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ABSTRACT: Cyanobacterial blooms that form in response to
climate warming and nutrient enrichment in freshwater lakes have
become a global environmental challenge. Historical legacy eﬀects
and the mechanisms underlying cyanobacterial community
succession are not well understood, especially for plateau lakes
that are important global freshwater resources. This study
investigated the temporal dynamics of cyanobacterial communities
over centuries in response to nutrient enrichment and climate
warming in low-latitude plateau lakes using high-throughput DNA
sequencing of sedimentary DNA combined with traditional
paleolimnological analyses. Our results conﬁrmed that nutrients
and climate warming drive shifts in cyanobacterial communities
over time. Cyanobacterial community turnover was pronounced
with regime shifts toward new ecological states, occurring after exceeding a tipping point of aquatic total phosphorus (TP). The
inferred species interactions, niche diﬀerentiation, and identity of keystone taxa signiﬁcantly changed after crossing the aquatic TP
ecological threshold, as demonstrated by network analysis of cyanobacterial taxa. Further, the contribution of aquatic TP to
cyanobacterial community dynamics was greater than that of air temperature when lakes were in an oligotrophic state. In contrast, as
the aquatic TP threshold was exceeded, the contribution to community dynamics by air temperature increased and potentially
surpassed that of aquatic TP. Overall, these results provide new evidence for how past nutrient levels in lacustrine ecosystems
inﬂuence contemporary cyanobacterial community responses to global warming in low-latitude plateau lakes.
KEYWORDS: global warming, cyanobacterial community, trophic state, lake sediment, sedimentary DNA

1. INTRODUCTION
Climate change and anthropogenic-induced changes in nutrient
loading impact lacustrine ecosystem services and functioning via
altering aquatic community composition.1−4 In particular, the
combined eﬀects of eutrophication and climate warming lead to
cyanobacterial dominance over eukaryotic phytoplankton in
freshwater lakes, often leading to cyanobacterial blooms that
have become global environmental challenges for these
ecosystems.5−7 Cyanobacterial blooms potentially result in the
production of toxic compounds, including hepatotoxin, microcystin, and the neurotoxin, anatoxin, that severely stress the
ecological functions of lakes.4,8,9 Thus, understanding how
cyanobacterial community succession occurs and their
responses to past environmental change is critical for evaluating
and mitigating the eﬀects of climate change and anthropogenic
activities on lacustrine ecosystems.3
Signiﬁcant knowledge gaps exist regarding how human
activities and climate change have aﬀected cyanobacterial
distributions and community compositions over hundreds of
years due to the lack of complete records of lake biotic and
abiotic variation over broad temporal and spatial scales.7 Recent
© 2021 American Chemical Society

