistent mixing ratio of 1:1 (CBM group), respectively. To
construct microplastic diversity in the CCM and BBM groups,
a random sampling without replacement was performed from
the 6 types of CMPs or BMPs at microplastic richness of 2 or 3
with replicating 3 times, which allows all microplastics to occur
in a given diversity gradient. For instance, the richness of 2 in
the CCM or BBM group contains 6/2 = 3 microplastic
compositions per sampling. The final CCM and BBM groups
contained microplastic richness of 1, 2, and 3. For the CBM
group, it was further nested from the combination of the same
richness levels of the CCM and BBM groups, which resulted in
3 richness levels (R = 2, 4, and 6). Notably, the total weights of
microplastics in each sample were constant, with 0.12 g, and
each microcosm was even weighed. We replicated each sample
4 times and treated them with two constant temperatures of 15
and 20 °C.
All microplastics were purchased from Nraybiotech Co., Ltd.

(Hunan province, China); they were milled and sieved to
obtain particles of a defined size range, 50−300 μm. In order
to take into account the widespread microplastic pollution in
lake sediments, we selected 6 types of CMPs, including
polypropylene (PP), high-density polyethylene (HDPE, here
remains named PE), poly(ethylene terephthalate) (PET),
poly(vinyl chloride) (PVC), polystyrene (PS), and polyamide
(PA). Similarly, for BMPs, we chose polylactic acid (PLA),
polycaprolactone (PCL), poly(vinyl alcohol) (PVA), poly-
hydroxyalkanoates (PHA), polybutylene succinate (PBS), and
poly(butyleneadipate-co-terephthalate) (PBAT). Notably, we
considered P3,4HB resin as the representative of PHA, which is
a new commercial member of the PHA family, synthesized by
microorganisms from renewable sources.34 All 12 types of
microplastics are found in lakes and watersheds around the
world, especially traditional microplastics such as PP, PET, PS,
and PHA.4,23,24 The microplastics were thoroughly rinsed 5
times with deionized water and sterilized under 254 nm UV
light for 10 min, then dried at 40 °C in an oven for 24 h, and
finally stored in glass bottles separately before incubation
experiments. Notably, the short-time UV lighting treatment
would less likely cause the significant aging of the micro-
plastics.35,36

Microbial Community Characterization. After 45 days
of incubation, for each sample, microbial community DNA was
extracted from 1.2 g of sediments after freezing−grinding,
followed by purification using a MoBio PowerSoil DNA
Isolation Kit (MoBio, Carlsbad). The 16S rRNA ribosome
genes of bacteria and archaea were amplified using universal
p r im e r s w i t h 1 2 b p b a r c o d e [A r c h 5 1 9F , 5 ′ -
CAGCCGCCGCGGTAA-3 ′ and Arch915R , 5 ′ -
GTGCTCCCCCGCCAATTCCT-3′] targeting the V4−5
version.37,38 Primers were synthesized by Invitrogen (Carlsbad,
CA). PCR reactions, containing 25 μL of 2× PremixTaq
(Takara Biotechnology, Dalian Co. Ltd., China), 1 μL of each
primer (10 mM), and 3 μL of DNA (20 ng/μL) template in a
volume of 50 μL, were amplified by thermocycling: 5 min at 94
°C for initialization; 30 cycles of 30 s denaturation at 94 °C, 30
s annealing at 52 °C, and 30 s extension at 72 °C, followed by
10 min final elongation at 72 °C. We obtained amplification
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products and normalized them at equal molar concentration
and then paired-end sequenced (2 × 250) on the Illumina
NovoSeq 6000/Miseq sequencing platform. Sequence reads
were first filtered and potential primers were removed from the
obtained 16S rRNA using DADA2 in QIIME2 V2022.8.3.39

The above sequence processing was performed in Qiime2
V2022.8,40 and then the filtered reads were deduplicated and
denoised. After the paired-end sequences were merged and
chimeras were removed, reads were truncated at a quality
control score of 25. The taxonomic classification of each ASV
of bacteria was obtained by aligning them against the SILVA
138 and UNITE databases by the q2-feature-classif ier
(sequence identity = 100%, using USEARCH closed_ref
command), respectively.41 The fragments that could not be
mapped were defined as unknown sequences. ASV tables were
then generated based on the mapped sequences. The mapped
ASV results for each dataset in USEARCH tabular format were
imported directly into R software (version 3.6.0, R Core Team,
2019) and merged into the integrated ASV tables for further
analysis. ASVs assigned to “mitochondria,” “chloroplasts,”
“archaea,” and “eukaryotes” were removed from the bacterial
communities. For each sample, the sequences of bacteria were
consistently rarefied to 20,000.

