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Interactions between phytoplankton

and bacterioplankton communities in Caohai
plateau lake, revealed by environmental DNA
metagenomics

Yunchuan Long'?", Jin Guo", Liangliang Dai' and Juan Jiang'

Abstract

Phytoplankton-bacterioplankton interactions critically influence aquatic ecosystem stability, yet their dynamics
remain poorly understood in eutrophic plateau lakes. This study employed environmental DNA (eDNA)
metagenomics to investigate these cross-kingdom relationships in Caohai Plateau Lake, a vulnerable wetland
undergoing macrophyte-to-algae regime shifts, integrating correlation analysis, niche overlap, redundancy analysis
(RDA), co-occurrence networks, and neutral community model (NCM). A total of 331 phytoplankton species
across 10 phyla were characterized in the phytoplankton community, dominated by Cyanophyta with Microcystis
as the representative genus, while bacterioplankton communities were primarily structured by Protecbacteria

and Sphingomonas. The assembly of phytoplankton community was primarily driven by stochastic processes
(R*>0.90). Co-occurrence network analysis showed phytoplankton interactions were dominated by positive

effects (84.25%), whereas bacterioplankton networks exhibited balanced positive and negative effects. Metabolic
specialization emerged through LEfSe analysis: phytoplankton specialized in photosynthesis and carbon storage,
while bacterioplankton dominated anaerobic respiration (propanoate metabolism). The positive interactions

were more prevalent than negative ones; combined with the metabolic complementarity of phytoplankton

and bacterioplankton, this suggests that mutualism is more dominant than competition in cross-kingdom
interactions. High niche overlap under sufficient nutrients (TP) facilitated species coexistence of phytoplankton
and bacterioplankton by minimizing resource competition, thereby promoting stochastic community assembly,
while keystone taxa (Cyanothece, Sphingobium) mediated ecosystem stability. This work demonstrates that nutrient
enrichment promote stochastic assembly in eutrophic plateau lakes.
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Introduction

Phytoplankton represent a crucial source of primary pro-
duction and constitute the foundation of aquatic food
webs [25, 26]. They exhibit rapid responsiveness to fluc-
tuations in environmental factors such as pH, dissolved
oxygen (DO), and nutrient concentrations [23, 55]. Con-
sequently, they are often employed as environmental
indicators, providing essential references for the condi-
tions of water quality and the conservation of aquatic
ecosystems [53]. Traditionally, microscopic observation
based on cell morphology has been the predominant
method for assessing phytoplankton biodiversity [13].
However, this technique is time-consuming and requires
a comprehensive understanding of phytoplankton mor-
phology and taxonomy. More importantly, accurately
identifying small, rare, or cryptic phytoplankton species
using microscopic methods poses considerable chal-
lenges [14].

Bacterioplankton play a crucial role in the biodiversity
and biogeochemical cycles within aquatic ecosystems,
as they quantitatively dominate freshwater planktonic
communities [48]. Phytoplankton and bacterioplankton
dynamics are thought to be closely linked in aquatic eco-
systems, with frequent correlations observed between
their biomass levels [34]. Phytoplankton fix carbon
and release dissolved organic matter (DOM) through
photosynthesis, while bacterioplankton participate in
the cycling of carbon, nitrogen, and phosphorus by
decomposing DOM [3]. They interact through various

mechanisms, including mutualism, symbiosis, parasitism,
competition, and non-symbiotic interactions [5]. The
interaction between phytoplankton and bacterioplankton
is the core link of material cycling and energy flow in lake
ecosystems, which plays an important role in maintaining
the structure and function of lake ecosystems [33]. Nev-
ertheless, there is a paucity of information regarding the
interactions between phytoplankton and bacterioplank-
ton communities, as well as the underlying mechanisms,
in plateau lakes [55].

In recent years, environmental DNA (eDNA) analysis
has emerged as a powerful and sensitive tool for moni-
toring aquatic microbial biodiversity [36, 53]. eDNA
metagenomics integrates information from multiple
genomic markers and assembles longer contigs, thereby
offering higher taxonomic resolution compared to eDNA
metabarcoding, particularly for small, rare, or cryptic
species [2, 40]. This is of critical advantage in eutrophic
lakes, where micro-phytoplankton play vital ecological
roles. Although eDNA metagenomics has been validated
in freshwater zooplankton studies [30], its application to
phytoplankton-bacterioplankton interactions in plateau
lakes remains scarce, limiting a comprehensive under-
standing of cross-kingdom relationships in these unique
ecosystems.

With the effects of global warming and human activi-
ties, lakes are often faced with threats such as eutro-
phication and algal blooms [46]. Algal blooms in lakes
are a major hazard worldwide. Thus, understanding the
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mechanism of phytoplankton and bacterioplankton
community formation in aquatic ecosystems constitutes
an essential condition for effective prevention of algal
blooms and scientific management of aquatic ecosystems
[51]. Deterministic and stochastic processes represent
fundamental mechanisms underlying the assembly of
microbial communities [53]. Based on deterministic pro-
cesses, both biotic factors (such as species interactions)
and abiotic factors (such as environmental filters) exert
prominent roles in the structuring of microbial com-
munities [54]. Based on stochastic processes, the birth,
death, diffusion, and ecological drift of all species are
regarded as the major determinants of microbial com-
munity dynamics [14]. However, it remains ambiguous
how stochastic and deterministic processes influence
the community assembly of phytoplankton and bacterio-
plankton in eutrophic plateau karst lakes.