research has demonstrated that sedimentary DNA (sed-DNA)
comprises an important archive of historical biodiversity
changes and provides evidence of long-term aquatic biological
community dynamics in lacustrine systems.10−12 Previous
analyses of sed-DNA demonstrated that European lakes,
including peri-Alpine lakes4,13 and the Bourget and Annecy
lakes,14 are aﬀected by the long-term dynamics of nutrient
cycling and warming that then alter the diversity of
cyanobacteria or microbial eukaryotes. However, these
processes and localized successional dynamics are often
investigated in great detail, and it is diﬃcult to extrapolate and
predict how other lakes may react to either human-driven
environmental change or climate change associated extrinsic
forcing.15,16 Here, we examined whether deep lakes within a
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2.2. Dating and Paleoenvironmental Variable Analyses. Sedimentation chronology was constructed via the
radiometric activity of 137Cs and excess 210Pb. The sedimentation rates for the sample sites were determined using 210Pb and
137
Cs analyses (see Figure S2), which were compared with
previous studies.19,22,23 Sediment accumulation rates (SARs)
were 0.045 g cm−2 a−1 for Lake Erhai, 0.050 g cm−2 a−1 for Lake
Lugu, and 0.071 g cm−2 a−1 for Lake Fuxian. The SARs of each
lake were used to reconstruct temporal trends in the trophic
states and cyanobacterial communities represented by the
sediment cores. The determination of other paleo-physicochemical and biological parameters including total nitrogen
(TN), total phosphorus (TP), total organic carbon (TOC),
carbon stable isotope fractionations (δ13Corg), fossil diatom
assemblages, and pigment compositions are described in our
previous studies.18,24 The aforementioned paleo-physicochemical and biological variables, including their vertical proﬁles, are
described in greater detail in the Supporting Information
(Figures S3 and S4).
2.3. Molecular Analysis. DNA Extraction. Very careful lab
protocols along with stringent analytic and bioinformatics
procedures were used to minimize artiﬁcial contamination and
ensure the validity of the molecular data sets.10−12 DNA
extractions and polymerase chain reaction (PCR) assays were
conducted in a laminar ﬂow hood that was exposed to ultraviolet
radiation for 30 min prior to use, in addition to 6% sodium
hypochlorite. Total DNA was extracted from 0.5 g aliquots of
wet sediments using a PowerSoil DNA isolation kit (MoBio
Laboratories, Carlsbad, CA) according to the manufacturer’s
instructions. DNA extractions were conducted in sets of six
samples, with a blank extraction control used for each extraction.
All control blanks were observed as negative.
PCR Ampliﬁcation and Sequencing. Total cyanobacterial
DNA was quantiﬁed by using the cyanobacterial-speciﬁc
CYA359F (5′-GGGGAATYTTCCGCAATGGG-3′) and
CYA781R (5′-GACTACWGGGGTATCTAATCCCWTT)
PCR primers to amplify 400 bp fragments of the 16S rRNA
gene V3 and V4 hypervariable regions.25 Negative controls
(nuclease-free water as the ampliﬁcation template) were
performed for all PCR assays. PCRs were performed in 50 μL
reaction mixtures containing 10 μL of buﬀer, 2 μL of Q5 highﬁdelity DNA polymerase, 1.5 μL of the forward and reverse
primers (10 μM stocks), 1.0 μL of dNTPs, 10 μL of high GC
enhancer, and 24 μL of H2O. PCR reactions were conducted via
denaturation for 5 min at 94 °C followed by 35 cycles with 94 °C
for 1 min, annealing at 60 °C for 1 min, and extension at 72 °C
for 1 min, followed by a 5 min ﬁnal extension at 72 °C.25 The
ampliﬁed products were then puriﬁed by gel extraction after
1.8% agarose gel electrophoresis. The puriﬁed amplicons were
sequenced on the Illumina HiSeq 2500 platform (Illumina, San
Diego, CA).
Illumina Sequence Data Processing. Raw sequence reads
were obtained by merging paired-end reads using FLASH
(v.1.2.7). The raw reads were then ﬁltered and clustered into
operational taxonomic units (OTUs). Brieﬂy, merged tags with
more than two mismatches to the primers were discarded using
the FASTX-Toolkit. Reads with an average quality score <20
over a 50 bp sliding window were then truncated using
Trimmomatic (v0.33), and reads shorter than 300 bp were
removed. Putative chimeras were identiﬁed and removed using
UCHIME (v.4.2), as implemented in mothur (v.1.35.1).
Denoised sequences were then clustered into OTUs at the
97% nucleotide similarity level using the QIIME UCLUST

plateau region exhibited synchronous patterns in cyanobacterial
community succession over time.
Global plateau lakes provide important ecosystem services
including ecosystem products and environments that maintain
human activities.17−19 China contains around 2800 lakes
exhibiting areas >1 km2, with approximately 70% located in
plateau regions.20 The Yunnan−Kweichow Plateau (YKP) is
one of the 10 highest plateaus in the world, contains abundant
freshwater resources, and is located on the southeastern
Qinghai−Tibet Plateau and within the second topographical
ladder in China. The YKP harbors a fragile ecosystem and is one
of the largest karst-dominated regions in the world, also
exhibiting serious water-erosion desertiﬁcation.20 Most of the
lakes in the YKP are deep and steep, with many tributaries but
little outﬂows, thereby resulting in a long water residence time.19
These characteristics lead to particular diﬃculties in protecting
the health of the plateau lake ecosystems, especially under the
combined pressures of human activities and climate change.3,21
In this study, high-throughput DNA sequencing of sed-DNA
combined with traditional paleolimnological analyses were used
to infer the historical cyanobacterial community dynamics
within the Lakes Erhai, Lugu, and Fuxian of the YKP. To our
knowledge, this is the ﬁrst comparison of cyanobacterial
community temporal dynamics from deep plateau lakes that
are subjected to similar climatic ﬂuctuations (e.g., recent
warming impacts) but contrasting eutrophication forcing.19,20
We hypothesized that climate-warming-induced signiﬁcant
changes in cyanobacterial communities in all three lakes that
were studied, while marked eutrophication periods led to
community regime shifts over the last century, particularly in
Lake Erhai. The primary objectives of this study were to (i)
reconstruct the temporal trends in cyanobacterial communities
in these lakes; (ii) evaluate the presence and relative abundances
of potentially toxic cyanobacteria; (iii) identify the relative
importance of variation in historical environmental conditions
for determining past trajectories of cyanobacterial communities;
(iv) identify shifts in cyanobacterial community ecological
interaction networks; and (v) explore the contributions of
nutrients and temperature to cyanobacterial community
succession.