Network Construction and Structure Characteriza-
tion. To understand how microbial community networks vary
along the microplastic richness gradient, we constructed
SparCC networks using the “sparcc” function in R package
SpiecEasi V1.1.2.42,43 The SparCC is an algorithm that
considers sparse component data in network construction
and is more combinatorial robust than the traditional
correlation analysis.42,44,45 Specifically, a total of 18 networks
(2 temperatures ×3 microplastic richness ×3 microplastic
mixing strategies) were constructed, which allowed us to
compare differences in network structure across groups. To
ensure the reliability of the correlation calculations, species that
occurred in at least 20% of the samples were selected.46 We
used 100 permutations to calculate the significance of
correlations between taxon abundances and retained correla-
tion matrices with correlations >0.4 and significance <0.05 for
subsequent network construction. The degree distributions of
all networks constructed in this study obeyed a power law of
P(k) ∼ k−γ with significant R2 values (0.809−0.985, Table S2).
According to the classification criteria, all networks are weakly
scale-free.47 The SparCC network graphs were plotted using R
package igraph V1.4.0.48

We included various network topological parameters to
represent the complexity and stability of species interactions
among microbes. First, 9 metrics were calculated to character-
ize the topology of subnetworks using R package igraph,
including the number of network nodes, links, connectance,
average cluster coefficient, average degree, average path length,
global efficiency, diameter, and average degree centrality.49,50

These network complexity properties such as average degree
and average degree centrality would help in understanding the
complexity of biogeochemical transformations or the overall
stability of ecosystems.51,52 More detailed descriptions about
these network properties are given in Table S1.
Second, we calculated the parameters to determine the

network architecture, including network modularity and
nestedness. Briefly, modularity measures the extent to which
the network is divided into different modules, and links within
those modules are distributed within rather than between
distinct sets of nodes53; modules were compartmentalized

using the R function “cluster_fast_greedy” derived from R
package igraph. Network nestedness measures the degree to
which interactions can be arranged into subsets of the larger
communities and ranges from 0 to 1, where 0 indicates that the
network is not nested and 1 indicates that the network is fully
nested.54

The significance of each parameter was assessed by
comparing values of empirical networks to null models (N =
1000) constructed with the method of Swap.Web.55 Specifi-
cally, the means and standard deviations of the different
topological parameters of these 1000 random networks were
calculated and compared with the corresponding empirical
networks. Metrics used to compare the empirical networks
with the random networks are shown as Z-score values.55

Compared to the random networks, empirical networks
generally showed shorter average path length and higher
connectivity (Table S2), which indicated that the constructed
empirical networks exhibit small-world properties.56

Third, the classification of each node’s topological role in the
network is made based on its intramodule connections (Zi)
and intermodule connections (Pi).57,58 The keystone species,
that is, identified module hubs (Zi ≥ 2.5, Pi < 0.62),
connectors (Zi < 2.5, Pi ≥ 0.62), and network hubs (Zi ≥ 2.5,
Pi > 0.62), were used for the common criterion in previous
studies,53,59 while all other nodes were categorized as
peripherals. We calculated the numbers and relative
proportions of keystone species within different empirical
networks and observed their association with microplastic
diversity.
Further, to validate the results of previous network

complexity analysis, we selected the taxa presented in the 18
networks and calculated an abundance-weighted, zero-model-
corrected metric based on the correlation of taxa in different
samples, called Cohesion60

= ×
=

cohesion abundance connectedness
i

m

i i
1 (1)

where m is the total number of taxa in a community. We used
the “taxon shuffle” null model and the provided R code to
calculate the positive and negative cohesion of each microbial
community over time.60 Two cohesion values (positive and
negative) were calculated for each sample as the sum of
significant positive or negative correlations between taxa
weighted by the taxon abundance according to the above
formula. Negative and positive cohesions range from −1 to 0
and from 0 to 1, respectively, with higher absolute values
indicating greater or stronger correlations. We also calculated
the ratio of negative to positive co-occurrence as the absolute
value of negative:positive cohesion to determine whether
richness better characterizes the processes driving negative
correlations.61 The relationships between network complexity
and cohesion were characterized by Pearson correlation, while
significant P-values were tested by multiple correction using
the method of false discovery rate (FDR) estimation.62

Furthermore, we used two robustness tests based on
multiple extinction simulations to test the stability of networks
with regard to the microplastic diversity.63,64 Based on
previous studies,65 we tested the robustness of each subnet-
work using two different methods, including randomly
removing nodes or target removing the most important
nodes based on their betweenness centrality. The effect of
species removal on the remaining network species was
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calculated from the abundance-weighted mean interaction
strength (wMIS) of the remaining node i

=
b S

b
wMISi

j i j ij

j i j (2)

where bj is the relative abundance of species j and Sij is the
strength of the correlation with the SparCC method between
species i and j. Thus, when random nodes are removed from
the network, if wMISi ≤ 0, node i is considered extinct/isolated
(no species associated with node i exists or the remaining
species is not sufficiently related), and it will be removed from
the network. Therefore, after all extinct/isolated species have
been removed (remaining wMISi > 0), the proportion of
remaining nodes in the network is defined as the network
robustness. For each subnetwork, we simulated the effect of
removing a 50% proportion of nodes at random 1000 times,
and we calculated their mean robustness. In addition, we
calculated the absolute values of the slope by fitting linear
relationships between the proportion of randomly removed
nodes and the proportion of remaining nodes in different
subnetworks to characterize the network resistance under
continuous external perturbations. The R codes for robustness
tests were revised from those provided in the R package
“ggClusterNet” V0.1.066 and at https://github.com/Mengting-
Maggie-Yuan/warming-network-complexity-stability.65