Plateau lakes, as sensitive indicators of global climate
change, are increasingly experiencing a “macrophyte-
to-algae” regime shift driven by eutrophication, which
represents a central challenge in contemporary ecologi-
cal conservation [42]. The interaction between phyto-
plankton and bacterioplankton plays a crucial role in
regulating lake biogeochemical cycles and maintaining
ecosystem stability. Focusing on Caohai Lake (hereafter
referred to as Caohai), a plateau lake system currently
undergoing eutrophication [21], this study employed
eDNA metagenomic approaches to: (1) identify the com-
munity composition and assembly mechanisms of phy-
toplankton and bacterioplankton in eutrophic plateau
lakes; (2) reveal the patterns of cross-kingdom interac-
tion between phytoplankton and bacterioplankton, along
with the key environmental drivers and underlying meta-
bolic and niche characteristic.

Materials and methods

Study area and sampling

Caohai (104012'-1040 18’ E, 260 49'-26053'N), located
in the southwest of Weining County, Guizhou Province,
southwest China, is one of three plateau freshwater lakes
in China and a primary wintering site of Grus nigricol-
lis, an endemic plateau bird in China. It has an average
temperature of 10.5 C and an altitude of 2170 m above
sea level. With an average depth of 2.0 m and abundant
aquatic vegetation, Caohai is regarded as a typical shal-
low lake ecosystem [27, 42]. In this study, 12 water sam-
ples were collected from Caohai in July 2023 and labeled
as W01-W12. The sampling sites, distributed in a grid
pattern, are presented in Fig. S1. Surface water was col-
lected at a depth of 0.5 m using a plexiglass water sam-
pler, which was sterilized with 75% ethanol before use. At
each site, five 1-L subsamples were collected and com-
bined in equal volumes to yield a homogeneous compos-
ite sample. All samples were immediately stored at a low
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temperature and transported to the laboratory. A 0.5-L
aliquot from each water sample was filtered through a
0.45 um pore-sized membrane to capture phytoplankton,
and another 0.5-L aliquot was filtered through a 0.22 pm
pore-sized membrane to capture bacterioplankton. The
filter membranes were then collected, placed in 15 mL
sterile centrifuge tubes, and stored at ultra-low tempera-
tures for eDNA extraction as soon as possible.

Environmental data collection

The pH, total dissolved solids (TDS), water temperature
(WT), dissolved oxygen (DO), conductivity (C), and
salinity (Sal) of the water body were measured in situ
using a portable multi-parameter water quality analyzer
(YSI Professional Plus, USA). The remaining physico-
chemical parameters were tested in the laboratory. The
physicochemical properties of the overlying water were
measured according to the Chinese standard method
for surface water (GB3838-2002). Turbidity was mea-
sured by a turbidimeter. Chlorophyll a (Chl-a) was deter-
mined by ethanol extraction [7]. Total nitrogen (TN) was
determined by potassium persulfate oxidation ultraviolet
spectrophotometry. Total phosphorus (TP) was deter-
mined by molybdenum antimony anti-spectrophotome-
try. Chemical oxygen demand (COD¢,) was determined
using the potassium dichromate index method.

Gene extraction and analysis

Total eDNA was extracted using the FastDNATM Spin
Kit for Soil extraction kit (MP Biomedicals) following
the manufacturer’s instructions, with nuclease-free dis-
tilled water serving as a negative control. The integrity of
the extracted DNA was checked by 1% agarose gel elec-
trophoresis. The purity and concentration of the eDNA
were measured by a NanoDrop2000 spectrophotometer
and a Quantus fluorometer (Picogreen), respectively.
A metagenomic sequencing library was established and
sequenced using the PE150 paired-end strategy on the
[llumina Novaseq 6000 sequencing platform at Majorbio
Bio-Pharm Technology Co., Ltd. (Shanghai, China) [52].
The raw sequencing data underwent quality control using
fastp v0.20.0 software [27]. Adapter sequences at the end
of the reads were trimmed, and reads with an average
quality score below 20 or a length less than 50 bp were
discarded, retaining only high-quality reads. Sequence
assembly was performed using Megahit v1.1.2 [40], and
contigs longer than 300 bp were selected for further anal-
ysis. Open reading frame (ORF) prediction of the assem-
bled contigs was conducted using Prodiga v2.6.3, and the
genes with nucleic acid lengths of 100 bp or more were
selected, which were subsequently translated into amino
acid sequences [8]. The predicted gene sequences from
each sample were clustered using CD-HIT v4.6.1 with
a similarity threshold of > 0.9 and a coverage threshold
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of > 0.9 [57]. The longest gene in each cluster was cho-
sen as the representative sequence to construct a non-
redundant gene set. Gene abundance information and
quantification in each sample were performed using
SOAP aligner software with a similarity threshold of >
0.95 [40]. To determine species information at each taxo-
nomic level, Diamond v0.8.35 [20] was used to perform
BLASTP comparisons of the non-redundant gene set
against the NR database (with an E-value cutoff set at
le-5). The abundance of species was calculated by sum-
ming the gene abundances corresponding to each spe-
cies. The raw sequences were deposited in the NCBI
Sequence Read Archive (SRA) database under BioProject
PRJNA1243597.