2. MATERIALS AND METHODS
2.1. Study Site and Sample Collection. Among the 73
lakes in the Yunnan−Kweichow Plateau (YKP) region of China,
three typical lakes, including the eutrophic Lake Erhai and the
oligotrophic lakes Lugu and Fuxian, were used as study sites
(Figure S1). Sediment cores were collected from the three lakes
in March of 2018. Sampling coordinates, geographic features,
and limnological features for the lakes are provided in Table S1.
Lake Erhai is the second largest freshwater lake in the Yunnan
Province and the seventh largest freshwater lake in China by
surface area. Lake Lugu is the highest altitude lake in the Yunnan
Province and is the third deepest lake in China. The maximum
water transparency in Lake Lugu is 12 m (Secchi Disk depth),
and its watershed is relatively pristine. Lake Fuxian is the second
deepest lake and third largest freshwater lake in China by
volume, accounting for 78% of the total water storage of the
Yunnan Province.19 Sampling was conducted in the center of the
three lakes, where stable sedimentary conditions exist (Figure
S1). Three sediment cores were collected at each sampling site,
with one used for molecular analyses and two used for physical
and chemical analyses. The sediment cores retrieved from the
three lakes are described in detail in the Supporting Information.
3409
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and in response to variation in aquatic TP (DI-TP: diatominferred total phosphorus concentrations).
Co-Occurrence Network Analysis. Network analysis is a
visualization method that can reveal patterns of OTU cooccurrences and ecological patterns in complex communities.
Adjacency matrices were calculated using Spearman correlation
values between each pair of OTUs using the “igraph” and “psych”
packages for R. Network visualization and module detection was
then conducted for co-occurrences of cyanobacterial OTUs
using Gephi v 0.9.2 with the Frucherman Reingold placement
algorithm.
Generalized Additive Model Analysis. Generalized additives
models (GAMs) were used to separate and quantify the impacts
of human activities and climate warming on cyanobacterial
community variation.14 Generalized additive model analysis was
conducted, as we have previously described.24
Regime Shift Analysis. The aforementioned paleo-physicochemical and biological variables were used to identify the
nonlinear changes and the timing of regime shifts in the three
study lakes.30,31 Variance, autocorrelation, and skewness were
used as empirical indicators of early warning signals to describe
two major phenomena including (i) critical slowing down and
(ii) ﬂickering prior to a regime shift on the temporal
dimension.32,33 Additional details of the regime shift analyses
are provided in the Supporting Information.
In addition to generic empirical indicators, the fundamental
architectural features of ecological networks can indicate
ecosystem tipping points in complex systems.32,34 Consequently, we analyzed temporal changes in the frequency
distribution of OTU associations for all cyanobacterial OTUs
that were identiﬁed in the sediment cores of the three lakes. Each
sample’s cyanobacterial community was deﬁned in terms of the
presence or absence of all cyanobacterial OTUs. The strength of
inter-OTU associations were then calculated by the association
coeﬃcient, Vij, for each pairing’s OTU i and OTU j:

module. Taxonomy was assigned to the cyanobacterial OTUs by
searching representative sequences against the National Center
for Biotechnology Information (NCBI) database.
Statistical Analyses of Illumina Data. The cyanobacterial
OTU compositions were statistically analyzed after ﬁrst
normalizing the total read number for each sample. The α
diversity metric including OTU richness, the Shannon diversity
index, and the Pielou index were all calculated for each sediment
layer using the diversity function in the “vegan” package for R
(v.3.5.1).26,27 The β diversity was then calculated on the basis of
the Bray−Curtis dissimilarity metric, and the dissimilarity matrix
was subjected to nonmetric multidimensional scaling (NMDS)
ordination, combined with Ward cluster analysis.
Abundances of mcyA. The mcyA-CD 1F and 1R PCR
primers were previously designed to target the microcystinproducing gene of Planktothrix, Microcystis, Dolichospermum,
and other cyanobacterial genera.7 mcyA-speciﬁc PCRs were
carried out in 50 μL total volumes containing 25 μL of 2× buﬀer
(QIAGEN), 1 μL of each primer (50 pM/μL), and 1 μL of
template DNA. The PCR program consisted of an initial
denaturation at 95 °C for 10 min, followed by 36 cycles of 95 °C
for 30 s, 56 °C for 30 s, and 72 °C for 30 s, with a ﬁnal extension
at 72 °C for 6 min. The PCR products were visualized on a 1%
agarose gel with SYBR Safe DNA gel stain, and abundances were
quantiﬁed on an ABI ViiA 7 Real Time PCR System (Applied
Biosystems, Foster City, CA).
2.4. Statistical Analysis. Historical trends of paleovariables,
sedimentary pigments, and cyanobacterial community taxonomic proﬁles were visualized using SigmaPlot (14.0), Tilia, and
the Circos software packages, respectively.
Change Point Analysis. To identify the timing of signiﬁcant
change points for the α diversity values of cyanobacterial
communities, Bayesian change point (bcp) analysis was
performed using the “bcp” package for R.12
Correlation Analysis. Spearman’s correlation analysis was
used to identify correlations between the relative abundances of
individual cyanobacterial groups and paleo-environmental
variables (nutrients and pigment compositions), in addition to
annual average air temperatures and annual precipitation using
the “corrplot” package for R. Only statistically signiﬁcant (p <
0.05) correlations are shown in the paper. Air temperature and
annual precipitation data for the years 1901−2017 were
obtained from the Climatic Research Unit database (CRU,
University of East Anglia; http://www.cru.uea.ac.uk/) with a
horizontal resolution of 0.5° × 0.5°.
Random Forest Model Analysis. Random forest (RF)
classiﬁcations were used to determine the contributions of
individual paleo-environmental variables to the α diversity
indices (i.e., OTU richness, the Shannon diversity index, and the
Pielou index) of cyanobacterial communities using the
“ggRandomForest” package in R. One thousand trees were used
to construct the RF model. The order of importance of factors
was estimated using nutrient concentrations, air temperature,
and precipitation as predictor variables and community α
diversity values as the dependent variables within the nine
output RF models.28
Classiﬁcation and Regression Tree Analysis. Classiﬁcation
and regression tree (CART) analysis is a nonparametric and
binary recursive partitioning method that is useful for environmental and ecological studies because of its inherent ability to
allow the predictors of a model to interact and due to the
hierarchical structure of the models.29 CART was used to
identify change points in community α diversity values over time