In addition, we calculated the relationship between subnet-
work vulnerability and microplastic diversity to further confirm
the results of network stability. Vulnerability of a given node
can characterize the relative contribution of that node to the
global efficiency, while the global efficiency is calculated as the
average of the efficiencies of all node pairs49,65

=E
n n d i j

1
( 1)

1
( , )i j (3)

where d(i,j) is the number of edges on the shortest path
between nodes i and j. Generally, the network vulnerability can
be characterized as the maximum vulnerability of the node

= i
k
jjj y

{
zzzE E

E
vulnerability max i

(4)

where E is the global efficiency and Ei is the global efficiency
after removing node i and all its links. The relationships
between network complexity and stability were characterized
by Pearson correlation, while the significance of P-value was
tested by multiple correction using the method of “FDR.”

Statistical Analysis. To explore the effects of microplastic
mixing on the bacterial network complexity and stability, we
performed the linear mixed-effects models for various network
parameters within both two temperatures as y ∼ Mixture + (1|
M) or y ∼ Mixture + (1|M) + (1|Bio) using R package lme4

Figure 2. Links of microbial network topological parameters with microplastic diversity. (a) Visualization of the microbial networks for each
microplastic diversity level. We showed correlations among the bacterial species according to each microplastic diversity level. The first 12 large
modules with ≥5 nodes are shown in different colors, while smaller modules are shown in gray. In each panel, red borders indicate the microcosms
that incubated at 20 °C, and blue borders indicate the incubation at 15 °C. The networks within orange, green, and blue circles represent three
microplastic mixing strategies, that is, CCM, BBM, and CBM, respectively. Detailed information on empirical network topology attributes is listed
in Table S2. (b−g) Relationships between network topological parameters and microplastic diversity based on the empirical networks partitioned
into each sample subset, including the network number of nodes (b), number of links (c), connectance (d), average degree (e), average path length
(f), and modularity (g). The relationships between microplastic diversity and network topology were tested using linear mixed-effects models,
performed with the marginal R2 and significant P-values (*0.01 < P ≤ 0.05; **0.001 < P ≤ 0.01; ***P ≤ 0.001). Detailed information on each
model is listed in Table S4.
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V1.1−30.67 Application of the model depends on the observed
values of their Akaike information criterion (AIC). Here, we
choose the latter model as the final model, as it had lower AIC
values and a higher marginal R square than the former one.
Among the models, a fixed effect of “Mixture” represents
whether the added microplastics are mixed (as numeric values:
0 for single type of microplastic and 1 for microplastic
mixtures), and a random factor “M” represents the
combination of different types of microplastics (as a character,
such as A and AB for groups that contained PP or both PP and
PE, respectively), or the “Mixing” represents the proportion of
biodegradable microplastics (as numeric values: the micro-
plastic mixing strategies of CCM, BBM, and CBM were
assigned as 0, 1, and 0.5, respectively). Conditional R square
and marginal R square were calculated using R function
“rsquaredGLMM” in MuMIn V1.47.1,68 and statistical
significance is based on Wald type II χ2 tests using R function
“Anova” in car V3.1−0,69 after multiple correction using the
method of “FDR.” For the microplastic diversity effects at
different temperatures, the same procedure was performed. We
also considered full models for network complexity and
stability parameters to include the effects of microplastic
diversity, temperature warming, and microplastic biodegrad-
ability as y ∼ richness × temperature × biodegradability + (1|
M). We also extracted the regression coefficients (β) for each
model as effect sizes for different treatments. All statistical
analyses were performed by specific packages of statistical
software R V4.2.1.70

■ RESULTS AND DISCUSSION
We investigated the impacts of microplastic mixing on various
topological parameters of microbial networks, such as total
links and connectance, using regression coefficients (β) derived
from linear mixed-effects models (see Materials and Methods
Section). Briefly, compared to random networks, the
constructed networks exhibited small-world properties with
significantly higher network connectance and lower average
path lengths (P < 0.001, Table S2). Specifically, compared to
single type of microplastics, microbial networks among
microcosms of microplastic mixtures showed significantly
higher values of the total number of network links, average
degree (average links per node), connectance (proportion of
observed links among all possible links), average clustering
coefficient (degree of node clustering), and average degree
centrality (degree measures averaged node importance) in
subnetworks, which was further supported by decreasing
average path length (P < 0.05; Table S3). These changes in
network parameters such as more links, greater connectivity,
and shorter path lengths could contribute to the faster
transmission of external perturbative effects among networked
species and thus enhance the efficiency of the system.71