Data analyses

Microsoft Excel 2019, SPSS 23.0, and R (v4.4.1) were used
for data analysis, and Origin 2021 was used for graphing.
Metabolism predictions of phytoplankton and bacterio-
plankton were conducted using the KEGG (Kyoto Ency-
clopedia of Genes and Genomes) database. The relative
importance of stochastic processes in shaping phyto-
plankton and bacterioplankton community structure was
assessed using a neutral community model (NCM) with
“MicECO” package in R [6]. The activity of carbohydrate
metabolism and energy metabolism pathways in bacte-
rioplankton and phytoplankton was determined by linear
discriminant analysis (LDA) effect size (LEFSe), with a
threshold of LDA scores >3.0 [27]. Network analysis was
performed using the “Hmisc” package in R and visualized
with Gephi (v0.9.3) to delineate the interspecific interac-
tions of phytoplankton and bacterioplankton community
[54]. Based on the inferred within-module connectivity
(Zi) and among-module connectivity (Pi) values, nodes
in a network were categorized into four distinct topo-
logical roles: network hubs, module hubs, connectors, or
peripherals [7]. The Mantel test (run with 999 permuta-
tions) was applied to evaluate the relationship between
communities and environmental variables using the
“vegan” package in R [39]. Niche overlap was calculated
using the “spaa” package in R [18].

Results

Environmental characteristics of Caohai

The water temperatures in Caohai ranged from 21.00
to 21.90 °C, while pH values varied from 7.67 to 8.34.
The concentration of DO fluctuated between 5.42 and
6.27 mg/L, with an average of 5.78 mg/L. The concen-
tration of TDS ranged from 263.90 to 375.60 mg/L. The
concentrations of TP and TN were 0.08 to 0.12 mg/L
and 1.56 to 2.28 mg/L, respectively. The concentration of
COD¢, ranged from 10.46 to 41.14 mg/L, with an average
of 24.51 mg/L. The turbidity concentration varied from
4.00 to 11.40 NTU. The concentration of Chl-a ranged
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from 12.00 to 16.00 pg/L with an average of 13.58 ug/L.
Detailed information on the environmental characteris-
tics is provided in the Supplemental file (Table S1).

Community characteristics of phytoplankton and
bacterioplankton

331 species of phytoplankton were identified by eDNA
metagenomics, distributed across 10 phyla and 197
genera. Based on relative abundance (>1%), the phy-
toplankton phyla were ranked as follows: Cyanophyta,
Bacillariophyta, Chlorophyta, and Euglenozoa, as illus-
trated in Fig. 1a. Notably, Cyanophyta was the dominant
phylum in all samples. At the genus level, the predomi-
nant genera were primarily Microcystis, Cyanobium,
and Synechococcus (Fig. 1b). The relative abundance of
Microcystis was 40.43% + 8.87%. Cyanobium showed a
relative abundance of 12.31% + 2.64%, while Synechococ-
cus exhibited a relative abundance of 8.90% + 2.05%. The
relative abundance of the bacterioplankton community
in Caohai is shown in Fig. 1c and d. At the phylum level,
the composition was primarily dominated by Proteobac-
teria, Bacteroidota (formerly Bacteroidetes), and Acti-
nobacteria (Fig. 1c). At the genus level, the dominant
genera were primarily Sphingomonas, Erythrobacter, and
Hyphomonas (Fig. 1d).

Prediction of metabolisms of phytoplankton and
bacterioplankton

Metabolic prediction revealed major pathways related
to global and overview maps, carbohydrate metabolism,
and energy metabolism in phytoplankton (Fig. S2a) and
bacterioplankton (Fig. S2b). Given that carbohydrate
and energy metabolism are fundamental to metabolic
processes and essential for sustaining vital cellular func-
tions, the associated pathways were further examined
(Fig. S2c—d). Relatively featured pathways were identi-
fied in phytoplankton metabolism: in energy metabo-
lism, oxidative phosphorylation (24.89%), carbon fixation
pathways in prokaryotes (14.19%), and photosynthesis
(13.81%); in carbohydrate metabolism: amino sugar and
nucleotide sugar metabolism (14.30%), pyruvate metabo-
lism (13.35%), and glycolysis/gluconeogenesis (12.35%).
For bacterioplankton metabolism, in energy metabo-
lism, oxidative phosphorylation (27.79%) was the most
prominent, followed by carbon fixation pathways in pro-
karyotes (20.80%) and methane metabolism (14.65%). In
carbohydrate metabolism, pyruvate metabolism (12.53%)
was the most representative, followed by amino sugar
and nucleotide sugar metabolism (11.91%), and glyoxyl-
ate and dicarboxylate metabolism (11.96%).