Vij =

ad − bc
(a + d)(c + d)(a + c)(b + d)

where a is the number of samples with both OTU i and OTU j, b
is the number of samples with OTU i but not OTU j, c is the
number of samples with OTU j but not OTU i, and d is the
number of samples with neither OTU i nor OTU j.34 The most
highly associated (i.e., connected) pairings, given by the upper
quartile (Q3) of V, were used to analyze network parameters.
The overall data set that was considered comprised 452 pairings
among the 3240 possible pairings between all cyanobacterial
OTUs.
For each sample, three network parameters were calculated
from its constituent cyanobacterial OTUs.34 Skewness in OTU
degree (S) measures the asymmetry in the frequency
distribution of an OTU degree. The heterogeneity index (H)
represents the uniformity in an OTU degree.35 Lastly, the
clustering coeﬃcient (C) expresses the realized fraction of all
possible co-occurrences between OTUs linked to a common
network.34,36

3. RESULTS AND DISCUSSION
3.1. Historical Succession of Cyanobacterial Communities. A total of 1 563 609, 1 210 644, and 1 435 545 16S rRNA
gene sequences were obtained from the Lakes Erhai, Lugu, and
Fuxian cores after quality ﬁltering, and the sequences comprised
720, 644, and 717 OTUs, respectively (Table S2). OTUs
3410
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Figure 1. Shifts in the taxonomic proﬁles of cyanobacterial communities in Lakes Erhai, Lugu, and Fuxian over the years. The area of each circle is
proportional to the relative abundance of each identiﬁed genus in the three lakes for each time interval.

which cyanobacterial OTU richness increased while the
Shannon diversity and Pielou indices progressively decreased
(Figure 2). Cyanobacterial OTU richness in Lakes Lugu and
Fuxian exhibited signiﬁcant increases during the 2000s, with the
Shannon diversity index slightly increasing over time (Figure 2).
A high α diversity is often considered an estimator of community
health, even if the relationships between diversity and other
emergent community properties (i.e., stability, invasibility, and
productivity) are nuanced.16,38 The decreased Shannon
diversity index values in Lake Erhai after the 1960s provide
evidence that the cyanobacterial communities may have become
less healthy.25,37
The β diversity diﬀerences also further indicated a signiﬁcant
change in community structure through time in all three lakes on
the basis of NMDS analysis (ANOSIM test: P < 0.001; Figure
S5). Temporal changes in the cyanobacterial community
structure of the three lakes, as based on Bray−Curtis
dissimilarity, were signiﬁcantly correlated with changes in
aquatic TP concentrations, on the basis of env.ﬁt analysis (P <
0.01; Figure S5). Speciﬁcally, the extent of change in the
cyanobacterial community composition was related to a
complex-gradient of aquatic TP concentrations.7 This is
consistent with a recent study suggesting that increased nutrient

classiﬁed as noncyanobacteria were discarded to focus only on
cyanobacterial populations, which comprised 102 764, 151 276,
and 124 283 reads clustered into 69, 59, and 71 OTUs,
respectively, in the Lakes Erhai, Lugu, and Fuxian cores,
respectively (Table S2). Considering the possible bias due to
DNA degradation with sediment age, our reconstructed data
was compared well with the historical records of several wellstudied lakes.4,7,13 Most recovered sequences were classiﬁed as
Chroococcidiopsidales, Nostocales, Oscillatoriophycideae, and
Synechococcales (Figure 1 and Table S3). Microcystis was the
dominant cyanobacteria (average relative abundance: 37.49%)
in Lake Erhai, while Cyanobium dominated Lakes Lugu and
Fuxian (average relative abundances of 60.52% and 35.22%,
respectively). Microcystis dominance became increasingly
pronounced in Lake Erhai in recent years, perhaps due to the
presence of bloom-forming and toxic species within the genus.6
Genera within the Synechococcales order (e.g., Cyanobium and
Synechococcus) are ubiquitous and abundant in large, deep,
oligotrophic and mesotrophic lakes, comprising the majority of
picophytoplankton (size fraction: 0.2−2 μm) in these environments.37
Cyanobacterial α diversity in Lake Erhai remained relatively
constant until the 1960s on the basis of breakpoint analysis, after
3411
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Figure 2. Temporal trends in cyanobacterial community richness (operational taxonomic unit richness), diversity (Shannon diversity index), and
evenness (Pielou index) indices in Lakes (A) Erhai, (B) Lugu, and (C) Fuxian. The line following the scatter in the upper portion of the ﬁgure reﬂects
the temporal trends of the indices. The bar graph shows the posterior probability value for change points on the basis of bcp analysis. Horizontal blue
dotted lines indicate that the posterior probability value equals or surpasses 0.5, which indicates a signiﬁcant change point.