Further, compared to microcosms at 15 °C, the effects of
microplastic mixing on the network complexity were generally
greater at 20 °C, such as network average degree (β = 2.001
and 3.0390 at 15 and 20 °C, respectively, P < 0.05) and
average path length (β = −0.072 and −0.382 at 15 and 20 °C,
respectively, P < 0.01; Table S3). Taken together, these results
suggest that microplastic mixtures could enhance the network

Figure 3. Links of cohesion of networked bacterial communities with microplastic diversity and network complexity indices. Relationships between
positive cohesion (a) and negative cohesion (b) were shown using linear mixed-effects models, performed with marginal R2 and significant P-values
(*0.01 < P ≤ 0.05; **0.001 < P ≤ 0.01; ***P ≤ 0.001). In panels (a, b), red circles indicate the microcosms that incubated at 20 °C and blue
borders indicate those at 15 °C. Details of each mixed linear model are listed in Table S5. (c) Pearson correlations of cohesion with various
network complexity parameters at 15 °C (blue boxes) or 20 °C (red boxes). The “pos” and “neg” represent the positive and negative cohesion,
respectively. Cells highlighted in pink or dark green indicate significant positive correlations or negative correlations (P ≤ 0.05, after multiple
correction of “FDR”), while those highlighted in gray indicate no significant correlations, respectively. The numbers in the cells are the correlation
coefficients. Details of the correlation calculations are listed in Table S6.
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complexity, particularly under warmer temperatures. Notably,
microbial networks estimated through co-occurrence-based
analyses are more often recognized as hypothetical biological
interactions and therefore need to be interpreted with great
caution.72

Further quantitative evidence about the effects of micro-
plastic mixing on network structures was supported by the
positive correlation between network complexity and micro-
plastic diversity, which was consistently observed under
temperatures of 15 and 20 °C (Figures 2 and S1). Specifically,
network connectance strongly increased along the microplastic
diversity gradients at both temperatures (β = 0.010 and 0.014
at 15 and 20 °C, respectively, P < 0.001), which was also true
for the average degree (β = 2.151 and 1.535 at 15 and 20 °C,
respectively, P < 0.001), average degree centrality (β = 0.028
and 0.023 at 15 and 20 °C, respectively, P < 0.001), and global
efficiency (β = 0.034 and 0.019 at 15 and 20 °C, respectively, P
< 0.05), while the network average path length significantly
decreased along the microplastic diversity (β = −0.098 and
−0.167 at 15 and 20 °C, respectively, P < 0.001; Figures 2, S1
and Table S4). Collectively, these findings imply that in
response to increasingly complex microplastic contamination,

microbial communities could maintain more complex and
efficient interactions.
Consistent with previous phenomenon, the degree of

community connectivity among microbial networks was also
strongly enhanced according to the microplastic diversity
(Figures 3, S2, and Table S5). We used a metric of cohesion to
quantify the strength of positive or negative associations
between pairwise taxa to reveal the potential cooperative or
competitive interactions, as well as the total species interaction
indicated by sums of absolute positive and negative cohesion
within a given sample.60 Specifically, the total cohesion
consistently increased with microplastic diversity in both
temperatures (β = 0.005 and 0.027 at 15 and 20 °C,
respectively, P < 0.05), which was true for positive cohesion (β
= 0.006 and 0.014 at 15 and 20 °C, respectively, P < 0.001;
Figures 3 and S2a). For negative cohesion, we only observed it
strongly positively correlated to the microplastic diversity at
higher temperatures (P < 0.001, Figure 3). Higher regression
coefficients (β) under warming also imply that increasing
temperature amplified the effects of microplastic diversity on
both positive and negative interactions within the microbial
communities (Table S5). Moreover, we calculated the ratios of

Figure 4. Microplastic diversity affects network stability and linking to the network structure. The robustness analysis showed the relationships
between microplastic diversity and (a) the proportion of remaining nodes after randomly removing 50% of nodes, (b) the slope under continuous
increase in the proportion of randomly removing nodes, and (c) robustness when removing 50% of the target nodes with maximum degree
centrality. Blue lines indicate communities at 15 °C and red lines indicate communities at 20 °C, and the relationships were calculated using linear
mixed-effects models, with marginal R2 and significant P-values being shown (*0.01 < P ≤ 0.05; **0.001 < P ≤ 0.01; ***P ≤ 0.001). Details of
each mixed linear model are listed in Table S8. (d) Pearson correlations of network stability with various network complexity parameters at 15
(blue boxes) and 20 °C (red boxes). Cells highlight in pink or dark green indicate significant positive correlations or negative correlations (P ≤
0.05, after multiple correction of “FDR”) and in gray indicate none significant correlations, respectively. The values shown in the cells are the
coefficients of Pearson correlations. Details of the correlation calculations are listed in Table S9.
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negative to positive cohesion to determine whether micro-
plastic diversity drives negative association within networked
species, which may be due to limited resource competition and
niche divergence.60,61 We found that this ratio significantly
decreased along the microplastic diversity at 15 °C (β =
−0.045, P < 0.05; Figure S2b), while showing a nonsignificant
trend under higher temperature. The significant correlations
between the cohesion and various network complexity indices
were observed at both temperatures (averaged Pearson r =
0.22 and 0.28 at 15 and 20 °C, respectively; Figure 3c and
Table S6), which suggests that microplastic diversity could
increase the complexity of microbial communities and thus
possible interactions of species.61