Principal components analysis (PCA) displayed sig-
nificant differences in carbohydrate metabolism and
energy metabolism pathways between bacterioplank-
ton and phytoplankton (Fig. 2a). Furthermore, LEfSe
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analysis revealed that phytoplankton exhibited activity
in photosynthesis, photosynthesis antenna proteins, and
starch and sucrose metabolisms (Fig. 2b). In contrast,
bacterioplankton primarily showed activity in propano-
ate metabolism, butanoate metabolism, glyoxylate, and
dicarboxylate metabolism.

Community assembly of phytoplankton and
bacterioplankton

The Sloan NCM estimated the role of stochasticity in
both phytoplankton (Fig. 3a) and bacterioplankton
(Fig. 3b) communities. The NCM model demonstrated
high predictive accuracy, with R? values of 90.60% for
phytoplankton and 88.74% for bacterioplankton commu-
nities. This suggested that stochastic processes exerted
a stronger influence than deterministic processes on the
community structure of both phytoplankton and bacte-
rioplankton in Caohai. Notably, many taxa, particularly
in bacterioplankton, fell outside the 95% confidence
interval (CI) of the model (Fig. 3b), indicating that deter-
ministic factors (such as ecological niche differentiation,
environmental selection) likely played a more important
role for these groups. The m value in the phytoplankton
community (0.3234) was close to that in the bacterio-
plankton community (0.3211), indicating that their spe-
cies dispersal patterns were comparable.

The phytoplankton and bacterioplankton genera with
a relative abundance of more than 0.1% were selected
to construct the co-occurrence network (Fig. 4a-f). The
number of nodes in the phytoplankton (Fig. 4a) and bac-
terioplankton networks (Fig. 4b) at the genus level were
34 and 47, respectively, and their edge numbers were
273 and 332, respectively. These results suggest that the
bacterioplankton network might be more complex than
the phytoplankton network at the genus level. In the phy-
toplankton networks, the majority of interactions were
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positively associated with one another, accounting for
84.25%. In contrast, in the bacterioplankton network,
the number of positive interactions was nearly equal to
that of negative interactions (51.51% vs. 48.49%). The
key taxa in the phytoplankton community were Cya-
nothece, which exhibited the highest number of edges,
while Sphingobium, Sphingopyxis, and Devosia emerged
as the key taxa in the bacterioplankton community. The
phytoplankton-bacterioplankton network (Fig. 4c) con-
sisted of 81 nodes and 1141 edges (57.58% positive and
42.42% negative). Devosia and Pleurocapsa had the high-
est number of edges, followed by Roseomonas, Hydrococ-
cus, and Sphingopyxis. Rubrivivax, Polynucleobacter, and
Sphingomonas were the most influential bacterioplank-
ton on phytoplankton. Rubrivivax and Polynucleobacter
interacted with 21 genera of phytoplankton, accounting
for 61.76% of the total phytoplankton, and 90.47% and
95.23% of these interactions had negative effects, respec-
tively. Sphingomonas interacted with 20 phytoplankton
genera, exerting positive effects on 17 genera, includ-
ing Gloeothece, and negative effects on 3 genera, such as
Snowella.

The Zi (within-module connectivity) and Pi (among-
module connectivity) values of the dominant genera in
three networks (phytoplankton network, bacterioplank-
ton network, and phytoplankton-bacterioplankton net-
work) are displayed in Fig. 4d-f. As predicted by network
theory, connectors may function similarly to keystone
taxa in a community. In the phytoplankton network,
the putative keystone genera were Cyanothece, Calo-
thrix, Crocosphaera, Leptolyngbya, and Microcoleus. The
bacterioplankton network consisted of 13 key genersa,
including Erythrobacter, Rhodoferax, NovoSphingobium,
and Haliscomenobacter. The phytoplankton-bacterio-
plankton network comprises 17 key groups, primarily
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Fig. 3 The contribution of stochastic processes to the assembly of phytoplankton (a) and bacterioplankton (b) communities. R? represents the fit to the
neutral model, and m indicates the immigration rate of the community. The points falling above and below the 95% confidence interval are colored cyan

and orange, respectively, whereas those within the interval are colored black
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communities

including Cyanothece, Microcystis, Polynucleobacter, and
Blastopirellula.

The interactions between phytoplankton and
bacterioplankton

Correlation analysis was conducted between all phyla
of phytoplankton and the phyla of bacterioplankton
with a relative abundance of more than 0.1% to examine
their relationships, as shown in Fig. S3. The community
structure of phytoplankton was significantly influenced
by bacterioplankton. Specifically, Cyanophyta was sig-
nificantly affected by both Armatimonadetes and Myxo-
coccota. Chlorophyta exhibited a significant negative
correlation with Bacteroidota and a significant positive
correlation with Deinococcus-Thermus. Bacillariophyta
and Euglenozoa were significantly affected by Armati-
monadetes and Nitrospirae, respectively. Rhodophyta,
Haptophyta, Charophyta, Cryptophyta, and Phaeophyta
also showed significant correlations with Deinococcus-
Thermus. The relationship between phytoplankton gen-
era with a relative abundance exceeding 0.1% and the
dominant phyla among the top 10 bacterioplankton is
illustrated in Fig. 5. The total variation was 15.14, with

explanatory variables accounting for 97.00%. The cumu-
lative variance contribution rates for Axis 1 and Axis 2
were 52.62% and 25.47%, respectively. Armatimonade-
tes, Verrucomicrobia, and Bacteroidota had a highly
significant influence on the community structure of phy-
toplankton (P<0.05).