including the genera Microcystis, Anabaena, Nostoc, Phormidium,
Oscillatoria, and Planktothrix.9,25,40,41 Potentially toxic cyanobacterial taxa were identiﬁed in the Lake Erhai, Lugu, and Fuxian
cores using a high-throughput sed-DNA approach including
Anabaena, Aphanizomenon, Microcystis, Nostoc, Phormidium,
Planktothrix, and Synechococcus (Figure 1 and Table S3).
Microcystis dominated the Lake Erhai communities (37.49%),
although it is unclear if the only species of Microcystis that was
detected (OTU5) produces MC. MC-producing species are
most commonly identiﬁed through the ampliﬁcation of six
microcystin synthetase genes (mcyA−E) rather than by
taxonomic identiﬁcation alone, due to the absence of mcy
genes in nontoxigenic species of the aforementioned genera.41,42
As indicated above, mcyA gene abundances can provide more
accurate insight into the abundances of microcystin producers
due to the close genetic relationships of microcystin-producing
and nonproducing strains within a genus.7,40 PCR using the
mcyA-CD 1F and 1R primers is an important tool to identify
microcystin-producing strains within the genera Anabaena,
Microcystis, and Planktothrix.9,25,40 The PCR ampliﬁcation of
mcyA genes conﬁrmed the presence of potentially microcystinproducing Cyanobacteria in the Lakes Erhai, Lugu, and Fuxian,
especially in recent years. The maximum abundances of mcyA
genes in Lake Erhai were observed as 355 029 copies/g dry OM,
while those of Lakes Lugu and Fuxian were 212 and 352 copies/
g dry OM, respectively, in the last two hundred years (Figure

loading (especially phosphorus) into lakes can induce shifts in
cyanobacterial community structures.4,6
It is becoming increasingly clear that many complex lacustrine
ecosystems have critical ecosystem thresholds, termed so-called
tipping points, wherein ecosystems abruptly shift from one state
to another.31−33,39 Several observations indicate that a critical
transition occurred in Lake Erhai in the 1960s, while such
transitions were not observed for Lakes Lugu and Fuxian (Figure
3). The abrupt changes in paleoenvironmental variable
representing environmental conditions, like primary productivity indicated by sedimentary pigments, in conjunction with shifts
in the α diversity of cyanobacterial communities, are consistent
with the shifting of the lake to an alternative stable trophic state
(Figure 3A). The general observed trends of increasing variation
in OTU richness and Shannon diversity, with concomitant
decreases in skewness and autocorrelation before the 1960s
(Figure 3B), indicate that the dynamics prior to the regime shift
may represent ﬂicking rather than a critical slowing down.32,33
Further, a phase-space plot for the α diversity of the
cyanobacterial community response to varying concentrations
of aquatic TP reﬂects alternative states and hysteresis (Figure
3C).
3.2. Changes in the Relative Abundance of Potentially
Toxic Cyanobacteria. Hepatotoxic microcystins (MCs) are
the most common cyanotoxins, and over 100 variants of MCs
have been synthesized by a wide range of cyanobacterial species
3412
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Figure 3. Observed regime shifts in the diversity of cyanobacterial communities in Lake Erhai over time. (A) Change point detection analysis of lakesediment-based aquatic-system response variables and environmental drivers over the last two hundred years. The vertical dotted lines represent
possible change points, while the red horizontal segments represent the 95% conﬁdence interval for change points. The red horizontal segments are not
shown when the conﬁdence interval is less than 1 year. (B) Potential early warning signals of regime shifts based on the temporal trends of OTU
richness and Shannon diversity index values for cyanobacterial communities. Variance of interpolated indices based on s.d., skewness, and lag1
autocorrelation of interpolated indices is shown after calculation over a 148 year (half time series) sliding window over the last two hundred years. (C)
Phase-space plot of aquatic TP (diatom-inferred total phosphorus, DI-TP) versus the cyanobacterial community diversity response variable (i.e., OTU
richness and Shannon diversity index). The plot describes two linear clusters of points corresponding to before the 1960s and after the 1960s. (D)
Change point analysis based on classiﬁcation and regression tree (CART) models for OTU richness and the Shannon diversity index of cyanobacterial
communities in Lake Erhai over the study period.