The complexity of microbial networks in response to
microplastic diversity also influenced network architecture,
such as modularity (Figure 2g). In general, the constructed
networks were highly modular and not nested, as indicated by
the comparison between empirical networks and random
networks (see Materials and Methods Section). A significantly
decreasing trend in network modularity with microplastic
diversity was observed at both temperatures (β = −0.063 at 15
and 20 °C, P < 0.001; Figure 2g and Table S4). Links within
modules are distributed within rather than between different
groups of nodes, so these nodes within different modules may
represent the closely associated microbes (e.g., groups of
coexisting or coevolving microbes).21

Based on within-module connections (Zi) and among-
module connections (Pi),57 we determined a total of 422
connectors (nodes that link different modules), 39 module
hubs (nodes that are highly connected to other modules), and
19 network hubs (nodes that are both module hubs and
connectors) for all of the 18 empirical networks (Figure S3 and
Table S7). All of these keystones could be considered as nodes
that play vital roles in shaping the network structures,58 in
which the top three families of them are Rhodocyclaceae (7.0%,
29 of 414 keystones), followed by Geobacteraceae (5.8%, 24 of
414 keystones) and Comamonadaceae (5.3%, 22 of 414
keystones, Figure S4). Indeed, some of the keystones could

be a few taxa with excellent biodegradation of various plastics
such as poly(ethylene terephthalate),73 polyethylene,74 poly-
styrene,75 and other pollutants.76 We found that microplastic
diversity did not significantly change the proportion of
keystones at either temperature nor did the number of
keystones (P > 0.05, Figure S3). Keystone species are
important for the structure and function of microbial
communities,58 and there remains large potential to use
correlation analysis to find key microbial alliances that are
associated with the biodegradation of microplastics.77,78

In addition, we found that higher microplastic diversity and
temperature also led to more stable microbial networks (Figure
4 and Table S8). Network stability implies the resistance of
systems to external perturbations and may positively correlate
to network complexity.51,65,79 Here, two robustness tests were
used to simulate scenarios of species extinction and determine
the proportion of remaining species in the networks, that is,
(1) random removal of networked species or (2) targeted
removal of species with the highest betweenness centrality,
since nodes with higher betweenness centrality generally show
greater impacts on the “information flow” through the
networks.52,80 Both results demonstrate that network robust-
ness increased toward high microplastic diversity, especially at
15 °C (P < 0.05, Figure 4a,c). We also found that the network
resistance along the microplastic diversity gradients increased
more significantly at 20 °C (P < 0.05, Figure 4b). These effects
are further supported by the significantly negative correlations
between network vulnerability and microplastic diversity at
both temperatures (Table S4). Moreover, we found that
increasing the temperature generally enhanced the microplastic
diversity effects on microbial network stability as the networks
were generally more robust and less vulnerable at higher
temperatures (Tables 1 and S10). We also found that network
stability and complexity parameters showed strong correla-
tions, such as average degree, modularity, and global efficiency
at both temperatures (averaged Pearson r = 0.34 and 0.37 at 15
and 20 °C, respectively; Figure 4d and Table S9). Collectively,
these results suggest that microbial networks were more robust

Table 2. Treatment Effects on Microbial Network Complexity and Stability Based on Linear Mixed-Effects Modelsa

treatment connectance average degree modularity positive cohesion negative cohesion random robustness target robustness

richness β 0.58 0.58 −0.62 0.24 −0.27 0.84 0.63
χ2 76.98*** 119.99*** 154.52*** 7.89** 0.76 33.95** 13.19**

warming β 0.06 1.36 −0.51 0.03 −0.28 0.50 0.36
χ2 0.00 676.46*** 5.32* 0.05 90.04*** 196.09*** 64.42***

biodegradability β 0.77 0.61 −1.16 0.59 −0.77 0.57 −0.10
χ2 34.45*** 9.60** 39.47*** 13.23*** 37.36*** 34.35*** 5.78*

R × W β 0.31 0.94 −0.73 0.26 0.61 0.38 −0.16
χ2 14.39*** 20.71*** 1.49 4.73 28.88*** 4.06* 0.76

B × R β −0.35 0.20 −0.21 −0.20 0.33 −0.58 −0.77
χ2 2.87 11.86*** 4.37* 0.93 0.01 3.74 6.12*