The niche overlap values of dominant phytoplankton
and bacterioplankton ranged from 0.39 to 0.97 (Fig. 6a).
Five pairs had overlap values less than 0.5, with the small-
est being Sphingomonas and Snowella (0.39). Sixteen
pairs had overlap values greater than 0.9, with the high-
est being Rubrivivax and Microcystis (0.97). The mean
niche overlap value for dominant phytoplankton was
0.85, with 8 pairs having overlap values greater than 0.8,
accounting for 53.33% of the total pairs. These pairs pri-
marily included Synechococcus and Cyanobium (0.99),
followed by Thalassiosira and Synechococcus (0.93). The
average niche overlap value for dominant bacterioplank-
ton was 0.91, with the minimum overlap value being
between Rubrivivax and Sphingomonas (0.69), and the
maximum overlap value between Brevundimonas and
Hyphomonas (0.98). Among the correlations of dominant
genera in phytoplankton and bacterioplankton (Fig. 6b),
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the positive and negative correlations were found to be
equal (21 pairs). Among phytoplankton-bacterioplankton
interactions, six pairs exhibited a significant positive cor-
relation, whereas four pairs displayed a significant nega-
tive correlation. Among the correlations in the dominant

phytoplankton, there was one pair of significant posi-
tive correlations and two pairs of negative correlations.
Among correlations in the dominant bacterioplankton,
there were five pairs of significant positive correlations
and four pairs of negative correlations.
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Mantel analysis was implemented to investigate the
physicochemical factors that contributed most to the
bacterioplankton and phytoplankton communities
(Fig. 7). The results showed that TP was the key envi-
ronmental factor affecting both the phytoplankton and
bacterioplankton communities (genus level). The phyto-
plankton o-diversity index (Chaol, Simpson and Shan-
non) was mainly affected by TDS and TP, while the
bacterioplankton a-diversity index was mainly affected
by TP. The carbohydrate and energy metabolism path-
ways of bacterioplankton were significantly affected by
DO, while the carbohydrate and energy metabolism
pathways of phytoplankton were not significantly related
to any environmental factors.

Discussion

Characteristics of community composition and metabolic
pathways of phytoplankton and bacterioplankton in
Caohai

This study revealed a diverse array of phytoplankton in
Caohai through the use of eDNA method, identifying a
total of 331 species belonging to 10 phyla and 197 gen-
era. Cyanophyta (96.33%+1.09%) was the most domi-
nant phylum, with Microcystis (40.43%+8.87%) being the
most prevalent genus. Guo et al. [11] identified 7 phyla
and 78 species of phytoplankton in Caohai through
microscopy; among these, Cyanophyta exhibited the

highest abundance during summer, and Microcystis was
the dominant genus throughout the year. This indicates
that eDNA detection revealed greater species diver-
sity compared to traditional microscopic morphology
methods, while remaining consistent in the dominant
groups. The genera Cyanobium and Synechococcus, both
micro-phytoplankton (< 2 um), are widely distributed
in freshwater systems and are challenging to accurately
identify using morphological detection methods [46]. In
this study, Cyanobium (12.31% + 2.64%) and Synechococ-
cus (8.90% + 2.05%) were ranked as the second and third
most abundant taxa, respectively, which indicated that
eDNA technology could effectively overcome the limi-
tations of morphological identification and detect small
species with high sensitivity, thereby providing a more
comprehensive understanding of phytoplankton com-
munity structure [23]. The relative abundance of Micro-
cystis was notably high, exceeding 50% at two specific
sampling sites, W1 and W11. These high concentrations
were particularly concerning, especially during the sum-
mer months when temperatures rose. Elevated tempera-
tures, nutrient-rich waters, and ample sunlight in Caohai
collectively create an ideal environment for the rapid
growth and proliferation of Microcystis. Microcystis
blooms can have significant negative consequences, war-
ranting heightened vigilance due to their ability to reduce
water clarity and dissolved-oxygen levels, release toxic
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microcystins, trigger fish kills, disrupt aquatic food webs,
and ultimately endanger both water quality and public
health [17]. Understanding the factors contributing to the
dominance of Microcystis and Cyanobacteria blooms is
crucial for maintaining ecological balance and ensuring
water safety.

In Caohai, Proteobacteria, Bacteroidota, and Acti-
nobacteria contributed more than 75% of all bacterio-
plankton (Fig. 1c). A similar trend was observed in the
Yunnan-Guizhou Plateau, including Yangzong Lake,
Chenghai Lake, and Erhai Lake, where Proteobacteria,
Actinobacteria, and Bacteroidota were dominant [25, 26].
Similarly, the results of bacterial communities in 21 pla-
teau lakes of China showed that Proteobacteria was the
most abundant phylum, followed by Bacteroidota and
Actinobacteria [22]. Proteobacteria have been reported
to contribute to nitrogen fixation, photosynthesis, sulfur
metabolism, methane metabolism, and can also degrade
proteins, polysaccharides and other organic matter as
well as remove these compounds [20]. Actinobacteria
play a vital role in the complex process of carbon cycling
within aquatic ecosystems [28]. Thus, both groups play
essential roles in material cycling in lake planktonic eco-
systems, thereby significantly supporting ecosystem sta-
bility. Sphingomonas was the genus exhibiting the highest
relative abundance among the bacterioplankton in Cao-
hai, which are widely distributed in soils, fresh, marine
waters, plants, and other environmental media [19]. It is
capable of efficiently degrading phycotoxins and organic
compounds, and actively breaking down toxins associ-
ated with Microcystis [4].