S3). Thus, Lake Erhai exhibited potentially higher MCcontamination risks than did the Lakes Lugu and Fuxian.42
The mcyA gene abundances combined with the cyanobacterial
distributions from sed-DNA analysis suggests that the
occurrence of MCs in Lake Erhai may be associated with
Microcystis prevalence.7 To better understand the relationship
between MC concentrations and toxicity risk assessment based
on the molecular estimates of mcy genes, more thorough
analyses of mcy genes abundance correlations with MC
occurrences and concentrations should be conducted.8,41
3.3. Long-Term Eﬀects of Nutrient Enrichment and
Climate Change on Cyanobacterial Community Dynamics. The relationship between cyanobacterial communities and
changes in nutrient loading are widely acknowledged, but the
inﬂuence of climate change on these communities is a growing
concern.4,6,9,16 The three lakes are geographically close and
exhibited synchronous changes in climate patterns (Figure S6),
as would be expected for climate forcing.15,43 To evaluate the
correlation between synchronous lake environment patterns and
cyanobacterial community responses to changes in nutrient

loading and climate change, sed-DNA-based community
changes were compared against proxies for lake environment
dynamics via physicochemical parameters, community composition via pigments, and climatic forcing via climate variables.7,15
Nutrient proxies (sedimentary TOC, TN, TP, δ13Corg, and Corg:
N), aquatic TP concentrations, annual average air temperature,
and annual precipitation exhibited diﬀerent degrees of
correlation with the relative abundances of cyanobacterial
groups (Figure S7). Furthermore, higher-order analysis
indicated nonlinear relationships between aquatic TP concentrations and annual average air temperature with OTU richness,
the Shannon diversity index, and the Pielou index (Figure S8).
These results provide evidence for the hypothesis that nutrient
loading and climate change are the main drivers of
cyanobacterial community dynamics, although the mechanisms
underlying the intrinsic processes caused by extrinsic forces are
complex.8,44,45 For example, a previous study demonstrated that
the physiological adaptions (e.g., N2 ﬁxation) of cyanobacteria
help when competing for limited resources in a diverse
habitat.6,37 Moreover, cyanobacterial species can distribute
3413
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resources on the basis of diﬀerent ecophysiological priorities and
occupy complementary niches.45−47
There is considerable current debate regarding the priority of
controlling factors (i.e., phosphorus-only or nitrogen-andphosphorus) involved in cyanobacterial bloom mitigation in
aquatic ecosystems.6,48−50 To identify signiﬁcant factors underlying nutrient loading and climate change relationships to
variation in cyanobacterial community diversity, a random forest
(RF) machine learning algorithm classiﬁcation approach was
conducted to identify and quantify the relative importance of
variables to cyanobacterial community α diversity via the OTU
richness, the Shannon diversity index, and the Pielou index
within the three lakes (Figure S9). The explanation of variation
by the nine RF models ranged from 71% to 97%. The aquatic TP
concentration was the most important factor explaining the α
diversity variation in the three lakes among the seven variables
evaluated (Figure S9). Thus, the lake cyanobacterial communities are likely sensitive to changes in aquatic TP concentrations
when considering the long-term history of nutrient enrichment
in deep lakes.48,50
To further investigate whether a change point in the
cyanobacterial community α diversity coincided with variation
in aquatic TP concentrations, and if so, what the aquatic TP
threshold concentration was for this change point, classiﬁcation
and regression tree (CART) models were used to detect change
points for OTU richness, the Shannon diversity index, and the
Pielou index in the three lakes.12 No change points were
identiﬁed for all three α diversity estimators over time with
respect to aquatic TP concentrations in the Lakes Lugu and
Fuxian. In contrast, the change points for OTU richness and the
Pielou index were identiﬁed in Lake Erhai during the 1960s in
the upper 32% of stratiﬁed samples. These results were
consistent with those of the bcp analysis described above, and
the identiﬁed aquatic TP concentration threshold for the change
point was 0.023 mg L−1 (Figure 3D). These results support the
hypothesis that cyanobacterial community diversity substantively changed when the aquatic TP tipping point threshold was
exceeded.1,7,51 More precisely, the aquatic TP threshold could
be regarded as an ecological threshold that deﬁnes the tipping
point at which populations or communities demonstrate abrupt
nonlinear or substantive changes in response to environmental
degradation.2,51,52 Although the practical eﬃcacy of applying
ecological thresholds to conservation decision making processes
remains highly debated, this threshold could help better discern
and impose limits on phosphorus loading such that, beyond
these points, substantial ecological impacts would be expected.7,52
3.4. Shifts in the Ecological Interaction Networks of
Cyanobacterial Populations. The topological structures of
cyanobacterial ecological networks also signiﬁcantly changed
during the 1960s in Lake Erhai (Figure 4). Speciﬁcally, the
number of edges, the average node degree, and the density of the
cyanobacterial network were markedly higher during the post1960s in Lake Erhai compared to before the 1960s (Table S4).
The co-occurrence network for the pre-1960s consisted of 49
nodes connected by 94 positive correlation edges, while that of
the post-1960s communities comprised 44 nodes connected by
231 edges with 205 positive and 26 negative edges/correlations
(Figure 4). These diﬀerences in network structures may reﬂect
ecological shifts in cyanobacterial communities from complete
interspecies facilitation to the coexistence of interspecies
facilitation and competition.53−55 In contrast, the diversity of
the cyanobacterial communities in the Lakes Lugu and Fuxian