W × B β −0.13 −1.07 0.89 −0.02 −0.54 0.32 0.37
χ2 0.10 3.43 10.12** 0.28 3.33 6.01* 2.59

R × W × B β −0.20 −2.17 1.53 −0.26 −0.60 0.03 0.19
χ2 0.65 210.65*** 125.08*** 0.80 4.78 0.02 0.37

aFor each parameter, we performed a linear mixed-effects model of y ∼ richness × temp × bio + (1|M), where fixed effects included temperature
change (temp, as a factor, 15 and 20 °C), microplastic richness (richness, as numeric values, ranging from 1 to 6 types), and microplastic
degradability (bio, as numeric values, where different mixing strategies of CCM, BBM, and CBM were assigned as 0, 0.5, and 1, respectively), and
random effects included the composition of different microplastics (M, as a character, such as A and AB represented plastic of PP or both PP and
PE, respectively). Notably, here, all of the network parameters were rescaled. Statistical significance was calculated based on Wald type II χ2 tests (n
= 600), using multiple correction of “FDR,” and significant effects are given in bold (*P < 0.05, **P < 0.01, and ***P < 0.001). The chisq-values
(χ2) are shown in the table. Supporting information of other parameters is listed in Table S10.
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under higher microplastic diversity and temperature, which
could be associated with their direct or potential interactive
effects on the network complexity.
Finally, we incorporated microplastic diversity, temperature

change, and microplastic biodegradability in the linear mixed-
effects model to comprehensively investigate their direct and
interactive effects on the network structure and stability.
Generally, increasing microplastic diversity and warming
showed the most significant direct effects on network topology
parameters such as numbers of network nodes, total links,
connectance, average degree, modularity, positive cohesion,
and robustness (χ2 = 13.23 to 676.46, P < 0.001; Figure S5).
Interestingly, microplastic diversity and increasing temperature
further showed synergistic impacts for various network
parameters. For instance, higher microplastic diversity and
temperatures jointly enhanced most of the indices of network
complexity in the same way (χ2 = 5.81 to 114.84, P < 0.05;
Table 2). In addition, microplastic biodegradability (here
represented by different microplastic mixing strategies) was
another potential factor contributing to changes in the network
complexity and stability (Figure S5). For instance, elevating
the proportion of biodegradable microplastics generally
enhanced the network complexity and stability, including the
network connectance, global efficiency, positive cohesion and
random robustness, and reduced average path length, positive
cohesion, and modularity (χ2 = 13.23 to 83.01, P < 0.05;
Tables 2 and S10). This is consistent with the analysis of the
interactive and positive effects of microplastic diversity on
network complexity. Compared to conventional microplastics,
biodegradable microplastics may act as more bioavailable
substrates (e.g., nonrecalcitrant carbon), thus could lead to an
increase in microbial metabolic activity and potential
interactions related to resource utilization and ecological
niche differentiation.81,82

Assessing the biological consequences of complex and
diverse microplastic pollution is one of the main objectives
of recent ecological environmental governance.6,83 However,

few studies quantitatively assess the effects of environmental
microplastic mixtures on the community composition and
biotic interactions of microbes. Our findings provide empirical
evidence that microplastic diversity significantly and predict-
ably enhanced the complexity and stability of microbial
interactions in lake sediments (Figure 5). After 45 days of
laboratory incubation, ecological networks of bacteria affected
by microplastic mixtures strongly became more complex
compared to single type of microplastics, especially at higher
temperature. Increasing diversity from 1 to 6 types of
microplastics predictably increased network complexity of
bacteria at both temperatures, such as increasing network links,
connectance, and average degree, as well as decreasing network
average path length, which led the network to be more robust.
Importantly, the microplastic diversity effects on the ecological
network complexity and species interactions were further
amplified under warming. In addition to the direct or
interactive effects of microplastic diversity and warming, we
also demonstrated that higher proportions of biodegradable
microplastic strongly strengthened the network complexity and
stability. By deploying novel experiments considering micro-
plastic mixing and their diversity, our findings provide
important implications for the ecological impacts of complex
microplastic pollution. In addition to microplastic richness,
more research needs to capture their other potential diversity
index such as chemistry, aging, sizes, and shapes.84 In the
future, capturing temporal impacts of complex microplastics on
microbial communities is also necessary, especially considering
the emergence of biodegradable microplastics.13,14,85 With
increasing microplastic pollution and climate warming,
environmental microbial communities will become more
cohesive and robust regarding their species interactions; this
may further influence related ecosystem functions.