The bacterioplankton in Caohai were primarily com-
posed of heterotrophic bacteria, with a smaller propor-
tion being photosynthetic autotrophic bacteria. A clear
distinction in carbohydrate metabolism and energy
metabolism was observed between phytoplankton and
bacterioplankton (Fig. 2a), which seemed primarily asso-
ciated with the specificities of autotrophic versus hetero-
trophic metabolic pathways [12]. LEfSe analysis disclosed
that the phytoplankton exhibited significant func-
tional activity related to photosynthesis, photosynthesis
antenna proteins, and starch and sucrose metabolisms
(Fig. 2b), while the bacterioplankton mostly presented
activity in propanoate metabolism, butanoate metabo-
lism, glyoxylate and dicarboxylate metabolism, and TCA
cycle. This illustrates the overall metabolic complemen-
tation that exists between phytoplankton and bacterio-
plankton. In this study, the methane metabolic pathway
was found to be highly abundant in both phytoplankton
and bacterioplankton. Higher trophic status increases
the biomass of phytoplankton and bacterioplankton [45].
Under eutrophication, these elevated biomass levels gen-
erate hypoxic or anaerobic conditions that facilitate the
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long-term production and emission of CH, in Caohai
[44].

The assembly mechanisms of phytoplankton and
bacterioplankton in Caohai

The NCM model can predict the relative importance of
deterministic and stochastic processes in community
assembly [53]. The R? values of the NCM model for the
phytoplankton community exceeded 90%, indicating
that phytoplankton community assembly was primarily
driven by stochastic processes in Chaohai. Many bacte-
rioplankton taxa were not well explained by the NCM
model, suggesting a stronger influence of deterministic
processes. Given the lake’s rapid internal water mixing,
dispersal limitation is considered unlikely. Instead, the
strong stochastic signal suggests that demographic drift
and other random in-lake processes are the primary driv-
ers of community assembly. Some studies have found that
stochastic factors exerted a more pronounced influence
on the fluctuations of microbial communities at relatively
small spatial scales, while deterministic factors have a
more significant impact on the fluctuations of microbial
communities at larger spatial scales [43]. In Caohai, the
assembly of phytoplankton and bacterioplankton com-
munities was primarily influenced by stochastic factors,
likely due to its limited spatial scale. Caohai, a shallow
freshwater lake located on the Yunnan-Guizhou Plateau,
had limited connectivity to other water bodies [27]. These
characteristics created unique conditions that favor sto-
chastic processes over deterministic ones.

The effects of environmental factors on these com-
munities should not be overlooked. Many studies have
examined environmental influences on microbial com-
munity structure from a deterministic perspective [54].
In contrast, other studies have found that environmen-
tal factors such as total TN and DO can influence the
relative importance of stochastic processes [31]. The TN
and TP concentrations in Caohai were 1.99 + 0.21 mg/L
and 0.10 + 0.02 mg/L, respectively (Table S1), indicat-
ing that Caohai had been degraded to a mesotrophic or
eutrophic state based on China’s Environmental Qual-
ity Standards for Surface Water (GB3838-2002). While
stochastic processes might dominate in Caohai, environ-
mental conditions still play a crucial role in shaping the
overall structure and function of the biological commu-
nities. The Mantel analysis showed that TP was the main
environmental factor influencing the phytoplankton and
bacterioplankton community in Caohai. This was con-
sistent with the results of Wen et al. [50], who reported
that TP was the main driver of phytoplankton in Lijiahe
Reservoir. Jiang et al. [16] also found that P might be
the primary limiting factor for phytoplankton growth
under sufficient nutrient conditions. The TP content in
Caohai was high during the summer season, facilitating
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unrestricted reproduction and growth of phytoplankton
and bacterioplankton communities. High TP levels in
Caohai reduce environmental selection pressure, thereby
allowing stochastic processes to become dominant. Pre-
vious studies have reported that elevated nutrients could
alleviate environmental selection pressures by augment-
ing resource availability in aquatic systems, leading to a
reduction in interspecific competition and an increased
significance of stochastic processes in community assem-
bly [7]. Consistent with this, the high TP concentrations
in Caohai appear to have promoted stochasticity in the
assembly of phytoplankton and bacterioplankton com-
munities. The Mantel analysis revealed that the energy
and carbon metabolism of bacterioplankton were pri-
marily influenced by DO (Fig. 7). This remarkable finding
suggests that aerobic respiration assumes a preponderant
and critical role in the complex metabolic processes of
bacterioplankton [9]. It indicates that the availability and
concentration of dissolved oxygen profoundly influence
how bacterioplankton perform their essential metabolic
functions.