Article

Figure 4. Results of co-occurrence networks and network parameters
over time in Lake Erhai. Co-occurrence networks for cyanobacterial
communities in Lakes Erhai (a) before and (b) after the 1960s. Each
node represents one OTU, and the edges correspond to signiﬁcant
correlations (|ρ| > 0.5 and p < 0.05) between nodes. The nodes are
colored by modularity class. (c) Temporal variation in skewness,
clustering coeﬃcient, and the heterogeneity index for the connected
parings of OTUs frequency distribution from cyanobacterial
communities of Lake Erhai. Traces show moving average regression
values. Vertical lines indicate detected regime shifts in the 1960s.
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Erhai during the 1960s, but the ﬁrst cyanobacterial bloom
occurred in the lake in 1996.43
Furthermore, temporal changes in the frequency distribution
of cyanobacterial OTU associations among the three lakes, as
revealed by nonrandom co-occurrence network analysis, provide
new evidence for the regime shifts of cyanobacterial
communities in Lake Erhai (Figure 4c). The major shift in the
distribution of OTU associations in Lake Erhai before the 1960s
is positively skewed, coinciding with the history of low nutrient
loading. In contrast, these associations predominantly skewed
negative after the 1960s, when a higher nutrient loading
occurred. The other network parameters, C and H, exhibited
increased and decreased trends following the 1960s, respectively, indicating that the regime shifts of cyanobacterial
communities after the 1960s corresponded with the intensiﬁed
human impacts in this region.34 Exogenous inﬂuences, such as
through nutrient loading, lead to shifts from heterogeneous to
homogeneous microhabitats and result in the connectedness of
cyanobacterial OTUs changing from weakly to highly
connected, which then consequently alters the degree
distribution patterns.4,34
3.5. Contributions of Environmental Divers to
Changes in Cyanobacterial Communities. Despite the
fact that phosphorus variation was likely a major driver of
cyanobacterial community turnover in this study and nutrient
management measures have been taken to reduce cyanobacterial
blooms, bloom frequencies and durations are increasing, which
is partially attributed to warming climates.9,44,62,63 We thus
further explored how much the two predictors, aquatic TP
concentrations and air temperatures, contributed to changes in
the cyanobacterial community α diversity temporally via GAM
analysis (Figure S11 and Table S6). The contribution of air
temperature to diversity variation in Lake Erhai increased after
the 1960s and even surpassed the contribution from aquatic TP
after the 1990s. In contrast, the contributions of aquatic TP
concentrations to cyanobacterial community diversity were
greater than those of air temperature in Lakes Lugu and Fuxian
over the entire study period of 1901−2017 (Figure S11). These
results are consistent with those above wherein aquatic TP
concentrations exceeded 0.023 mg L−1 in the 1960s, and
cyanobacterial community diversity and composition markedly
changed regime shifts into a temperature-sensitive ecological
state in Lake Erhai.16,46,64 As long as the aquatic TP
concentration did not exceed the observed thresholds, aquatic
TP was a dominant contributor to cyanobacterial dynamics, as
observed in Lakes Lugu and Fuxian, with maximum aquatic TP
concentrations of 0.009 and 0.014 mg L−1, respectively.14,51,64
The threshold of aquatic TP, for which we observed signiﬁcant
community shifts, was particularly close to the range reported in
our previous study,65 wherein 0.021 mg L−1 for aquatic TP did
not threaten water body functions during 1996−2005, as based
on the analyses of 26 Chinese lakes. The past trophic state levels
of lacustrine ecosystems inﬂuence the way in which contemporary ecosystems now respond to the recent climate warming.14
For cyanobacterial blooms, inﬂuences due to nutrients are more
important in oligotrophic lakes, while temperature plays a larger
role in shifts within mesotrophic lakes.4,6,66
The contribution of air temperature to variation in the
diversity of cyanobacterial communities in Lake Erhai was
higher than those for Lakes Lugu and Fuxian (Figure S11).
Cyanobacterial communities may be altered by warming both
directly, from warmer temperatures, and indirectly, from the
enhanced thermal stratiﬁcation of water columns.5,9,37,54