Figure 5. Influences of microplastic mixtures on microbial networks in lake sediments. Various types of plastics are degraded into small particles of
microplastics that retained in lake sediment ecosystems and form the microplastic mixtures (MPs mixtures) and thus microplastic diversity (MPs
diversity). Compared to single-type microplastics (Single MPs), microbial networks under the occurrence of microplastic mixtures are more
complex and stable. This is because microplastic diversity significantly enhances the complexity (e.g., connectance and species interactions) and
stability (e.g., robustness) of the networks. Climate warming and the presence of biodegradable microplastics could further increase the complexity
and stability of the networks.
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Raposeiro, P. M.; Rõõm, E.-I.; Rotta, F.; Salmaso, N.; Sarma, S. S. S.;
Sartirana, D.; Scordo, F.; Sibomana, C.; Siewert, D.; Stepanowska, K.;
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Krisťůfek, V.; Salles, J. F. Microbial diversity determines the invasion
of soil by a bacterial pathogen. Proc. Natl. Acad. Sci. U.S.A. 2012, 109
(4), 1159−1164.
(33) Hu, A.; Jang, K.-S.; Tanentzap, A. J.; Zhao, W.; Lennon, J. T.;
Liu, J.; Li, M.; Stegen, J.; Choi, M.; Lu, Y.; Feng, X.; Wang, J. Thermal
responses of dissolved organic matter under global change. Nature
Communications 2024, 15, 576.
(34) Luo, R.; Xu, K.; Chen, G.-Q. Study of miscibility,
crystallization, mechanical properties, and thermal stability of blends
of poly(3-hydroxybutyrate) and poly(3-hydroxybutyrate-co-4-hydrox-
ybutyrate). J. Appl. Polym. Sci. 2007, 105 (6), 3402−3408.
(35) Song, Y. K.; Hong, S. H.; Jang, M.; Han, G. M.; Jung, S. W.;
Shim, W. J. Combined Effects of UV Exposure Duration and
Mechanical Abrasion on Microplastic Fragmentation by Polymer
Type. Environ. Sci. Technol. 2017, 51 (8), 4368−4376.
(36) Liu, H.; Zhang, X.; Ji, B.; Qiang, Z.; Karanfil, T.; Liu, C. UV
aging of microplastic polymers promotes their chemical trans-
formation and byproduct formation upon chlorination. Sci. Total
Environ. 2023, 858, No. 159842.
(37) Yang, Y.; Dai, Y.; Wu, Z.; Xie, S.; Liu, Y. Temporal and Spatial
Dynamics of Archaeal Communities in Two Freshwater Lakes at
Different Trophic Status. Front. Microbiol. 2016, 7, No. 451.
(38) Zhang, X.; Li, Y.; Lei, J.; Li, Z.; Tan, Q.; Xie, L.; Xiao, Y.; Liu,
T.; Chen, X.; Wen, Y.; Xiang, W.; Kuzyakov, Y.; Yan, W. Time-
dependent effects of microplastics on soil bacteriome. J. Hazard.
Mater. 2023, 447, No. 130762.
(39) Callahan, B. J.; McMurdie, P. J.; Rosen, M. J.; Han, A. W.;
Johnson, A. J. A.; Holmes, S. P. DADA2: High-resolution sample
inference from Illumina amplicon data. Nat. Methods 2016, 13 (7),
581−583.
(40) Bolyen, E.; Rideout, J. R.; Dillon, M. R.; Bokulich, N. A.; Abnet,
C. C.; Al-Ghalith, G. A.; Alexander, H.; Alm, E. J.; Arumugam, M.;
Asnicar, F.; et al. Reproducible, interactive, scalable and extensible
microbiome data science using QIIME 2. Nat. Biotechnol. 2019, 37
(8), 852−857.
(41) Gurevich, A.; Saveliev, V.; Vyahhi, N.; Tesler, G. QUAST:
quality assessment tool for genome assemblies. Bioinformatics 2013,
29 (8), 1072−1075.
(42) Kurtz, Z. D.; Müller, C. L.; Miraldi, E. R.; Littman, D. R.;
Blaser, M. J.; Bonneau, R. A. Sparse and compositionally robust
inference of microbial ecological networks. PLoS Comput. Biol. 2015,
11 (5), No. e1004226.
(43) Kurtz, Z.; Mueller, C.; Miraldi, E.; Bonneau, R. SpiecEasi:
Sparse inverse covariance for ecological statistical inference R Package
Version 2017.
(44) Friedman, J.; Alm, E. J. Inferring correlation networks from
genomic survey data. PLoS Comput. Biol. 2012, 8 (9), No. e1002687.
(45) Weiss, S.; Van Treuren, W.; Lozupone, C.; Faust, K.; Friedman,
J.; Deng, Y.; Xia, L. C.; Xu, Z. Z.; Ursell, L.; Alm, E. J.; Birmingham,
A.; Cram, J. A.; Fuhrman, J. A.; Raes, J.; Sun, F.; Zhou, J.; Knight, R.
Correlation detection strategies in microbial data sets vary widely in
sensitivity and precision. ISME J. 2016, 10 (7), 1669−1681.
(46) Faust, K. Open challenges for microbial network construction
and analysis. ISME J. 2021, 15 (11), 3111−3118.
(47) Broido, A. D.; Clauset, A. Scale-free networks are rare. Nat.
Commun. 2019, 10 (1), No. 1017.
(48) Csardi, G.; Nepusz, T. The igraph software package for
complex network research. InterJournal, Complex Syst. 2006, 1695 (5),
1−9.
(49) Deng, Y.; Jiang, Y.-H.; Yang, Y.; He, Z.; Luo, F.; Zhou, J.
Molecular ecological network analyses. BMC Bioinform. 2012, 13,
No. 113.