Co-occurrence network analysis was employed to
elucidate species interactions and their impact on com-
munity assembly, thereby complementing the biological
factors in the community assembly. In the phytoplankton
network, 84.25% of the interactions were positive (Fig.
4a), as inferred from Pearson correlation coefficients,
indicating that mutualistic or symbiosis relationships
predominate among phytoplankton species. Notably,
some positive correlation coefficients also mean that taxa
responded similarly to environmental conditions with-
out direct interactions among them. In contrast, in the
bacterioplankton network, the number of positive inter-
actions was nearly equal to that of negative interactions
(51.51% vs. 48.49%, Fig. 4b). In a co-occurrence network,
the topological characteristics of graph density (D)/clus-
tering coefficient (CC) could serve as an indicator of net-
work stability [54]. The D/CC value of the phytoplankton
network was 0.626, higher than that of the bacterioplank-
ton network (0.537), indicating that the phytoplankton
community structure was more stable compared to the
bacterioplankton community. The key taxa exhibiting
high connectivity in the network played a crucial role
in upholding the stability of the microbial network [54].
The impact of key taxa on the community structure in
co-occurrence networks is not determined by their rela-
tive abundance but by their strong ecological associations
[42]. In the phytoplankton network, Cyanothece had the
highest number of edges and exerted a significant influ-
ence on other phytoplankton. Cyanothece carries out
photosynthesis during the daytime, transforming sun-
light into chemical energy. Subsequently, nitrogen fixa-
tion occurs as oxygen levels decrease due to nocturnal
respiration [24]. This sequential process plays a crucial
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role in maintaining the ecological balance and function-
ality within the phytoplankton community. Sphingobium
and Sphingopyxis were identified as key taxa within the
bacterioplankton network. Notably, these two genera
have been previously well-documented in numerous sci-
entific studies for their remarkable capacity to effectively
degrade microcystins [49]. This degradation ability is of
significant importance in eutrophic lake ecosystems, as
microcystins can pose serious threats to the stability and
health of aquatic ecosystems. In addition, in diverse and
complex ecosystems, Sphingobium plays an extremely
crucial role in the meticulous process of organic matter
decomposition and actively participates in the cycling of
essential elements such as nitrogen and phosphorus [29].
Through their significant contributions, Sphingobium
and Sphingopyxis effectively contribute to maintaining
the delicate and vital ecological equilibrium.

The interactions between phytoplankton and
bacterioplankton in Caohai

Previous studies of phytoplankton in Caohai primar-
ily focused on the species composition and community
function of phytoplankton. Given that the phytoplankton
and bacterioplankton communities are closely intercon-
nected, these studies were far from sufficient to thor-
oughly understand and repair the aquatic ecosystem
affected by phytoplankton [55]. The interactions between
bacterioplankton and phytoplankton in aquatic ecosys-
tems were complex and idiosyncratic, involving processes
that can be either positive or negative [34]. This study
found that the abundance and community composition
of bacterioplankton were significantly correlated with
the abundance of phytoplankton, in which Cyanophyta
had a highly significant influence on the community
structure of bacterioplankton. In the Erhai survey, it was
found that the abundance and community composition
of bacterioplankton were significantly correlated with the
abundance of phytoplankton [15]. Zhang et al. [55] found
in their study of Dianchi Lake that the structure of the
phytoplankton community has a significant impact on
the abundance of bacterioplankton, among which Cya-
nobacteria have the greatest influence on the composi-
tion of planktonic bacteria. The photosynthesis-derived
carbon generated by Cyanophyta was actively exported
and subsequently formed a thick and substantial extra-
cellular polymeric substance (EPS) [35]. This substantial
EPS is likely to provide a crucial source of nourishment
and fuel the growth of heterotrophic bacteria that have
the ability to utilize these specific compounds [12]. Cor-
relation analysis revealed a negative association between
Microcystis and the majority of dominant phytoplank-
ton and bacterioplankton (Fig. 6b). This phenomenon
might be closely related to the inherent ability of Micro-
cystis to secrete microcystin, which has been suggested
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to be potential allelochemicals that have a counteractive
effect against other phytoplankton and aquatic organ-
isms [17]. Bacteroidota had a highly significant influence
on the community structure of phytoplankton revealed
by RDA analysis (Fig. 5b). Some studies have found that
Bacteroidota might potentially play a vital and indispens-
able role in the meticulous processing of organic matter
throughout the entire process of algal blooms [37].

Co-occurrence network analysis revealed that positive
interactions were more prevalent than negative interac-
tions between phytoplankton and bacterioplankton (Fig.
4c). When combined with the metabolic specialization
and complementarity of these two groups as revealed
by LEfSe analysis (Fig. 2b), the findings suggested that
mutualistic relationships were more prevalent than com-
petitive ones in the phytoplankton-bacterioplankton
interactions within Caohai. Phytoplankton specialized
in photosynthesis and carbon storage, while bacterio-
plankton dominated anaerobic respiration (propanoate
metabolism). Planktonic heterotrophic bacteria acquire
significant carbon requirements directly from phyto-
plankton, with up to 50% of the carbon fixed by phyto-
plankton eventually being consumed by bacteria. While
bacterioplankton can provide limited nutrients to phyto-
plankton through mineralization, they also compete for
inorganic nutrients [41]. This complex interaction and
balance between these two processes play a crucial role in
shaping the overall dynamics and stability of the lake eco-
system. In the phytoplankton-bacterioplankton network,
Rubrivivax and Polynucleobacter interacted with 61.76%
of phytoplankton, with the majority of these interac-
tions characterized as negative. Specifically, Rubrivivax,
classified as a denitrifying bacterium [33], could convert
nitrate (NO3-N) in water into nitrogen gas (N,). This
process created competition with phytoplankton for the
essential nutrient. Additionally, Polynucleobacter pos-
sesses the capability of decomposition and transforma-
tion of protein-rich dissolved organic matter derived
from algae [56].