did not exhibit change points based on bcp and CART model
analyses, and their respective cyanobacterial co-occurrence
networks over the entire study period were connected by
entirely positive edges (163 and 410 positive edges in Lakes
Lugu and Fuxian, respectively) (Figure S10 and Table S4).
Thus, the unique shift in cyanobacterial community dynamics in
Lake Erhai may be attributed to an increased cyanobacterial
biomass that would have been promoted by nutrient enrichment, thereby leading to interspecies competition for limited
resources and thus supporting the concept of resource-driven
co-occurrence patterns.9,53,56
The integrated Lake Erhai network for the pre-1960s
communities comprised 25 minor modules, while that of the
post-1960s communities comprised one major module and ﬁve
minor modules, of which Module 1 contained 43.18% of the
total nodes (Figure 4 and Table S5). These diﬀerences may
indicate that cyanobacterial populations probably changed from
comprising highly diﬀerentiated niches to exhibiting common
niches shared by a considerable portion of populations following
the 1960s within Lake Erhai.53−55 In contrast, the cyanobacterial
ecological networks for Lakes Lugu and Fuxian comprised 23
and 18 modules, respectively (Figure S10 and Table S5). The
processes that dictate the assembly of healthy phototrophic
cyanobacterial communities is well understood and comprise
ecological adaptions and responses to dynamic gradients in light,
oxygen, nutrients, pH, and carbon dioxide.46,57 In Lake Erhai,
the observed variation in cyanobacterial niche diﬀerentiation
was likely inﬂuenced by a combination of environmental
parameters but especially the aquatic phosphorus concentrations detailed in the above analyses.4,57,58 Consistent with this
interpretation, a previous metatranscriptomic study documented evidence for nutrient-controlled niche diﬀerentiation
of cyanobacterial populations in Lake Erie.57
In addition to identifying patterns of co-occurrence,
ecological networks can be used to statistically identify keystone
taxa that are highly connected and that either individually or
collectively in guilds exert considerable impacts on community
structures and functioning, regardless of their abundances across
space and time.58−61 High mean node degree, high node
closeness centrality, and low node betweeness centrality can
collectively be used to accurately identify keystone taxa in
network analyses.54,60 Interestingly, the inferred keystone taxa of
cyanobacterial communities in Lake Erhai were diﬀerent before
and after the 1960s (Figure 4). Speciﬁcally, the mean degree,
closeness centrality, and betweenness centrality suggested that
Synechococcus (OTU 6) in the pre-1960s communities, in
addition to Planktothrix (OTU 30), Cyanobium (OTU 29),
Synechococcus (OTU 17), and Microcystis (OTU 34) in the post1960s communities were the highest rated keystone members in
Lake Erhai. In contrast, the inferred keystone members in Lake
Lugu were Snowella (OTU 22) and Synechococcus (OTU 9),
while only Synechococcus (OTU 9 and OTU 5) was an inferred
keystone taxon in Lake Fuxian (Table S5). Keystone community
members likely orchestrate cyanobacterial communities to
ultimately perform ecosystem processes.60 Both Microcystis
and Planktothrix are common bloom-forming genera in global
lakes and exhibited inferred pivotal roles in the succession of
cyanobacterial community structures in Lake Erhai after the
1960s.9,61 The ecological eﬀects of keystone taxa generally have
hysteresis eﬀects, wherein a time lag occurs between the
variation in the abundance of keystone taxa and their impacts on
community functioning.60 For example, the diversity and
structure of cyanobacterial communities changed in Lake
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Previous studies have suggested that, as lakes become more
eutrophic, cyanobacteria will be more sensitive to the
interactions of nutrients and temperature.45,64,67 Furthermore,
the interactions between climate warming and eutrophication
and their eﬀects on cyanobacterial populations depend on the
ecophysiological traits among taxa.45 For example, some taxa
like nitrogen-ﬁxing Anabaena have lower replication rates over a
10 °C (Q10) gradient and are more sensitive to nutrients. In
contrast, other taxa like Microcystis that do not ﬁx nitrogen but
have a relatively high Q10 are more sensitive to temperature.46
Microcystis was the most dominant and highest rated keystone
cyanobacterial taxa in Lake Erhai, and its competitive advantages
may thus be favored by a warmer temperature.45,46,64
In summary, the data presented conﬁrm that nutrients and
climate variables (i.e., temperature and precipitation) drive
shifts in cyanobacterial communities and that aquatic TP
concentration is the most important factor inﬂuencing the α
diversity of cyanobacterial communities across decades in the
three high plateau lakes analyzed herein. A regime shift time
point of cyanobacterial community diversity in Lake Erhai was
observed in the 1960s, after surpassing a threshold tipping point
value (0.023 mg L−1) of TP concentrations. Furthermore,
concomitant changes in species interactions, niche diﬀerentiation, and keystone taxa before and after the 1960s in
Lake Erhai were indirectly implicated by cyanobacterial
ecological network analysis. Thus, these results suggest that
the contemporary responses of cyanobacterial communities to
recent climate warming are aﬀected by historical trophic states.
Combined with the observations that cyanobacterial communities are more responsive to nutrients in oligotrophic lakes, while
temperature plays a larger role in mesotrophic lakes, these new
results provide novel insights that can help to predict the
responses of cyanobacterial communities to changing climates
and anthropogenic forcing.
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