Environmental Science & Technology pubs.acs.org/est Article

https://doi.org/10.1021/acs.est.3c08704
Environ. Sci. Technol. 2024, 58, 4334−4345

4344

https://doi.org/10.1038/s41467-022-31584-x
https://doi.org/10.1038/s41579-019-0308-0
https://doi.org/10.1038/s41579-019-0308-0
https://doi.org/10.1038/s41467-022-31691-9
https://doi.org/10.1038/s41467-022-31691-9
https://doi.org/10.1111/1462-2920.15955
https://doi.org/10.1111/1462-2920.15955
https://doi.org/10.1016/j.scitotenv.2021.145640
https://doi.org/10.1016/j.scitotenv.2021.145640
https://doi.org/10.1016/j.jhazmat.2022.130011
https://doi.org/10.1016/j.jhazmat.2022.130011
https://doi.org/10.1016/j.jhazmat.2022.130011
https://doi.org/10.1016/j.jhazmat.2022.130011
https://doi.org/10.1016/j.jhazmat.2022.129610
https://doi.org/10.1016/j.jhazmat.2022.129610
https://doi.org/10.1038/s41467-022-31251-1
https://doi.org/10.1038/s41467-022-31251-1
https://doi.org/10.1038/s41467-022-31936-7
https://doi.org/10.1038/s41467-022-31936-7
https://doi.org/10.1038/s41467-022-31936-7
https://doi.org/10.1016/j.watres.2023.119815
https://doi.org/10.1016/j.watres.2023.119815
https://doi.org/10.1016/j.scitotenv.2021.148745
https://doi.org/10.1016/j.envpol.2021.117075
https://doi.org/10.1086/647931
https://doi.org/10.1086/647931
https://doi.org/10.1890/14-1001.1
https://doi.org/10.1890/14-1001.1
https://doi.org/10.1038/ismej.2016.11
https://doi.org/10.1038/ismej.2016.11
https://doi.org/10.1038/nature09592
https://doi.org/10.1038/nature09592
https://doi.org/10.1111/2041-210X.12126
https://doi.org/10.1111/2041-210X.12126
https://doi.org/10.1073/pnas.2019591118
https://doi.org/10.1073/pnas.2019591118
https://doi.org/10.1073/pnas.2019591118
https://doi.org/10.1016/j.jhazmat.2020.122515
https://doi.org/10.1016/j.jhazmat.2020.122515
https://doi.org/10.1016/j.jhazmat.2020.122515
https://doi.org/10.1073/pnas.1109326109
https://doi.org/10.1073/pnas.1109326109
https://doi.org/10.1038/s41467-024-44813-2
https://doi.org/10.1038/s41467-024-44813-2
https://doi.org/10.1002/app.26369
https://doi.org/10.1002/app.26369
https://doi.org/10.1002/app.26369
https://doi.org/10.1002/app.26369
https://doi.org/10.1021/acs.est.6b06155?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.est.6b06155?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1021/acs.est.6b06155?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as
https://doi.org/10.1016/j.scitotenv.2022.159842
https://doi.org/10.1016/j.scitotenv.2022.159842
https://doi.org/10.1016/j.scitotenv.2022.159842
https://doi.org/10.3389/fmicb.2016.00451
https://doi.org/10.3389/fmicb.2016.00451
https://doi.org/10.3389/fmicb.2016.00451
https://doi.org/10.1016/j.jhazmat.2023.130762
https://doi.org/10.1016/j.jhazmat.2023.130762
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1093/bioinformatics/btt086
https://doi.org/10.1093/bioinformatics/btt086
https://doi.org/10.1371/journal.pcbi.1004226
https://doi.org/10.1371/journal.pcbi.1004226
https://doi.org/10.1371/journal.pcbi.1002687
https://doi.org/10.1371/journal.pcbi.1002687
https://doi.org/10.1038/ismej.2015.235
https://doi.org/10.1038/ismej.2015.235
https://doi.org/10.1038/s41396-021-01027-4
https://doi.org/10.1038/s41396-021-01027-4
https://doi.org/10.1038/s41467-019-08746-5
https://doi.org/10.1186/1471-2105-13-113
pubs.acs.org/est?ref=pdf
https://doi.org/10.1021/acs.est.3c08704?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


(50) Lau, M. K.; Borrett, S. R.; Baiser, B.; Gotelli, N. J.; Ellison, A.
M. Ecological network metrics: opportunities for synthesis. Ecosphere
2017, 8 (8), No. e01900.
(51) Hillebrand, H.; Langenheder, S.; Lebret, K.; Lindström, E.;
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