The predominance of positive interactions between
phytoplankton and bacterioplankton in Caohai (Fig. 4c)
may be attributed to eutrophication, which is character-
ized by nutrient abundance and minimal interspecific
resource competition. Niche overlap indicates the degree
of similarity in resource utilization (e.g., food, habitat)
among species. A high niche overlap does not necessarily
indicate intense interspecific competition, as niche over-
lap is a necessary but insufficient condition for such com-
petition [1]. Unless two (or more) sympatric populations
share a resource that limits population size, interspe-
cific competition is unlikely to occur [47]. Niche overlap
and interspecific correlation often result from shared
resource use among genera, and there is a certain rela-
tionship between them. This study found that genus pairs
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with high positive correlations exhibited correspond-
ingly higher niche overlap values. Conversely, genus
pairs with high negative correlations showed lower niche
overlap values. Several studies have demonstrated that
a higher degree of positive interspecific association cor-
relates with greater niche overlap [18]. Pastore et al. [32]
discovered that niche overlap leads to more coexistence
in expansive environments. In this study, the high niche
overlap value and positive correlation between the genus
pairs might be related to the expansive environment and
abundant nutrients (such as N and P) in the Caohai area.
Tang et al. [45] discovered that the increase in the trophic
state enhanced the interaction between phytoplankton
and bacterial communities, and the negative links in the
eutrophic network were fewer than those in the oligotro-
phic and mesotrophic networks.

Research limitations and prospects

This study employed eDNA metagenomics to achieve
a more comprehensive understanding of phytoplank-
ton biodiversity, functional characteristics, and species
interactions compared to conventional methodologies
[10], and provided foundational insights into the mecha-
nisms underlying interactions between phytoplankton
and bacterioplankton. Nevertheless, these advantages
are constrained by factors such as the reproducibility of
DNA extraction, sequencing depth, and the efficacy of
bioinformatic analysis pipelines [38], as well as by certain
temporal and spatial limitations. To address these con-
straints, future research will implement a nested experi-
mental design, whereby each water sample will be divided
into a minimum of three independent DNA extraction
replicates, each subjected to multiple rounds of PCR
amplification and DNA sequencing. This approach aims
to enhance experimental reproducibility and data reli-
ability. Additionally, complementary techniques such as
microscopic identification and metabarcoding will be
employed for cross-validation, while improvements in
sequencing depth and optimization of assembly algo-
rithms will be pursued to increase result accuracy.

While the study captures community interaction pat-
terns during the peak of eutrophication, the single spa-
tiotemporal snapshot limits the generalizability of the
findings. To strengthen the robustness and broader rel-
evance of the conclusions, future research should extend
to plateau lakes across broader spatiotemporal scales,
encompassing systems with varying trophic states and
incorporating long-term spatiotemporal monitoring that
integrates data on seasonal and interannual variability.
This will enable rigorous validation of key findings, such
as the dominance of stochastic processes in community
assembly and the positive interaction, across diverse
eutrophic plateau lake ecosystems.
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Conclusion

The high concentrations of TN and TP in Caohai led
to its eutrophic state, and contributed to the rich phy-
toplankton community. Metagenomics-based eDNA
provided a more sensitive and comprehensive charac-
terization of the phytoplankton community compared to
traditional morphology-based approaches, while remain-
ing consistent in the dominant groups. Cyanophyta was
identified as the dominant phylum, with Microcystis
being the predominant genus. Heightened vigilance is
required to mitigate the risk of algal blooms.

Due to nutrient enrichment, relatively uniform envi-
ronmental conditions, and the limited spatial scale in
Caohai, the assembly patterns of phytoplankton and
bacterioplankton communities were predominantly
influenced by stochastic processes. Additionally, environ-
mental factors (TP and DO), interspecies interactions,
and key taxa (such as Cyanothece, Sphingobium) also
played significant roles in shaping community assembly
and stability.

The abundance and community composition of bacte-
rioplankton in Caohai were significantly correlated with
the abundance of phytoplankton. The mutualistic inter-
actions (positive effect) between phytoplankton and bac-
terioplankton were stronger than their competitive ones
(negative effect). High niche overlap values and positive
correlation between phytoplankton and bacterioplank-
ton were observed in Caohai, which might be attributed
to the expansive environment, abundant nutrients, meta-
bolic complementarity and less competition for resources
among organisms. Nevertheless, the phytoplankton-
bacterioplankton interaction mechanisms identified in
this study require validation across multiple lakes and
seasons, and their generalizability requires broader-scale
research.
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